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A SEMANTIC METADATA ENRICHMENT SOFTWARE ECOSYSTEM (SMESE):
ITS PROTOTYPES FOR DIGITAL LIBRARIES, METADATA ENRICHMENTS
AND ASSISTED LITERATURE REVIEWS

Ronald BRISEBOIS

ABSTRACT

Contribution 1: Initial design of a semantic metadata enrichment ecosystem (SMESE) for
Digital Libraries

The Semantic Metadata Enrichments Software Ecosystem (SMESE V1) for Digital Libraries
(DLs) proposed in this paper implements a Software Product Line Engineering (SPLE) process
using a metadata-based software architecture approach. It integrates a components-based
ecosystem, including metadata harvesting, text and data mining and machine learning models.
SMESE V1 is based on a generic model for standardizing meta-entity metadata and a mapping
ontology to support the harvesting of various types of documents and their metadata from the
web, databases and linked open data. SMESE V1 supports a dynamic metadata-based

configuration model using multiple thesauri.

The proposed model defines rules-based crosswalks that create pathways to different sources
of data and metadata. Each pathway checks the metadata source structure and performs data
and metadata harvesting. SMESE V1 proposes a metadata model in six categories of metadata
instead of the four currently proposed in the literature for DLs; this makes it possible to
describe content by defined entity, thus increasing usability. In addition, to tackle the issue of
varying degrees of depth, the proposed metadata model describes the most elementary aspects
of a harvested entity. A mapping ontology model has been prototyped in SMESE V1 to identify
specific text segments based on thesauri in order to enrich content metadata with topics and
emotions; this mapping ontology also allows interoperability between existing metadata

models.
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Contribution 2: Metadata enrichments ecosystem based on topics and interests

The second contribution extends the original SMESE V1 proposed in Contribution 1.
Contribution 2 proposes a set of topic- and interest-based content semantic enrichments. The
improved prototype, SMESE V3 (see following figure), uses text analysis approaches for
sentiment and emotion detection and provides machine learning models to create a
semantically enriched repository, thus enabling topic- and interest-based search and discovery.
SMESE V3 has been designed to find short descriptions in terms of topics, sentiments and
emotions. It allows efficient processing of large collections while keeping the semantic and
statistical relationships that are useful for tasks such as:

1. topic detection,
contents classification,
novelty detection,

text summarization,

A

similarity detection.

SMESE V3 - Semantic Metadata Enrichments Software Ecosystem
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Contribution 3: Metadata-based scientific assisted literature review

The third contribution proposes an assisted literature review (ALR) prototype, STELLAR V1
(Semantic Topics Ecosystem Learning-based Literature Assisted Review), based on machine
learning models and a semantic metadata ecosystem. Its purpose is to identify, rank and
recommend relevant papers for a literature review (LR). This third prototype can assist
researchers, in an iterative process, in finding, evaluating and annotating relevant papers
harvested from different sources and input into the SMESE V3 platform, available at any time.
The key elements and concepts of this prototype are:

text and data mining,

machine learning models,

classification models,

researchers annotations,

A o

semantically enriched metadata.

STELLAR V1 helps the researcher to build a list of relevant papers according to a selection of
metadata related to the subject of the ALR. The following figure presents the model, the related
machine learning models and the metadata ecosystem used to assist the researcher in the task

of producing an ALR on a specific topic.
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ITS PROTOTYPES FOR DIGITAL LIBRARIES, METADATA ENRICHMENTS
AND ASSISTED LITERATURE REVIEWS

Ronald BRISEBOIS

RESUME

Contribution 1 : Un écosystéme d’enrichissements sémantiques des métadonnées (SMESE)
pour des bibliothéques digitales

L'écosysteme de logiciels d'enrichissements de métadonnées sémantiques (SMESE V1)
proposé dans ce travail de recherche a implémenté une approche d’ingénierie de ligne de
produits logiciels (SPLE) utilisant une architecture logicielle basée sur les métadonnées. Cet
¢cosysteme est basé sur le moissonnage de métadonnées, 1'exploration de textes et de données
et les modeles d'apprentissage automatique. SMESE V1 est basé sur un modele générique de
normalisation d'entités, de métadonnées et d'ontologies croisées capables de supporter le
moissonnage de tout type de documents et de leurs métadonnées a partir du Web structuré et
du Web non structuré ainsi que des données ouvertes et liées. Le design de SMESE V1 inclue
un modele de reconfiguration dynamique basé sur les métadonnées et sur plusieurs thésaurus

par domaine d’application.

Le modele proposé définit des régles de traduction ou de moissonnage qui créent des interfaces
vers différentes sources de données et métadonnées. Chaque interface vérifie la structure de la
source de métadonnées, puis effectue le moissonnage des données et des métadonnées. SMESE
V1 propose un modele de métadonnées avec six catégories de métadonnées au lieu des quatre
utilisées actuellement dans la littérature afférente aux bibliotheques digitales. Ce modele
permet de mieux décrire les contenus afin d’accroitre leur utilisabilité. En plus, afin de résoudre
la question des degrés de profondeur des métadonnées, le modéle de métadonnées proposé
décrit les aspects les plus ¢lémentaires d'une entité moissonnée correspondant a une structure
de données. SMESE V1 inclue un mod¢le de mise en correspondance ontologique qui permet
d’identifier des segments de texte spécifiques en utilisant des thésaurus pour enrichir les

contenus de nouvelles métadonnées reliées a 1’identification des sujets et des émotions. Ce
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modele de mise en correspondance ontologique permet également l'interopérabilité entre les

modeéles de métadonnées existants.

Contribution 2 : Un écosystéme d’enrichissements métadonnées basé sur les sujets et intéréts

La contribution 2 présente une mise en ceuvre améliorée de la version originale de SMESE V1,
propos¢é dans la contribution 1 ; en effet, la contribution 2 propose des enrichissements de
contenu basés sur les sujets et les intéréts. Ce prototype amélioré SMESE V3 (voir figure 1)
utilise des approches d'analyse de texte pour la détection des sentiments et des émotions. Il
crée un référentiel sémantique enrichi de métadonnées qui permettent la recherche et la
découverte basées sur les intéréts. Il a été congu pour trouver de courtes descriptions, en termes
de sujets, de sentiments et d'émotions. Il permet un traitement efficace de grandes collections
de données tout en préservant les relations sémantiques et statistiques utiles pour des taches
telles que :

détection de sujets,

classification de contenus,

détection de nouveautés,

synthése de textes,

A

détection de similitude.
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Ecosystémes logiciel d’enrichissements sémantiques des metadonnées
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Contribution 3 : Une revue de littérature scientifique assistée

La contribution 3 propose un prototype (STELLAR V1- Semantic Topics Ecosystem Learning-
based Literature Assisted Review V1) qui permet d’assister les chercheurs dans leurs processus
de préparation d’une revue de littérature. Ce prototype de revue de littérature assistée est basé
sur un €cosysteme de métadonnées sémantiques. Il permet d’identifier, d’évaluer et de
recommander les articles scientifiques pertinents pour une revue de littérature. Le troisieme
prototype, STELLAR V1, permet itérativement de trouver, d'évaluer et d'annoter les articles
pertinents disponibles dans la plateforme SMESE a tout moment. Les ¢léments et concepts
clés utilisés par le prototype STELLAR V1 sont :

1. DPexploration de textes et des données,
les modeles d'apprentissage automatique,
les modéles de classification,

les articles annotés des chercheurs,

A

les métadonnées enrichies sémantiquement.
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Ce prototype aide a identifier et a recommander les articles pertinents et leur classement li¢ a
un sujet spécifique selon la sélection des chercheurs. La figure suivante présente le modele, les
processus associés et 'écosysteme des métadonnées pour aider le chercheur dans la tache de

produire une revue de littérature reliée a un sujet spécifique.

STELLAR V1 — Semantic Topics Ecosystem Learning-based Literature Assisted Review
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INTRODUCTION

With more and more content, data and metadata available, understanding how users search,
catalogue, rank, identify and summarize content relevant to their interests or emotions is
challenging. To solve this puzzle, the semantic web approach has been explored. Indeed, there
is growing research on interaction paradigms investigating how users—Iibrary users or
researchers, for example—may benefit from the expressive power of the semantic web
(Jeremi¢, Jovanovi¢, & Gasevi¢, 2013; Khriyenko & Nagy, 2011; Lécué et al., 2014; Ngan &
Kanagasabai, 2013; Rettinger, Losch, Tresp, D'Amato, & Fanizzi, 2012). The semantic web
may be defined as the transformation of the World Wide Web to a database of linked resources,
where data is widely reused and shared (Lacasta, Nogueras-Iso, Falquet, Teller, & Zarazaga-

Soria, 2013).

Notice that, in order to make information accessible, libraries perform several activities; one
of the most fundamental is cataloguing. And in the new digital era, there is a common need, in
particular for digital libraries (DLs), to be able to:

1. automate the identification and aggregation of metadata,

2. assist in the cataloguing and enrichment of content metadata.

Currently, rich information within text can be utilized to reveal meaningful semantic metadata,
such as topics, sentiments, emotions and semantic relationships. The human brain has an
inherent ability to identify topics, emotions and sentiments in written or spoken language.
However, the Internet, social media and content repositories have expanded the number of
sources, the volume of information and the number of relationships so drastically that it has
become difficult for people to process all this information. It is therefore important to have
high-speed computers with algorithms that can search the growing myriad of data and metadata
available and extract, enrich, curate and recommend meaningful semantic metadata associated

with content or events.

While computer search engines struggle to understand the meaning of natural language,
semantically enriching metadata may improve those capabilities. Although there may be no

relationship between the individual words of a topic or sentiment, domain thesauri do express



associative relationships between words, ontologies, entities, metadata represented as triplets.

Finding bibliographic references or semantic relationships in texts makes it possible to localize
specific text segments using text data mining (TDM) and machine learning models (MLM) to

enrich a set of semantic metadata.

Today, semantic web technologies, for example in DLs, offer a new level of flexibility,
interoperability and a way to enhance peer communications and knowledge sharing by

expanding the usefulness of the DL for searching and discovering content.

Unfortunately, to take advantage of the power of the semantic web, the poor quality of the
metadata in many digital collections needs to be addressed. In the public domain there is a
scarcity of search engines that follow a semantic approach to collection search and browse

(Ngan & Kanagasabai, 2013).

To address these research issues, this thesis proposes a multiplatform architecture, called
Semantic Metadata Enrichment Software Ecosystem (SMESE), that defines a meta-entity
model and a meta-metadata model for all library materials or events in North America or
Europe. SMESE is also designed to be interoperable with existing tools that use standard and
non-universal models such as MAchine Readable Cataloguing (MARC), Dublin Core (DC),
UNIversal MARC (UNIMARC), MARC21, Resource Description Framework/Resource
Description and Access (RDF/RDA) and Bibliographic Framework (BIBFRAME).

In the meantime, the software industry has evolved to multiplatform development (including
mobile phones, tablets, big screens, virtual reality (VR) and watches) based on a mix of
proprietary and open-source components using heterogeneous metadata. These metadata are
not always structured and organized, even though they are key to increasing the capabilities of
search or discover engines. Metadata integration has emerged in software ecosystems through
the software product line engineering (SPLE) process. However, metadata and enriched
metadata are underused in the SPLE, as well as in systems interoperability, content

enrichments and literature reviews.

Even when the metadata are well structured and universal, finding relevant content remains a



major challenge in the context of DLs; the availability of millions of content items, and millions
upon millions of relationships to linked content from a growing multitude of sources (e.g.,
online media, social media, serial publications), makes it difficult for users to find content with
a specific feature not mentioned by the content's known metadata. For example, the growing
availability of a multitude of documents makes it challenging for a user to find those that are
relevant to a specific need, interest or emotion. To meet this need, it becomes necessary to
extract hidden metadata and to find relationships to other content, persons or events; this
process is called entity metadata enrichment (EME). Several EME approaches have been
proposed, most of them making use of term frequency—inverse document frequency (TF-IDF)
(Niu, Zhu, Pang, & El Saddik, 2016; Salton & Buckley, 1988). This thesis focuses on sentiment
analysis (SA) and semantic topic detection (STD) as an EME sub-domain.

Another research objective for the SMESE platform is to increase the findability of entities
matching user interest using external references or relationships and internal (text-based)

semantic metadata enrichment algorithms.

EME is also relevant to the domain of scientific research content; for example, it can define
the metadata about an author's research results measurement or the relevance of a journal or
paper for a specific topic. Online access to research papers plays a primordial role in the
dissemination of research results through conferences and journals or through new channels
such as social media. This access, combined with the evolving nature of research, creates a
need to facilitate and assist researchers in the iterative process of building a Literature Review
(LR) using semantic metadata. An LR is an objective, organized summary of published
research relevant to the topic or area under consideration. Boote and Beile (Boote & Beile,
2005) wrote:

"Doctoral students seeking advice on how to improve their literature
reviews will find little published guidance worth heeding. Most
graduate students receive little or no formal training in how to analyze
and synthesize the research literature in their field, and they are unlikely
to find it elsewhere"(Boote & Beile, 2005).

The field of EME that allows the ranking of scientific documents (e.g., journal papers and

conference papers) is referred to as scientometrics or bibliometrics (Beel et al., 2013;



Bornmann, Stefaner, Anegén, & Mutz, 2014, 2015; Cataldi, Di Caro, & Schifanella, 2016;
Dong, Johnson, & Chawla, 2016; Franceschini, Maisano, & Mastrogiacomo, 2015; Hasson,
Lu, & Hassoon, 2014; Madani & Weber, 2016; Marx & Bornmann, 2016; MASIC & BEGIC,
2016; Packalen & Bhattacharya, 2015; Rubio & Gulo, 2016; Wan & Liu, 2014; S. Wang et al.,
2014; M. Zhang, Zhang, & Hu, 2015).

The literature in scientometrics also uses the following terms:
1. Journal-level metrics for publisher classification, including:
a. Impact Factor (IF),
b. Eigenfactor,
c. SCImago Journal Rank,
d. h5 index.

2. Author-level metrics for author productivity and impact measurement, including:

a. H-index,
b. I-10 index,
c. G-index.

A problem with manual LR production is that it is very labor-intensive; the time researchers
spend searching for and analyzing relevant literature will vary according to the subject of their
research. Gall et al. (Gall, Borg, & Gall, 1996) estimate that a decent literature review for a
dissertation will take between three and six months to complete. Keyword-based search is not
enough to address the ambiguities of an LR. Semantic metadata, which can be extracted using

text mining algorithms, allow more accurate searching and may yield better results.

The researcher has to stay aware of new related subjects and/or any relevant new articles to
produce a valid LR. An LR is not simply a summary of what existing documents report about
a particular topic. It has to provide an analytical overview of the significant literature published
on the topic and all semantically related content. In ((Carlos & Thiago, 2015; Gulo, Rubio,
Tabassum, & Prado, 2015), the authors mention that an ideal literature search would retrieve
most or all relevant papers for inclusion and exclude all irrelevant papers. The sources and
references have to be current and relevant, cited and formatted appropriately according to

discipline and journal.



Overall, the existing research contributions in scientometrics have a number of limitations
since they consider only publication count, citation count or their derivatives to measure the

impact of a paper.

EME may be performed manually; the human brain has an inherent ability to detect topics,
emotions, relationships and sentiments in written or spoken language, and is able to summarize
various types of texts, detect content relevant to a specific topic and produce an LR. However,
the Internet, social media and repositories have expanded the volume of information and the
number of relationships so fast that it has become difficult to process all this information
manually (Appel, Chiclana, Carter, & Fujita, 2016); hence the emergence of research on text

and data mining as a way to automatically extract hidden metadata from content.

Considering these research issues in EME and the limitations of existing works, this thesis

proposes new approaches that could contribute to the development of improved solutions.

The thesis consists of three technical reports corresponding to each of the three contributions:
1. A Semantic Metadata Enrichment Software Ecosystem (SMESE) Based on a
Multiplatform Metadata Model for DLs;
2. A Semantic Metadata Software Ecosystem Based on Sentiment and Emotion Analysis
Enrichment;
3. An Assisted Literature Review using Machine Learning Models to Build a Literature

Corpus and to Recommend References using their Related Radius from this Corpus.

This thesis presents complementary information that links the three technical reports and
contributions along with their prototypes and algorithms, and that also facilitates an

understanding of the research approach as a whole.

The key contributions of this research have been documented in the following technical reports
are presented in the Appendices I, II and III:
1. Ronald Brisebois, Alain Abran and Apollinaire Nadembega. A Semantic Metadata
Enrichment Software Ecosystem (SMESE) based on a Multiplatform Metadata Model
for Digital Libraries, (Appendix I);



2. Ronald Brisebois, Alain Abran, Apollinaire Nadembega, and Philippe N’techobo. A

Semantic Metadata Enrichment Software Ecosystem Based on Sentiment Analysis
Enrichment (SMESE V3), (Appendix II);

Ronald Brisebois, Alain Abran, Apollinaire Nadembega, and Philippe N’techobo. An
Assisted Literature Review using Machine Learning Models to Build a Literature
Corpus and to Recommend References using their Related Radius from this Corpus,
(Appendix III);

Ronald Brisebois, Apollinaire Nadembega and Alain Abran. Real Time Software
Energy Consumption Measurement in the Context of Green Software, MeGSuS,

Krakow, Poland, 05-07 October 2015.

This thesis is organized as follows:

1.

CHAPTER 1 provides a literature review on the current challenges in semantic
metadata enrichment in terms of DL software ecosystems, semantic topic detection,
sentiment and emotion analysis, scientific document ranking, scientific document text
summarization and assisted literature reviews;

CHAPTER 2 provides an overview of the key findings and contributions of the thesis;

. The CONCLUSION summarizes the research conducted and the research findings,

including the prototypes, and proposes new avenues for future work.

The actual journal submissions are included as appendix.



CHAPTER 1

LITERATURE REVIEWS

This chapter presents a literature review on the main topics of this thesis. First, it describes the
modeling of software ecosystems for DLs. Metadata enrichment approaches are then analyzed
in terms of, first, text-based sentiment and emotion detection, and, secondly, Assisted

Literature Reviews (ALRs) and Assisted Literature Review Objects (ALROs).

1.1 Software ecosystem model for DLs

With the proliferation of content and events in today’s DL, understanding how users search
and discover content has become a challenge; to tackle this challenge, DL software providers
make use of metadata as content selection filters. A definition of a software ecosystem (SECO)
based on the semantic analysis of data has been proposed in the literature (Christensen, Hansen,
Kyng, & Manikas, 2014; Manikas & Hansen, 2013; Shinozaki, Yamamoto, & Tsuruta, 2015).
Another definition from (Christensen et al., 2014; Manikas & Hansen, 2013) is the interaction
of a set of actors on top of a common technological platform providing a number of software

solutions or services.

There is growing agreement in the literature for the general characteristics of SECOs,
including:

1. common technological platform enabling outside contributions,

2. variability-enabled architecture,

3. tool support for product derivation, as well as development processes,

4

. business models involving internal and external actors (Gawer & Cusumano, 2014).

(Lettner, Angerer, Prahofer, & Grunbacher, 2014) identified ten SECO characteristics that
focus on technical processes for development and evolution — see Table 1.1. However, for DLs,
some additional characteristics should be taken into account, such as:

1. social network and Internet of Things integration,



2. semantic metadata internal enrichments,
3. semantic metadata external enrichments,

4. user interest-based gateways.

However, to allow SECOs to provide system adaptation capabilities, it is recommended that
such adaptive characteristics be included within software product lines (SPLs) (Capilla, Bosch,
Trinidad, Ruiz-Cortés, & Hinchey, 2014; Harman et al., 2014; Metzger & Pohl, 2014; Olyai
& Rezaei, 2015).

The SPL approach has been recommended to organizations building applications based on a
common architecture and core assets (Andrés, Camacho, & Llana, 2013; Metzger & Pohl,

2014). It is therefore highly suited to DLs.

Table 1.1 SECO characteristics
Taken from (Lettner et al., 2014)

Number| Model |Characteristics

—_

SECO |Internal and external developers

SECO |Evaluative common technological platform

SECO |Controlled central part

SECO |Enable outside contributions and extensions

SECO |Variability-enabled architecture

SECO |Shared core assets

SECO |Automated and tool-supported product derivation
SECO |Outside contributions included in the main platform

© 0 N O o b WN

SECO |Social network and IoT integration

The literature proposes a number of approaches for semantic metadata enrichment (Bontcheva,
Kieniewicz, Andrews, & Wallis, 2015; Fileto, Bogorny, May, & Klein, 2015; Fileto, May, et
al., 2015; Krueger, Thom, & Ertl, 2015; Kunze & Hecht, 2015); however, most authors have
not focused on the enrichment model applied in the present study (Fileto, Bogorny, et al., 2015;
Fileto, May, et al., 2015; Krueger et al., 2015; Kunze & Hecht, 2015).

In conclusion, the main drawbacks of SECOs based on SPL and Component-Based Software

Development (CBSD) for DLs are as follows:



1. SECO-based DL software does not offer a standard and interoperable metadata
model;

2. Many of the proposed SECO models do not include autonomous mechanisms to
guide the self-adaptation of service compositions according to changes in the
computing infrastructure;

3. There is no SECO architecture that simultaneously takes into account multiple
semantic enrichment aspects;

4. Current metadata and entity enrichment models are limited to only one domain for
their semantic enrichment process and therefore do not include multiple enriched
metadata and entity models;

5. Current metadata and entity enrichment models link only terms and DBpedia URI.

1.2 Semantic metadata enrichments: Topics, sentiments and emotions

With the availability of millions of multiform content items and the millions upon millions of
relationships that connect them, finding relevant content for a specific user interest is becoming

quite difficult.

To tackle this challenge, semantic information retrieval (SIR) has been proposed; SIR is the
science of searching semantically for information within databases, documents, texts,
multimedia files, catalogues and the web. The current SIR approaches reduce each content
item in the corpus to a vector of real numbers where each vector represents ratios of counts.
Most approaches make use of TF-IDF (Niu et al., 2016; Salton & Buckley, 1988). In the TF-
IDF scheme, a basic vocabulary of “words” or “terms” is chosen, then for each document in
the corpus, a frequency count is calculated from the number of occurrences of each word. This
yields a term-by-document matrix X whose columns contain the TF-IDF values for each of the
documents in the corpus; in other words, the TF-IDF scheme reduces documents of arbitrary

length to fixed-length lists of numbers.

Table 1.2 compares the most common SIR text mining tools in terms of functions: keyword

extraction, classification, sentiment and emotion analysis and concept extraction.
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Table 1.2 SIR models and their characteristics

SIR Model

AlchemyAPI (http://www.alchemyapi.com/) X XX
DBpedia Spotlight (https://igithub.com/dbpedia-spotlight)
Wikimeta (https:/fwww.w3.0rg/2001/swiwiki/Wikimeta)
Yahoo! Content Analysis API (https://developer.yahoo.com/contentanalysis/) X

XX X X X

Open Calais (http://www.opencalais.com/) XX
Tone Analyzer (https:/tone-analyzer-demo.mybluemix.net/) XX

>

Zemanta (http://iww.zemanta.com/)
Receptiviti (http://www.receptiviti.aif) XX
Apache Stanbol (https://stanbol.apache.org/) X
Bitext (https:/fwww.bitext.com/) X X
Mood patrol (https://imarket. mashape.com/soulhackerslabs/moodpatrol-emotion-detection-from-text) X
Aylien (http://aylien.com/) XX | X
AIDA (http://senseable.mit.edu/aida/) X
Wikifier (http://wikifier.org/) X
TextRazor (https://www.textrazor.com/) X
Synesketch (http://krcadinac.com/synesketch/) X
Toneapi (http:/ftoneapi.com/) XX

The rest of this section presents the approaches of topic detection, sentiment and emotion

analysis.

1.2.1 Semantic topic detection

Semantic topic detection (STD) within SIR helps users detect topics. It has attracted significant
research in several communities in the last decade, including public opinion monitoring,
decision support, emergency management and social media modeling (Hurtado, Agarwal, &

Zhu, 2016; Sayyadi & Raschid, 2013).

Some examples of these advances in STD are presented in (David M. Blei, Ng, & Jordan,
2003). A topic may be defined as a set of descriptive and collocated keywords/terms.
Document clustering techniques have been adopted to cluster content-similar documents and
extract keywords from clustered document sets as the representation of topics. The

predominant method for topic detection is the latent Dirichlet allocation (LDA) (David M. Blei
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et al., 2003); LDA-based approaches assume a generating process for the documents. LDA has

been proven powerful because of its ability to mine semantic information from text data.

STD was designed for large and noisy data collections such as social media, and addresses
both scalability and accuracy challenges. One challenge is to rapidly filter noisy and irrelevant

documents, while at the same time accurately clustering and ordering a large collection.

Several approaches are proposed in the literature for text-based topic detection:
1. Short texts (Cigarran, Castellanos, & Garcia-Serrano, 2016; Cotelo, Cruz, Enriquez, &
Troyano, 2016; Dang, Gao, & Zhou, 2016; Hashimoto, Kuboyama, & Chakraborty,
2015) such as tweets or Facebook posts;
2. Long texts (David M. Blei et al., 2003; Bougiatiotis & Giannakopoulos, 2016; P. Chen,
Zhang, Liu, Poon, & Chen, 2016; Salatino & Motta, 2016; Sayyadi & Raschid, 2013;
C. Zhang, Wang, Cao, Wang, & Xu, 2016) such as books, papers or documents.

In the context of this thesis, the focus is on long-text-based topic detection. (Bijalwan, Kumar,
Kumari, & Pascual, 2014) conducted experiments on text and document mining; they
concluded that k-nearest neighbors (KNN) provided better accuracy than naive Bayes and
term-graph. The drawback of KNN is that it is quite slow.

Recently, researchers have proposed topic detection approaches using a number of information
extraction techniques (IETs), such as lexicon, sliding window and boundary. Many of these
techniques (P. Chen et al., 2016; Salatino & Motta, 2016; Sayyadi & Raschid, 2013; C. Zhang

et al., 2016) rely heavily on simple keyword extraction from text.

One approach for topic detection, KeyGraph, was proposed in (Sayyadi & Raschid, 2013) and
was inspired by the keyword co-occurrence graph and efficient graph analysis methods.
KeyGraph is based on the similarity of keywords extracted from text. There are limitations to
this approach, however, and it requires improvement in two respects:

1. It underestimates the leverage of the semantic information derived from topic models;
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2. It measures co-occurrence relations from an isolated term-term perspective: that is, the
measurement is limited to the term itself and the information context is overlooked,

which can make it impossible to measure latent co-occurrence relations.

(Salatino & Motta, 2016) suggest that it is possible to forecast the emergence of novel research
topics even at an early stage and to demonstrate that such an emergence can be anticipated by
analyzing the dynamics of pre-existing topics. They present a method that integrates statistics
and semantics for assessing the dynamics of a topic graph. Unfortunately, their approach is not

fully semantic.

(P. Chen et al., 2016) propose a novel method for hierarchical topic detection where topics are
obtained by clustering documents in multiple ways. They use a class of graphical models called
hierarchical latent tree models (HLTMs). However, their approach is not semantic and does

not consider the domain knowledge of the analyzed text.

(Hurtado et al., 2016) propose an approach that uses sentence-level association rule mining to
discover topics from documents. Their method considers each sentence as a transaction and
keywords within the sentence as items in the transaction. By exploring keywords (frequently
co-occurring) as patterns, their method preserves contextual information in the topic mining
process. Their approach is limited to keyword counting; the semantic aspect of these keywords

1s not taken into account.

(C. Zhang et al., 2016) propose LDA-IG, an extension of KeyGraph (Sayyadi & Raschid,
2013). It is a hybrid analysis approach integrating semantic relations and co-occurrence
relations for topic detection. Specifically, their approach fuses multiple types of relations into
a uniform term graph by combining idea discovery theory with a topic modeling method. These
authors used a semantic relation extraction approach based on LDA that enriches the graph
with semantic information. However, their approach does not include MLM, which would

allow the framework itself to find new topics.
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The Table 1.3 presents an overview of some recent and relevant studies on topic detection. It

can be clearly observed that semantic aspect, topic correlation and machine learning techniques

are not considered.

Table 1.3 Overview of work on topic detection

Works Text size Approaches Semantic | Topic correlation | Machine Learning
(Dang et al., 2016) short Dynamic Bayesian networks No No No
(Cigarran et al., 2016) short Formal concept analysis (FCA) No No No
(Sayyadi & Raschid, 2013) long Graph analysis methods No No No
(Salatino & Motta, 2016) long Graph analysis methods No No No
(P. Chen et al., 2016) long Probabilistic and graph analysis methods No No No
(Hurtado et al., 2016) long Sentence-level association rule mining No No No
(C. Zhang et al., 2016) long Probabilistic and graph analysis methods No No No

To sum up this literature review, the main drawbacks of existing approaches to topic detection

are as follows:

They are based on simple keyword extraction from text and lack semantic information
that is important for understanding the document. To tackle this limitation, the present
study has used semantic annotations to improve document comprehension time;
Co-occurrence relations across the document are commonly neglected, which leads to
incomplete detection of information. Current topic modeling methods do not explicitly
consider word co-occurrences. Extending topic modeling to include co-occurrence can
be a computational challenge. The graph analytical approach to this extension was only
an approximation that merely took into account co-occurrence information while
ignoring semantic information. How to combine semantic relations and co-occurrence
relations to complement each other remains a challenge;

Existing approaches focus on detecting prominent or distinct topics based on explicit
semantic relations or frequent co-occurrence relations; as a result, they ignore latent
co-occurrence relations. In other words, latent co-occurrence relations between two
terms cannot be measured from an isolated term-term perspective. The context of the
term needs to be taken into account;

More importantly, even though existing approaches take into account semantic

relations, they do not include machine learning to find new topics automatically;
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5. The main conclusion is that most of the studies are limited to simulations using existing
algorithms. None of them contribute improvements to help detect topics more

accurately.

1.2.2 Sentiment and emotion analysis

Today, many websites offer reviews of items like books, events, music, or games. TV shows
and movies where the products are described and evaluated as good/bad, liked/disliked.
Unfortunately, such ratings do not help users make decisions according to their own interests.
With the rapid spread of social media, it has become necessary to categorize these reviews in
an automated way (Niu et al., 2016); that is the objective of sentiment and emotion analysis.
These analyses establish the attitude of a given person with regard to sentences, paragraphs,

chapters or documents.

Note that sentiment and emotion analysis may be defined as a type of automatic classification
represented by a facet. As such, there are different analysis techniques, such as keyword
spotting, lexical affinity and statistical methods. However, the most commonly applied
techniques belong either to the category of text classification supervised machine learning,
which uses methods like naive Bayes, maximum entropy or support vector machine, or to the

category of text classification unsupervised machine learning.

In this section the concepts of emotion and sentiment are used together. Emotions are also
associated with mood, temperament, personality, outlook and motivation (Li & Xu, 2014;
Munezero, Montero, Sutinen, & Pajunen, 2014; Shivhare & Khethawat, 2012). Indeed, the
concepts of emotion and sentiment have often been used interchangeably, mostly because both

refer to experiences that result from combined biological, cognitive and social influences.

According to (Balazs & Velasquez, 2016), the sentiment and emotion analysis process
typically consists of a series of steps:
1. corpus or data acquisition,

2. text preprocessing,
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3. opinion mining core process,
4. aggregation and summarization of results,

5. wvisualization.

A number of algorithms or approaches are used in the literature to perform text mining in the
sentiment and emotion analysis process based on the associated document’s classification:
Latent Dirichlet allocation (LDA) (David M. Blei et al., 2003),

TF-IDF (Niu et al., 2016; Salton & Buckley, 1988),

Latent Semantic Analysis (LSA) (Dumais, 2004),

Formal concept analysis (FCA) (Cigarran et al., 2016),

Latent Tree Model (LTM) (P. Chen et al., 2016),

Naive Bayes (NB) (Moraes, Valiati, & Gavido Neto, 2013),

Support Vector Machine method (SVM) (Moraes et al., 2013),

Artificial Neural Network (ANN) (Ghiassi, Skinner, & Zimbra, 2013).

S e

For example, Moraes et al. (Moraes et al., 2013) compare popular machine learning approaches
(SVM and NB) with an ANN-based method for document-level sentiment classification. Their
experimental results show that, for book datasets, SVM outperformed ANN when the number
of terms exceeded 3,000. Although SVM required less training time, it needed more running
time than ANN; indeed, for 3,000 terms, ANN required 15 sec training time (with negligible
running time) while SVM training time was negligible (1.75 sec). As in (Moraes et al., 2013),
S. Poria et al. (Poria, Cambria, Hussain, & Huang, 2015) experimented with existing

approaches and showed that SVM is a better approach for text-based emotion detection.

According to (Shivhare & Khethawat, 2012), there are three main techniques for sentiment
analysis:

1. Keyword spotting consists in developing a list of keywords—usually positive or

negative adjectives—that relate to a certain sentiment. This technique classifies text by

affect categories based on the presence of unambiguous affect words such as happy,

sad, afraid and bored;
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2. Lexical affinity assigns to arbitrary words a probabilistic ‘affinity’ for a particular
emotion. The polarity of each word is determined using different unsupervised
techniques. Next, it aggregates the word scores to obtain the polarity score of the text;

3. Statistical/Learning based methods are supervised approaches, such as Bayesian
inference and support vector machines, in which a labeled corpus is used to train a
classification method that builds a classification model used for predicting the polarity
of novel texts. By feeding a large training corpus of affectively annotated texts into a
machine learning algorithm, it is possible for the system to not only learn the affective
valence of affect keywords (as in the keyword spotting approach), but also to take into
account the valence of other arbitrary keywords (like lexical affinity), punctuation and

word co-occurrence frequencies.

Sentiment and emotion analysis can be carried out at different levels of text granularity:

1. document (Bosco, Patti, & Bolioli, 2013; Cho, Kim, Lee, & Lee, 2014; Kontopoulos,
Berberidis, Dergiades, & Bassiliades, 2013; Lin, He, Everson, & Ruger, 2012; Moraes
et al., 2013; Moreo, Romero, Castro, & Zurita, 2012),

2. sentence (Abdul-Mageed, Diab, & Kiibler, 2014; Appel et al., 2016; Desmet & Hoste,
2013; Niu et al., 2016; Patel & Madia, 2016),

3. phrase or clause (Tan, Na, Theng, & Chang, 2012),

4. word (L. Chen, Qi, & Wang, 2012; Ghiassi et al., 2013; Quan & Ren, 2014).

Most of the current text-based sentiment and emotion analysis approaches focus on
‘optimistic’, ‘depressed’ and ‘irritated’, which are difficult to identify in the text due to the
following challenges:

1. ambiguity of keyword definitions,

2. inability to recognize sentences without keyword,

3. difficulty determining emotion indicators.

A number of studies have proposed sentiment and emotion analysis techniques; for example,
Cho et al. (Cho et al., 2014) propose a method to improve the positive vs. negative
classification performance of product reviews by merging, removing and switching the entry

words of the multiple sentiment dictionaries. However, their contribution is limited to
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development of a novel method of removing and switching the content of the existing

sentiment lexicons.

Bao et al. (Bao et al., 2012) present an emotion-topic model, proposing to explore the
connection between the evoked emotions of readers and news headlines by generating a word-
emotion mapping dictionary. For each word w in the corpus, it assigns a weight for each
emotion e; i.e., P(e|w) is the averaged emotion score observed in each news headline H in

which w appears.

Lei et al. (Lei, Rao, Li, Quan, & Wenyin, 2014) adopt the lexicon-based approach in building
the social emotion detection system for online news based on modules of document selection,
part-of-speech (POS) tagging, and social emotion lexicon generation. Specifically, given the
training set T and its feature set F, an emotion lexicon is generated as a VxE matrix where the
(7,k) item in the matrix is the score (probability) of emotion ex conditioned on feature f;.

Unfortunately, these authors do not explain how they extracted the features from the document.

Anusha and Sandhya (Anusha & Sandhya, 2015) propose a system for text-based emotion
detection which uses a combination of machine learning and natural language processing.
Their approach recognizes affect in the form of six basic emotions proposed by Ekman; they
made use of the Stanford CoreNLP toolkit to create the dependency tree based on word
relationships. Next, they performed phrase selection using the rules on dependency
relationships that gives priority to the semantic information for the classification of a

sentence’s emotion. Their approach is based on the sentence.

Cambria et al. (Cambria, Gastaldo, Bisio, & Zunino, 2015) explore how the high generalization
performance, low computational complexity, and fast learning speed of extreme learning
machines can be exploited to perform analogical reasoning in a vector space model of affective
common-sense knowledge. After performing truncated singular value decomposition (TSVD)
on AffectNet, they use the Frobenius norm to derive a new matrix. For the emotion

categorization model, they use the Duchenne smile and the TSVD model.
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Table 1.4 presents an overview of sentiment and emotion analysis studies organized by

different approaches.

Table 1.4 Overview of studies on sentiment and emotion analysis

Works Text granularity Approaches Semantic Valence Emotion
(Cho et al., 2014) Document Keyword spotting X
(Bao et al., 2012) Document Statistical/Learning based methods X X
(Lei et al., 2014) Phrase or clause |Lexical affinity X
(Anusha & Sandhya, 2015) Document Statistical/Learning based methods X X
(Cambria et al., 2015) Document Statistical/Learning based methods X X

The work on sentiment and emotion analysis can be summarized as follows:

1.

Traditional SA methods mainly use terms along with their frequency and part of speech,
as well as rules of opinions and sentiment shifters. Semantic information is ignored in
term selection, and it is difficult to find complete rules;

Most of the recent contributions are limited to SA elaborated in terms of positive or
negative opinion and do not include analysis of emotion;

Existing approaches do not allow human input, which would improve accuracy;
Existing approaches do not combine sentiment and emotion analysis;

Lexicon- and ontology-based approaches provide good accuracy for text-based
sentiment and emotion analysis when applying SVM techniques. In the present
approach, it is more interesting to take the entire collection into account when
identifying the sentiment and emotion of a book. For example, assuming that book A
has 90% fear and 80% sadness while book B has 40% fear as its predominant emotion,
can it be said that fear is the emotion of book B as well as book A?

Existing approaches do not take document collections into account. In terms of
granularity, most approaches are sentence-based;

Existing approaches do not take sentence context into account and consequently risk

losing the real emotion.

As a general conclusion to the literature review on topic detection, sentiment and emotion

analysis, 95% of studies have focused on document features (e.g., sentence length, capitalized
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words, document title, term frequency and sentence position) to perform text mining and have
generally made use of existing algorithms or approaches (e.g., LDA, TF-IDF, LSA, TextRank,
PageRank, LexRank, SVM, NB and ANN) based on features associated with the documents.

1.3 Semantic metadata enrichments based on assisted literature review objects
(ALROs)

This sub-section presents several facets about assisted literature review that should be
addressed:
1. scientific paper ranking,
2. text and data mining, and more specifically:
a. automatic text summarization (ATS),
b. scientific paper summarization,

3. automatic multi-document summarization for a literature review.

1.3.1 Scientific paper ranking

Researchers and other users discover, analyze and maintain updated bibliographies for specific

research fields; this is an important phase in the production of an LR.

A number of ranking algorithms are proposed in the literature. Ranking algorithms are the
procedure that search engines use to give priority and relevancy query results. Recent years
have seen wider adoption of scientometric techniques for assessing the impact of publications,
researchers, institutions and venues. To date, the field of scientometrics has focused on
analyzing the quantitative aspects of the generation, propagation and utilization of scientific

information.

Two means of measuring scientific research output are discussed in the literature: peer-review
and citation-based bibliometric indicators. The main limitation of peer-review-based

approaches is the subjectivity of evaluators, while citation-based approaches have been
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criticized for limiting their scope to academia and neglecting the broader societal impact of

research (Marx & Bornmann, 2016).

Marx and Bornmann (Marx & Bornmann, 2016) present an overview of methods based on
cited references and examples of some empirical results from studies. According to the
authors, it is possible to measure the target-oriented impact in specific research areas (i.e.
limited to those areas) of the citation. For the authors, cited reference analysis indicates the
potential of the data source. They also mention a new method known as citing side
normalization, where each individual citation receives a field-specific weighting computed by

dividing thecitation by the number of references in the citing work.

The literature presents other approaches for ranking scientific articles and measuring their
impact (Beel et al., 2013; Bornmann et al., 2014, 2015; Cataldi et al., 2016; Dong et al., 2016;
Franceschini et al., 2015; Hasson et al., 2014; Madani & Weber, 2016; Marx & Bornmann,
2016; MASIC & BEGIC, 2016; Packalen & Bhattacharya, 2015; Rubio & Gulo, 2016; S.
Wang et al., 2014; M. Zhang et al., 2015). Some approaches focus on journal ranking (Packalen
& Bhattacharya, 2015), others on university and research institute ranking (Bornmann et al.,
2015). However, most of these approaches consider only publication count or focus on citation
analysis (citation-based approaches); the aggregate citation statistics are used to come up with
evaluative metrics for measuring scientific impact. They ignore the quality of articles in terms

of new contribution and scientific impact, and limit the evaluation to the quantitative aspect.

Despite several criticisms of citation-based impact measurements, it is still the subject of much
scientometric research; a highly cited paper in a given scientific research field has influenced
many other researchers. The main approach for scientific article ranking is citation analysis,
which is essentially the number of times a paper has been cited; however, this traditional
approach does not consider the publisher, conference or workshop relevance, or the possible
societal impacts of a study. Furthermore, in measuring the quality of an article, peer reviews
should be taken into account, as the opinion of the scientific community in that research field
may help identify relevant articles. Most approaches reduce a citation to a single edge between

the citing paper and the cited paper, and treat all edges equally.
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Some works in scientific impact evaluation (Bornmann et al., 2014, 2015; Cataldi et al., 2016;
M. Zhang et al., 2015) have focused on the ranking of universities, institutions and research
teams. For instance, (M. Zhang et al., 2015) propose a comprehensive method to discover and
rank collaborative research teams based on social network analysis along with traditional
citation analysis and bibliometric. In their approach, research teams are ranked using indexes

which include both scientific research outcomes and the closeness of co-author networks.

Their evaluation system consists of three indexes with sub-levels:
1. Team output, with four sub-levels:
a. total quantity published,
b. average quantity published,
c. total quantity published in cooperation,
d. average quantity published in cooperation.
2. Team influence, with two sub-levels:
a. total citations,
b. average citations.
3. Closeness of cooperation, with three sub-levels:
a. density,
b. network efficiency,

c. clustering coefficient.

And for each index, they assign a weight based on the scores of 30 experts. The main drawback

of their approach is the manual contributions of the experts.

Bornmann et al. (Bornmann et al., 2014, 2015) measure the performance of research institutes
based on the best paper rate and the best journal rate. Best paper rate is the proportion of
institutional publications that belong to the 10% most frequently cited publications in their
subject area and publication year. Best journal rate is the proportion of publications that an
institution publishes in the most influential journals worldwide. Unfortunately, ranking
researchers, journals and institutions does not give any idea of a scientific paper’s relevancy.

It may nonetheless be used to compute the paper’s relevancy index.
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Wan and Liu (Wan & Liu, 2014) propose citation-based analysis to evaluate scientific impact
of researchers expressed as an author-level Metric called the WL-index. They raise the issue
of considering the number of times a cited paper is mentioned in a citing paper. According to
the authors, counting based on binary citation relationships is not appropriate; indeed, in a
given article, some cited references appear only once, but others appear more than once. In
other words, the WL-index, a variant of the h-index, factors in the number of times a cited

paper is mentioned.

Hasson et al. (Hasson et al., 2014) propose an algorithm called the Paper Time Ranking
Algorithm (PTRA), which depends on three factors to rank its results: paper age, citation index
and publication venue. Specifically, they give priority to each one of these parameters; for a
given paper, they compute its weight as the sum of the conference or journal’s impact facto,

the number of citations and the age of the paper.

Rubio and Gulo (Rubio & Gulo, 2016) apply an MLM called ID3 to determine a paper’s
relevancy classification based on specialist annotations. They combine text mining efforts and
bibliometric measures to automatically classify relevant papers. They make use of metadata

such as year of publication, citation number, reference number and type of publication.

Madani and Weber (Madani & Weber, 2016) propose an approach that applies bibliometric
analysis and keyword-based network analysis to recognize important papers. To find the most
relevant papers, they apply ‘eigenvector centrality’. For the patent evaluation they extracted
keywords from abstracts and created a keyword-based network that was analyzed by cluster

analysis to find groups of keywords making use of the minimum spanning tree method.

Wang et al (S. Wang et al., 2014) propose a unified ranking model, called MRFRank, that
utilizes the mutual reinforcement relationships across networks of papers, authors and text
features. More specifically, MRFRank incorporates the text features extracted and the
weighted graphs constructed. For a given sentence, it extracts words and co-occurrences from
the title and abstract. Next, it computes the TF-IDF of each word as the weight of this word.
The main limitation of this approach is that only the abstract is used to compute the weight of

a word.
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Gulo et al. (Gulo et al., 2015) propose a solution that combines text mining and MLM to

identify the most relevant scientific papers. Based on previous samples manually classified by

domain experts, they apply a Naive Bayes Classifier to get predicted articles.

Based on this analysis of existing approaches to scientific paper ranking, a number of

limitations have been identified:

1.

Most existing approaches focus on the researcher’s or journal’s index to evaluate the
impact of a research paper, ignoring the paper’s index;

Most approaches that focus on the paper’s index use only the citations count; in
addition, they do not consider the paper’s age, penalizing the recent papers;

As for the few approaches focusing on the evaluation of the paper itself, they do not
take into account the social-level metric, and they do not consider the category or
polarity of citations;

Some approaches make use of journal information to rank papers; while this is a step
in the right direction, they do not consider other types of venues, such as conferences
and workshops;

Several approaches make use of machine learning; however, they require a large
manual contribution by specialists or experts to train the learning model;

Very few works focus on text-based analysis to identify relevant papers; those that do,

limit the analysis to title and abstract.

In summary, no approach currently takes into account all these aspects of scientific papers:

1.

A A AT A S

venue age,

venue type,

venue impact,

year of publication,
number of citations,
citation category,
references,

author’s impact,

author’s institutes,
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10. citing document of cited document.

1.3.2 Text and data mining

Text and data mining (TDM) can be defined as the automated processing of large amounts of
structured digital textual content, for purposes of information retrieval, extraction,
interpretation and analysis. When large amounts of data are accumulated, automated or semi-
automated analysis of their content reveals patterns that allow the establishment of fact patterns

invisible to the naked eye (Okerson, 2013).

There are many reasons researchers might want to utilize TDM in their research. Clark (Clark,
2013) suggests that, given the enormous growth in the volume of literature produced,
researchers should apply text mining techniques to enrich their content and perform systematic
literature reviews. Mining should be deployed to enhance indexing, create relevant links and
improve the reading experience. In the context of TDM, text mining is a subfield of data mining
that seeks to extract valuable new information from unstructured (or semi-structured) sources.
It then aggregates the extracted pieces over the entire collection of source documents to
uncover or derive new information. This is the preferred view that allows one to distinguish

text mining from natural language processing (NLP).

ATS approaches need to produce a concise and fluent summary conveying the key information
in the input (Saggion & Poibeau, 2013). Basic approaches of ATS first extract the topics
discussed in the input document; then, based on these topics, sentences in the input document

are scored for importance.

There are two types of summarization, depending on the input: single document summarization
and multi-document summarization (Saggion & Poibeau, 2013; D. Wang, Zhu, Li, & Gong,
2013). In (D. Wang et al., 2013), Wang et al. discuss in detail the following extractive
summarization methods are discussed in detail:

1. centroid-based methods,

2. graph-based methods,
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3. Latent Semantic Analysis (LSA),
4. Nonnegative Matrix Factorization (NMF).

Within the context of scientific research, documents (such as journal articles, white papers,
conference proceedings or research papers) have a specific organization and features that
differentiate them from other types of documents such as narrative texts (R. Zhang, Li, Liu, &
Gao, 2016), where the characters are very important, and factual texts, where the summarizer
has to select the most important facts and present them in a sensible order while avoiding
repetition (Carenini, Cheung, & Pauls, 2013). In addition, scientific papers contain certain

stock expressions and sentences.

Conventional text summarization approaches are therefore inadequate for scientific paper
summarization; however, such approaches may be extended and adapted. For this reason, this
sub-section of related works about TDM focuses on:

1. automatic text summarization,

2. scientific paper summarization.

1.3.2.1 Automatic text summarization

According to (Saggion & Poibeau, 2013), there are two main types of automatic text
summarization (ATS):
1. Extractive summarization selects the important sentences from the original input
documents to form a summary;
2. Abstractive summarization (Genest & Lapalme, 2012; Gerani, Mehdad, Carenini, Ng,
& Neja, 2014) paraphrases the corpus using novel sentences; this usually involves
information fusion, sentence compression and reformulation. Although an abstractive

summary could be more concise, it requires deep NLP techniques.

Extractive summaries are therefore more feasible and practical, and are hence the main focus

in this related works section.

For extractive summarization, three approaches are presented in the literature:
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1. Word scoring, in which scores are assigned to the most important words;
2. Sentence scoring, in which sentence features such as position in the document,
similarity to the title, etc. are examined;

3. Graph scoring, in which relationships between sentences are analyzed.

According to (Ferreira et al., 2013), sentence scoring is the technique most widely used for

extractive text summarization.

Several works on ATS are reported in the literature. Hasan and Ng (Hasan & Ng, 2014)
mention that in a structured document, there are certain locations where key sentences are most
likely to appear; for instance, in the abstract and the introduction. These authors claim that the
lack of structural consistency in other types of structured documents, such as books, may

render structural information less useful.

He et al. (Z. He et al., 2015) propose an unsupervised summarization framework from the
perspective of data reconstruction. They argue that a good summary should consist of those
sentences that can best reconstruct the original document. Specifically, after stemming and
stop-word elimination, they break the document down into individual sentences and create a
weighted term-frequency vector for every sentence; all the sentences in the document form the
candidate set. Then, they find an optimal set of representative sentences to approximate the
entire document, by minimizing the reconstruction error. In their approach, these authors make

use of a set of summaries, obtained through a complex procedure, as input.

Fang et al. (Fang et al., 2015) present an ATS approach based on topic factors. They define
topic factors as various characteristics for the description of topics; for example, capitalized
words are usually the entity (organization name) and long sentences are preferred for highly
technical expert documents. Since it is unfeasible to explicitly define topic factors, they
introduce a latent variable to capture the implicit topic factors. In other words, for a given topic,
they identify a set of factors that characterize all documents on this topic. The drawback of
their approach is that it is strongly linked to topic detection; however, the authors do not

propose a topic detection mechanism to support their topic aspect-oriented approach.
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Dokun and Celebi (CELEBI & DOKUN, 2015) propose two approaches based on Latent
Semantic Analysis (LSA) for English documents. They convert the input document to a
sentence—term matrix and process it through an algorithm called Singular Value
Decomposition (SVD), designed to find and model the relationships between words and
sentences while reducing noise. The authors do not propose a new contribution, but only apply

an existing LSA approach.

Premjith et al. (Premyjith, John, & Wilscy, 2015) present an extractive summarization system
that selects salient sentences from the input documents; they consider ATS as an optimization
problem. First, these authors use a variant form of the Simple Matching Coefficient scheme to
reduce the dimensionality of a set of sentences from input documents to be considered for
summarization; next, they use the Vector Space Model (VSM) method and bag-of-words
approach to represent sentences in the input documents matrix. After preprocessing the
documents, they score the sentences based on features such as Term Frequency Inverse
Sentence Frequency (TF-ISF) in order to aggregate cross-sentence similarity, title similarity

and sentence length.

For the optimization, they define two objective functions: function 1 checks only the similarity
between the centroid concepts in both the summary and the document set, and diversity of
sentences in the summary; function 2 introduces semantic coverage of the sentences in the
candidate summaries based on the LSA approach. The main drawback is the complexity due

to the repetition of the process of objective functions.

Sankarasubramaniam et al. (Sankarasubramaniam, Ramanathan, & Ghosh, 2014) present an
approach that makes use of Wikipedia and graph-based ranking. Specifically, these authors
construct a bipartite sentence—concept graph, where the concepts represent Wikipedia article
titles that are closest to the input sentences, and then rank the sentences for potential inclusion
in a summary. Unfortunately, these authors do not explain how the mapping between sentences
and Wikipedia titles is done. In addition, their approach is strongly linked to news articles
because of the nature of Wikipedia titles. For books like novels that do not have their concepts
in Wikipedia, their approach will provide bad summaries. Moreover, their method to compute

sentence scores for ranking is not justified and the number of iterations is not defined.
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Ledeneva et al. (Ledeneva, Garcia-Hernandez, & Gelbukh, 2014) present an extractive text
summarization making use of graph-based ranking algorithms. Their proposal consists in
detecting Maximal Frequent Sequences as nodes of a graph, and ranking them using a graph-
based algorithm such as TextRank or PageRank. In their contribution, these authors do not
clearly show how they define a relation between two graph nodes (i.e., terms); they only

mention the possibility of using lexical or semantic relations.

Like (Premjith et al., 2015), Mendoza et al. (Mendoza, Bonilla, Noguera, Cobos, & Leoén,
2014) address the generation of extractive summaries from a single document as a binary
optimization problem. They define their objective function based on the weighting of
individual statistical features of each sentence, such as position, length and the relation between
the summary and the title, combined with group features based on the similarity between
sentences in each candidate summary and in the original document and between sentences in
the summary, in order to obtain coverage of the summary and cohesion of summary sentences.
For the optimization, they make use of a memetic algorithm that aims to maximize the
objective function for each probable summary. The drawback of their approach is the
predefinition of coefficients of the objective function. In addition, the number of iterations to

find the best summary is costly.

To sum up, various solutions for ATS are proposed in the literature (CELEBI & DOKUN,
2015; Fang et al., 2015; Hasan & Ng, 2014; Z. He et al., 2015; Ledeneva et al., 2014; Mendoza
et al., 2014; Premjith et al., 2015; Sankarasubramaniam et al., 2014); however, several
drawbacks can be noted:
1. Some solutions are greedy in processing time due to their optimization functions;
2. Several assumptions are made, such as availability of document topic factors, to
validate their approaches;
3. Existing text summarization approaches cannot be applied to scientific papers; they
need to be extended and adapted to take into account the specificities of scientific

papers in terms of document organization and stock phrases.

In summary, a number of ATS research issues still need to be tackled.
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1.3.2.2  Scientific paper summarization

Several models, techniques and algorithms for scientific paper summarization are proposed in
the literature, mainly based on MLM and TDM approaches (Dyas-Correia & Alexopoulos,
2014).

Ronzano and Saggion (Ronzano & Saggion, 2016) investigated to what extent citations of a
paper are useful to create an improved summary of its content. They analyze how the contents
of different parts of a paper, including abstract, body and references, contribute to a widespread
summary evaluation metric. In their approach, each citation in a citing paper is manually

annotated by four annotators who were asked to identify:

1. The citation context, consisting of one to three text spans in the reference paper and
including the related in-line citation marker for the cited paper;
2. The citing spans, consisting of one to three text spans in the other papers which indicate

what the reference paper mentioned about the cited paper.

Next, based on TF-IDF applied to the reference paper (first level of citing paper) and citing
papers of the reference paper (second level of cited paper), they summarize the cited paper.
The main drawback of this approach is that each citation of each citing paper has been manually
annotated by four annotators. In addition, their approach is limited to single scientific paper

summarization.

Widyantoro and Amin (Widyantoro & Amin, 2014) propose an approach based on citation
sentence identification and categorization for generating related-work summaries. Their
approach extracts citation sentences and identifies important features for classification of
citation sentences that belong to the Problem, Method and Conclusion rhetorical categories.
The classification of rhetorical categories uses an MLM approach that requires a training
dataset to create a classification model; this classification model is next used as the basis to
predict a new sentence rhetorical category. Their classification model is based on the feature
set for sentence representation and the specific learning algorithm. They represent a sentence

as a feature vector that includes:
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1. N-grams,

2. sentence length,
3. thematic word,
4. cue phrase.

For example, the unigram, bi-gram and tri-gram term frequencies are used as features; for each
rhetorical category, the authors also use thematic word features selected from sentences in the
training set belonging to that category, and the cue phrase feature is a Boolean value that
indicates the presence or absence of a cue phrase for the Problem, Method or Conclusion
rhetorical category. As in (Ronzano & Saggion, 2016), their approach is limited to single
scientific paper summarization. In addition, they do not mention how they obtain the cue

phrases for Problem, Method or Conclusion.

Carlos and Thiago (Carlos & Thiago, 2015) present a solution for text mining scientific articles
using the R language in the “Knowledge Extraction and Machine Learning” course based on
social network analysis, topic models and bipartite graphs. They define a bipartite graph
between documents and topics, built with the LDA topic model. In their abstract, these authors
claim that they propose a solution for the summarization of abstracts; however, the rest of

paper does not explain how the summarization is performed.

Pedram and Omid (Pedram & Omid, 2015) propose a scientific document clustering based on
text summarization. Their proposed algorithm consists of four main phases:

1. preprocessing,

2. word weighting and scoring,
3. summarization,
4

clustering.

For the word weighting and scoring phase, TF-IDF is calculated for each word at the document
level and okapi BM25 (Best Matching) is calculated at the sentence level. For the
summarization phase, the objective of these authors is to remove non-important words; thus,
they remove words with a computed BM25 of less than one. Scientific paper summarization

cannot be performed in the same way as regular text.
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Huang and Wan (Huang & Wan, 2013) propose a novel system, called Academic Knowledge
Miner (AKMiner), that mines useful knowledge from articles in a specific domain. Their
system extracts academic concepts and relations from academic literature based on a Markov
Logic Network. In their approach, these authors focus on two kinds of academic concept: Task
and Method. Task concepts are specific problems to be solved in academic literature, while
Method concepts are defined as ways to solve specific tasks. They also define two types of
relations:

1. Method-Task relations,

2. Method-Method or Task-Task relations.

Method-Task relations refer to the application of a Method to a referred Task, while the second
type of relations (between Methods or between Tasks) are formed by dependency, evolution
and enhancements. Based on these definitions, the authors make use of Markov Logic Network
to extract concepts and relations from academic literature. They apply the first-order
knowledge base that is a set of formulae in first-order logic where the predicates and functions
are used to describe properties and relations among objects. In their work, all the keywords are
collected and summarized manually; they investigated by reading numerous articles and
collected four lists of keywords. As in (Ronzano & Saggion, 2016; Widyantoro & Amin,

2014), their approach is limited to single scientific paper summarization.

Caragea et al. (Caragea, Bulgarov, Godea, & Das Gollapalli, 2014) present an approach, called
citation enhanced keyphrase extraction (CeKE), that extracts keyphrases from research papers
based on information contained in the paper itself and information from the paper’s local
neighborhood, available in citation networks thanks to the learned models. First, to extract the
keyphrases based on TF-IDF, the position of the first occurrence of a phrase is divided by the
total number of tokens and the part-of-speech tag of the phrase. Then, they check if the
extracted keyphrases occur in cited contexts (paper to summarize is cited by other papers) and
citing contexts (paper to summarize is citing other papers) and compute the TF-IDF value of
the phrase, computed from the aggregated citation contexts. Citing context is not necessary to
summarize a scientific paper; only the text spans in cited context papers related to the paper to

summarize are necessary. In addition, their approach requires manual annotation of keyphrases
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for training. As in (Huang & Wan, 2013; Ronzano & Saggion, 2016; Widyantoro & Amin,

2014), their approach is limited to single scientific paper summarization.

From this analysis of works about automatic scientific paper summarization (Caragea et al.,
2014; Carlos & Thiago, 2015; Huang & Wan, 2013; Pedram & Omid, 2015; Ronzano &
Saggion, 2016; Widyantoro & Amin, 2014), it can be observed that:
1. Single scientific paper summarization approaches cannot be used to produce an LR;
2. Some of the approaches need manual contributions;
3. Some works limit the summarization to the identification of keywords or key phrases
and ignore the semantic particularities of scientific papers, applying only conventional

text summarization techniques.

In the context of this thesis, the focus is on multi-document summarization in order to assist in

providing an Assisted Literature Review (ALR).

1.3.3 Automatic multi-document summarization for literature review

For an LR, numerous publications need to be analyzed and summarized; this is referred to as
multi-document summarization. In the context of scientific research, given a set of scientific
papers, multi-document summarization makes it possible to generate an ALR; however,
different styles of LR may be required. According to (Jaidka, Khoo, & Na, 2010), LRs are
written in two main styles:

1. A descriptive LR presents critical summaries within a research domain, summarizing
individual papers/studies and providing more information about each, such as research
methods and results. It focuses on previous studies in terms of approach, results and
evaluation. These reviews use sentence templates to perform rhetorical functions;

2. Anintegrative LR focuses on the ideas and results extracted from a number of research

papers and provides fewer details on individual papers/studies.

For researchers with less experience, a descriptive LR with more details about individual

studies is more useful. For those who prefer to understand the bigger picture and the main
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themes of the research, an integrative LR is better suited. In the present study, the focus is on

descriptive ALRs.

Yeloglu et al. (Yeloglu, Milios, & Zincir-Heywood, 2011) investigated four approaches for
scientific corpora summarization when only standard key terms are available:
1. original MEAD with built-in default vocabulary,
2. extended MEAD with corpus-specific vocabulary extracted by Keyphrase Extraction
Algorithm (KEA),
3. LexRank, a state-of-the-art summarization algorithm based on random walk,

4. W3SS, a summarization algorithm based on keyword density.

Their results show that adding a corpus-specific vocabulary to the MEAD summarization
process slightly improves performance; they also determined that LexRank is proven to be

impracticable for multi-document summarization of the full texts of scientific documents.

The ALR literature consists of only a few studies. Zajic et al. (Zajic, Dorr, Lin, & Schwartz,
2007) introduce the multi-candidate reduction (MCR) framework for multi-document
summarization, in which many compressed candidates are generated for each source sentence;
their strategy consists in transitioning from single-document summarization to multi-document
summarization. The basic premise of their approach is the construction of a textual summary
based on the selection of a subset of words. To do so, they use two algorithms:

1. Trimmer,

2. Hidden Markov Model HEaDline GEnerator (HMM Hedge).

Trimmer selects sub-sequences of words using a linguistically motivated algorithm, while
HMM Hedge finds the sub-sequence of words most likely to be a headline for a given story.
In other words, sentence selection algorithms are applied to determine which compressed

candidates provide the best combination of topic coverage and brevity.

Dunne et al. (Dunne, Shneiderman, Gove, Klavans, & Dorr, 2012) present the results of their
effort to integrate statistics, text analytics and visualization in a prototype interface for

researchers and analysts. Their prototype system, called Action Science Explorer (ASE),
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provides an environment for demonstrating principles of coordination and conducting iterative
usability tests of them with interested and knowledgeable users. According to these authors,
ASE is designed to support exploration of a collection of papers so as to rapidly provide a

summary, while identifying key papers, topics and research groups. ASE uses:

1. bibliometrics lexical link mining to create a citation network for a field and text for
each citation,

2. automatic summarization techniques to extract key points from papers using the
approach proposed in (Zajic et al., 2007),

3. network analysis and visualization tools to aid in the exploration of relationships.

The first drawback of ASE is that it does not propose an algorithm or model to evaluate the
relevancy of a scientific paper in its research field. It uses only bibliometrics for paper ranking.
Nor do the authors explain how ASE extracts the sentences containing the citations and their
locations from the full text of each paper. In addition, they do not propose a scientific paper

summarization approach but simply use the existing algorithm in (Zajic et al., 2007).

Jaidka et al. (Jaidka et al., 2010) present an overview of a project to develop an LR generation
system that automatically summarizes a set of research papers using techniques drawn from
human summarization behavior. With a view to developing a summarization system that
mimics the characteristics of human LR, they try to understand how information is selected
from source papers, structured, synthesized and expressed linguistically to support a research
study. They analyze and identify:

1. The typical discourse structures and rhetorical devices used in human-generated
literature reviews, and the linguistic expressions used to link information in the text to
form a cohesive and coherent review;

2. How information is selected from source papers and organized and synthesized in an

LR; this aspect is expanded upon in (Jaidka, Khoo, & Na, 2013b).

The authors present only a high-level description of automatic LR. More importantly, they do

not propose techniques or algorithms to select relevant scientific papers for a given research
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domain or topic. Nevertheless, their study identifies the abstract, conclusion and methodology
as the sections of scientific papers used by humans to produce an LR. They also claim that:

1. For a descriptive LR, text from individual sources is copy-pasted or paraphrased;

2. For an integrative LR, inferencing and generalization techniques are used to summarize

information from several source papers into a higher-level overview.

J. Chen and Zhuge (J. Chen & Zhuge, 2014) propose a citation-based method for summarizing
multiple scientific papers. Their approach is based on the assumption that citation sentences
usually talk about a common fact, which is usually represented as a set of noun phrases co-
occurring in citation texts and usually discussed from different aspects. Based on this
assumption, they designed a multi-document summarization system based on common fact
detection. Their main challenge was that citations may not use the same terms to refer to a
common fact; to overcome this challenge, they use a term association discovery algorithm to
expand terms based on a large set of scientific paper abstracts. Their process is as follows:

1. First, they construct a term co-occurrence base based on the computation of frequently
co-occurring terms in the abstracts, titles or even conclusions of a set of scientific
papers; they parse the citation sentences to get the noun phrases, from which they
generate term bigrams and trigrams and expand the terms based on the term co-
occurrence base;

2. Second, they detect common facts in citations and then use them to cluster the citations;

3. Third, they find a subset of the most relevant sentences and form a summary; they treat
common facts as a saliency term set where each member term is weighted and is used
to score sentences. Based on the Maximal Marginal Relevance (MMR) algorithm, they
eliminate redundancy in the sentence set, and to compute the score of each sentence,
they make use of a topic signature-based approach. This method first computes a set of
terms that relate to a topic and then summarizes documents based on the computed term

set.
As in several other works, these authors applied existing algorithms to their architecture.

Agarwal et al. (Agarwal, Gvr, Reddy, & Rose, 2011) present an interactive multi-document

summarization system for scientific articles, called SciSumm, that summarizes a set of papers
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cited together within the same source article, i.e., co-citation papers. The main idea of the
approach is a topic-based clustering of fragments extracted from each cited paper. This analysis
enables the generation of an overview of common themes from the co-cited papers.
Unfortunately, SciSumm presents some limitations:
1. To obtain the list of relevant articles, SciSumm uses standard retrieval from a Lucene
index;
2. The user can use the title, snippet summary and author information to find an article of
interest;
3. SciSumm summarizes only the set of cited papers of the citing paper; this

summarization task is limited to extracting citation sentences from the citing paper.

Patil and Mahajan (Patil & Mahajan, 2012) present the extension of their previous system for
summarizing domain-specific scientific research articles. Based on abstracts and introductions
from which any formulae, tables, figures LATEX markups and citations from text files have
been removed, they identify the Research Relevant Novelty (RRN) terms—such as goal,
method, outcome, contrast & like, continuation—for each category of research. Next,
sentences containing the identified RRN terms are extracted and clustered by category. Finally,
they use the MMR metric to compute the similarity between multiple sentences. In order to
keep only one sentence per cluster of similar sentences, they compute the score of each of them
based on the sum of the TF-IDF of the terms of the sentence. As in (Agarwal et al., 2011; J.
Chen & Zhuge, 2014; Dunne et al., 2012), these authors make use of existing algorithms.

Jaidka et al. (Jaidka, Khoo, & Na, 2013a) propose an LR framework that contains applications
in automatic summarization of scientific papers. This proposal is the extension of their
previous contribution (Jaidka et al., 2010). They carry out an analysis of the discourse structure
of a sample of 30 literature review sections in research papers in terms of:

1. Macro-level document structure, which makes it possible to identify the different
sections of the document, the types of information they contain and their hierarchical
organization;

2. Sentence-level rhetorical structure, which reveals how sentences are framed according

to the overall purpose of the literature review;
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3. Summarization strategies, which show how information was selected and synthesized

for the literature review.

For the document structure and rhetorical structure, the authors manually annotate sentences
with tags; for example, the topic description tags “Previous research focused on” or “Research
in the area of” are used to present a broad overview of research or its context, while the study
description tag “In a study by” is used to cite an author and “X identified...”, “Y has conducted
an experiment to...” are used to describe research processes. The main drawback of their

approach is that they do not apply MLM to reduce the manual contributions.

From these related works, it can be seen that the main drawbacks of existing ALR approaches
are as follows:

1. Conventional text summarization techniques cannot be applied to scientific research
documents; indeed, scientific research documents have a specific structural
organization that is different from that of other documents such as narrative or
biographical texts. Conventional techniques must be adapted to take into account the
specificities of scientific papers in terms of document organization;

2. Most existing approaches are designed for a single document;

3. Certain approaches do not propose new techniques or algorithms, simply making use
of existing MLM as well as text and data mining approaches;

4. Even if they propose new algorithms or techniques, they ignore the need to identify
scientific papers related to the Researcher Selection in terms of research domain,

research specific topic, matching keywords and description of research subject.

The following limitations of existing approaches (Agarwal et al., 2011; J. Chen & Zhuge, 2014;
Dunne et al., 2012; Jaidka et al., 2010, 2013a, 2013b; Patil & Mahajan, 2012; Yeloglu et al.,
2011; Zajic et al., 2007) should be addressed in the proposed ecosystem:

1. scientific paper ranking,

2. scientific paper summarization,

3. assisted literature review.






CHAPTER 2

MAJOR THEMES

How users search, discover and rank contents and events is of crucial importance, especially
with the rapidly increasing volume of data and metadata. This thesis presents the software
ecosystem SMESE, which aggregates metadata and data from linked open data, structured data
and the metadata authority to create a universal semantic metadata master catalogue using a
SPLE model. In this thesis, the advanced versions of the first SMESE prototype are also
presented: SMESE V3 and STELLAR V1.

SMESE V1 is the first version of a prototype able to harvest and enrich metadata based on the
proposed ecosystem. Its key contributions are:
1. Design and prototyping of a master model that integrates several content types based
on a universal metadata model;
2. Definition and prototyping of a mapping ontology in order to allow interoperability
between existing metadata models;
3. Definition and prototyping of a software ecosystem architecture that configures an
application with software and metadata aspects based on a SPLE model,
4. The proposed SPLE model supports a dynamic metadata CBSD approach creating a
harvesting ecosystem for DLs;
5. Prototyping of different processes to increase the findability of related content through

interest-based search and discovery engines.

More specifically, the proposed SPLE approach is a combination of feature-oriented reuse
method (FORM) and component-oriented platform architecting (COPA) approaches focusing
on data and metadata enrichment. With respect to CBSD, SMESE V1 includes a method for
selecting composer components for the design of an SPLE. This method can manage and
control the complexities of the component selection problem in the creation of the defined

product line.
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A number of prototypes, experiments and simulations have been conducted to assess the

performance of the proposed ecosystem by comparing it against existing enriched metadata

techniques or manual LR.

In this thesis, advanced versions of SMESE V1 are also presented: prototype 2 (SMESE V3)
and prototype 3 (STELLAR V1). Test results show that SMESE V3 and STELLAR V1 allow

greater iterative interpretation of content for purposes of interest-based or emotion-based

search and discovery.

SMESE V3, the extended version of SMESE V1, offers the following key contributions:

I.

Discovery of enriched sentiment and emotion metadata hidden within the text or linked
to multimedia structure using the proposed BM-SSEA algorithm;

Generation of semantic topics by text, and multimedia content analysis using the
proposed BM-SATD algorithm;

Integration of the emotion lexicon of the National Research Council of Canada;
Integration and adaptation of a repository of 43 thesauri for semantical
contextualization of concepts;

Integration of extended LDA and KeyGraph approaches for topic modeling.

STELLAR V1 is a research assistant for the iterative search of relevant papers and production

of an Assisted Literature Review (ALR) for a specific subject or topic of research. The key

contributions of STELLAR V1 are:

1.

2.

3.

4.

The definition of new metadata for scientific content that allow topic-based ranking
and relevant paper identification;

Classification of metadata in the researcher selection (RS) and researcher annotation
(RA) categories;

The ability to semantically harvest the web to create a Universal Research Document
Repository (URDR) according to RS and from the SMESE V3 ecosystem;

The concept of Assisted Literature Review Object (ALRO), which is useful for
managing all objects in the ALR. It is basically a component type that includes many

types of information useful in producing an ALR;
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5. The Literature Corpus Radius (LCR) process, which calculates the distance of each
paper to the literature corpus centre for a specific topic, concept or area of research;

6. Machine Learning Models (MLMs), which help researchers to discover, find, rank and
refine the iterative list of relevant recommended papers for the creation and enrichment

of a final ALR.

This thesis is divided into three sections corresponding to the three technical reports in
Appendix I to III:
1. SMESE VI1: A Semantic Metadata Enrichment Software Ecosystem is the first
prototype;
2. SMESE V3: An ecosystem for topics and emotions that is an extension of the original
SMESE V1 is the second prototype;
3. STELLAR VI1: An Assisted Literature Review using MLMs to recommend relevant
papers and help researchers to build an ALR. STELLAR V1 represents the third
prototype and uses the SMESE V3 ecosystem.

2.1 A Semantic Metadata Enrichment Software Ecosystem (SMESE) Based on a
Multiplatform Metadata Model for DLs

The first technical report (Appendix I) presents the multiplatform metadata model, an
ecosystem for harvesting metadata (including often the data) and internally and externally
metadata enrichment for DLs. Metadata are structured information that describes, explains,
locates, accesses, retrieves, uses or manages an information resource of any kind. “Metadata”
literally means data about data. Some use it to refer to machine understandable information,
while others employ it only for records that describe electronic resources. In the library
ecosystem, the term is commonly used for any formal scheme of resource description, applying

to any type of object, digital or non-digital.

The first prototype of the proposed SMESE V1 architecture is based on SPLE and CBSD
approaches to support metadata and entity social and semantic enrichment for DLs. SMESE

V1 is based on a mobile first design (MFD) approach for multiplatform user interface. Each
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component of the SMESE V1 architecture is based on existing approaches (SPLE and CBSD)
and a SME concept (proposed in this work) to generate, extract, discover and enrich metadata.
The SME process of SMESE V1 is based on a proposed mapping ontology that makes use of

content analysis (internal) and linked data analysis (external).

The main focus of SMESE V1 is metadata meta-modeling, which makes it possible to design
different type of content (i.e., metadata content definition) and harvest different source
according to their metadata model. For the new generation of information and data
management, metadata are a highly efficient material for data aggregation. For example, it is
easier to find a specific set of user interests when metadata such as content topics or sentiments
are available in the enriched model. Furthermore, it is possible to increase user satisfaction by
reducing the user interest gap. To make this feasible, all content needs to be enriched. In other
words, specific metadata must be available including semantic topics, sentiments and abstracts.

However, at the present time, most content does not have these metadata.

The SMESE V1 multiplatform prototype aggregates multiple world catalogues from libraries,
universities, bookstores, #tag collections, museums, open catalogues, national catalogues and

others. It harvests and processes metadata from full-text content (where possible).

Central indexes typically include full text and citations from publishers, full text and metadata
from open-source collections, full text, abstracting and indexing from aggregators and
subscription databases, and different formats (such as MARC) from library catalogues, also

called the base index, unified index, or foundation index.

The SMESE V1 multiplatform framework try to link bibliographic records and semantic
metadata enrichments (SEM) into a master metadata catalogue. This catalogue includes
collections or novelties as: papers, books, DVDs, CDs, comics, games, pictures, videos, legacy

collections, organizations, rewards, TV, radio, and museums.

Figure 2.1 presents the four levels of the semantic collaborative gateway in SMESE V1:
1. Meta-Entity (black),
2. Entity (blue),



3. Semantic metadata enrichment and creation (grey),

4. Contents & Events (white).
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Figure 2.1 Meta-model and metadata enrichment view

Semantic relationships between content, persons, organizations, events and places are defined
and curated in the master metadata catalogue. Topics, sentiments and emotions are extracted
(where possible) from the content, its context and related objects. As semantic relationships
between the content and users who are persons, the new metadata (interests, topics and
emotions) are defined and may be extracted (where possible) from the content, its context and

related objects.

SMESE V1 allows users to find topically related content through an interest-based search and
discovery engine. Transforming bibliographic records into semantic data is a complex problem
that includes interpreting and enriching the information. Fortunately, many international
organizations (e.g., Bibliothéque Nationale de France (BNF), Library of Congress and some
others) have done some of this heavy work and already have much bibliographic metadata

converted into triple-stores according to defined schemas.
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Recent catalogues support the ability to publish and search collections of descriptive entities
(described by a list of generic metadata) for data, content and related information objects.
Metadata in catalogues represent resource characteristics that can be indexed, queried and
displayed by both humans and machine. Catalogue metadata are needed to support the
discovery and notification of information within an information community. Using
information from specific SME interests and emotions, the ecosystem is able to provide the

final user with better results that match his or her interest, emotion or mood.

This new SMESE V1 semantic ecosystem harvest and enrich bibliographic records externally
(from the web or databases) and internally (from text data or object). As shown in Figure 2.2,
the main components of the SMESE V1 ecosystem are:
1. metadata initiatives & concordance rules,
harvesting of web metadata & data,
harvesting of authority metadata & data,
rule-based semantic metadata external enrichment,
rule-based semantic metadata internal enrichment,
semantic metadata external & internal enrichment synchronization,
user interest-based gateway,

semantic master catalogue,

A A A o

semantic analytical engine.
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SMESE V1 - Semantic Metadata Enrichments Software Ecosystem

Metadata Initiatives & Semantic Metadata External &
: User Interest-based
Concordance Rules Internal Enrichments
N R Gateway
Synchronization Engine
Semantic Semantic
Master Analytical
Catalogue Engine
Rules-based Semantic
Harvesting Metadata External
Web Metadata Enrichments Engine
& Data Rules-based Semantic
Metadata Internal
Enrichments Engine

Harvesting Authorities
Metadata & Data

Figure 2.2 Semantic Enriched Metadata Software Ecosystem (SMESE V1) — 1st prototype

Many metadata schemas exist to describe various types of textual and non-textual objects
including published books, electronic documents, archival documents, art objects, educational
and training materials, scientific datasets and, obviously, the web. Large national and
international DL projects, such as Europeana and the Digital Public Library of America, have

highlighted the importance of sharing metadata across silos.

Many aggregators harvest metadata that, in the process, may become inaccurate because they
did not look at the semantic context. In practice, aggregators usually ignore the idiosyncratic
use of metadata schemas and enforce the use of designated metadata fields. Connecting data
across silos would help to improve the ability of users to browse and discover related entities
(metadata) without having to do multiple searches in multiple portals. The proposed SMESE
V1 ecosystem defines crosswalks that create metadata pathways to different sources; each
pathway checks the structure of the metadata source and then performs data harvesting. Figure
2.3 shows the semantic metadata meta-catalogue classification designed and implemented in

the SMESE V1 prototype.
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Figure 2.3 Semantic metadata meta-catalogue classification in the SMESE V1 first prototype

Semantic searches over documents and other content need to use semantic metadata
enrichment (SME) to find information based not just on the presence of words, but also on
their meaning. Linked open data (LOD) based semantic annotation methods are good
candidates to enrich the content with disambiguated domain terms and entities (e.g. events,
emotions, interests, locations, organizations, persons), described through Unique Resource
Identifiers (URIs) (Bontcheva et al., 2015). In addition, the International Standard Names
Identifier (ISNI) has been proposed by national libraries to organize and catalogue semantic
metadata relationships, see Figure 2.4, adapted from ISNI, For a Worldwide Identification
Ecosystem (INHA — Institut National de I’histoire de I’art, 11 January 2016, Anila Angjeli,
Bibliothéque nationale de France, ISNI 0000 0004 2755 4724). The symbol with three blue
dots (RDF) represents a semantic repository using triple stores. The BNF is identifying
workflows with publishers to provide them with ISNIs for new authors. The ISNI system is an
opportunity to help enrich author metadata and the quality of the authority files. ISNI semantic
relationships make it possible to connect many sources of information, including:

1. BNF Catalog,

2. Data.bnf.fr,
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3. VIAF,

4. IdRef,

5. Union List of Artist Names,

6. SNAC,

7. AGORHA,

8. Wikidata,

9. Wikipedia,

10. Data.bang.ca (in 2017 for Québec metadata).

Figure 2.4 also shows the introduction of ISNI semantic relationships into the semantic

metadata meta-catalogue of the SMESE V1 prototype.

ISNI Semantic Relationships
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Figure 2.4 ISNI semantic relationships of metadata in the SMESE V1 prototype

The original content should be enriched with relevant knowledge from the respective LOD
resources (e.g. that Justin Trudeau is a Canadian politician). This is needed to answer queries
that require common-sense knowledge, which is often not present in the original content. For

example: following semantic enrichment, a semantic search for events that provide specific
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emotions (e.g., happiness, joy, etc.) in Montreal according to individual interests this weekend
would provide relevant metadata about events in Montreal, even though not explicitly

mentioned in the original content metadata.

The semantic annotation process of SMESE V1 creates relationships between semantic
models, such as ontologies and persons. It may be characterized as the semantic enrichment of
unstructured and semi-structured content with new knowledge and linking these to relevant
domain ontologies and knowledge bases. This requires the use of ISNI, other authority files or
other techniques. It typically requires annotating a potentially ambiguous entity mention (e.g.
Justin Trudeau) with the canonical identifier of the correct unique entity (e.g. depending on the

content, http://dbpedia.org/page/Justin Trudeau). The benefit of social semantic enrichment is

that by surfacing annotated terms derived from the full-text content, concepts buried within the
body of the paper or report can be highlighted. The addition of terms also affects the relevance
ranking in full-text searches. Moreover, users can be more specific by limiting the search

criteria to the subject, interest or emotion metadata (e.g. through faceted search).

These processes extract, analyze and catalogue metadata for topics and emotions involved in
the SMESE ecosystem. As today, an amount of 5 millions content have been harvested over a
target amount of close to 500 millions, see the Table 2.1 for an overview of the detail about
harvested metadata and data (p.e. papers and events) in the prototype. For each content type
many metadata and data have been extracted and enriched. These enrichment processes are
based on information retrieval and knowledge extraction approaches. The text is analyzed by
means of extensions of text mining algorithms such as latent Dirichlet allocation (LDA), latent

semantic analysis (LSA), support vector machine (SVM) and k-Means.
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Table 2.1 Harvesting statistic related to metadata and data — SMESE V1

Priority Sources title Sources url Status % Total Content | Total harvested
1 Book Depository (type = html) https://www.bookdepository.com/ harvesting 0,9% 26 750 719 231453
2 opendoar (type = OAl-pmh) http://www.opendoar.or; harvesting 0,3% 235 828 824 612 545
3 ResearchGate (type = html) https://www.researchgate.net/ harvesting 0,4% 110 210 000 453 129
4 Academia (type = html) https://www.academia.edu harvesting 5,0% 15 363 735 765 345
5 Amazon (type = html) http://www.amazon.com/ harvesting 9,7% 4703 063 456 234
6 Paulines (type = html) http://www.paulines.qc.ca/ harvesting 98,1% 171120 167 890
7 L'exédre (type = html) http://exedre.leslibrairies.ca harvesting 78,4% 171120 134 120
8 FNAC (type = html) http://www.fnac.com harvesting 66,6% 156 224 104 109
9 Poirier (type = html) http://www.librairiepoirier.ca Novelties 100,0% 176 162 176 162
10 Archambault (type = html) http://www.archambault.ca, Novelties 100,0% 165 405 165 405
1" Renaud-Bray (type = html) http://www.renaudbray.com/accueil.aspx Novelties 100,0% 347 380 347 380
12 COOP UdesS (type = html) http://www.usherbrooke.coo Novelties 100,0% 47 412 47 412
13 Biblairie GGC (type = html) http://www.biblairie.qc.ca/ Novelties 100,0% 213 213
14 Librairie Media Paul (type = html) http://librairiemediaspaul.ca Novelties 100,0% 29 938 29 938
15 Leslibraires.fr (type = html) https://www.leslibraires.fr finished 100,0% 888 750 888 750
16 Mollat (type = html) http://www.mollat.com Novelties 100,0% 505 729 505 729
17 academic microsoft (type = html) https://academic.microsoft.com/ harvesting 0,6% 80 000 000 453 240
18 Coop HEC (type = html) http://www.coophec.com, harvesting 7.3% 17 222 1265
19 thinkmind (type = html) http://www.thinkmind.org/ to be started 0,0% 56 744 -

22 PBS http://www.pbs.or; harvesting 5,1% 5434 279
23 World http://worldchannel.or, to be started 0,0% 34211 -
24 City http://www.citytv.com/montreal/ harvesting 45,3% 12110 5489
25 WCAX (Local News and Weather)  |http://www.wcax.com to be started 0,0% 7 549 -
26 TVHebdo http://www.tvhebdo.com harvesting 56,0% 14 231 7972
31 justWatch http://www.justwatch.com harvesting 25,6% 54 345 13 927
TOTAL: 475 717 640 5567 986

One of the contributions of SMESE V1 for DLs is that it is not specific to one software product
but can be applied to many products dynamically. In addition, it includes a semantic metadata

enrichment (SME) process to improve the quality of search and discovery engines.

Note that metadata modeling and an universal metadata model is the main focus of SMESE
V1. The proposed SECO of SMESE V1 uses an SPLE architecture that is a combination of
FORM and COPA to catalogue semantically different contents.

The SECO of SMESE V1 also proposes a decision support process called SPLE-DSP. SPLE-
DSP supports the activation and deactivation of software features related to metadata and takes
into account automatic runtime reconfiguration according to different scenarios. In addition,
SPLE-DSP rebinds to new services dynamically based on the description of the relationships
and transitions between multiple binding times under an SPLE when the software adapts its

system properties to a new context. To take context variability into account in modeling
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context-aware properties, SPLE-DSP makes use of an autonomous process that exploits

context information to adapt software behavior using a universal metadata model.

Furthermore, SPLE-DSP integrates the adaptation of metadata and products dynamically. This
helps products to evolve autonomously when the environment changes and provides self-

adaptive and optimized reconfiguration.

This reconfiguration model, called dynamic and optimized metadata-based reconfiguration
model (DOMRM), takes into account the preferences of several users who have different

requirements in terms of desirable features and measurable criteria.

When the user chooses preferences in terms of system behavior, the semantic weight of each
feature is computed based on the software feature configuration model (FCM). FCM represents
the semantic relationship between features where each feature is active or not. In addition,
FCM defines the rules that control the activation status of each feature according to its links
with other features. For example, a rule may be: feature Fi should never be activated when Fi-

1 is activated. Based on this rule, the FCM automatically activates or deactivates the feature.

The rules are also used to predict the behavior of the application based on the activation status
of features according to users’ selections. Note that individual users have their own weight per
feature, defined on the basis of that user’s use of the feature. This weight quantifies the

importance of the feature for the user.

2.2 A Semantic Metadata Enrichment Software Ecosystem Based on Sentiment
and Emotion Analysis Enrichment (SMESE V3)

The second technical report (Appendix II) focuses on contributions designed and implemented
in the SMESE V3 prototype in two research fields: semantic topic detection (STD) and

sentiment analysis (SA).
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2.2.1 Semantic topic detection

Semantic topic detection (STD), a fundamental aspect of SIR, helps users efficiently detect
meaningful topics. It has attracted significant research in several communities in the last
decade, including public opinion monitoring, decision support, emergency management and
social media modeling (Hurtado et al., 2016; Sayyadi & Raschid, 2013). STD is based on large
and noisy data collections such as social media, and addresses both scalability and accuracy
challenges. Initial methods for STD relied on clustering documents based on a core group of
keywords representing a specific topic, where, based on a ratio such as TF-IDF, documents
that contain these keywords are similar to each other (Niu et al., 2016; Salton & Buckley,
1988). Next, variations of TF-IDF were used to compute keyword-based feature values, and
cosine similarity was used as a similarity (or distance) measure to cluster documents. The
following generation of STD approaches, including those based on latent Dirichlet allocation
(LDA), shifted analysis from directly clustering documents to clustering keywords. Some

examples of these advances in STD are presented in (David M. Blei et al., 2003).

However, social media collections differ along several lines, including the size distribution of
documents and the distribution of words. One research challenge is to rapidly filter out noisy
and irrelevant documents, while at the same time accurately clustering a large collection.
Bijalwan et al. (Bijalwan et al., 2014), for example, experimented with machine learning
approaches for text and document mining and concluded that k-nearest neighbors (KNN), for
their data sets, showed the maximum accuracy as compared to naive Bayes and term-graph.
The drawback of KNN is that time complexity (i.e., amount of time taken to run) is high but it

demonstrates better accuracy than others.

2.2.2 Sentiment analysis (SA)

The main objective of sentiment analysis (SA) is to establish the attitude of a given person
with regard to sentences, paragraphs, chapters or documents (Appel et al., 2016; Balazs &

Velasquez, 2016; Fernandez-Gavilanes, Alvarez-L(’)pez, Juncal-Martinez, Costa-Montenegro,
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& Javier Gonzalez-Castaflo, 2016; Niu et al., 2016; Patel & Madia, 2016; Ravi & Ravi, 2015;
Serrano-Guerrero, Olivas, Romero, & Herrera-Viedma, 2015). Many websites offer reviews
of items like books, cars, mobile devices, movies etc., where products are described in some
detail and rated as good/bad, liked/disliked. With the rapid spread of social media, it has

become necessary to categorize these reviews in an automated way (Niu et al., 2016).

There are different ways to perform SA, such as keyword spotting, lexical affinity and
statistical methods. However, the most commonly applied techniques belong either to the
category of text classification supervised machine learning (SML), which uses methods like
naive Bayes, maximum entropy or support vector machine (SVM), or to the category of text

classification unsupervised machine learning (UML).

One current limitation in the area of SA research is its focus on sentiment classification while
ignoring the detection of emotions. For example, document emotion analysis may help to
determine an emotional barometer and give the reader a clear indication of excitement, fear,
anxiety, irritability, depression, anger and other such emotions. For this reason, we focus on

sentiment and emotion analysis (SEA) instead of SA.

2.2.3 SMESE V3 approach to STD and SEA

Our research has looked to improve the accuracy of topic detection and sentiment and emotion
discovery by semantically enriching the metadata from linked open data and the bibliographic
records existing in different formats. The second technical report presents the design,
implementation and evaluation of the SMESE V3 ecosystem. More specifically, SMESE V3
consists of prototypes implementing two rule-based algorithms to enrich metadata
semantically:

1. BM-SATD: generation of semantic topics by text analysis, relationships and

multimedia content,
2. BM-SSEA: discovery of sentiments and emotions hidden within the text or linked to a

multimedia structure through an Artificial Intelligence (AI) computational approach.
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Using simulation, the performance of SMESE V3 was evaluated in terms of accuracy of topic
detection and sentiment and emotion discovery. Existing approaches to enriching metadata
(e.g., topic detection or sentiment and emotion discovery) were used for comparison.

Simulation results showed that the enhanced SMESE outperforms existing approaches.

In Figure 2.5, improvements to the SMESE V3 platform (2nd prototype) stemming from this

research work and its implementation are presented in blue.
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Figure 2.5 SMESE V3 — Semantic Metadata Enrichment Software Ecosystem— 2nd prototype

For more understanding about SMESE V3 algorithms and processes to semantically enrich

metadata, refer to Appendix II, which describes in detail this second prototype of SMESE.
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23 An Assisted Literature Review using Machine Learning Models to Build a
Literature Corpus and to Recommend References using their Related Radius
from this Corpus

The third technical report (Appendix III) presents another enhanced SMESE prototype that
implements an Assisted Literature Review (ALR) design using Machine Learning Models
(MLM) to build a literature corpus and to recommend references using their related radius from
this corpus. This prototype, called STELLAR V1 (Semantic Topics Ecosystem Learning-based

Literature Assisted Review), is more useful for electronic papers (ePapers).

Electronic papers play a critical role in the dissemination of research results through
conferences and journals or new channels such as social media. With the evolving and
interdisciplinary nature of research, there is an increasing need to develop MLMs that can
facilitate and assist researchers in the iterative creation of their LR (i.e., manual literature
review). The goal of this third technical report is to define and prototype the automation of a

process to assist students, teachers, librarians and other users in producing and maintaining an

ALR.

Researchers now acknowledge that ePapers are not sufficient to communicate and share
information about research investigations. The volume of scientific publications available is
becoming an issue for researchers (Mayr, Scharnhorst, Larsen, Schaer, & Mutschke, 2014).
Given that so many literature reviews are incomplete, the lack of automation algorithms to

assist in ALR creation and ongoing process is surprising.

A literature review needs to be systematic and focused on user selections, incorporating only
things that are relevant to the research topic. It has to be evaluative, assessing each citation to
determine its ranking and if it is worth including in the ALR. One of the research goals of the
STELLAR V1 prototype is to reduce reading load by helping researchers to read only an
intelligent selection of documents. Using TDM, MLMs and a classification model that learns
from paper’s metadata and user-annotated data, it detects metadata and identifies relevant

papers for a literature review in a specific research field and on a specific topic.
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Figure 2.6 presents a simplified view of the proposed STELLAR V1 model. Specifically, it
shows the MLM processes associated with each step of STELLAR V1 (i.e., those above each
step of the ALR).
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Figure 2.6 MLMs at all steps of an Assisted Literature Review

It takes many steps to produce and deliver a quality LR manually. In the automation of this
process, many tools and algorithms have been developed to assist and alert the researcher.
Harvesting tools, search engines and MLMs have been used to execute many of the tasks in
this process. Figure 2.6 shows the iterative process of creating an ALR using MLMs. This
process helps the researcher to find, rank and tag the relevant papers, and to receive
recommendations about how to improve the literature review on an ongoing basis. It also
notifies the researcher when a new paper concerning his or her research topic is published or
available. The MLMs could be used to learn and improve the process in two ways:

1. For each step in the light blue processes, the MLM are used to refine the results (in

Figure 2.6, there are 10 blue circles related to MLMs);
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2. The entire process is iterative, so it could be enhanced by discovering dynamically a

new relevant paper and notifying the user.

The first step (i.e., Find Papers) does not require an MLM, but the next five do (from Discover
relevant papers and metadata to Generate and visualise ALR). In the same figure, the blue
circles represent MLM processes while the white and red circles represent a non-MLM

process.

One of the interesting and innovative aspects of this process is to be able to notify the
researcher about new papers that meet the RS (Researcher Selection), which is made up of the
different metadata describing the research topic or area. This process helps the researcher
update the ALR after many months of work on a topic without doing intensive searching as

would be required in a manual LR.

The detail view of the proposed STELLAR V1 model is presented in Figure 2.7.
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Review — 3rd prototype
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There are four main processes designed for STELLAR V1:
1. Search & Refine ALR,
2. Improve ALR by TDM & MLM,
3. Discover ALR,
4

Semantic Metadata Enrichments Software Ecosystem V3.

And there is one outside process named Semantic Metadata Enrichments Software Ecosystem.
This process refers to the two other articles defining the SMESE platform and some
enrichments (Appendix I for SMESE V1 and II for SMESE V3). The proposed model is an
iterative process where the user could Search & Refine the research topic or area by modifying
the ALR selections. STELLAR V1 could be used by different types of users such as

researchers, authors, publishers, students and librarians.

One of the important aspects of STELLAR V1 is semantic metadata enrichment and ranking
of papers. This function draws information from a paper in order to enrich its metadata. In our
previous work (Brisebois, Abran, & Nadembega, 2016), two types of semantic enrichment
were defined: internal and external. Semantic internal enrichment extracts citations from the

document body and automatically produces the abstract (see Figure 2.8).
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More specifically, the ALR-based MLM provides two types of learning model:
1. A text-based model that may be applied to text according to its section in the document
to extract relevant information;
2. A citation-based model that focuses on the context of a citation to extract the citation

itself, its polarity (positive or negative) and its category.

Thus, two types of enrichment are considered:
1. citation-based enrichments,

2. abstract conformity-based enrichments.

2.3.1 Citation-based enrichments

The citation-based enrichments learning step identifies the citation sentences (e.g., sentences
that contain a citation) and enriches them through a classification process identifying their
category and polarity. Each sentence is extracted and analyzed using the citation-based
learning model to identify citations in a paper. When a citation is identified, the citation polarity
learning model is used to determine its polarity while the citation category learning model is

used to categorize the citation.

2.3.2 Abstract conformity-based enrichments

In the STELLAR V1 prototype, the abstract conformity-based enrichment sub-step evaluates
the similarity between the abstract and the rest of the document. The conformity evaluation
allows a researcher to decide whether or not to read the rest of the document after reading the
abstract. It may happen that the abstract claims a solution, new algorithm, new approach or

best results not substantiated in the rest of document.

To perform an abstract conformity evaluation, the text-based ALR learning model consists of:
1. A cue phrase learning model that contains a list of cue phrases (CP); CP is used to

identify and enrich the text category;
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2. A thematic learning model that contains a list of rhetorical expressions of thematics

(TR); TR is used to classify the text category.

More specifically, the sub-step identifies, from the abstract and the rest of the document, the
set of texts per category. For example: considering the abstract, a set of texts (i.e., category) is
identified for Problem, Solution and Result. Next, the text category conformity is evaluated for
each category based on the extracted thematic terms using the category rhetorical expression

(i.e., P TR, S TR and R _TR) of the thematic learning model.

233 Abstract of Abstracts (AoA) enrichments

In the STELLAR V1 prototype, the enrichment step of the abstract of abstracts (AoA) presents
the research topic’s evolution over time; here, the term "radius" is used to indicate that all time
intervals are represented as a distance between two years, one of which is designated as the
center of a circle. The radius expresses the relevancy of a paper according to the researcher
selection. Taking the relevant documents published within the same years, their abstracts are
extracted and summarized to provide an AoA. For a document, the AoA generation process is
similar to the abstract conformity-based enrichment step, but it focuses on the abstract instead
of the rest of the document. To produce an AoA, the text-based LR learning model is used.
More specifically, the enrichment process identifies a set of abstracts per category and extracts,
for each category, the thematic sentences using the category rhetorical expression (e.g., P TR,
S TR and R_TR) of the thematic learning model. Thus, to obtain the AoA, the corpus of papers
is:
1. classified by its temporal radius,

2. applied to each document of each class.

These steps produce an AoA for the corpus of documents. Numerous simulations have been
conducted to assess the performance of the prototypes and the results are presented in third

technical report (see details in Appendix III).






CONCLUSION

This section presents a summary of the contributions, prototypes and results of this thesis.

The three technical reports that make up the core of these research contributions, and that have

been submitted to journals for peer review, are focused on the following research issues:

1.

data and metadata semantic harvesting ecosystem using a mapping ontology model for
enhance DL’s capability,

semantic metadata enrichments (SME) based on machine learning models (MLMs)
especially for topics and emotions,

assisted literature reviews based on MLMs to assist and alert the researcher in

producing a literature review.

It was observed that DL users do not have all the semantic metadata needed to make decisions

when searching or looking to discover specific contents or a particular event. It is very

challenging to:

1. Take advantage of the power of the semantic web, due to the poor quality of metadata
in many library collections (i.e., content);

2. Share, merge or search existing content or collections, due to the lack of a unified model
for interoperability of metadata models such as Dublin Core, UNIMARC, MARC21,
RDF/RDA and BIBFRAME;

3. Identify relevant content, due to the lack of enriched metadata that is easy to
understand;

4. Manually enrich metadata, due to the exponential growth of content, the volume of

metadata and the number of semantic relationships between content and metadata.

To overcome these challenging issues, which limit the full utilization of content or event, this

thesis has proposed a number of contributions that can be employed by users in metadata and

data management to better catalogue and enrich content and event. This will allow users to

make better decisions in the selection of content or event. For example, researchers will find it

easier to identify and prioritize relevant scientific papers for their ALR.
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The first technical report focuses on the definition of an interoperable metadata and meta-entity
model, called semantic metadata enrichment software ecosystem (SMESE V1), to support
digital multiplatform metadata harvesting applications, and more specifically DLs. It also
proposes a software product line engineering process that uses a component-based software
development approach for integrating content management with multi-applications catalogue.
To take into account the interoperability of existing metadata models, SMESE V1 implements
an ontology mapping model. SMESE V1 also includes an SPLE decision support process
(SPLE-DSP), which is used to support dynamic metadata reconfiguration (see Appendix I).

The main contributions of this first technical report are as follows:

1. Definition of a software ecosystem model that configures the application production
process including software aspects based on a proposed CBSD and metadata-based
SPLE approach;

2. Definition and partial implementation of semantic metadata enrichment using SPLE
and a semantic master metadata catalogue;

3. Definition and prototype of a SECO-based DL standard and interoperable metadata
model able to:

a. take into account interoperability mechanisms to guide the self-adaptation of
product compositions according to changes in the client configuration,

b. take into account several semantic enrichment aspects,

c. include several enriched metadata and entity models.

4. Design and implementation of a SMESE V1 prototype for a semantic digital library.

The second and third technical reports extend the contributions of the first technical report by
focusing on the research field of automatic entity metadata enrichments: semantic topic
detection, sentiment and emotion analysis and metadata usage for literature-assisted review

objects.

Note that the prototype presented in the second technical report is called SMESE V3. More
specifically, this second technical report contains four distinct new contributions:
1. Adaptation of conventional text summarization approaches to take into account the

specificities of scientific papers in terms of document organization;
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2. Discovery of enriched sentiment and emotion metadata hidden within the text or linked
to multimedia structure using the proposed BM-SSEA (BM-Semantic Sentiment and
Emotion Analysis) algorithm;

3. Implementation of rule-based semantic metadata internal enrichment (that includes
algorithms BM-SATD (BM-Scalable Annotation-based Topic Detection) and BM-
SSEA);

4. Generation of semantic topics by text, and multimedia content analysis using the

proposed BM-SATD algorithm.

The main research objective in this second technical report was to enhance the SMESE V1
platform through text analysis approaches for topic, sentiment, emotion, and semantic
relationship detection. More specifically, BM-SATD fuses multiple relations into a term graph
and detects topics from the graph using a graph analytical method (see Appendix II for details).
BM-SATD presents a hybrid relation analysis and machine learning approach that integrates
semantic relations, semantic annotations and co-occurrence relations for topic detection; it
combines semantic relations between terms and co-occurrence relations across the document
making use of document annotation. BM-SATD not only detects topics more effectively by
combing mutually complementary relations, but also mines important rare topics by leveraging

latent co-occurrence relations.

BM-SATD includes:
1. A probabilistic topic detection approach that is an extension of LDA, called BM
semantic topic model (BM-SemTopic);
2. A clustering approach that is an extension of KeyGraph, called BM semantic graph
(BM-SemGraph).

BM-SSEA classifies the documents taking emotion into consideration; it determines which
sentiment a document more likely belongs to (see more details about BM-SSEA in Appendix
IT). It is a hybrid approach that combines keyword-based and rule-based approaches. In order
to take into account the semantic aspect of sentiment and emotion analysis, BM-SSEA uses
several semantic lexical resources that create its knowledge. The evaluation of this TDM shows

that BM-SATD provides an average accuracy of 79.50% per topic and BM-SSEA
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demonstrates an average accuracy of 93.30% per emotion; the details of the simulation results

can be seen in Appendix II.

The third technical report proposes an Assisted Literature Review (ALR) prototype,
STELLAR V1 (Semantic Topics Ecosystem Learning-based Literature Assisted Review),
based on machine learning models and a semantic metadata enrichment ecosystem. It
discovers, finds and recommends relevant papers for a literature review in a specific field of
research. Using TDM, MLMs and a classification model that learns from researchers’
annotated data and semantic enriched metadata, STELLAR V1 identifies, ranks and

recommends relevant papers according to the researcher selection, see Figure 2.9.

In this figure, there is a conceptual representation of STELLAR V1. All the rectangles (in any
color) represent papers available in a specific domain of knowledge (URDR). The black
rectangle are irrelevant papers according to the researcher selection; the one in blue are relevant
to the ALR; the one in yellow are part of the suggested selection outside the literature corpus
radius (LCR is inside the white circle); the one in red are the researcher annotated papers, who

could be inside the ALR Papers Corpus or inside the Literature Corpus.
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Figure 2.9 STELLAR V1 corpus representation
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Specifically, STELLAR V1 computes two types of index to rank scientific papers, as shown
in Appendix III:
1. LCR for literature corpus identification according to researchers’ selection parameters
and annotations,

2. dynamic topic based index (DTb index) for relevant papers identification.

First, a corpus of papers matching the researcher selection parameters is selected from the
literature corpus. Next, based on specific researcher selection parameters, the LCR index of
each paper in the previous corpus is computed and used to build a new corpus of papers. This
new corpus is the set of papers whose LCR index is below a threshold defined by the
researchers. STELLAR also proposes a DTb index to sort a corpus of papers or evaluate lists
of references in existing literature reviews in terms of relevance for a specific research topic.
For the DTb index, STELLAR considers more criteria than any other approach, such as venue
age, citation category and polarity, author’s impact, etc. The STELLAR V1 prototype includes
the following contributions:

1. The prototype uses semantic annotations to improve document comprehension time;

2. Word co-occurrence relations across the document are used to extend topic modeling
with semantic information;

3. The latent co-occurrence relations between two terms are measured from an isolated
term-term perspective;

4. The prototype uses MLM and semantic relations to detect new topics automatically in
multiple documents;

5. The STELLAR V1 prototype identifies and ranks relevant papers, uses citation count,
and considers the age of papers, the social-level metric, as well as citation category and
polarity to measure scientific research impact. It focuses on text-based analysis using
metadata other than title and abstract to identify relevant papers using the researcher
selection for research domain, research specific topic, matching keywords and
description of research subject;

6. Scientific research papers have a specific structural organization that differentiates

them from other types of documents, such as narrative texts or biographies. STELLAR
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V1 adapts conventional text summarization to take into account the specificities of
scientific papers in terms of document organization and rhetorical devices;

7. Finally, STELLAR V1 proposes to aggregate ALR associated objects to form a
reusable Assisted Literature Research Object (ALRO).

To assist and narrow down the search results, many innovative views of the ALR have also
been designed and implemented:

1. Timeline of Document-based Literature Corpus Radius,

2. Document-based Literature Corpus Radius,

3. Timeline of Author-based Literature Corpus Radius,

4. Author-based Literature Corpus Radius.

The performance of the STELLAR V1 prototype, which identifies and ranks relevant papers
according to specific metadata such as topic, language, description and discipline, has been
evaluated and compared to the set of documents from a baseline manual LR through a number
of simulations. For this performance measurement, the volume of data was limited but is
actually expanding because of the continuous harvesting of metadata from a growing number
of sources in the SMESE research platform. In terms of accuracy, STELLAR V1 provides an
average accuracy of 0.91 per scenario and an average precision of 0.96 per scenario; details of

the simulations are shown in Appendix III.

The main primary results of this thesis are the following:
1. arules-based harvesting and metadata-based decision support ecosystem,
2. all related algorithms to enrich metadata with topics and emotions,
3. two conceptual models and their three associated prototypes (SMESE V1 and V3 and
STELLAR V1),
4. a tool to assist researchers in the building of an ALR for a specific topic or area of
research.
Also, the results of this thesis included 7 published papers (as june 2nd 2017) and are described

in the future works section.



FUTURE WORKS

The thesis opens up several new avenues for future research, including:

1.

Summarization of Abstract of Abstracts (AoA) — AoA for scientific papers will be an
extension of the current STELLAR V1. Based on a proposed scientific paper
summarization technique, abstracts will be used as inputs for our summarization
technique to generate the AoA of the ALR;

Digital Resources Metadata Enrichment (DRME) based on MLLM and search engine —
DRME will be a tool to aggregate metadata from content with no published metadata.
It will use MLMs and a centralized search interface to discover and enrich the hidden
semantic metadata related to different digital repositories of content;

Multi-Devices Content Machine Learning-based Assisted Recommendations, or
STELLAR V2- This is an evolution of the current SMESE V3 and STELLAR V1.
STELLAR V2 will use SMESE V3 as a prerequisite ecosystem. Its goal will be to
match different types of content with the user’s interest, emotion, availability and

historical behavior.

Of the nine papers written from this thesis, seven (7) have been already published, and two (2)

papers are still in evaluation and being considered for publication.

Here are the seven (7) published papers from this thesis:

1. A Semantic Metadata Enrichment Software Ecosystem (SMESE) Based on a Multi-
Platform Metadata Model for Digital Libraries,
"::. S:i:e"a(igc Journal of Software Engineering sn:;pul:rg:::{:;?jﬁg{:%g

>, Publishin
#g# Publishing

A Semantic Metadata Enrichment Software
Ecosystem (SMESE) Based on a Multi-Platform
Metadata Model for Digital Libraries

Ronald Briseboisl, Alain Abran?, Apollinaire Nadembega?*

ISSN Print: 1945-3116

2. A Semantic Metadata Enrichment Software Ecosystem based on Metadata and Affinity

Models
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Due to the large size of the three (3) technical reports proposed in this thesis, the journal editors

recommended to shorten them; for this reason, nine (9) papers were prepared based on the
three technical reports. Table 2.2 shows the distribution of the three technical reports into the

nine papers. The full texts of each of the seven published papers are presented in annex.

Table 2.2 Distribution of the three technical report into the nine (9) papers.

Technical Papers Titles of papers Status
reports
Paper #1 | A Semantic Metadata Enrichment Software Ecosystem (SMESE) Published
1 based on a Multi-platform Metadata Model for Digital Libraries
Paper #2 | A Semantic Metadata Enrichment Software Ecosystem based on Published
Metadata and Affimity Models
Paper #3 | A Semantic Metadata Enrichment Software Ecosystem based on Published
Sentiment and Emotion Metadata Enrichments
) Paper #4 | A Semantic Metadata Enrichment Software Ecosystem based on Published
Topic Metadata Enrichments
Paper #5 | A Semantic Metadata Enrichment Software Ecosystem based on Published
Machine Learning to Analyse Topic, Sentiment and Emotions
Paper #6 | Efficient Scientific Research Literature Ranking Model based on Published
Text and Data Mining Technique
Paper #7 | Text and Data Mining & Machine Learning Models to Build an Published
3 Assisted Literature Review with Relevant Papers
Paper #8 | An Assisted Literature Review using Machine Learning Models to | * Under Review
Recommend a Relevant Reference Papers List
Paper #9 | An Assisted Literature Review using Machine Learning Models to | * Under Review
Identify and Build a Literature Corpus

* Verified on June 19, 2017
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In the Table 2.3, we can see the journals where the papers have been published and their

respective impact factor.

Number
Paper #1

Paper #2

Paper #3

Paper #4

Paper #5

Paper #6

Paper #7

Table 2.3 Published papers and journal impact factors.

Paper Title

A Semantic Metadata Enrichment Software
Ecosystem (SMESE) based on a Multi-
platform Metadata Model for Digital
Libraries

A Semantic Metadata Enrichment Software
Ecosystem based on Metadata and Affinity
Models

A Semantic Metadata Enrichment Software
Ecosystem based on Sentiment and Emotion
Metadata Enrichments

A Semantic Metadata Enrichment Software
Ecosystem based on Topic Metadata
Enrichments

A Semantic Metadata Enrichment Software
Ecosystem based on Machine Learning to
Analyse Topic, Sentiment and Emotions
Efficient Scientific Research Literature
Ranking Model based on Text and Data
Mining Technique

Text and Data Mining & Machine Learning
Models to Build an Assisted Literature
Review with Relevant Papers

Journal

Journal of Software Engineering
and Applications (JSEA)

International Journal
of Information Technology and
Computer Science (JITCS)

International Journal of
Scientific Research in Science
Engineering and Technology
(JSRSET)

International Journal of Data
Mining & Knowledge
Management Process (IJDKP)

INTERNATIONAL JOURNAL OF
RECENT SCIENTIFIC RESEARCH
(IURSR)

International Journal of
Engineering Research And
Management (IJERM)
International Journal of Scientific
Research in Information Systems
and Engineering (IJSRISE)

Impact Factor

2-GJIF: 1.25

RGIJI: 0.5

14 in the top 20 publications
matching Software
Engineering based on Google
Scholar Metrics (June 2016)

GIF 2015: 0.716
ICV 2014: 8.31

SJIF 2015: 3.632
GIF 2015: 0.453

SJIF 2016: 6.86
ICV:5.72

IF 2014-2015: 2.37

GIF 2015: 0.565

The Figure 2.10 illustrates the STELLAR V2 future works using MLMs, K Graph and NPL,

with its main components.
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BM-SADT and an enriched thesaurus.
Abstract of Abstracts (AoA) —

based on a proposed scientific

paper summarization technique,

AoA will be used as inputs to ALR.

Figure 2.10 STELLAR V2 future works

STELLAR V2 will enhance the SMESE V3 prototype by adding the ability to harvest semantic

metadata from different sources such as TV guides, radio program schedules, books and event

calendars, and to create triple stores to define relationships enriching the metadata content. A

number of additional MLMs, algorithms and prototypes will have to be developed and refined

(see Figure 2.11), including:

1.

An algorithm to identify the Recommended User Interest-based New Content of Events
(RUINCE criteria) representing the user’s evolving interests and availability;

An algorithm to develop analytical recommendations of subscriptions to content and
events that will meet RUINCE criteria including the historical user behavior;

An algorithm to recommend to content or events matching user interest and emotion
according to the RUINCE affinity model;

An algorithm to dynamically rank content or events according to the RUINCE criteria
to create channels based on interests;

An algorithm to identify and learn interests and emotions from a multitude of human
interfaces such as touchscreens, gesture interfaces, voice recognition or VR interfaces

supporting navigation in STELLAR V2.
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User Interest-RUINCE affinity model
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Figure 2.11 User interest-RUINCE affinity model

Furthermore, for a future version of STELLAR, we plan to work on MLM using learning

process to enrich thesaurus as shown in Figure 2.12.

. Feature Engineering

b ERROR

ANALYSIS

richments

"
DO e
& I R

NEW ﬁ
Texts, :> :> Predictive Predicted,
Multimedia Model
Documents
" "Mochine Learning Engine refers to methods that allow | Metadata
§ epsten jems iom doto od mels ik mapR bind | vector Ref.: Adapted from Scikit-learn

semantic metadata without being explicitly defined.”

Figure 2.12 STELLAR V2 MLM - Enriched Thesaurus
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A Semantic Metadata Enrichment Software Ecosystem (SMESE) Based on a Multi-
platforms Metadata Model for Digital Libraries
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Paper submitted for publication to the International Journal for Digital Libraries,
October 2016

Abstract

Software industry has evolved to multi-product and multi-platform development based on a
mix of proprietary and open source components. Such integration has occurred in software
ecosystems (SECO) through a software product line engineering (SPLE) process. However,

metadata are underused in the SPLE and interoperability challenge.

The proposed method is first, a semantic metadata enrichment software ecosystem (SMESE)
to support multi-platform metadata driven applications, and second, based on mapping
ontologies SMESE aggregates and enriches metadata to create a semantic master metadata

catalogue (SMMC).

The proposed SPLE process uses a component-based software development (CBSD) approach
for integrating distributed content management enterprise applications, such as digital libraries.
To perform interoperability between existing metadata models (such as Dublin Core,
UNIMARC, MARC21, RDF/RDA and BIBFRAME), SMESE implements an ontology

mapping model. SMESE consists of nine sub-systems:
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1. Metadata initiatives & concordance rules,

2. Harvesting of web metadata & data,

3. Harvesting of authority’s metadata & data,

4. Rule-based semantic metadata external enrichment,

5. Rule-based semantic metadata internal enrichment,

6. Semantic metadata external & internal enrichment synchronization,

7. User interest-based gateway,

8. Semantic master catalogue,

9. Semantic analytical.
To conclude, this paper proposes a decision support process, called SPLE decision support
process (SPLE-DSP) which is then used by SMESE to support dynamic reconfiguration.
SPLE-DSP consists of a dynamic and optimized metadata-based reconfiguration model
(DOMRM). SPLE-DSP takes into account runtime metadata-based variability functionalities,
context-awareness and self-adaptation. It also presents the design and implementation of a

working prototype of SMESE applied to a semantic digital library.

Keywords: Digital library, metadata enrichment, semantic metadata enrichment, software

ecosystem, software product line engineering.

1. Introduction

With more and more data available on the web, how users search and discover contents is of
crucial importance. There is growing research on interaction paradigms investigating how

users may benefit from the expressive power of semantic web standards.

The semantic web may be defined as the transformation of the world wide web to a database
of linked resources, where data may be widely reused and shared (Lacasta et al., 2013). Web
services can be enhanced by drawing on semantically aware data made available by a variety

of providers. In addition, as information discovery needs become more and more challenging
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traditional keyword-based information retrieval methods are increasingly falling short in
providing adequate support. This retrieval problem is compounded by the poor quality of the

metadata content in some digital collections.

SECO (Albert, Santos, & Werner, 2013; Amorim, Almeida, & McGregor, 2013; Christensen
et al., 2014; Di Ruscio et al., 2014; dos Santos, Esteves, Freitas, & de Souza, 2014; Ghapanchi,
Wohlin, & Aurum, 2014; Henderson-Sellers, Gonzalez-Perez, McBride, & Low, 2014; Jansen
& Bloemendal, 2013; Lim, Bentley, Kanakam, Ishikawa, & Honiden, 2015; Manikas &
Hansen, 2013; Mens, Claes, Grosjean, & Serebrenik, 2014; Musil, Musil, & Biffl, 2013; Park
& Lee, 2014; Robillard & Walker, 2014; Shinozaki et al., 2015; Urli, Blay-Fornarino, Collet,
Mosser, & Riveill, 2014) is defined as the interaction of a set of actors on top of a common
technological platform providing a number of software solutions or services (Christensen et
al., 2014; Manikas & Hansen, 2013). In SECO, internal and external actors create and compose
relevant solutions together with a community of domain experts and users to satisfy customer
needs within specific market segments. This poses new challenges since the software systems
providing the technical basis of a SECO are being evolved by various distributed development

teams, communities and technologies.

There is growing agreement for the general characteristics of SECO, including a common
technological platform enabling outside contributions, variability-enabled architectures, tool
support for product derivation, as well as development processes and business models
involving internal and external actors. At least ten SECO characteristics have been identified
(Lettner et al., 2014) that focus on technical processes for development and evolution - see

Table A 1.1.
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Table A 1.1 SECO characteristics
Taken from (Lettner et al., 2014)

Internal and external developers

Evaluative common technological platform
Controlled central part

Enable outside contributions and extensions
Variability-enabled architecture

Shared core assets

IAutomated and tool-supported product derivation
Outside contributions included in the main platform
Tools, frameworks and patterns

0 |Distribution channel

=[O0 [I[N[n|[R[W[N]|—

Gawer and Cusumano (Gawer & Cusumano, 2014) have analyzed a wide range of industry
examples of SECO and identified two predominant types of platforms:

1. Internal platforms (company or product): defined as a set of assets organized in a
common structure from which a company can efficiently develop and produce a stream
of derivative products;

2. External platforms (industry): defined as products, services, or technologies that act as
a foundation upon which external innovators, organized as an innovative business
ecosystem, can develop their own complementary products, technologies, or services.

Indeed, the new generation of SECO must be an integration of multi-platforms (internal and

external) that allows the interaction of a set of internal and external actors.

Concurrently modern software demands more and more adaptive features, many of which must
be performed dynamically. In this context, a collaborative platform is important in order to

coordinate collaborative and distributed environments for development of SECO platforms.

Furthermore, as the requirement of SECO to support adaptation capabilities of systems is
increasing in importance (Andrés et al., 2013) it is recommended such adaptive features be
included within software product lines (SPL) (Capilla et al., 2014; Harman et al., 2014;
Metzger & Pohl, 2014; Olyai & Rezaei, 2015). The SPL concept is appealing to organizations

dealing with software development that aims to provide a comprehensive model for an
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organization building applications based on a common architecture and core assets (Andrés et

al., 2013; Metzger & Pohl, 2014).

SPLs have been used successfully in industry for building families of systems of related

products, maximizing reuse, and exploiting their variable and configurable options (Harman

et al., 2014).

SPL development can be divided into three interrelated activities:

1.

Core assets development: may include architecture, reusable software components,
domain models, requirement statements, documentation, schedules, budgets, test plans,
test cases, process descriptions, modeling diagrams, and other relevant items used for
product development;

Product development: represents activities where products are physically developed
from core assets, based on the production plan, in order to satisfy the requirements of
the SPL (Krishnan, Strasburg, Lutz, Goseva-Popstojanova, & Dorman, 2013);
Management: involves the essential processes carried out at technical and
organizational levels to support the SPL process and ensures that the necessary

resources are available and well-coordinated.

To develop and implement SPL the literature proposes several SPL frameworks (Olyai &
Rezaei, 2015) using a variety of CBSD approaches (Quadri & Abubakar, 2015; Singh,
Sangwan, Singh, & Pratap, 2015; Yadav & Yadav, 2015):

1.

2.

3.

COPA (component-oriented platform architecting): an SPL framework that is
component-oriented;

FAST (family-oriented abstraction, specification and translation): a software
development process that divides the process of a product line into three sections:
domain qualification, domain engineering and application engineering;

FORM (feature-oriented reuse method): a feature-oriented method that, by analyzing
the features of the domain, uses these features to provide the SPL architecture. FORM
focuses on capturing commonalities and differences of applications in a domain in
terms of features and uses the analysis results to develop domain architectures and

components;
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4. Kobra: a component-oriented approach based on the UML features that integrate the
two paradigms into a semantic, unified approach to software development and
evolution;

5. QADA (quality-driven architecture design and analysis): a product line architecture
design method that provides traceability between the product quality and design time

quality assessment.

Semantic web (Jeremi¢ et al., 2013; Khriyenko & Nagy, 2011; Lécué et al., 2014; Ngan &
Kanagasabai, 2013; Rettinger et al., 2012) linked data is the most important concept to support
Semantic Metadata Enrichment (SME) in a SECO architecture (Aleti, Buhnova, Grunske,
Koziolek, & Meedeniya, 2013; Capilla, Jansen, Tang, Avgeriou, & Babar, 2016; Demir, 2015;
Ginters, Schumann, Vishnyakov, & Orlov, 2015; Neves, Carvalho, & Ralha, 2014; Oussalah,
Bhat, Challis, & Schnier, 2013; Yang, Liang, & Avgeriou, 2016).

Today, semantic web technologies, for example in digital libraries, offer a new level of
flexibility, interoperability and a way to enhance peer communication and knowledge sharing
by expanding the usefulness of the digital libraries that in the future will contain the majority
of data. Indeed, a semantic web TDM, based on semantic web technology, ensures more
closely relevant results based on the ability to understand the definition and user-specific
meaning of the word or term being searched for. Semantic search of semantic web engines are
better able to understand the context in which the words are being used, resulting in relevant
results with greater user satisfaction. Unfortunately, in the public domain there is a scarcity of
search engines that follow a semantic-based approach to searching and browsing data (Ngan

& Kanagasabai, 2013). Furthermore, the web is currently not contextually organized.

Thus, to enrich web data by transforming it into knowledge accessible by users, we propose a
multi-platform architecture, referred to as SMESE, which uses a CBSD approach to integrate
distributed content management enterprise applications, such as libraries and the Software

Product Line Engineering (SPLE) approach.
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Our SMESE architecture includes mobile first design (MFD) and semantic metadata
enrichment (SME) engines that consist of metadata and meta-entity enrichment based on

mapping ontologies and a semantic master metadata catalogue (SMMC).

More specifically, our SMESE implements a new decision support process in the context of
SPLE, called the SPLE decision support process (SPLE-DSP), a meta entity model that
represents all library materials and a meta metadata model. SPLE-DSP allows support for
metadata-based reconfiguration. It consists of a dynamic and optimized metadata based

reconfiguration model (DOMRM) where users select their preferences in the market place.

The major contributions of this paper are:

1. Definition of a software ecosystem model that configures the application production
process including software aspects based on a proposed CBSD and metadata-based
SPLE approach;

2. Definition and partial implementation of semantic metadata enrichment using SPLE
and a semantic master metadata catalogue (SMMC) to create a universal metadata
knowledge gateway (UMKGQG);

3. Design and implementation of a SMESE prototype for a semantic digital library
(Libér).

This paper proposes a semantic metadata enrichment software ecosystem (SMESE) to support
multi-platform metadata driven applications, such as a semantic digital library. Based on
mapping ontologies SMESE also integrates and enriches data and metadata to create a semantic

master metadata catalogue (SMMC).

The remainder of the paper is organized as follows. Section 2 is a literature review. Section 3
presents the multi-platform architecture of the proposed SMESE, and Section 4, the related
nine sub-systems. Section 5 presents the prototype of a SMESE implementation in an industry

context. Section 6 presents a summary and ideas for future work.
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2. Literature review

A software product line (SPL) (Andrés et al., 2013; Ayala, Amor, Fuentes, & Troya, 2015;
Capilla et al., 2014; Harman et al., 2014; Horcas, Pinto, & Fuentes, 2016; Krishnan et al., 2013;
Metzger & Pohl, 2014; Olyai & Rezaei, 2015) is a set of software intensive systems that share
a common and managed set of features satisfying the specific needs of a particular market
segment developed from a common set of core assets in a prescribed way (Metzger & Pohl,
2014; Olyai & Rezaei, 2015). SPL engineering aims at: effective utilization of software assets,
reducing the time required to deliver a product, improving quality, and decreasing the cost of

software products.

The following sub-sections present the four research axes related to our research:
1. Software product line engineering (SPLE),
2. SECO architecture using component integration and component evolution,
3. SECO architecture and SPLE,
4

Semantic metadata enrichment (SME).

The related works section is at the intersection of SPLE, service-oriented computing, cloud

computing, semantic metadata and adaptive systems.

2.1 Software product line engineering (SPLE)

The development of software involves requirements analysis, design, construction, testing,
configuration management, quality assurance and more, where stakeholders always look for
high productivity, low cost and low maintenance. This has led to software product line
engineering (SPLE) (Capilla et al., 2014) as a comprehensive model that helps software
providers to build applications for organizations/clients based on a common architecture and
core assets. SPLE deals with the assembly of products from current core assets, commonly
known as components, within a component-based architecture (W. He & Xu, 2014; Miick &

Frohlich, 2014), and involves the continuous growth of the core assets as production proceeds.
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Note that the following related works are organized according to two axes: organizational and

technical.

An overview of SPLE challenges is presented in (Capilla et al., 2014; Harman et al., 2014;
Metzger & Pohl, 2014). Metzger and Pohl (Metzger & Pohl, 2014) suggest that the successful
introduction of SPLE heavily depends on the implementation of adequate organizational
structures and processes. They also identify three trends expected from SPLE research in the
next decade:

1. managing variability in non-product-line settings,

2. leveraging instantaneous feedback from big data and cloud computing during SPLE,

3. addressing the open world assumption in software product line settings.

A survey of works on search based software engineering (SBSE) for SPLE is presented in

Harman et al. (Capilla et al., 2014; Harman et al., 2014).

Capilla et al. (Capilla et al., 2014) provide an overview of the state of the art of dynamic
software product line architectures and identify current techniques that attempt to tackle some
of the many challenges of runtime variability mechanisms. They also provide an integrated
view of the challenges and solutions that are necessary to support runtime variability
mechanisms in SPLE models and software architectures. According to them, the limitations of
today’s SPLE models are related to their inability to change the structural variability at runtime,
provide the dynamic selection of variants, or handle the activation and deactivation of system
features dynamically and/or autonomously. SPLE is, therefore, the natural candidate within
which to address these problems. Since it is impossible to predict all the expected variability
in a product line, SPLE must be able to produce adaptable software where runtime variations
can be managed in a controlled manner. Also, to ensure performance in systems that have
strong real-time requirements, SPLE must be able to handle the necessary adaptations and
current reconfiguration tasks after the original deployment due to the computational

complexity during variants selection.

Olyai and Rezaei (Olyai & Rezaei, 2015) describe the issues and challenges surrounding SPLs,

introduce some SPLE ecosystems and compare them, based on the issues and challenges, with
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a view to how each ecosystem might be improved. The issues and challenges are presented in
terms of administrative and organizational aspects and technical aspects. The administrative
and organizational comparison criteria include strategic plans of the organization while the
technical comparison criteria include requirements, design, implementation, test and
maintenance. According to them, there is not a single approach that takes into account all these
criteria together. Also, no single approach takes into account metadata for implementation and

testing.

2.2 SECO architecture using components integration and components evolution

Software ecosystems (SECO) (Aleti et al., 2013; Capilla et al., 2016; Christensen et al., 2014;
Gawer & Cusumano, 2014; Manikas & Hansen, 2013; Mens et al., 2014; Shinozaki et al.,
2015) consist of multiple software projects, often interrelated to each other by means of
dependency relationships. When one project undergoes changes and issues a new release, this
may or may not lead other projects to upgrade their dependencies. Unfortunately, the upgrade
of a component may create a series of issues. In their systematic literature review of SECO
research, Manikas and Hansen (Manikas & Hansen, 2013) report that while research on SECO
1s increasing:

1. There is little consensus on what constitutes a SECO;

2. Few analytical models of SECO exist;

3. Little research is done in the context of real-world SECO.

They define a SECO as the interaction of a set of actors on top of a common technological
platform that results in a number of software solutions or services where each actor is
motivated by a set of interests or business models while connected to the rest of the actors.
They also identify three main components of SECO architecture:
1. SECO software engineering: focuses on technical issues related directly or indirectly
to the technological platform of a SECO;
2. SECO business and management: focuses on the business, organizational and

management aspects of a SECO;
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3. SECO relationships: represent the social aspect of SECO architecture since it is

essential for SPLE actors to interact among themselves and with the platform.

2.3 SECO architecture and SPLE

This section focuses on SECO architecture related to SPLE, beginning with an industry

perspective.

Christensen et al. (Christensen et al., 2014) define the concept of SECO architecture as a set
of structures comprised of actors and software elements, the relationships among them, and
their properties. They present the Danish telemedicine SECO in terms of this concept, and
discuss challenges that are relevant in areas beyond telemedicine. They also discuss how
software engineering practice is affected by describing the creation and evolution of a central
SECO architecture, namely Net4Care, that serves as a reference architecture and learning

vehicle for telemedicine and for the actors within a single software organization.

Demir (Demir, 2015) also proposes a software architecture that is strongly related to a defence
system and limited to military personnel. Their multi-view SECO architecture design is
described step by step. They begin by identifying the system context, requirements, constraints,
and quality expectations, but do not describe the end products of the SECO architecture. They
also introduce a novel architectural style, called “star-controller architectural style” (Demir,
2015) where synchronization and control of the flow of information are handled by controllers.
However, a major drawback of this style is that failure of one controller disables all the

subcomponents attached to that controller.

Neves et al. (Neves et al., 2014) propose an architectural solution based on ontology and the
spreading algorithm that offers personalized and contextualized event recommendations in the
university domain. They use an ontology to define the domain knowledge model and the
spreading activation algorithm to learn user patterns through discovery of user interests. The
main limitation of their architectural context-aware recommender system is that it is specific
to university populations and does not present the actual model of the system that shows the

interactions between the components and the data.
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Alferez et al. (Alférez, Pelechano, Mazo, Salinesi, & Diaz, 2014) propose a framework that
uses semantically rich variability models at runtime to support the dynamic adaptation of
service compositions. They argue that should problematic events occur, functional pieces may
be added, removed, replaced, split or merged from a service composition at runtime, hence
delivering a new service composition configuration. Based on this argument, they propose that
service compositions be abstracted as a set of features in a variability model. They define a
feature as a logical unit of behavior specified by a set of functional and non-functional
requirements. Thus, they propose adaptation policies that describe the dynamic adaptation of
a service composition in terms of the activation or deactivation of features in the causally
connected variability model. Unfortunately, this variability model is limited to activation and
deactivation of services. Indeed, the model should allow adaptation of services or include a
service interoperability protocol (SIP) rather than compositions only according to changes in

the computing infrastructure.

In component based software development (CBSD), the fuzzy logic approach (Singh et al.,
2015; Yadav & Yadav, 2015) is largely used to select components. Singh et al. (Singh et al.,
2015) explored the various measures such as separation of concerns (SoC), coupling, cohesion,
and size measure that affect the reusability of aspect oriented software. The main drawback of
their contribution is that the fuzzy logic rules are static. They do not propose a way to improve
the rules based on developer satisfaction of the fuzzy inference system (FIS) output. In

addition, their fuzzy inference system is limited to reusability of software.

2.4 Semantic metadata enrichment (SME)

Bontcheva et al. (Bontcheva et al., 2015) investigate semantic metadata automatic enrichment
and search methods. In particular, the benefits of enriching articles with knowledge from linked
open data resources are investigated with a focus on the environmental science domain. They
also propose a form-based semantic search interface to facilitate environmental science
researchers in carrying out better semantic searches. Their proposed model is limited to linking
terms with DBpedia URI and does not take into account the semantic meaning of terms in

order to detect the best DBpedia URI.
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Some authors focus their enrichment model on person mobility trace data (Fileto, Bogorny, et
al., 2015; Fileto, May, et al., 2015; Krueger et al., 2015; Kunze & Hecht, 2015). Krueger et al.
(Krueger et al., 2015) show how semantic insights can be gained by enriching trajectory data
with place of interest (POI) information using social media services. They handle semantic
uncertainties in time and space, which result from noisy, imprecise, and missing data, by
introducing a POI decision model in combination with highly interactive visualizations.

However, this model is limited to POI detection.

Kunze and Hecht (Kunze & Hecht, 2015) propose an approach to processing semantic
information from user-generated OpenStreetMap (OSM) data that specifies non-residential use
in residential buildings based on OSM attributes, so-called tags, which are used to define the

extent of non-residential use.

Our conclusions from these related works are:

1. SPLE architecture needs to be flexible and meet administrative and organizational
aspects such as the organization’s strategic plans and marketing strategies, as well as
technical aspects such as requirements, design, implementation, test and maintenance;

2. Researchers need to focus on real-world SECO;

3. Several proposed SECO models do not take into account autonomic mechanisms to
guide the self-adaptation of service compositions according to changes in the
computing infrastructure;

4. In CBSD fuzzy inference systems (FIS) have been employed to develop the
components selection model, however, there is no FIS based model that proposes more
than one software measure as FIS output;

5. There is no SECO architecture that takes into account several semantic enrichment
aspects;

6. Current metadata and entity enrichment models are limited to only one domain for their
semantic enrichment process and therefore do not involve several enriched metadata
and entity models;

7. Current metadata and entity enrichment models only link terms and DBpedia URI;
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8. Current metadata and entity enrichment models do not take into account person

mobility trace data gathering and analysis in the enrichment process of metadata.

3.  SMESE multi-platform architecture

This section presents the proposed semantic enriched metadata software ecosystem (SMESE)
architecture based on SPLE and CBSD approaches to support metadata and entity social and
semantic enrichment for semantic digital libraries and based on an MFD approach for user
interface design. Each component of the SMESE architecture is based on existing approaches
(SPLE and CBSD) and an SME concept (proposed in this work) to generate, extract, discover
and enrich metadata based on mapping ontologies and making use of contents and linked data

analysis.

This section first presents an overview of the proposed SMESE multi-platform architecture

followed by detailed explanations.

3.1 Overview of the proposed SMESE multi-platform model

For the new generation of information and data management, metadata is a most efficient
material for data aggregation. For example, it is easier to find a specific set of interests for
users based on metadata such as content topics, or based on the sentiments expressed in a
content. Furthermore, it is possible to increase user satisfaction by reducing the user interest
gap. To make this feasible, all content needs to be enriched. In other words, specific metadata
must be available including semantic topics, sentiments and abstracts. However, at the present

time more than 85% of content does not have this metadata.

The SMESE multiplatform prototype implemented at BiblioMondo, a supplier of software
digital libraries, includes a process to aggregate multiple world catalogues from libraries,
universities, Bbookstores, #tag collections, museums, and cities. The collection of pre-

harvested and processed metadata and full text comprises the searchable content.
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Central indexes typically include: full text and citations from publishers, full text and metadata
from open source collections, full text, abstracting, and indexing from aggregators and
subscription databases, and different formats (such as MARC) from library catalogues, also

called the base index, unified index, or foundation index.

The SMESE multiplatform framework must link bibliographic records and semantic metadata
enrichments into a digital world library catalogue. SMESE must search and discover actual
collections or novelties, including: works, books, DVDs, CDs, comics, games, pictures, videos

peoples, legacy collections, organizations, rewards, TVs, radios, and museums.

Figure A 1.1 presents the five levels of the semantic collaborative gateway:
1. MetaEntity (black),

Entity (blue),

Semantic metadata enrichment and creation (red),

Free sources of metadata (yellow) and subscription-based metadata,

A

Content (green).
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Figure A 1.1 Universal MetaModel and Metadata Enrichment
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Figure A 1.2 presents the entity matrix. The metadata are defined once and are related to each

specific entity.

ENTITY (NOTICES) MATRIX

Calendars

Collections Calendars Contents Documents Objects Products Rewards
Contents = Interests = Audio Books = Google Doc = Object = Financial = [jtterature
Coursewares * Library * Books = Ppaint = Workof Art * Groceries = Movies
Datasets = POI * Cartographic Mat. = PDF Persons * Hardware » Music
Documents * Rewards = (itations = Powerpoint = Actor * Natural Health = Nobel
Emotions * TV Channel = Comics = Spreadsheet = Author  * Pharmacy . Ete.
Events = Etc. * Estampes * Word = Celebrity * Software Resources
Interests Collections * Manga . Etc. * Musician * Etc. * Online
Items (Copy) = |nterests * Microforms Events = Politician ~ Publications = Physical
Games * Library * Movies (DVD) = Cinemas Rep. * Producer * Articles = Ftc.
Objects = Organizations  * Music (CD) = Expositions = Singer * Education Programs Subjects
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R_ewart * Serials * Shows * (ity * Newsletters WebSites
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WebSites = Etc.
Works

Etc.

Figure A 1.2 Entity Matrix

Semantic relationships between the contents, persons, organization and places are defined and

curated in the master metadata catalogue. Topics, sentiments and emotions must be extracted

automatically from the contents and their context:

1.

Libraries spend a lot of money buying books and electronic resources. Enrichment
uncovers that information and makes it possible for people to discover the great
resources available everywhere;

The average library has hundreds of thousands of catalogue records waiting to be
transformed into linked data, turning those thousands of records into millions of
relationships;

FRBR (functional requirements for bibliographic records) is a semantic representation
of the bibliographic record. A work is a high-level description of a document,

containing information such as author (person), title, descriptions, subjects, etc.,
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common to all expressions, format and copy of the work. (See Figure A 1.3 for an

FRBR framework description).

Work

Expression

Manifestation

Item

responsibleEntity
responsibleEntityOf

creator
<

creatorOf

realizer
realizerOf

producer
producerOf

owner

' Responsi {

ResponsibleEntity

>

, CorporateBody .

S f

ownerOf

il

Figure A 1.3 FRBR framework description

SMESE must allow users to find topically related content through an interest-based search and
discovery engine. Transforming bibliographic records into semantic data is a complex problem
that includes interpreting and transforming the information. Fortunately, many international
organizations (e.g., BNF, Library of Congress and some others) have partly done this heavy

work and already have much bibliographic metadata converted into triple-stores.

Recent catalogues support the ability to publish and search collections of descriptive entities
(described by a list of generic metadata) for data, content, and related information objects.
Metadata in catalogues represent resource characteristics that can be indexed, queried and
displayed by both humans and software. Catalogue metadata are required to support the
discovery and notification of information within an information community. Using the
information from these Semantic Metadata Enrichments, the search engine, discovery engine
and notification engine are able to give to the final user better results in accord with his interest

or mood.
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SMESE must also include an automated approach for semantic metadata enrichment (SME)

that allows users to perform interest-based semantic search or discovery more efficiently. To

summarize, our SMESE makes the following contributions:

e Definition and development of a proposed semantic metadata enrichment software
ecosystem. (See Figure A 1.4 SMESE overview and Figure A 1.21 SMESE detailed.
SMESE V1 - Semantic Metadata Enrichments Software Ecosystem
Metadata Initiatives & Semantic Metadata External &
. User Interest-based
Concordance Rules Internal Enrichments
L . Gateway
Synchronization Engine
Semantic Semantic
Master Analytical
Catalogue Engine
Rules-based Semantic
Harvesting Metadata External
Web Metadata Enrichments Engine
& Data Rules-based Semantic
Metadata Internal
Enrichments Engine
Harvesting Authorities
Metadata & Data

Figure A 1.4 Semantic Enriched Metadata Software Ecosystem (SMESE) Architecture

This

new semantic ecosystem will harvest and enrich bibliographic records externally (from

the web) and internally (from text data). The main components of the ecosystem will be:

1.

S T o

Metadata initiatives & concordance rules,

Harvesting web metadata & data,

Harvesting authority’s metadata & data,

Rule-based semantic metadata external enrichment,

Rule-based semantic metadata internal enrichment,

Semantic metadata external & internal enrichment synchronization,

User interest-based gateway,
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Semantic master catalogue,

Semantic analytical.

Topic detection/generation - A prototype was developed to automate the generation of
topics from the text of a document using our algorithm BM-SATD (BiblioMondo-
Semantic Annotation-based Topic Detection). In this research prototype, the following
issues were investigated:

Semantic annotations can improve the processing time and comprehension of the
document;

Extending topic modeling into account co-occurrence to combine semantic relations
and co-occurrence relations to complement each other;

Since latent co-occurrence relations between two terms cannot be measured in an
isolated term-term view, the context of the term must be taken into account;

Use of machine learning techniques to allow the ecosystem SMESE to be able to find

a new topic itself.

Sentiment and Emotion Analysis - The prototype developed has the following
characteristics:

Traditional sentiment analysis methods mainly use terms and their frequency, parts of
speech, rules of opinion and sentiment shifters; but semantic information is ignored in
term selection;

Our contribution to sentiment analysis includes emotions;

The human contribution to improve the accuracy of our approach is taken into account.
Sentiment and emotion analysis are combined;

It is important to identify the sentiment and emotion of a book taking into account all
the books of the collection;

The collection of documents and paragraphs are taken into account. In terms of
granularity, most of the existing approaches are sentence-based;

These approaches did not take into account the surrounding context of the sentence
which may cause some misunderstanding with discovery of sentiment and emotion. In

our approach, the surrounding context of the sentence is included.
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The prototype makes use of the proposed algorithm BM-SSEA (BiblioMondo-Semantic
Sentiment and Emotion Analysis). The SMEE algorithm fulfills all the attributes of Table A
1.1.

The SMESE extends the SECO characteristics presented in (Lettner et al., 2014) from 10 to
12. See Table A 1.1 SECO characteristics versus Table A 1.2 SMESE characteristics.

Table A 1.2 SMESE characteristics

Internal and external developers

—

Evaluative common technological platform

Controlled central part

Enable outside contributions and extensions

Variability-enabled architecture

Shared core assets

Automated and tool-supported product derivation

Outside contributions included in main platform

O| o0 | O] | K| W N

Social network and IoT integration

[S—
S

Semantic Metadata Internal Enrichments

—
—

Semantic Metadata External Enrichments

—_
[\

User Interest-based Gateway

More specifically, the proposed SPLE approach is a combination of feature-oriented reuse
method FORM and component-oriented platform architecting (COPA) approaches focusing
on data and metadata enrichment. Through the combination of these two approaches, the
following can be taken into account:
1. Administrative and organizational aspects such as roles and responsibilities, intergroup
communication capabilities, personnel training, adoption of new technologies, strategic
plans of the organization and marketing strategies;

2. Technical aspects such as requirements, design, implementation, test and maintenance.



93

With respect to CBSD, our SMESE includes a method for selecting composer components for
design of an SPLE. This method can manage and control the complexities of the component
selection problem in the creation of the declared product line. Also, the SMESE architecture

supports runtime variability and multiple and dynamic binding times of products.

4.  Subsystems within the SMESE multi-platform architecture

The following sub-sections present in more detail the nine subsystems designed for the

prototype of this SMESE architecture.

4.1 Metadata initiatives & concordance rules (MICR)

This section presents the details of the metadata initiatives & concordance rules (MICR),

specifically the semantic metadata meta-catalogue (SMMC) as shown in Figure A 1.2.

Metadata is structured information that describes, explains, locates, accesses, retrieves, uses,
or manages an information resource of any kind. Metadata refers to data about data. Some use
it to refer to machine understandable information, while others employ it only for records that
describe electronic resources. In the library ecosystem, metadata is commonly used for any
formal scheme of resource description, applying to any type of object, digital or non-digital.
Many metadata schemes exist to describe various types of textual and non-textual objects
including published books, electronic documents, archival documents, art objects, educational

and training materials, scientific datasets and, obviously, the web.

Libraries and information centers are the intermediaries between the information, information
sources and users. In order to make information accessible, libraries perform several activities,
one of the most important and fundamental of which is cataloguing. The technological
developments of the past 25 years have radically transformed both the process of cataloguing

and access to information through catalogues.

Several rules have been proposed to cover the description and provision of access points for

all library materials (entities). These rules are based on an individual framework for the
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description of library materials. There is no ecosystem that allows the creation of universal,

understandable and readable, metadata, that would describe all entities used in a library.

The most popular metadata models are:

1.

Dublin Core (DC): primarily designed to provide a simple resource description format
for networked resources. DC does not have any coding to provide the necessary details
for the specification of a record that could be converted to any machine readable coding
like UNIMARC, MARC21;

UNIMARC: consists of data formulated by highly controlled cataloguing codes. This
format is difficult to understand and unreadable for the end user. For this reason,

MARC21 was proposed;

. MARC21: is both flexible and extensible and allows users to work with data in ways

specific to individual library needs. MARC21 remains difficult to understand, however;
RDF/RDA: mainly in Europe, is a new model that includes FRBRized Bibliographic

Records;

. BIBFRAME: mainly in North America, is a new model that includes FRBRized

Bibliographic Records.

In addition, there is no mapping model among these that would make them interoperable. The

overall challenge is to develop: (1) a modeling of partial international standardization of

entities, (2) a modeling of partial international standardization of metadata, and (3) a modeling

of partial international standardization of metadata mapping ontology.

Unfortunately, the power of metadata is limited: indeed, large national and international

projects of digital libraries, such as Europeana and the Digital Public Library of America, have

highlighted the importance of sharing metadata across silos. While both of these projects have

been successful in harvesting collections data, they have had problems with rationalizing the

data and forming a coherent and semantic understanding of the aggregation.

In addition, organizations create digital collections and generate metadata in repository silos.

Generally such metadata does not:

1.

Connect the digitized items to their analogue sources,
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2. Connect names to authority records (persons, organizations, places, etc.) nor subject

descriptions to controlled vocabularies,

3. Connect to related online items accessible elsewhere.

Aggregators harvest this metadata that, in the process, generally becomes inaccurate. In fact,

aggregators usually ignore idiosyncratic use of metadata schemas and enforce the use of

designated metadata fields.

Connecting data across silos would help improve the ability of users to browse and navigate

related entities without having to do multiple searches in multiple portals. The proposed model

defines crosswalks that create pathways to different sources; each pathway checks the structure

of the metadata source and then performs data harvesting. Figure A 1.5 shows the SMMC

model that addresses this issue.
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Figure A 1.5 Semantic metadata meta-catalogue (SMMC)
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In SMESE the metadata is classified into six categories:

1.

3.

4.

Descriptive metadata: describes and identifies information resources at the local
(system) level to enable searching and retrieving (e.g., searching an image collection
to find paintings of animals) at the web-level, and to enable users to discover resources
(e.g., searching the web to find digitized collections of poetry). Such metadata includes
unique identifiers, physical attributes (media, dimensions, conditions) and
bibliographic attributes (title, author/creator, language, keywords);

Structural metadata: facilitates navigation and presentation of electronic resources and
provides information about the internal structure of resources (including page, section,
chapter numbering, indexes, and table of contents) in order to describe relationships
among materials (e.g., photograph B was included in manuscript A), and to bind the
related files and scripts (e.g., File A is the JPEG format of the archival image File B);
Administrative metadata: facilitates both short-term and long-term management and
processing of digital collections and includes technical data on creation and quality
control, rights management, access control and usage requirements;

Dimension, longevity and identification metadata: are new classifications that aim to
increase user satisfaction, in terms of expected interests and emotions. For example,
dimension metadata regroups all metadata about space, time, emotions and interests.
This metadata allows finding specific content. Another example: emotions may suggest
specific content to a particular user at a specific time and place. Furthermore, the source
metadata identifies the provenance and the rights relative to the creation of the

metadata.

4.2 Harvesting of web metadata & data (HWMD)

The harvesting of web metadata & data (HWMD) sources such as (see Figure A 1.6):

1.

2
3.
4

Semantic digital resources,
Digital resources,
Portal/websites events,

Social networks & events,
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5. Enrichment repositories,
6. Discovery repositories,
7. Collaborative MediaLab.
The integration of these sources in SMESE allows users to aggregate and enrich metadata and

data.

Harvesting Web Metadata & Data (HWMD
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Figure A 1.6 Harvesting of web metadata & data (HWMD)

4.3 Harvesting authority’s metadata & data (HAMD)

This sub-section presents the details of the Harvesting of Authority’s Metadata & Data
(HAMD) as shown in Figure A 1.7.
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Harvesting Authorities Metadata & Data (HAMD)
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Figure A 1.7 Harvesting of authority’s metadata & data (HAMD)

The Semantic Multi-Platform Ecosystem consists of many authority sources, such as:
BAnQ (Bibliothéque et Archives nationales du Québec,

BAC (Bibliothéque et Archives du Canada,

BNF (Bibliothéque Nationale de France),

Library of Congress,

British Library,

Europeana,

N R =

Spanish Library.

The integration of these platforms in SMESE allows users to build an integrated authority’s

knowledge base.

4.4 Rules-based semantic metadata external enrichments (RSMEE)

This sub-section presents the details of the rule-based semantic metadata external enrichment

engine (RSMEEE), as shown in Figure A 1.8.
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Rules-based Semantic Metadata External Enrichments Engine (RSMEEE
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Figure A 1.8 Rules-based semantic metadata external enrichments (RSMEE)

Semantic searches over documents and other content types needs to use semantic metadata
enrichment (SME) to find information based not just on the presence of words, but also on
their meaning. RSMEEE consists of:

1. Rule-based semantic metadata external enrichment,

2. Multilingual normalization,

3. Rule-based data conversion,

4. Harvesting metadata & data.

Linked open data (LOD) (see Figure A 1.9) based semantic annotation methods are good
candidates to enrich the content with disambiguated domain terms and entities (e.g. events,
emotions, interests, locations, organizations, persons), described through Unique Resource
Identifiers (URIs) (Bontcheva et al., 2015). In addition, the original contents should be
enriched with relevant knowledge from the respective LOD resources (e.g. that Justin Trudeau
is a Canadian politician). This is needed to answer queries that require common-sense
knowledge, which is often not present in the original content. For example: following semantic
enrichment, a semantic search for events that provides specific emotions (e.g., happiness, joy)
in Montreal according to individual interests this weekend would indeed provide relevant
metadata about events in Montreal, even though not explicitly mentioned in the original

content metadata.
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Figure A 1.9 Linked Open Data (LOD)

The semantic annotation process of SMESE creates relationships between semantic models,
such as ontologies and persons. It may be characterized as the semantic enrichment of
unstructured and semi-structured contents with new knowledge and linking these to relevant
domain ontologies/knowledge bases. It typically requires annotating a potentially ambiguous
entity mention (e.g. Justin Trudeau) with the canonical identifier of the correct unique entity
(e.g. depending on the content - http://dbpedia.org/page/Justin_Trudeau). The benefit of social
semantic enrichment is that by surfacing annotated terms derived from the full-text content,
concepts buried within the body of the paper/report can be highlighted. Also, the addition of
terms affects the relevance ranking in full-text searches. Moreover, users can be more specific
by limiting the search criteria to the subject or interest or emotion metadata (e.g. through

faceted search).

4.5 Rule-based semantic metadata internal enrichments (RSMIE)

This sub-section presents the details of the rule-based semantic metadata internal enrichment

(RSMIE) including software product line engineering (SPLE), as shown in Figure A 1.10.

This sub-system includes:

1. A rule-based semantic metadata internal enrichment,
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2. A multilingual normalization process,
3. Software Product Line Engineering (SPLE),

4. A topic, sentiment, emotion, abstract analysis and an automatic literature review.

These processes extract, analyze and catalogue metadata for topics and emotions involved in
the SMESE ecosystem. These enrichment processes are based on information retrieval and
knowledge extraction approaches. The text is analyzed making use of extension of text mining
algorithms such as latent Dirichlet allocation (LDA), latent semantic analysis (LSA), support
vector machine (SVM) and k-Means.

Rules-based Semantic Metadata Internal Enrichments Engine (RSMIEE)

. Topics Analysis
Rules-based Semantic

=
1
1
1
:
! Metadata Internal
1
1
]
1
]
1
1
1
1

Sentiments/

Enrichments Engine Emotions Analysis

Abstracts Analysis | :
——

Automatic
Literature Reviews

Figure A 1.10 Rule-based semantic metadata internal enrichment (RSMIE)

The different phases of the enrichment process by topics are:

Relevant and less similar documents selection phase,

Not annotated documents semantic term graph generation phase,
Topics detection phase,

Training phase,

A o e

Topics refining phase.

The different phases of the enrichment process by sentiments and emotions are:
1. Sentiment and emotion lexicon generation phase,
2. Sentiment and emotion discovery phase,

3. Sentiment and emotion refining phase.
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One of the contributions of the SMESE for digital libraries is that it is not specific to one
software product but can be applied to many products dynamically. In addition, it includes a
semantic metadata enrichment (SME) process to improve the quality of search and discovery

engines.

Indeed, our goal is to provide a SECO that offers a new way to share and learn knowledge. In
practice, with the emergence of Big Data, knowledge is not easy to find at the right time and
place. The proposed ecosystem uses an SPLE architecture that is a combination of FORM and

COPA approaches to catalogue semantically different contents.

Furthermore, we introduce an SPLE decision support process (SPLE-DSP) in order to meet
the SPLE characterization such as:

1. Runtime variability functionalities support,

2. Multiple and dynamic binding,

3. Context-awareness and self-adaptation.

SPLE-DSP supports the activation and deactivation of features and changes in the structural
variability at runtime and takes into account automatic runtime reconfiguration according to
different scenarios. In addition, SPLE-DSP rebinds to new services dynamically based on the
description of the relationships and transitions between multiple binding times under an SPLE
when the software adapts its system properties to a new context. To take into account context
variability to model context-aware properties, SPLE-DSP makes use of an autonomous robot

that exploits context information to adapt software behavior to varying conditions.

Furthermore, SPLE-DSP integrates the adaptation of assets and products dynamically. This
helps products to evolve autonomously when the environment changes and provides self-
adaptive and optimized reconfiguration. Additionally, SPLE-DSP exploits knowledge and
context profiling as a learning capability for autonomic product evolution by enhancing self-

adaptation.

The SPLE-DSP model is an optimized metadata based reconfiguration model where users

select their preferences in terms of configuration of interests.
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The dynamic and optimized metadata-based reconfiguration model (DOMRM) takes into
account the preferences of several users who have distinct requirements in terms of desirable
features and measurable criteria. For example:

1. In terms of hardware criteria, the user can select preferences in terms of memory and
power consumption or feature attributes such as internet bandwidth or screen
resolution;

2. In terms of software criteria, the user can select the entities and their properties, the

property characteristics such as the displaying mode, and expected value type.

Indeed, when user preferences change at runtime, the system must be reconfigured to satisfy
as many preferences as possible. Since user preferences may be contradictory, only some will
be partially satisfied and a relevant algorithm needed to compute the most suitable
reconfiguration. To overcome this drawback, we developed the use of a new metadata-based
feature model, referred to as the BiblioMondo semantic feature model (BMSFM), to represent
user preferences in terms of semantic features and attributes. Our BMSFM constitutes an
evolution of traditional stateful feature models (Trinidad, 2012) that includes the set of user
metadata based configurations in the model itself, which allows the representation of user
decisions with attributes and cardinalities. More specifically, we developed a metadata-based
reconfiguration model that defines all possible metadata and all possible entities that users may
need in a specific domain. When a user needs new metadata, he uses the metadata-based
request creation tool. The DOMRM model analyses the request and checks whether the
requested metadata is relevant and does not already exist. Thus when needed the model
automatically creates the new metadata and reconfigures the ecosystem which then becomes

available for all users.

Figure A 1.11 illustrates the DOMRM model we designed that is an optimized metadata based

configuration for multiple users.
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Figure A 1.11 Optimized metadata based configuration for multiple users - DOMRM model

When the user chooses preferences in terms of system behavior, the semantic weight of each
feature is computed based on the feature configuration model (FCM). FCM represents the
semantic relationship between features where each feature is active or not. In addition, FCM
defines the rules that control the activation status of each feature according to its links with the
other features. For example, a rule may be: feature Fi should never be activated when Fi-1 is

activated. Based on this rule, the model automatically activates or deactivates the feature.

The rules are also used to predict the behavior of the application based on the activation status
of features according to user preferences. Notice that each user has his own weight per feature
that is defined based on his use of the feature. This weight quantifies the importance of the
feature for the user. (More details about the DOMRM algorithm appear in Appendix A).

4.6 Semantic metadata external & internal enrichments synchronization (SMEIES)

This sub-section presents the semantic metadata external & internal enrichment
synchronization which represents which processes to synchronize and which enrichments to

push outside the ecosystem. See Figure A 1.12.
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Figure A 1.12 Semantic metadata external & internal enrichment synchronization (SMEIES)

4.7 User interest-based gateway (UIG)

This sub-section presents the user interest-based gateway (UIG) that represents the person

(mobile or stationary) who interacts with the ecosystem. See Figure A 1.13.

User Interest-based Gateway (UIG)

@ User’s Interest

Interest-based Gateway

Discovery Notifications
Metadata Source’s Selection.

] User’s Search History
=% Source’s Search History

Figure A 1.13 User Interest-based Gateway (UIG)

The users and contributors are categorized into five groups:
Interest-based gateway (mobile-first),

Semantic Search (SS),

Discovery,

Notifications,

A

Metadata source selection.
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4.8 Semantic master catalogue (SMC)

This sub-section presents the semantic master catalogue (SMC) that represents the knowledge

base of the SMESE ecosystem. See Figure A 1.14.

Semantic Metadata Master Catalogue (SMMC)
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Figure A 1.14 Semantic Master Catalogue (SMC)

4.9 Semantic analytical (SA)

This sub-section presents the semantic analytical (SA) that represents the analytical of the

SMESE ecosystem. See Figure A 1.15.
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Figure A 1.15 Semantic Analytical (SA)
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5.  An implementation of SMESE for a large semantic digital library in industry

The proposed SMESE architecture has been implemented for a large digital library. The
product InMédia V5 was implemented with a global metadata model defined with all the
known entities and constraints. The catalogue contains more than 2 million items, with 18
entities and 132 defined metadata. SMMC identifies 1453 metadata and defines a metamodel

that consists of a semantic classification of metadata into meta entities.

In addition to semantic web technologies, the characteristics and challenges of SMESE for
large digital libraries are:
1. Automatic cataloguing with the least human intervention,
Metadata enrichment,
Discovery and definition of semantic relationships between metadata and records,

Semi-automatic classification of bibliographic records,

A

Semantic cataloging and validated metadata making use of a multilingual thesaurus.

First, we defined a list of entities, called Meta Entity, which introduced 193 items. These items
represent all library materials. In addition, the structure of the model allows addition of new
entities as may be required. Figure A 1.16 shows the SMESE meta-entity model where for
each entity there is: an ID, propertyName, description, labels in different languages, and the
domain that represents the logic group of the entity. The domain may be ‘user’ as response
value for a metadata. In this implementation, all instances of the entities of the domain can be
the response value. The ID allows the user to uniquely identify the entity whatever the
language, the source of entities or the metadata model (DC, UNIMARC, MARC21, RDA,
BIBFRAME).
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Figure A 1.16 SMESE Meta Entity model

Next, the list of metadata is defined. 1341 metadata are defined. Each metadata entry has the

following additional metadata called Meta Metadata:ID, relatedContentType, is Enrichment,

is Repeatable, thesaurus, type, and sourceOfSchema, which are defined as follows:

1.

2
3.
4

e

“sourceOfSchema” represents the origin of the metadata;

“id” allows unique identification of the entity;

“propertyName” is a comprehensive term that defines this metadata;

“UNIMARC”, “MARC21”, “propertyName” allow users to create a mapping between

them to make them interoperable;

“UNIMARC” and “MARC21” are codes such as 300$abcf;

“Expected type” represents the type of value that may be assigned to the metadata as

response;

“isRelated” denotes that the response of the metadata is an entity where the identity is

given by “relatedContentType”;

“thesaurus” mentions the thesaurus name that is used to control the responses to assign

to the metadata;
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allows

classification of the metadata as

“administrative”, “dimension”, “longevity” or “identification”.

“descriptive”,
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“structural”,

This classification allows users to do meta research. Figure A 1.17 shows an illustration of the

Meta Metadata model.
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Figure A 1.17 SMESE metadata model

The semantic matrix model is defined for each entity based on the metaentity and metadata

model. This semantic matrix model allows users to define a metadata matrix for each entity

where a metadata matrix denotes the logical subset of metadata of metadata model that

describes a given entity. Figure A 1.18 illustrates an example of a semantic metadata matrix

for a specific content. The objective behind the matrix is to allow the reuse of metadata for

distinct entities. This extends the search range for entities, facilitates the search for users in

terms of search criteria and increases the probability of achieving satisfying results.
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Figure A 1.18 Example of a SMESE semantic matrix model

After the definition of entities of collections and harvesting of metadata from the dispersed
collections, a metadata crosswalk is carried out. This is a process in which relationships among
the schema are specified, and a unified schema is developed for the selected collection. It is
one of the important tasks for building “semantic interoperability” among collections and

making the new digital library meaningful.

The most frequent issues regarding mapping and crosswalks are: incorrect mappings, misuse
of metadata elements, confusion in descriptive metadata and administrative metadata, and lost
information. Indeed, due to the varying degrees of depth and complexity, the crosswalks
among metadata schemas may not - necessarily be equally interchangeable. To solve the issue
of varying degrees of depth, we developed atomic metadata: these metadata allow description
of the most elementary aspects of an entity. It then becomes easy to map all metadata from any

schema.
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Figure A 1.19 illustrates a mapping ontology model where relationships are in red while simple
descriptions are in black.
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Figure A 1.19 Ontology mapping model

Figure A 1.20 shows that each entity has at a minimum one source of schema denoted by the
relationship “hasSource” and a minimum of one metadata denoted by the relationship

“hasMetadata”. The relationship “sameAs” is used to denote the mapping between distinct
metadata or entity schema source.
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Figure A 1.20 Ontology mapping implementation using Protégé

The output of the ontology is an OWL file. This OWL file is used by a crosswalk to
automatically assign metadata value that are harvested from distinct sources. In the proposed
ecosystem two sources are harvested: Discogs (www.discogs.com) for music and

ResearchGate (www.researchgate.net) for academic papers.

A total of 94,015,090 metadata records were collected from these two sources:
e From Discogs, we collected 7,983,288 entities: 2,621,435 music releases, 4,466,660
artists and 895,193 labels;
e From researchGate, we collected 86,031,802 entities: 77,031,802 publications and

more than 9,000,000 researchers.

In fact, SMESE contains more than 3.4 billions triplets and growing.

6. Summary and future work

In this paper, we proposed a design and implementation of a semantic enriched metadata

software ecosystem (SMESE).
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The SMESE prototype, which was implemented at BiblioMondo, integrates data and metadata
enrichment to support specific applications for distributed content management. To perform
this integration, SMESE makes use of the software product line engineering (SPLE) approach,
a component-based software development (CBSD) approach and our proposed new concept,
called semantic metadata enrichment (SME) with distributed contents and mobile first design
(MFD). In this implementation, the SPLE architecture is a combination of FORM and COPA

approaches.

We also presented our implementation of SMESE for digital libraries. This included SPLE-
DSP, a new decision support process for SPLE. SPLE-DSP consists of a dynamic and
optimized metadata based reconfiguration model (DOMRM) where users select their
preferences in the market place. SPLE-DSP takes into account runtime variability

functionalities, multiple and dynamic binding, context-awareness and self-adaptation.

We also implemented the Meta Entity that represents all library materials and meta metadata.
The ontology mapping model was then implemented to make our models interoperable with
existing metadata models such as Dublin Core, UNIMARC, MARC21, RDF/RDA and
BIBFRAME.

The major contributions of this paper are as follows:

1. Definition of a software ecosystem architecture (SMESE) that configures the
application production process including software aspects based on CBSD and SPLE
approaches;

a. The use of a LOD-based semantic enrichment model for semantic annotation
processes;

b. The integration of National Research Council of Canada (NRC) emotion lexicon
for emotion detection;

c. A repository of 43 thesaurus included in RAMEAU for semantical
contextualization of concepts;

d. An extended latent Dirichlet allocation (LDA) algorithm for topic modelling;
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2. Definition and partial implementation of semantic metadata enrichment using metadata
SPLE and an SMMC (semantic master metadata catalogue) to create a universal
metadata knowledge gateway (UMKG);

3. The design and implementation of an SMESE prototype of for a semantic digital library
(Libér).

This paper proposed a semantic metadata enrichments software ecosystem (SMESE) to support
multi-platform metadata driven applications, such as a semantic digital library. Our SMESE
integrates data and metadata based on mapping ontologies in order to enrich them and create a

semantic master metadata catalogue (SMMC).

Within the SPLE context, SPLE-DSP is used by SMESE to support dynamic reconfiguration.
This consists of a dynamic and optimized metadata based reconfiguration model (DOMRM)
where users select their preferences within the market place. SPLE-DSP takes into account
runtime metadata-based variability functionalities, multiple and dynamic binding, context-
awareness and self-adaptation. Our SMESE represents more than 200 million relationships

(triplets). Figure A 1.21 represents, in blue, the - implemented SMESE platform.

Future work will include:

1. An enhanced ecosystem and rule-based algorithms to enrich metadata semantically,
including topics, sentiments and emotions;

2. Evaluation of the performance of an implementation of the SMESE ecosystem using
different projects, comparing- results against existing techniques of metadata
enrichments;

3. Exploring text summarization and automatic literature review as metadata enrichment.
The semantic annotations could be used to enrich metadata and provide new types of
visualizations by chaining documents backward and forward inside automated

literature reviews.
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Figure A 1.21 Proposed SMESE architecture: semantic enriched metadata software
ecosystem

Appendix A: Dynamic and Optimized Metadata-based Reconfiguration Model
(DOMRM)

This Appendix presents the details of the DOMRM model. The main idea behind DOMRM is
the more a user uses a specific feature, the more his weight for this feature increases. The

weight UjFi of user j for feature i is given by:

n(Uj, Fi) (A 1.1)
Yie=1n(Uk, Fi)

UjFi =
where n(Uj,Fi) denotes the number of times user j used the feature 1i.

Making use of user weight per feature and their preferences, the feature weight that determines
its activation or not is computed. Considering that US is the set of users who have selected a
feature Fi (activation of feature), and UR is the set of users who have removed that feature

(deactivation of feature), the value 1 is assigned when a user actives the feature, and -1 when
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he removes it. Let ¢(Uj,Fi) be the choice of user j for the activation status of feature Fi. The

weight of feature Fi can be defined -using the following formula:

W(Fl) _ {1 whether 0 < Yykeusu ur lc(Uk,Fi)XUKFi] (A 12)
—la whether 0> Y. yk e us u ur Lc(Uk,Fi)XUKFi]

The computed weight of each feature allows one to define the weight FM that is used by the
system optimal configurator with the FCM to generate the new configuration of the system for
all users. When the feature weight is negative and the FIS rules allow de-activation, the feature
is deactivated and when the feature weight is positive and the FIS rules allow activation the
DOMRM model activates the feature. The activation status of the feature is not modified when

the feature weight is null and the current activation status is conserved.
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Abstract

Semantic information retrieval is frequently used to extract meaningful information from the
unstructured web and from long texts. As existing computer search engines struggle to
understand the meaning of natural language, semantically enriching entities with meaningful

metadata may improve search engine capabilities.

In a previous paper, SMESE for semantic metadata enrichment software ecosystem based on
a multi-platform metadata model has been proposed. This paper presents an enhanced version

with interest-based enrichments named SMESE V3.

This paper proposes to help users finding interest-based contents, through text analysis
approaches for sentiments and emotions detection. SMESE V3 can be used (or: makes it
possible) to create a semantic master catalogue with enriched metadata that enables interest-
based search and discovery. This paper presents the design, implementation and evaluation of

a SMESE V3 platform using metadata and data from the web, linked open data, harvesting and
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concordance rules, and bibliographic record authorities. It includes three distinct processes
that:

1. Discover enriched sentiment and emotion metadata hidden within the text or linked to
multimedia structure using the proposed BM-SSEA (BM-Semantic Sentiment and
Emotion Analysis) algorithm;

2. Implement rule-based semantic metadata internal enrichment (RSMIEE includes
algorithms BM-SATD and BM-SSEA);

3. Generate semantic topics by text, and multimedia content analysis using the proposed

BM-SATD (BM-Scalable Annotation-based Topic Detection) algorithm.

The performance of the proposed ecosystem is evaluated using a number of prototype
simulations by comparing them to existing enriched metadata techniques. The results show
that the enhanced SMESE V3 and its algorithms enable greater understanding of content for

purposes of interest-based search and discovery.

Keywords: emotion detection, natural language processing, semantic topic detection, semantic

metadata enrichment, sentiment analysis, text and data mining.

1. Introduction

The rapid development of search and discovery engines, the sudden availability of millions of
documents, and the millions upon millions of relationships to linked documents from a
growing multitude of sources (e.g., online media, social media and published documents) all

make it challenging for a user to find documents relevant to his or her interests or emotions.

Currently, rich information within text data can be utilized to reveal some meaningful semantic
metadata, such as sentiments, emotions, and semantic relationships. Semantic information
retrieval (SIR) is the science of searching semantically for information within databases,

documents, texts, multimedia files, catalogues and the web.
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The human brain has an inherent ability to detect topics, emotions, relationships or sentiments
in written or spoken language. However, the internet, social media and repositories have
expanded the number of sources, volume of information and number of relationships so fast

that it has become difficult to process all this information (Appel et al., 2016).

The goal is to increase the findability of entities matching user interest using external (outside
documents) and internal (within documents) semantic metadata enrichment algorithms. While
computer search engines struggle to understand the meaning of natural language, semantically
enriching entities with meaningful metadata may improve those capabilities. Words
themselves are often used inconsistently, having a wide variety of definitions and
interpretations. Although there may be no relationship between individual words of a topic,
sentiment or emotion, thesauri do express associative relationships between words, ontologies,

entities and a multitude of relationships represented as triplets.

Finding bibliographic references or semantic relationships in texts makes it possible to localize
specific text segments using ontologies to enrich a set of semantic metadata related to topics,
sentiments and emotions. This paper presents an enhanced implementation of SMESE using
metadata and data from linked open data, structured data, metadata initiatives, concordance

rules and authority’s metadata to create a semantic metadata master catalogue.

The current methodology proposed by SIR researchers for text analysis within the context of
entity metadata enrichment (EME) reduces each document in the corpus to a vector of real
numbers where each vector represents ratios of counts. Several EME approaches have been
proposed, most of them making use of term frequency—inverse document frequency (tf-idf)
(Niu et al., 2016; Salton & Buckley, 1988). In the tf-idf scheme, a basic vocabulary of “words”
or “terms” is chosen, then for each document in the corpus, a frequency count is calculated
from the number of occurrences of each word (Niu et al., 2016; Salton & Buckley, 1988). After
suitable normalization, the frequency count is compared to an inverse document frequency
count (e.g the inverse of the number of documents in the entire corpus where a given word
occurs — generally on a log scale, and again suitably normalized). The end result is a term-
by-document matrix X whose columns contain the tf-idf values for each of the documents in

the corpus. Thus the tf-idf scheme reduces documents of arbitrary length to fixed-length lists
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of numbers. For non-textual content, tools are available to extract the text from multimedia
entities. For example, Bougiatiotis and Giannakopoulos (Bougiatiotis & Giannakopoulos,
2016) propose an approach that extracts topical representations of movies based on mining of
subtitles. This paper focuses on contributions to mainly one EME research fields: sentiment

analysis (SA).

The main objective of sentiment analysis (SA) is to establish the attitude of a given person
with regard to sentences, paragraphs, chapters or documents (Appel et al., 2016; Balazs &
Velasquez, 2016; Kiritchenko, Zhu, & Mohammad, 2014; Niu et al., 2016; Patel & Madia,
2016; Ravi & Ravi, 2015; Serrano-Guerrero et al., 2015; Taboada, Brooke, Tofiloski, Voll, &
Stede, 2011; Vilares, Alonso, & GOMez-RodriGuez, 2015). Indeed, many websites offer
reviews of items like books, cars, mobiles, movies etc., where products are described in some
detail and evaluated as good/bad, preferred/not preferred; unfortunately, these evaluations are
insufficient for users in order to help them to make decision. In addition, with the rapid spread
of social media, it has become necessary to categorize these reviews in an automated way (Niu

etal., 2016).

For this automatic classification, there are different methods to perform SA, such as keyword
spotting, lexical affinity and statistical methods. However, the most commonly applied
techniques to address the SA problem belong either to the category of text classification
supervised machine learning (SML), which uses methods like naive Bayes, maximum entropy
or support vector machine (SVM), or to the category of text classification unsupervised

machine learning (UML).

Also, fuzzy sets appear to be well-equipped to model sentiment-related problems given their
mathematical properties and ability to deal with vagueness and uncertainty —characteristics

that are present in natural languages processing.

Thus, a combination of techniques may be successful in addressing SA challenges by
exploiting the best of each technique. In addition, the semantic web may be a good solution for
searching relevant information from a huge repository of unstructured web data (Patel &

Madia, 2016).
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According to (Balazs & Velasquez, 2016), the SA process typically consists of a series of steps:
1. Corpus or data acquisition,

Text preprocessing,

Opinion mining core process,

Aggregation and summarization of results,

nos B

Visualization.

One current limitation in the area of SA research is its focus on sentiment classification while
ignoring the detection of emotions. For example, document emotion analysis may help to
determine an emotional barometer and give the reader a clear indication of excitement, fear,
anxiety, irritability, depression, anger and other such emotions. For this reason, we focus on

sentiment and emotion analysis (SEA) instead of SA.

A number of algorithms or approaches are used to perform text mining, including: latent
Dirichlet allocation (LDA) (David M. Blei et al., 2003), tf-idf (Niu et al., 2016; Salton &
Buckley, 1988), latent semantic analysis (LSA) (Dumais, 2004), formal concept analysis
(FCA) (Cigarran et al., 2016), latent tree model (LTM) (P. Chen et al., 2016), naive Bayes
(NB) (Moraes et al., 2013), support vector machine method (SVM) (Moraes et al., 2013),
artificial neural network (ANN) (Ghiassi et al., 2013) based on the associated document’s

features.

Our approach improves the accuracy of topic detection, sentiment and emotion discovery by
semantically enriching the metadata from the linked open data and the bibliographic records
existing in different formats. This paper presents the design, implementation and evaluation of
an enhanced ecosystem, called semantic metadata enrichment ecosystem or SMESE V3. It
includes:

1. An enhanced semantic metadata meta-catalogue,

2. An enhanced harvesting of metadata & data,

3. Metadata enrichment based on semantic topic detection, sentiment and emotion

analysis.
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More specifically, SMESE V3 consists of processes implementing two rule-based algorithms
to enrich metadata semantically:
1. BM-SATD: generation of semantic topics by text analysis, relationships and
multimedia contents;
2. BM-SSEA: discovery of sentiments and emotions hidden within the text or linked to a

multimedia structure through an AI computational approach.

Using simulation, the performance of SMESE V3 was evaluated in terms of accuracy of topic
detection, sentiment and emotion discovery. Existing approaches to enriching metadata (e.g.,
topic detection, sentiment or emotion discovery) were used for comparison. Simulation results

showed that SMESE V3 outperforms existing approaches.

The remainder of the paper is organized as follows. Section 2 presents the related work. Section
3 describes SMESE V3 and its various algorithms while Section 4 presents the prototype of
the SMESE V3 multiplatform architecture developed. Section 5 presents the evaluation
through a number of simulations. Section 6 presents a summary and some suggestions for

future work.

2. Related work

In the past few years, a number of natural language processing (NLP) tasks have been
configured for semantic web (SW) tasks including: ontology learning, linked open data, entity
resolution, natural language querying to linked data, etc. (Gangemi, 2013). This improvement
of metadata enrichment using SW involves obtaining hidden data, hence the concept of entity

metadata extraction (EME).

Interest in EME was initially limited to those in the SW community who preferred to
concentrate on manual design of ontologies as a measure of quality. Following linked data
bootstrapping provided by DBpedia, many changes ensued with a consequent need for
substantial population of knowledge bases, schema induction from data, natural language
access to structured data, and in general all applications that make for joint exploitation of

structured and unstructured content. In practice, NLP research started using SW resources as
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background knowledge. Graph-based methods, meanwhile, were incrementally entering the

toolbox of semantic technologies at large.

In the related work section, two fields of entity metadata extraction research from text aspect
are investigated:
1. Sentiment and emotion analysis (SEA),

2. Semantic topic detection (STD), see Appendix C — Semantic topic detection.

2.1 Sentiment and emotion analysis

2.1.1 Sentiment analysis

The problem of sentiment analysis has been widely studied and different approaches applied,
such as machine learning (ML), natural language processing (NLP) and semantic information

retrieval (SIR).

There are three main techniques for sentiment analysis (Shivhare & Khethawat, 2012):
1. Keyword spotting,
2. Lexical affinity,
3. Statistical methods.

Keyword spotting includes developing a list of keywords that relate to a certain sentiment.
These words are usually positive or negative adjectives since such words can be strong
indicators of sentiment. Keyword spotting classifies text by affect categories based on the

presence of unambiguous affect words such as happy, sad, afraid, and bored.

Lexical affinity is slightly more sophisticated than keyword spotting. Rather than simply
detecting obvious affect words, it assigns to arbitrary words a probabilistic ‘affinity’ for a
particular emotion. Lexical affinity determines the polarity of each word using different
unsupervised techniques. Next it aggregates the word scores to obtain the polarity score of the
text. For example, ‘accident’ might be assigned a 75% probability of indicating a negative

effect, as in ‘car accident’ or ‘injured in an accident’.
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Statistical methods, such as Bayesian inference and support vector machines, are supervised
approaches in which a labeled corpus is used for training a classification method which builds
a classification model used for predicting the polarity of novel texts. By feeding a large training
corpus of affectively annotated texts to a machine learning algorithm, it is possible for the
system to not only learn the affective valence of affect keywords (as in the keyword spotting
approach), but also to take into account the valence of other arbitrary keywords (like lexical
affinity), punctuation, and word co-occurrence frequencies. In addition, sophisticated NLP
techniques have been developed to address the problems of syntax, negation and irony.
Sentiment analysis can be carried out at different levels of text granularity: document (Bosco
et al., 2013; Cho et al., 2014; Kontopoulos et al., 2013; Lin et al., 2012; Moraes et al., 2013;
Moreo et al., 2012), sentence (Abdul-Mageed et al., 2014; Appel et al., 2016; Desmet & Hoste,
2013; Niu et al., 2016; Patel & Madia, 2016), phrase (Tan et al., 2012), clause, and word (L.
Chen et al., 2012; Ghiassi et al., 2013; Quan & Ren, 2014).

Sentiment analysis may be at the sentence or phrase level (which has recently received quite a

bit of research attention) or at the document level.

From the perspective of this paper, our work may be seen as document-level sentiment
analysis—that is, a document is regarded as an opinion on an entity or aspect of it. This level
is associated with the task called document-level sentiment classification, i.e., determining

whether a document expresses a positive or negative sentiment.

In (Ravi & Ravi, 2015), the authors presented a survey of over one hundred articles published
in the last decade on the tasks, approaches, and applications of sentiment analysis. With a major
part of available worldwide data being unstructured (such as text, speech, audio, and video),
this poses important research challenges. In recent years numerous research efforts have led to
automated SEA, an extension of the NLP area of research. The authors identified seven broad
classifications:

1. Subjectivity classification,

2. Sentiment classification,

3. Review usefulness measurement,

4. Lexicon creation,
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5. Opinion word and product aspect extraction,
6. Opinion spam detection,

7. Various applications of opinion mining.

The first five dimensions represent tasks to be performed in the broad area of SEA. For the
first three dimensions (subjectivity classification, sentiment classification and review
usefulness measurement), the authors note that the applied approaches are broadly classified
into three categories:

1. Machine learning,

2. Lexicon based,

3. Hybrid approaches.

Since one of our research objectives was to extract sentiment and emotion metadata from
documents, the rest of this section focuses on sentiment classification, lexicon creation, and
opinion word and product aspect extraction. Sentiment classification is concerned with
determining the polarity of a sentence; that is, whether a sentence is expressing positive,
negative or neutral sentiment towards the subject. A lexicon is a vocabulary of sentiment words
with respective sentiment polarity and strength value while opinion word and product aspect
extraction is used to identify opinion on various parts of a product. As per our research
objective the rest of the literature review was oriented to document-level sentiment analysis.
For our purposes, we assume that a document expresses sentiments on a single content and is

written by a single author.

Cho et al. (Cho et al.,, 2014) proposed a method to improve the positive vs. negative
classification performance of product reviews by merging, removing, and switching the entry
words of the multiple sentiment dictionaries. They merge and revise the entry words of the
multiple sentiment lexicons using labeled product reviews. Specifically, they selectively
remove the sentiment words from the existing lexicon to prevent erroneous matching of the
sentiment words during lexicon-based sentiment classification. Next, they selectively switch
the polarity of the sentiment words to adjust the sentiment values to a specific domain. The
remove and switch operations are performed using the target domain’s labeled data, i.e. online

product reviews, by comparing the positive and negative distribution of the labeled reviews
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with a positive and negative distribution of the sentiment words. They achieved 81.8%
accuracy for book reviews. However, their contribution is limited to development of a novel

method of removing and switching the content of the existing sentiment lexicons.

Moraes et al. (Moraes et al., 2013) compared popular machine learning approaches (SVM and
NB) with an ANN-based method for document-level sentiment classification. Naive Bayes
(NB) is a probabilistic learning method that assumes terms occur independently while the
support vector machine method (SVM) seeks to maximize the distance to the closest training
point from either class in order to achieve better generalization/classification performance on
test data. The authors reported that, despite the low computational cost of the NB technique, it
was not competitive in terms of classification accuracy when compared to SVM. According to
the authors, many researchers have reported that SVM is perhaps the most accurate method for
text classification. Artificial neural network (ANN) derives features from linear combinations
of the input data and then models the output as a nonlinear function of these features.
Experimental results showed that, for book datasets, SVM outperformed ANN when the
number of terms exceeded 3,000. Although SVM required less training time, it needed more
running time than ANN. For 3,000 terms, ANN required 15 sec training time (with negligible
running time) while SVM training time was negligible (1.75 sec). In addition, their
contribution was limited to performing comparisons between existing approaches. As in
(Moraes et al., 2013), Poria S. et al. (Poria et al., 2015) experimented with existing approaches

and showed that SVM is a better approach for text-based emotion detection.

2.1.2 Emotion analysis

This section focuses on sentiment and emotion analysis. Emotions include the interpretation,
perception and response to feelings related to the experience of any particular situation.
Emotions are also associated with mood, temperament, personality, outlook and motivation
(Li & Xu, 2014; Munezero et al., 2014; Shivhare & Khethawat, 2012); indeed, the concepts of
emotion and sentiment have often been used interchangeably, mostly because both refer to
experiences that result from combined biological, cognitive, and social influences. However,

sentiments are differentiated from emotions by the duration in which they are experienced.
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Emotions are brief episodes of brain, autonomic, and behavioral changes. Sentiments have
been found to form and be held over a longer period and to be more stable and dispositional
than emotions. Moreover, sentiments are formed and directed toward an object, whereas

emotions are not always targeted toward an object.

The emotion-topic model (ETM) (Bao et al., 2012), SWAT model and emotion-term model
(ET) (Bao et al., 2012) are the state-of-the-art models. The SWAT model was proposed to
explore the connection between the evoked emotions of readers and news headlines by
generating a word-emotion mapping dictionary. For each word w in the corpus, it assigns a
weight for each emotion e, i.e., P(e|w) is the averaged emotion score observed in each news
headline H in which w appears. The emotion-term model is a variant of the NB classifier and
was designed to model word-emotion associations. In this model, the probability of word wj
conditioned on emotion ek is estimated based on the co-occurrence count between word wj
and emotion ek for all documents. The emotion-topic model is combination of the emotion-
term model and LDA. In this model, the probability of word wj conditioned on emotion ek is
estimated based on the probability of latent topic z conditioned on emotion ek and the

probability of word wj conditioned on latent topic z.

A number of techniques exist to detect emotions (Kedar, Bormane, Dhadwal, Alone, &
Agarwal, 2015):

1. Audio based emotion detection: information from the spectral elements in voice (e.g.,
speaking rate, pitch, energy of speech, intensity, rhythm regularity, tempo and stress
distribution) is used to gather clues about emotions. The features extracted are
compared with the training sets in the database using the classifiers;

2. Blue eyes technology based on eye moment. In this technique, a picture of the person
whose emotions are to be detected is taken and the portion showing his or her eyes is
extracted. This extracted image is converted from RGB form to a binary image and
compared with ideal eye images depicting various emotions stored in the database.
Once the match between the extracted image and one in the database is found, the type

of emotion (i.e. happiness, anger, sadness or surprise) is said to be detected;
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3. Facial expression based emotion detection based on photos of the individual. The
images are processed for skin segmentation and analyzed as follows. The image is
contrasted, separating the brightest and darkest color in the image area and
discriminating the pixels between skin and non-skin. The image is converted into
binary form. This processed image is then compared with images forming the training
sets in classifiers;

4. Handwriting based emotion detection is based on various handwriting indicators or
traits of writing (e.g., baseline, slant, pen-pressure, size, zone, strokes, spacing,
margins, loops, ‘i’-dots, ‘t’-bar, etc.);

5. Text based emotion detection where a computerized NLP approach is used to analyze
written text to detect the emotions of the writer. The document is first preprocessed by
normalizing the text, then keywords indicating emotional features are extracted.
Corresponding emotions are identified through various approaches such as:

a. Keyword spotting technique,

b. Lexical affinity method,

c. Learning based methods,

d. Hybrid method, or by using an emotion ontology which stores a range of emotion

classes, associated keywords and relationships.

Text-based emotion detection approaches focus on ‘optimistic’, ‘depressed’ and ‘irritated.’
The limitations are:

1. Ambiguity of keyword definitions,

2. Inability to recognize sentences without keyword,

3. Difficulty determining emotion indicators.

Lei et al. (Lei et al., 2014) adopted the lexicon-based approach in building the social emotion
detection system for online news based on modules of document selection, part-of-speech
(POS) tagging, and social emotion lexicon generation. First, they constructed a lexicon in
which each word is scored according to multiple emotion labels such as joy, anger, fear,
surprise, etc. Next, a lexicon was used to detect social emotions of news headlines.

Specifically, given the training set T and its feature set F, an emotion lexicon is generated as a
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VXE matrix where the (j, k) item in the matrix is the score (probability) of emotion ek
conditioned on feature fj. The authors do not explain how they extracted the features from the

document.

Anusha and Sandhya (Anusha & Sandhya, 2015) proposed a system for text-based emotion
detection which uses a combination of machine learning and natural language processing
techniques to recognize affect in the form of six basic emotions proposed by Ekman. They
used the Stanford CoreNLP toolkit to create the dependency tree based on word relationships.
Next, phrase selection is done using the rules on dependency relationships that gives priority
to the semantic information for the classification of a sentence’s emotion. Based on the phrase
selection, they used the Porter stemming algorithm for stemming, and stopwords removal and
tf-idf to build the feature vectors. The authors do not propose a new approach but implement

existing algorithms.

Cambria et al. (Cambria et al., 2015) explored how the high generalization performance, low
computational complexity, and fast learning speed of extreme learning machines can be
exploited to perform analogical reasoning in a vector space model of affective common-sense
knowledge. After performing TSVD on AffectNet, they used the Frobenius norm to derive a
new matrix. For the emotion categorization model, they used the Duchenne smile and the Klaus
Scherer model. As in (Anusha & Sandhya, 2015), the authors do not propose a new approach

but implement existing algorithms.

2.1.3 Conclusion

Following is our conclusions on related work in sentiment and emotion analysis:

1. Traditional sentiment analysis methods mainly use terms and their frequency, part of
speech, rule of opinions and sentiment shifters. Semantic information is ignored in term
selection, and it is difficult to find complete rules;

2. Most of the recent contributions are limited to sentiment analysis elaborated in terms

of positive or negative opinion and do not include analysis of emotion;
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3. Existing approaches do not take into account the human contribution to improve
accuracy;,

4. Existing approaches do not combine sentiment and emotion analysis;

5. Lexicon and ontology based approaches provide good accuracy for text-based
sentiment and emotion analysis when applying SVM techniques. In our work, it is more
important to identify the sentiment and emotion of a book taking into account all the
books of the collection. For example, assume that book A has 90% fear and 80%
sadness while the emotion which has the best weight of book B is 40% fear; can it be
said that fear is the emotion of book B as in book A? ;

6. Existing approaches do not take into account document collections. In terms of
granularity, most of the existing approaches are sentence-based;

7. These approaches do not take into account the context around the sentence and in this

way, it is possible to lose the real emotion.

As a general conclusion to the literature review on topic detection, sentiment and emotion
analysis, 95% of the work focused on features of the documents (e.g., sentence length,
capitalized words, document title, term frequency, and sentences position) to perform text
mining and generally make use of existing algorithms or approaches (e.g., LDA, tf-idf, VSM,
SVD, LSA, TextRank, PageRank, LexRank, FCA, LTM, SVM, NB and ANN) based on their

associated features to documents.

Table A 2.1 compares the most known text mining algorithms (e.g., AlchemyAPI, DBpedia,
Wikimeta, open calais, Bitext, AIDA, TextRazor) with our proposed algorithms in SMESE V3
by keyword extraction, classification, sentiment analysis, emotion analysis and concept

extraction.
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Table A 2.1 Summary of attribute comparison of existing and proposed SMESE V3

algorithms
= S|« =
TS| 5/5¢|5g|&s
£E3| 2| E2|82| 23
cE| F|EE|EE|8E
XE 2l RS 0P5
Existing algorithms o
AlchemyAPI (http://www.alchemyapi.com/) X X X X
DBpedia Spotlight (https://github.com/dbpedia-
spotlight) X
Wikimeta
(https://www.w3.0rg/2001/sw/wiki/Wikimeta) X
Yahoo! Content Analysis API (out of date)
(https://developer.yahoo.com/contentanalysis/ ) X X
Open Calais (http://www.opencalais.com/) X X X
Tone Analyzer (https://tone-analyzer-
demo.mybluemix.net/) X X
Zemanta (http://www.zemanta.com/) X
Receptiviti (http://www.receptiviti.ai/) X X
Apache Stanbol (https://stanbol.apache.org/) X
Bitext (https://www.bitext.com/) X X
Mood patrol
(https://market.mashape.com/soulhackerslabs/moodpatr
ol-emotion-detection-from-text) X
Aylien (http://aylien.com/) X X X
AIDA (http://senseable.mit.edu/aida/) X
Wikifier (http://wikifier.org/) X
TextRazor (https://www.textrazor.com/) X
Synesketch (http://krcadinac.com/synesketch/) X
Toneapi (http://toneapi.com/) X X
SMESE V3 X X X X X

3. Rule-based semantic metadata internal enrichment

This section presents an overview and details of the proposed rule-based semantic metadata
internal enrichment (RSMIE), including two algorithms (BM-SATD and BM-SSEA) used to

process semantic metadata internal enrichment.



132

RSMIEE is part of the SMESE V3 platform architecture as shown in Figure A. 2.1. The main
goal of this paper is to enhance the SMESE platform through text analysis approaches for
topics, sentiment and emotion and semantic relationships detection. SMESE V3 allows one to
create a semantic master catalogue with enriched metadata (e.g., topics, sentiments and
emotions) that enables the search and discovery interest-based processes. To perform this task,
the following tools are needed:

1. Topics are a controlled set of terms designed to describe the subject of a document.
While topics do not necessarily include relationships between terms, we include
relationships as triplets (Entity — Relationship — Entity); for example, Entity “Ronald”
- relationship:” likes “ - Entity “Le petit prince”;

2. A multilingual thesauri and ontology to provide hierarchical relationships as well as
semantic relationships between topics;

3. An ontology to provide a representation of knowledge with rich semantic relationships
between topics. By breaking content into pieces of data, and curating semantic

relationships to external contents, metadata enrichments are created dynamically.

In Figure A. 2.1, the improvements to the SMESE platform from this work and its

implementation are presented in blue.
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Semantic Metadata Enrichments Software Ecosystem (SMESE V3)

Unee bsmreas s Gatmmny (U]

Mutadata Initiatives & Concordance Rules (MICR)

o Ubviogaghe Creched Baceese swrs tnterint

Semantic Metadata
Enrichments
Synchronization
Engine

User Interest-based Gateway (UIG)
Semantic Search Engine (SSE)

Discovery & Design Engine {DDE} |

Notifications Engine (NE) i

Source’s Selection

Metsdatad
Corcorcance
Mapping
Rules

Semncic Mtodata 4 o B
Lo @
Smencanizotion

Marvestng Vivh Matadatn & Dutn PIOD)
Setvnt: Dt ezoirces

Gyl i

FortaVikaies Emvrts |

Semantic Links Resoluti
Rules based Semantc Metadata

External
Enrichments Engine /

Rules-based Data Conversion
— Rotadata Curation

External Tags Eagine (ETE|
Sechn Nt & Dvaris

' Prafile Engne

Sentiments/
Emotions Analysis

Erdamert hesodares
- Rules-based Semantic

e Events Metadata Box Nights/So Metadata Intornal & Tags
- Enrichments Engi -based
Harvesting Metadata - o — aarmieg base
Literature’s Review.
& Data Data Mining Engine (OME) Assistant
> Gitation's Review

Machine Learning Engine (MLE)

Semanti

ing-
Stock's Review
----- Envichment’s Analysis Engine (EAE) || Prodictive Assistant

N - -
. saro Spanish Library and Library of JSTOR e =
i BTLF Library Archives Congres Ooen oy " . Assistant
e (amucn s library Topics Analysis Leaming-based
Course's Review
Abstract of Abstract {AoA} Asssitant
e
Dutch VIAF o Autres
BNF Gallica Europeana AP British Library ISNI, DNR, | Ftectronic Metadata-based Discover Gateway (EMDG)
s ) Library Tl po [ | Geoname |
16 vl i | Software Produt Line Engineering (SPLE}

Figure A 2.1 SMESE V3 —Semantic Metadata Enrichment Software Ecosystem

3.1 RSMIEE overview

RSMIEE has been designed to find short descriptions, in terms of topics, sentiments and

emotions of the members of a collection to enable efficient processing of large collections

while preserving the semantic and statistical relationships that are useful for tasks such as:

topic detection, classification, novelty detection, summarization, and similarity and relevance

judgments. Figure A 2.2 shows an overview of the architecture of RSMIEE that consists of:
1. User interest-based gateway,

Metadata initiatives & concordance rules,

Harvesting web metadata & data,

User profiling system,

A

Rule-based semantic metadata internal enrichment.
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Users -
User Interest-based
Gateway (UIG)
v I T
Users Profiling :
Engine Collection of
(UPE) Contents
Rules-based Semantic Metadata Internal
Enrichments Engine (RSMIEE)
f f
I I
Metadata Initiatives & Harvesting Web
> Concordance Rules Metadata & Data
(MICR) (HWMD)

Figure A 2.2 Overview of the RSMIEE architecture

The user interest-based gateway (UIG) is designed to push notifications to users based on the
emotions and interests found using the user-profiling system (UPS). UIG is also a discovery

tool that allows users to search and discover contents based on their interests and emotions.

The user-profiling system (UPS) applies machine learning algorithms to user feedback in terms
of appreciation, rating, comment and historical research in order to provide user profiles. When
the contextual information of users is available, it is used to increase the accuracy of the

profiling process.

RSMIEE performs automated metadata internal enrichment based on the set of metadata
initiatives & concordance rules (MICR), the process for harvesting web metadata & data
(HWMD), the user profile and a thesaurus. RSMIEE implements BM-SATD for topic
automated detection from documents and BM-SSEA is implemented for sentiment and

emotion detection of documents.
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BM-SATD and BM-SSEA tasks may be redefined as document classification issues as they

contain methods for the classification of natural language text. That is, methods that will

predict the query’s category, given a set of training documents with known categories and a

new document, which is usually called the query.

The following sub-sections present the terminology and assumptions, the necessary pre-

processing and details of the two algorithms implemented in RSMIEE.

3.2 Terminology and assumptions

In this section the following terms are defined:

1.

A word or term is the basic unit of discrete data, defined to be an item from a vocabulary
indexed by {1, ...,V}. Terms are presented using unit-basis vectors that have a single
component equal to one and all other components equal to zero. Thus, using
superscripts to denote components, the ith term in the vocabulary is represented by an
I-vector w such that wi = 1 and w;j = 0 for i # j. For example, let V= {book, image,
video, cat, dog} be the vocabulary. The video term is represented by the vector (0, 0,
1,0, 0);
A line is a sequence of N terms denoted by 1. These terms are extracted from a real
sentence; a sentence is a group of words, usually containing a verb, that expresses a
thought in the form of a statement, question, instruction, or exclamation and when
written begins with a capital letter;
A document is a sequence of N lines denoted by D = (w1,w2; ...,wN), where wi is the
ith term in the sequence coming from the lines. D is represented by its lines as D = (11,
i, LIk,
A corpus is a collection of M documents denoted by C = {D1, D2, ..., Dm};
An emotion word is a word with strong emotional tendency. An emotion word is a
probabilistic distribution of emotions and represents a semantically coherent emotion
analysis. For example, the word “excitement”, presenting a positive and pleased

feeling, is assigned a high probability to emotion “joy”.
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To implement the BM-SATD and BM-SSEA algorithms, an initial set of conditions must be

established:

1. Alistoftopics T= {ti, ..., t, ..., tn} is readily available;

2. Each existing document Dj is already annotated by topic. The annotated topics of
document Dj are denoted as TDj = {tp ..., ti, ..., tq} where tp, ti, and tq € T;

3. The corpus of documents is already classified by topics. Cti={...,Dj,...} denotes the
corpus of documents that have been annotated with topic ti. Note that the document Dj
may be located in several corpuses;

4. A list of emotions E = {ei, ... , ei, ... , eg} is readily available with the common
instances of e being joy, anger, fear, surprise, touching, empathy, boredom, sadness,
warmth;

5. A set of ratings over E emotion labels denoted by Rpj = {rdei ..., rdei, ..., rdeg}. The
value of rd,ei is the number of users who have voted ith emotion label ei for document
d. In other words, rd,ei is the number of users who claimed that emotion ei is found in
document d;

6. The corpus of documents are already classified by sentiment and emotion based on the
user rating. Cei = {...,Dj,...} denotes the corpus of documents rated with emotion ei.
Note that the document Dj may be located in several knowledge corpus;

7. A list of sentiments S = {si, ..., si, ... , ss} is readily available;

8. A thesaurus is available and has a tree hierarchical structure. A thesaurus contains a list

of words with synonyms and related concepts. This approach uses synonyms or glosses
of lexical resources in order to determine the emotion or polarity of words, sentences

and documents.

3.3 Document pre-processing

Before document analysis, RSMIEE performs a pre-processing. The objective of the pre-

processing is to filter noise and adjust the data format to be suitable for the analysis phases. It

consists of stemming, phase extraction, part-of-speech filtering and removal of stop-words.

The corpus of documents crawled from specific databases or the internet consists of many
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documents. The documents are pre-processed into a basket dataset C, called document
collection. C consists of lines representing the sentences of the documents. Each line consists

of terms, i.e. words or phrases. An example of C follows:

D= (line 1) ; term 1. term 2. term 6. term 9.

(ling 2) : term 10, term 6, term 2, term 3.

More specifically, to obtain Dj, the following preprocessing steps are performed:

1. Language detection;

2. Segmentation: a process of dividing a given document into sentences;

3. Stop word: a process to remove the stop words from the text. Stop words are frequently
occurring words such as ‘a’ an’, the’ that provide less meaning and generate noise.
Stopwords are predefined and stored in an array;

4. Tokenization: separates the input text into separate tokens;

5. Punctuation marks: identifies and treats the spaces and word terminators as the word
breaking characters;

6. Word stemming: converts each word into its root form by removing its prefix and suffix

for comparison with other words.

More specifically, a standard preprocessing such as tokenization, lowercasing and stemming
of all the terms using the Porter stemmer (Porter, 1980). Therefore, we also parse the texts

using the Stanford parser (de Marneffe M-C, MacCartney B, & Manning CD, 2006) that is a
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lexicalized probabilistic parser which provides various information such as the syntactic

structure of text segments, dependencies and POS tags.

‘Word’ and ‘term’ are used interchangeably in the rest of this paper.

3.4 Scalable annotation-based topic detection: BM-SATD

The aim of BM-SATD is to build a classifier that can learn from already annotated contents
(e.g., documents and books) and infer the topics of new books. Traditional approaches are
typically based on various topic models, such as latent Dirichlet allocation (LDA) where
authors cluster terms into a topic by mining semantic relations between terms. However, co-
occurrence relations across the document are commonly neglected, which leads to detection of
incomplete information. Furthermore, the inability to discover latent co-occurrence relations
via the context or other bridge terms prevents important but rare topics from being detected.
BM-SATD combines semantic relations between terms and co-occurrence relations across the
document making use of document annotation. In addition, BM-SATD includes:
1. A probabilistic topic detection approach that is an extension of LDA, called BM
semantic topic model (BM-SemTopic);
2. A clustering approach that is an extension of KeyGraph, called BM semantic graph
(BM-SemGraph).

BM-SATD is a hybrid relation analysis and machine learning approach that integrates semantic
relations, semantic annotations and co-occurrence relations for topic detection. More
specifically, BM-SATD fuses multiple relations into a term graph and detects topics from the
graph using a graph analytical method. It can detect topics not only more effectively by
combing mutually complementary relations, but also mine important rare topics by leveraging

latent co-occurrence relations.

BM-SATD is composed of five phases:
1. Relevant and less similar documents selection process phase,
2. Not annotated documents semantic term graph generation process phase,

3. Topics detection process phase,
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4. Training process phase,

5. Topics refining process phase.

The following sub-sections present the details of the five phases of the BM-SATD model.

3.4.1 Relevant and less similar documents selection process phase

For a given topic, a filtering process is performed to avoid using a large corpus of documents
that are similar or not relevant. It is not necessary to compare a new document of a collection
with two other documents of the collection that are similar in order to know whether this new
document is similar to each of the other documents. This strategy merely increases
computation time. For this reason, only relevant and less similar documents within a corpus

are identified. Here, only documents that are already annotated by topic are considered.

An overview of the architecture of the relevant and less similar document selection phase is
presented in Figure A 2.3. This phase involves three algorithms:

1. Algo 1 identifies the relevant documents for a given topic;

2. Algo 2 detects less similar documents in the relevant set of documents;

3. Algo 3 ascertains whether the new annotated document with a topic is relevant and less

similar to a sub set of relevant and less similar documents of this topic.

First, the most relevant documents of each topic ti are selected. For each document of a topic
ti, Algo 1 checks whether its most important terms are the same as the most important terms
of the topic ti. To identify the most important terms of a given document Dj, the tf-idf of each

term Wi in the corpus Cii is computed using equation (A 2.1):

f(W;,D;,Cy) = TF — IDF(W,, D;, Cy;) (A2.1)

|Cti| =M;

=TF(W;D;) *log(——————
( i J)* Og(IDF(Wi,Cti)

)
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where TF (Wi,Dj), IDF(W;, Cy;) and M; denote the number of occurrences of Wi in

document Dj, the number of documents in the corpus Cii where Wi appears, and the number

of documents in the corpus Cii, respectively.
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Figure A 2.3 Relevant and less similar document selection process phase — Architecture
overview

Equation (A 2.1) allows BM-SATD to find, for each document Dj, the vector Vo= { (Wa,
fWa,D;,Cr)), ..., (Wi, f(W,D;,Cs)) ,...., (W, f(Wpj,D;Ci)} where in the couple (Wi,
f(W:,D;,Ci)), Wi denotes a term and f(W;,Dj;,Cy)) its tf-idf in the whole corpus Cii..

To identify the most important terms of a given topic ti, the tf-itf of each term Wi that appears

at least one time in at least one document of corpus C is computed with formula (A 2.2):
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IT| =n (A22)

gWy, t;) = TF —ITF (W, t;) = TF(Wy, t;) * IOg(m)

where TF(Wy,t;) , ITF(W;) and |T| denote the number of occurrences of Wk in all the
documents of corpus Cii, the number of topics where Wk appears, and the number of topic,

respectively.

Equation (A 2.2) allows BM-SATD to find, for each topic ti, the vector Vi= { (W1, g(W,t)),
cors Wk, g(Wioti)) , ..., (Wni, g(Wni ti))} where in the couple (Wi, g(Wit))), Wi denotes a term
and g(Wit;) its tf-itf in the whole corpus T.

Let Ni be the number of terms of the vocabulary of Cii and Npj = |Dj| be the number of terms
of the vocabulary of D;j. In this context, Niis larger than Npj. To determine the number of terms
to consider the document relevant, BM-SATD computes the standard deviation o and the
average avg of the number of distinct terms in the documents for the topics. BM-SATD uses
the standard deviation because it gives a good indication of the dispersion of data from the

average. The standard deviation o + of topic ti is given by equation (A 2.3):

=M. A23
j 4 |ny] - avge) (23
¢ |Ceil = M;

where the average number of terms avgi of topic ti is computed using equation (A 2.4).

Z|Cti|=Mi|Dj| (A2.4)

j=1
|Cti| =M;

avgei =
Next, to compute the number of distinct terms to consider, BM-SATD uses equation (A 2.5).
Ei=avgi— o (A2)5)

The score for each document Dj in the topic ti is computed next:

1. BM-SATD sorts, for each document Dj of corpus Cii, the vector Vpj by f(W;,D;,Csi) in

descending order;
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2. BM-SATD computes the BMscore of Djusing equation (A 2.6):

BMscore (Dj) = Z|E-|g(Wi’ t;) (A 2.6)

where ) i are the first |Ei| terms W: of D; with the highest value of f(Wi,D;,Cii) in the whole
corpus Cii.

In order terms, BMscore is the summation of the tf-itf in the whole corpus C of the first |Ej|

terms W; of D; with the highest tf-idf in the whole corpus Cii.

Finally, based on the BMscore of each document D; of corpus Ci;, BM-SATD selects the most
relevant documents of corpus Ci. BM-SATD obtains the sub-corpus C;; of the most relevant

documents using equation (A 2.7):

Cri = [Ct'i = U{Dk}

where BMscore (Dk) > BMscore (Dj).

(A 2.7)

v L_J (o)

Note that a is a threshold determined by empirical experimentation based on the particular
document collection. Cf; = {D;, oo Dy ...,Dka} is obtained where M; > M; = a. Algorithm

1 of appendix A explains, in detail, the selection process of relevant documents for a given

topic.

The less similar documents of sub-corpus C;; for the topic ti are then selected. BM-SATD
defines a similarity threshold £ by empirical experimentation based on the particular document

collection where C/; is the sub-corpus of C;; that contains the less similar documents.

1. BM-SATD sorts the documents of Cy; according to their BMscore. BM-SATD first puts
the document with the largest BMscore in Cj;; then, based on the order of largest
BMscore, BM-SATD compares the semantic similarity of each element of C/; with the

rest of element of C{;C;;. If no document of C/; is semantically similar to a given
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document of Cy;, this given document is added to C;;. When the semantic similarity
between two documents is less than or equal to f, BM-SATD assumes they are not
similar. Algorithm 2 of appendix A gives more detail about the selection process of less

similar documents for a given corpus that allows one to obtain the sub-corpus C;; =
{Diys s Dy ey D, } where @ 2
2. Finally, when a new document annotated with topic ti, is added to the corpus Cii, BM-

SATD computes its BMscore in order to ascertain whether this new document must be

added to C/; or not.

For example, let IDF;; be the idf vector of the vocabulary of corpus Cy at state s and ITF® be
the itf vector of the vocabulary of corpus C at state s. The state is the situation of the collection
before adding the new document: IDF}, =
(IDF(W,, Cy), ..., IDF(Wy,, Cy), .., IDF (Wy;, C;)) and ITF® =
(ITF(W,), ..., ITF(Wy,), ..., ITF (Wy;)). Let TF;; be the tf vector of the vocabulary of corpus
Cii at the state s: TF; = (TF(Wy, t;), ..., TEF(Wy, t), ..., TE(Wy;, ).

Based on vector IDF;;, BM-SATD computes the TF-IDF of each term W of d of each term w
of d using equation (A 2.8):

f(w,d,C;) = TF —IDF(W,d, Cy;) (A 2.8)
|Ceil
IDF(W,Cr) + 1

=TF(W,d) *log( )

Next, BM-SATD ranks the vocabulary of d according to their f(W,d, C;;) and selects the E
terms W of d with highest f(W,d, C;;). Based on the vectors ITF, and TF;;, BM-SATD
computes the TF-ITF of each selected term I of d using equation (A 2.9):

g(W,t) =TF — ITF(W, t;) (A 2.9)
|T|

= [TFW,t:) + TFW, d)] * log (rpap

)
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BM-SATD obtains the BMscore(d) of new document d by summation of the g(W,ti) term. If
BMscore(d) is greater than the smallest BMscore of Cf; document, BM-SATD uses Algorithm
2 to make a semantic similarity computation and then performs an update of C/; if necessary.

Algorithm 3 of appendix A presents the C;; update process of a given corpus ti.

3.4.2 Not annotated documents semantic term graph generation process phase

The semantic term graph allows one to convert a set of lines of terms into a graph by extracting
semantic and co-occurrence relations between terms. The semantic term graph is a basis for

detecting topics automatically.

To generate the semantic term graph BM-SemGraph:
1. First the co-occurrence clusters are generated and then optimized;
2. After cluster optimization, the keys terms and key links between the clusters are
extracted;

3. Finally, the semantic topic is generated and semantic term graph extracted.

The BM-SemGraph has one node for each term in the vocabulary of the document. Edges in a
BM-SemGraph represent the co-occurrence of the corresponding keywords and are weighted

by the count of the co-occurrences.

Note that, in contrast to existing graph-based approaches, the co-occurrence between A and B
is different from the co-occurrence between B and A. This difference allows one to retain the
semantic sense of co-occurrence terms. Figure A 2.4 presents an overview of the architecture
of the semantic term graph generation process phase. Two sub processes (the term graph
process and BM-SemTopic process) generate the semantic graph in order to enrich the term
graph with semantic information; indeed, the terms graph and semantic graph are merged to

provide Semantic term graph, called BM-SemGraph.

The term graph process consists of three steps:
1. Co-occurrence clusters generation,

2. Clusters optimization,
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3. Key terms extraction.

The BM-SemTopic process consists of two steps:
1. Semantic topic generation,

2. Semantic graph extraction.
Step 1: Co-occurrence clusters generation

For the co-occurrence graph, the assumption is that terms that have a close relation to each
other may be linked by the co-occurrence link. The relation between two terms W; and W is
measured by their conditional probability. Let D be a document and Vb = (w1,w2; ...,wN) be

the terms of D and Lp be the number of lines of D.

Documents collection

\

Document preprocessing

List of terms

‘ BM-SemTopic process ‘ Term graph process

Semantic graph ¢

Graphs merging process ‘

I

Semantic term graph

BM-SemGraph

Figure A 2.4 New document semantic term graph process phase - Architecture overview

The conditional probability p(W,, VIGC) of W, I/IGc is computed using equation (A 2.10) where:

1. ¢ denotes the minimum distance between Wi and Wj;
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2. The distance between two terms is the number of terms that appear between them for a
given line;

3. &is a parameter determined by experimentation.

L , -

(—)W Wg) _ ZD Nlmel(m/“mg) (A 2.10)
P\ [N(line 1)]
=T

. —_—E
where Nlnel (Wl, W, ) denotes the number of times that Wi and Wj co-occur with a minimum

distance ¢ and where Wi appears before Wj, and N(line I) denotes the number of terms of the

line 1.

To formally define a relation between two terms Wi and Wj, their frequent co-occurrence

—_—&
measured by the conditional probability p(W, W, ), needs to exceed the co-occurrence
threshold. The co-occurrence threshold is also determined by experimentation. Note that
frequent co-occurrence is oriented. This allows one to retain the semantic orientation of the

links between terms.

Next, the oriented links are transformed into simple links without losing the semantic context.

To perform this transformation, three rules are applied - see Figure A 2.5.

G0 C;%«./. g\?‘g-o
v & !

O—0O o o —@

(@) (b (©

Figure A 2.5 Link transformation rules

In Figure A 2.5a, two nodes with two oriented links are transformed into one simple link. In

this case, this type of link cannot be pruned and its weight is given by equation (A 2.11):
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w(w, w;) =p (W, W )+ p (W, W, ) (A2.11)

In Figure A 2.5b, where several nodes are linked by oriented links and there is an oriented path
to join each of them, only the nodes with a link to other nodes not in the oriented path are
retained. This is the situation of the black node and blue node. The black node becomes the

representative of the other nodes.

In Figure A 2.5c, where one node A is linked to several nodes and the links are oriented from
A towards the other nodes, node A becomes the representative of the other nodes and the other
nodes are removed. This is the case for the red node where the link between the black node

and blue node is removed and a new link is added between the red node and the blue node.

Let G be a set of nodes where W; is the representative node. Let G’ be the sub set of G which

are linked to a node W; not in G. Figure A 2.6 illustrates the representation of G and G’.
The weight of the link between W:and W, is given by equation (A 2.12):

ww,w) = > (W) +p (W,W,) (A2.12)

Wge G'

Equation (A 2.12) is applied in the case of Figure A 2.4b and Figure A 2.4c to compute the
weight of the link between a representative node and another node. Finally, the rest of the
oriented links are transformed into simple links and their weights computed using equation (A

2.11).



148

Figure A 2.6 Representation of the computation of weight after removing some nodes

Step 2: Cluster optimization

To enhance quality, clusters should be pruned, such as by removing weak links or partitioning
sparse cluster into cohesive sub-clusters. Clusters are pruned according to their connectedness.
The link e is pruned when no path connects the two ends of e after it is pruned. As shown in

Figure A 2.7, the link between the black node and the green node should be pruned.

O}?.

Figure A 2.7 Clusters optimization

Secondly, cliques are identified. In graph theory, a clique is a set of nodes which are adjacent

pairs as shown in Figure A 2.8.
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Figure A 2.8 Clique reduction

Let C be the clique and Wi:and W; be the nodes of C that are linked to another node. The weight
between Wiand W; is given by equation (A 2.13):

w(W, W) = MAX [w (W, W) (A2.13)

Wse C
Step 3: Key term extraction

To extract key terms, the relation between a term and a cluster is measured. It is assumed that
the weight of a term in a given cluster may be used to determine the importance of this term
for the cluster. Let R be the set of nodes of the cluster C where the node W:is inside. The weight

of Wi in the cluster C is given by equation (A 2.14):

fwy) = Z w(w;, W) (A2.14)

WjER

To identify a term as a key term, a sort of terms is performed based on their weights regardless
of the clusters that they are in. Next, the NumKeyTerm terms that have the largest weights are

selected as Key Terms. NumKeyTerm is a parameter.
Step 4: Semantic topic generation

Semantic topic generation combines a correlated topic model (CTM) (David M. Blei &
Lafferty, 2005) and a domain knowledge model (DKM) (Andrzejewski, Zhu, & Craven, 2009),
called BM semantic topic model (BM-SemTopic), to build the real semantic topic model. In

LDA, a topic is a probability distribution over a vocabulary. It describes the relative frequency
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each word is used in a topic. Each document is regarded as a mixture of multiple topics and is

characterized by a probability distribution over the topics.

A limitation of LDA is its inability to model topic correlation. This stems from the use of the
Dirichlet distribution to model the variability among topic proportions. In addition, standard

LDA does not consider domain knowledge in topic modeling.

To overcome these limitations, BM-SemTopic combines two models:
1. A correlated topic model (CTM) (David M. Blei & Lafferty, 2005) that makes use of a
logistic normal distribution;
2. A domain knowledge model (DKM) (Andrzejewski et al., 2009) that makes use of the
Dirichlet distribution.

BM-SemTopic uses a weighted sum of CTM and DKM to compute the probability distribution
of term W; on the topic z. The sum is defined by equation (A 2.15):

h(W;|z) = oCTM(W;|z) + (1 — w) DKM (W;|z) (A 2.15)
where o is used to give more influence to one model based on the term distribution of topics.

When the majority of terms are located in a few topics, this means the domain knowledge is
important and ® must be small. BM-SemTopic develops the CTM where the topic proportions
exhibit a correlation with the logistic normal distribution and incorporates the DKM. A key
advantage of BM-SemTopic is that it explicitly models the dependence and independence
structure among topics and words, which is conducive to the discovery of meaningful topics

and topic relations.

CTM is based on a logistic normal distribution. The logistic normal is a distribution on the
simplex that allows for a general pattern of variability between the components by
transforming a multivariate normal random variable. This process is identical to the generative
process of LDA except that the topic proportions are drawn from a logistic normal distribution
rather than a Dirichlet distribution. The strong independence assumption imposed by the

Dirichlet in LDA is not realistic when analyzing document collections where one may find
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strong correlations between topics. To model such correlations, the covariance matrix of the

logistic normal distribution in the BM-SemTopic correlated topic model is introduced.

DKM is an approach to incorporation of such domain knowledge into LDA. To express
knowledge in an ontology, BM-SemTopic uses two primitives on word pairs: Links and Not-
Links. BM-SemTopic replaces the Dirichlet prior by the Dirichlet Forest prior in the LDA
model. Then, BM-SemTopic sorts the terms for every topic in descending order according to
the probability distribution of the topic terms. Next it picks up the high-probability terms as
the feature terms. For each topic, the terms with probabilities higher than half of the maximum
probability distribution are picked up (experiment indicates it is non-sensitive on this

parameter).
Step 5: Semantic term graph extraction

To enrich the term graph, the semantic topic needs to be converted into a semantic graph that
consists of semantic relations between the semantic terms. To discover these relations, the
semantic aspect is included making use of WordNet::Similarity (Pedersen, Patwardhan, &
Michelizzi, 2004). Based on the structure and content of the lexical database WordNet,
WordNet::Similarity implements six measures of similarity and three measures of relatedness.
Measures of similarity use information found in a hierarchy of concepts (or synsets) that

quantify how much concept A is like (or is similar to) concept B.

First, each generated feature term at step 4 is the candidate for a semantic term where it is
assumed the other terms represent the vocabulary associated with the semantic topic. In Figure

A 2.9a, the blue node denotes the feature terms of each semantic topic.

Next, duplicate terms from the candidates are removed. If there is more than one topic that has
the same term #; in the semantic term candidate, only the topic z with the highest term
probability distribution 4 (Wj|z) is retained W; as the semantic term candidate. It follows then
that following this step the semantic term candidates of different topics are exclusive to each

other. Figure A 2.9b shows the remaining candidates by semantic topic.
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To remove similar terms, the measure path (one measure of similarity of WordNet::Similarity
(Pedersen et al., 2004)) is used to evaluate similarity between two terms. The measure path of
WordNet::Similarity is a baseline that is equal to the inverse of the shortest path between two
concepts. When the semantic term candidates of different topics are identified, the semantic
value of each topic’s candidates is computed. The semantic value of each term W, is given by

equation (A 2.16):

( H ) (A 2.16)
SEM(W;|z) = TP — ITP(Wy|z) = h(W;|z) * log

Yeez h(Wilt)

where Z denotes the set of semantic topics. TP-ITP is inspired by the tf-idf formula, where TP
is term probability and ITP inverse topic probability.

Semantic topic 1

Semantic topic 2 Semantic topic 2

=
o

Figure A 2.9 Candidates for semantic term identification (a and b)

Semantic links between semantic terms for the term graph are constructed using the vector
measure, one of the measures of relatedness of WordNet::Similarity (Pedersen et al., 2004).
The vector measure creates a co—occurrence matrix for each word used in WordNet glosses
from a given corpus, and then represents each gloss/concept with a vector that is the average

of these co—occurrence vectors.

Let Wi and W; be semantic terms of the synsets A and B, respectively. Let A= (ay, ..., aq) and

B = (b1, ..., bg) be the co—occurrence vectors of A and B, respectively. Let V. be the set of
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semantic terms of the semantic topic Z. The weight of the link between W; and W} is computed

by equation (A 2.17):

(A 2.17)
SEM(W;|z) + SEM(W;]z)

Zwk EVy SEM (Wy|z)

Dis(W;,W; |z) =

To discover a semantic relation between two terms, the semantic distance is computed. The
semantic distance between two terms is the shortest path between the terms using equation (A

2.18):

(A 2.18)
SEMDis(W;, W |z) = MIN Z Dis(W;, W, |2)
pa Wi Epa

where pa, Wi, and P denote a path between Wi and Wj in the thesaurus, a term on a path pa

and the set of paths pa between Wi and Wj, respectively.

To formally define a semantic relation between two terms Wi and Wj, the semantic distance
SEMDiS(Wi, W; |z) must not exceed the semantic threshold. The semantic threshold is

determined by experimentation.

The last process to generate the semantic term graph BM-SemGraph is a merging of the term
graph and the semantic graph. The term graph and semantic graph are merged by coupling the
co-occurrence relation and the semantic relation. New terms are added as semantic terms and
new links are added as semantic links if they do not appear in the term graph. For each link
between two nodes Wj and Wk of the merged graph, the weight, called the BM Weight (BMW),

for a given topic ti is computed using equation (A 2.19):

1 (A 2.19)
1-2 W, W,
SEMDis(W;, W, |ti)+ ( ) xw(Wi, W)

BMW (W, W, | t;) =

where 4 determined by experimentation.
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In order to optimize the clusters of BM-SemGraph, the weak links or partitioning of sparse
clusters are removed. At this step, each cluster is considered a topic and the terms of the cluster

become the terms of the topic.

3.4.3 Topic detection process phase

Figure A 2.10 presents the process used by BM-SATD to assign topics to a document. Topics
that may be associated with a new document are detected based on the BM-SemGraph. Note
that the BM-SemGraph is obtained using a collection of documents. In this case, the likelihood
of detecting topics among a collection of documents is high and must be computed. To
accomplish this, the feature vector of each topic based on the clusters of BM-SemGraph is
computed. The feature vector of a topic is calculated using the BMRank of each topic term.
Let A be the set of nodes of BM-SemGraph directly linked to term W; in the topic ti. The score
for the term W; is given by equation (A 2.20):

Ywioca BMW(W, Wy | t;) (A 2.20)
|A]

BMRank(W;|t;) =

The term with the largest BMRank is called the main term of the topic; other terms are
secondary terms. The same processes are used to obtain the BM-SemGraph of an individual
document d and the feature vectors of topics t]fi. Next, the similarity between each topic # and
the topics t]fi of document d is computed in order to detect document topics. Let:

1. W, be a master term of topics tjd and a master or secondary term of #;

2. B be the intersection of the set of terms of BM-SemGraph directly linked to term W in
the cluster of topic ti and the set of terms of BM-SemGraph of individual document d
directly linked to term W; in the cluster of topic t%;

3. C be the union of the set of terms of BM-SemGraph directly linked to term W; in the
cluster of topic ti and the set of terms of BM-SemGraph of individual document d

directly linked to term W; in the cluster of topic tjd.

The similarity between tiand topic tjd is computed with equation (A 2.21):
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N2 (A22])
\/zwkeg (BMW (W, Wy | t) = BMW (W, W | ¢))

Sim(t;|t!) = >
szhec (BMW (W, Wy, | t) = BMW (W, W, | ¢))

Here, ti and topic t]fi are considered to be similar when their similarity S im(ti|tjd) does not

exceed the vector similarity threshold.

Finally, the document d is assigned to topics that are similar to its feature vectors. Algorithm

4 of Appendix A gives more detail about the topics detection process for a new document.

New document J Semantic term graph
¢ BM-SemGraph

/-_-—_
Semantic terms graph
process

.

Semantic term graph
BM-SemGraph

v

Topic detection process
(Algo 4)

.

New document terms
clustering by topics

Figure A 2.10 Topic detection process phase - Architecture overview
3.4.4 Training process phase

The training process establishes a terms graph based on the relevant and less similar documents

for a given topic ti. To form the terms graph for a given topic, preprocessing of its relevant and
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less similar documents is first carried out, a set of lines is obtained where each line is a list of

terms, and the co-occurrence of these terms is then computed.

Let Doc be a document and Vpoe = (W1,w2; ...,wN) be the terms of Doc. The co-occurrence of

&
co (Wl, W, ) of Wi and W; where € denotes the minimum distance between Wi and W;j is

computed using equation (A 2.22):

Lpoc

S Nline l(VVU me)
co (WuVld ) - Z [N(line l)]
€

(A 2.22)

=1

. ——&
where N!nel (Wl, W, ) denotes the number of times that Wi and Wj co-occur with a minimum

distance €, regardless of the order of appearance, and N(line 1) denotes the number of terms of

line 1.

A relation between two terms Wi and Wjis formally defined when the computed co-occurrence
between them exceeds the co-occurrence threshold determined by experimentation. Figure A

2.11 presents an overview of the architecture of the training process phase.
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Figure A 2.11 Training process phase - Architecture overview

3.4.5 Topics refining process phase

Figure A 2.12 presents the process used by BM-SATD to refine the detected topics making use
of relevant documents already annotated by humans based on existing or known topics.
Following this process, three lists of topics are obtained: a list of new topics, a list of similar

existing topics and a list of not similar existing topics.
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Figure A 2.12 Topic refining process phase - Architecture overview

The list of existing topics that match new document detected topics is identified based on the
new document detected topics and annotated documents by topic (existing topics). Then, the
clusters of terms by topic (existing topics) are identified based on the collection of relevant and
less similar documents. Note that each topic is a cluster of terms graph. Therefore, in this case,

a graph matching technique is a good candidate to perform topic similarity detection.

Next, using our graph matching technique, the clusters of terms by topics of relevant and less
similar collection of annotated documents which match with CTG are identified, for each
cluster of terms graph by topic (CTG) of the new document. The matching score between two

clusters is then computed. Let:
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1. H be the new document terms graph and G be the terms graph obtained by a training
process applied on the collection of relevant and less similar documents annotated by
topics;

2. de be a cluster of H associated to topic t]fi and C; be a cluster of G associated with topic
ti;

3. Wiand W; be two terms of cluster de; the link matching function g(W) between Wi
and Wj is defined by equation (A 2.23):

g:Ctx ¢ > IR (A223)
— MinHopClusterOfti (W;,W;) if path between W;W;
g(VVl VV]) - { 1+MaxHopClusterOfti ! if not path between I/I;i,Wj
For a direct link W;W; (only one hop between Wi and W;j) of cluster de, the process checks
whether there is a path between Wi and Wj in the cluster C;, regardless of the number of hops:
1. If paths exist between Wi and W;j in the cluster C;, g(WiVI/}) is the number of hops of
the shortest path between Wi and Wj, in term of hops;
2. Otherwise, g(Wi W}) is the number of hops of the longest path that exists in the cluster

C; incremented by 1.

Using the link matching function, the matching score between two clusters C{* and Ci is given

by equation (A 2.24):

o:H xXxG —]0;1] (A 2.24)
||

o(c?,C) = —
T S et 9WIW)

where |C jd| is the number of links in clusters C}.

For a better understanding, consider the term graphs in Figure A 2.13.
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S

Figure A 2.13 Illustration of term graphs matching score computation

According to Figure A 2.12, o(G1,G2) = 3/3 = 1 while o(G2,G1) = 5/9 and o(G1,G3) = 3/5
while 0(G3,G1) = 2/2 = 1. The graph matching technique to identify the existing topics of new
document is described by algorithm 5 of appendix A.

The clusters of H and G whose matching scores exceed a term cluster matching threshold are
considered as matching and are assumed to be the same topics. Otherwise, the clusters of H

that do not match any clusters of G, are assumed to be new topics.
Note that the term cluster matching threshold is determined by experimentation.

Based on the H and G clusters that match, the relevant and less similar documents per existing
topic that may have the same topic as the new document are identified. Making use of this set
of selected documents, the similarity between the new document and each relevant and less
similar document of each existing topic 1 is measured. Let:
1. D be the union of the new document d and a set of relevant and less similar documents
of existing topics # that are selected by documents selection process;

2. W={Wi,..., Wn} the set of distinct terms occurring in D.

The defined m-dimensional vector represents each document of D. For each term of W, its tf-
idf is computed using equation (A 2.1). This allows one to obtain the vector t; =
(tfidf(Wy, d, t;), ..., tfidf(W,,,, d, t;)). When documents are represented as term vectors, the
similarity of two documents corresponds to the correlation between the vectors. Here, cosine

similarity is applied to measure this similarity. The cosine similarity is defined as the cosine
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of the angle between vectors. An important property of the cosine similarity is its independence

of document length.

Given two documents £, and t 5, their cosine similarity is computed using equation (A 2.25):

tar-taz (A 2.25)

SimCos(G’, @) = m

Note that it is already assumed that when the similarity SimC os(m, E) of two documents
dl and d2 is less than the similarity threshold J, the documents are not similar. The
computation of document similarity allows BM-SATD to classify the existing topics of new
documents into:

1. Similar existing topics,

2. Not similar existing topics.

Details are given in Algorithm 6, Appendix A.

3.5  Semantic sentiment and emotion analysis: BM-SSEA

The aim of BM-SSEA is to classify the corpus of documents taking emotion into consideration,

and to determine which sentiment it more likely belongs to.

A document can be a distribution of emotion p(eld)e € E and a distribution of
sentiment p(s|d) s € S. BM-SSEA is a hybrid approach that combines a keyword-based
approach and a rule-based approach. BM-SSEA is applied at the basic word level and requires
an emotional keyword dictionary that has keywords (emotion words) with corresponding

emotion labels.

Next, to refine the detection, BM-SSEA develops various rules to identify emotion. Rules are

defined using an affective lexicon that contains a list of lexemes annotated with their affect.

The emotional keyword dictionary and the affective lexicon are implemented in a thesaurus.

BM-SSEA is a knowledge-based approach that uses an Al computational technique. The
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purpose of BM-SSEA is to identify positive and negative opinions and emotions. Figure A
2.14 presents an overview of the architecture of the sentiment and emotion detection process

phase.

Users’ BMEmoWordMod Document
contributions ]

|/ T
&___’/

Wordnet

SentiWordnet

Wor -Affect

NRC-lexicon
v

!

I Emotion detection process

Corpus of documents
rating over E emotions

List of sentiments and

emotions

Emotion refining process

List of refined sentiments

and emotions

Figure A 2.14 Sentiment and emotion detection process phase — Architecture overview

For affective text evaluation, BM-SSEA uses the SS-Tagger (a part-of-speech tagger)
(Tsuruoka & Tsujii, 2005) and the Stanford parser (de Marneffe M-C et al., 2006). The
Stanford parser was selected because it is more tolerant of constructions that are not
grammatically correct. This is useful for short sentences such as titles. BM-SSEA also uses
several lexical resources that create the BM-SSEA knowledge base located in the thesaurus.
The lexical resources used are:

1. WordNet,

2. WordNet-Affect,

3. SentiWordNet,
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4. NRC emotion lexicon.

WordNet is a semantic lexicon where words are grouped into sets of synonyms, called synsets.
In addition, various semantic relations exist between these synsets (for example: hypernymy

and hyponymy, antonymy and derivation).

WordNet-Affect is a hierarchy of affective domain labels that can further annotate the synsets

representing affective concepts.

SentiWordNet assigns to each synset of WordNet three sentiment scores: positivity, negativity,

objectivity, the sum of which always equals 1.0.

The NRC emotion lexicon is a list of English words and their association with eight basic
emotions (anger, anticipation, disgust, fear, joy, sadness, surprise and trust) and two sentiments
(negative and positive). The NRC emotion lexicon is a thesaurus that associates for a word,
the value one or zero for each emotion. This association is made of binary vectors. The
disadvantage of this thesaurus is that since the values are binary, all words belonging to an
emotion have the same weight for that emotion. To address this problem, the NRC emotion
lexicon thesaurus was combined with the WordNet, WordNet-Affect and SentiWordNet
thesaurus. This associates a feelings score with each word-POS. POS: are grammatical
categories used to classify words in dimensions such as adjectives or verbs. SentiWordNet
associates with each couple a valence score that can be either negative or positive with respect
to the sense of the word in question. The word death, for example, is likely to have a negative
score. BM-SSEA also relies on shifter valences. These are lexical expressions capable of

changing the valence score of emotions in a text.

For example, take the phrase "I am happy” with a score of 1 for the joy emotion. For the phrase
"I am very happy", ‘very’ is a valence intensifier that will change the joy emotion score to 2.
In the case, "I am not happy" the modifier ‘not’ will change the emotion joy to the contrary

emotion sadness.
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The main component of BM-SSEA is the thesaurus, called BM emotion word model
(BMEmoWordMod). BMEmoWordMod is an emotion-topic model that provides the

emotional score of each keyword by taking the topic into account.

BMEmoWordMod introduces an additional layer (i.e., latent topic) into the emotion-term
model such as SentiWordNet. BM-SSEA is composed of three phases:

1. BMEmoWordMod generation process phase,

2. Sentiment and emotion discovery process phase,

3. Sentiment and emotion refining process phase.

The following sub-sections describe the three phases of the BM-SSEA model used to discover

sentiment and emotion.

3.5.1 BMEmoWordMod generation process phase

In the first step, a training set from the original corpus is created. The most relevant and
discriminative documents are selected automatically. In the second step, each word is tagged
with a POS and the combination of word and POS used as the essential feature. Finally,
BMEmoWordMod is generated using the extracted features, which can then be used to

discovery the sentiments and emotions of new documents.

Basically, a BMEmoWordMod entry has the following fields
<Word/POS/synsets_ID><Topics><Emotion Probability><Sentiment Probability> where:

1. Emotion_Probability is a vector of ordered emotion label probability such as <anger
probability, disgust probability, fear probability, joy probability, sadness probability,
surprise probability>;

2. Sentiment Probability is a vector of ordered sentiment category probability such as

<positive score, negative score>.

For example, the BMEmoWordMod entry for “kill” may look like:
<kill/v/00829041><War><0.5, 0.1, 0.3, 0, 0.2, 0><0.1, 0.6>.
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Step 1: Training set selection

The objective of this step is to reduce the time for generating the emotion lexicon
BMEmoWordMod, while obtaining a better quality lexicon. For each emotion ei, documents
in the corpus are ranked by descending order of ratings over ei. Next, the emotions with the
highest ratings among the documents are chosen. Then relevant documents for a given emotion
ei are selected using the first phase of BM-SATD (see section 3.4.1 of BM-SATD). The
training set selection process terminates when the first phase BM-SATD requirements are

meet. The training set TS is produced by conducting this step on the entire corpus.
Step 2: Intermediate lexicon generation

Using WordNet-Affect, the WordNet entries are filtered in order to retain only those synsets
where the A_labeb is “EMOTION”. Then, using SentiWordNet and the NRC emotion lexicon,
the sentiment category and emotion value are associated with each selected emotional synset
of WordNet. An intermediate lexicon 1is produced where each entry is

<word/POS/synsets ID><Emotion value><Sentiment Score>.

BMEmoWordMod evaluates the probability of each emotion based on the topic and user

rating.
Step 3: Sentiment and emotion lexicon generation

The assumption that words in a document are the first indicator of the evoked emotion is
assumed to be valid. However, the same word in different contexts may reflect different
emotions, and words that bear emotional ambiguity are difficult to recognize out of context.
Thus, other strategies are necessary to associate a sentiment or emotion with a given word. The
POS of each word is used to alleviate the problem of emotional ambiguity of words and the
context dependence of sentiment orientations. The POS of a word is a linguistic category
defined by its syntactic or morphological behaviour. Categories include: noun, verb, adjective,

adverb, pronoun, preposition, conjunction and interjection.
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For example, the word ‘‘bear’” has completely different orientations, one positive and one
negative, in the following two sentences:
1. Teddy bear: a helping hand for disease sufferers;

2. They have to bear living with a disease.

The word “‘bear’’ is a noun in the first sentence and a verb in the second. A word feature f; is
defined as the association of the word W} and its POS, e.g., (Kill/Verb). After defining the word
feature f;, its emotion probability is computed with equation (A 2.26):

EmoPro(e;|f;, tx) (A 2.26)

Ydecy cnpP(fj te, d) X oc(ey, ty)
Yie € ELd € Cy © ND P(fp ty, d) X oc(ey, ty)

= Val(fj) x

where Val(f;) denotes the value (1 or 0) of word feature f; in the intermediate lexicon, and
where:
1. p( firties d) denotes the probability of feature fj conditioned on document of corpus Cik
(subset of documents with topic tk);
2. p(fj, tr, d) is the number of occurrences of the feature fj in d divided by the total
number of occurrences of all features in d;

3. oc(e;, ty) denotes the co-occurrence number of documents d of Ci and emotion ei.

This strategy is used to eliminate emotions that are not associated with the same word in the
NRC emotion lexicon. The sentiment probability of the word feature f; is given by equation (A

2.27):

SenPro(si |/ tk) (A 2.27)

Zd € C¢x € ND p(f}) % d) X OC(SiJ tk)
Y5 €S 2d€Cy c ND P(fj» ks d) X oc(sy, ty)

= §Sco(f;) %X

where:

1. SSco(f;) denotes the score of feature fjin the intermediate lexicon.
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2. p( firti d) denotes the probability of feature fj conditioned on the document of corpus

Cik (sub set of documents with topic tk).

3. oc(s;, ty) denotes the co-occurrence number of documents d of Ci and sentiment si.

Here, si may have two values, a positive sentiment Sp and negative sentiment Sy. Finally, to
derive BMEmoWordMod, first the topic is added, then the emotion value is replaced by the
computed emotion probability and the sentiment score with the computed sentiment

probability.

3.5.2 Sentiment and emotion discovery process phase

This phase identifies the sentiments and emotions that are likely associated with a given new
document by using the sentiment and emotion semantic lexicon BMEmoWordMod generated
in the previous section. After preprocessing, the term vector of the new document is defined

using TF-IDF.

Let ND be the new document and Wnp = {W1, . . ., Wz} the set of distinct terms occurring in
the corpus of documents. To obtain the z-dimensional term vector that represents each
document in the corpus, the tf-idf of each term of W: is computed. The result of this

computation establishes the term vector %’ = (tfidf(W,, ND), ..., tfidf(W,, ND)).

Using vector typ, TNo={tp, ..., tq} obtained using BM-SATD and BMEmoWordMod, the

. . —_
sentiment and emotion vector of new document E f,ND =

(E(fj,ND, e;), ..., E(f;, ND, eg ), E(f;, ND, sp ), E(f;, ND, sy )) is given by equation (A 2.28):

tfidf(W;, ND) (A 2.28)

X
Z_ tfidf(W, ND)

Z BMEmoWord(f;, e;, t)

tk € TnD

E(f;,ND,¢;) =

where BMEmoWord(f;, e;, ti) denotes the emotion probability of emotion ei for the feature

word fj giving the topic tk. BMEmoWord(f}, €;, ty) is selected in BMEmoWordMod.

The weight of emotion ei for document ND is computed with equation (A 2.29):
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WE(ND, ¢;) = Z E(f], ND, ei)) (A 2.29)
W; eWwW

j ND
Equation (A 2.29) yields the emotional vector of new document ND.

Vap = (Wg(ND, e,), ..., Wg(ND, €)), ..., Wg(ND, ez), Wg (ND, sp) ), Wg (ND, s))).

Next, the new document ND emotion and sentiment is inferred using a fuzzy logic approach

and the emotional vector Vy,. The weight of emotion is transformed into five linguistic
variables: very low, low, medium, high, and very high. Then, using these variables as input to
the fuzzy inference system one obtains the final emotion for the new document. The fuzzy

logic rules are predefined by experts.

3.5.3 Sentiment and emotion refining process phase

The refining process validates discovered sentiment and emotion after the document analysis.
Similarity is computed between new documents and documents in the corpus rated over E
emotions. First, the term vectors of each document are defined using the tf-itf of each term, tf-
itf is then computed using equation (A 2.1). Note that the terms extracted from the corpus of

documents rated over E emotions are those employed by users.

Next, to measure the similarity between two documents, the cosine similarity of their

representative vectors is computed using equation (A 2.25) and algorithm 6. Two documents
d1 and d2 are similar when the similarity SimC os(m, @)) of these two documents is less than

the similarity threshold f.

4. Evaluation using simulations

This section presents an evaluation of BM-SATD and BM-SSEA performance using

simulations. To perform these simulations, an experimental environment called Libér was
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used. Libér was developed to provide a simulator to prototype the different algorithms of

SMESE V3.

4.1 Dataset and parameters

To evaluate BM-SATD and BM-SSEA, real datasets from different projects that have digital
and physical library catalogues were used. These datasets, consisting of 25,000 documents
with a vocabulary of 375,000 words, were selected using average TF-IDF for the analysis. The
documents covered 20 topics and 8 emotions. The number of documents per topic or emotion
was approximately equal. The average number of topics per document was 7 while the average
rating emotion number per document was 4. 15,000 documents of the dataset were used for
the training phase and the remaining 100 used for the test. Note that the 10,000 documents

used for the tests were those that had more annotated topics or a higher rating over emotions.

To measure the performance of topic detection (sentiment and emotion discovery,
respectively) approaches, comparison of detected topics (the discovered sentiment and
emotion, respectively) with annotation topics of librarian experts (user ratings) were carried
out. Table A 2.2 presents the values of the parameters used in the simulations. The server
characteristics for the simulations were: Dell Inc. PowerEdge R630 with 96 Ghz (4 x Intel(R)
Xeon(R) CPU E5-2640 v4 @ 2.40GHz, 10 core and 20 threads per CPU) and 256 GB memory
running VMWare ESXi 6.0.

Table A 2.2 Simulation parameters

Parameter Value Parameter Value
€ 3 a 100
NumKeyTerm | 8 co-occurrence threshold 0.75
1) 0.5 semantic threshold 1
B 0.7 term cluster matching 0.45
threshold
A 0.6
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4.2 Performance criteria

BM-SATD and BM-SSEA performance was measured in terms of running time (P. Chen et
al., 2016) and accuracy (C. Zhang et al., 2016) (Sayyadi & Raschid, 2013). Note that in the
library domain, the most important criteria was precision while resource consumption was

important for the software providers.
The running time, denoted by Rt, was computed as follows:
Rt = Et — Bt
where Et and denotes the time when processing is completed and Bt the time when it started.

To compute the accuracy, let Tannotated and Tdetected be the set of annotated topic and the
set of detected topics by BM-SATD for a given document d. The accuracy of topics detection,

denoted by A%, was computed as follows:

At _ 2. |Tannotated n Tdetectedl
d=

ITannotatedI + ITdetectedI

The same formula was applied to compute the accuracy of the sentiment and emotion discovery
measurement. Erating (resp. Ediscovered) that denotes the set of rating over emotion (resp. the

set of discovered emotion by BM-SSEA) was used instead of Tannotated (resp. Tdetected).

Simulation results were averaged over multiple runs with different pseudorandom number

generator seeds. The average accuracy, Ave acc, of multiple runs was given by:

where TD denotes the number of tests documents and I denotes the number of test iterations.

The average running time, Ave run_time, was given by:
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I
x=1 Rt

Ave_run_time = i

4.3 Topic detection approaches performance evaluation

BM-SATD performance was evaluated in terms of running time and accuracy. The dataset and
parameters mentioned above were applied. BM-SATD performance was compared to the
approaches described in (C. Zhang et al., 2016), (Sayyadi & Raschid, 2013), (David M. Blei
et al.,, 2003) and (P. Chen et al., 2016), referred to as LDA-IG (probabilistic and graph
approach), KeyGraph (graph analytical approach), LDA (probabilistic approach) and HLTM
(probabilistic and graph approach), respectively. LDA-IG, KeyGraph, LDA and HLTM were

selected because they are text-based and long text approaches.

4.3.1 Comparison approaches

Table A 2.3 presents the characteristics of the comparison approaches. Our approach BM-
SATD is the only one that is really semantic and takes into account the correlated topic and
domain knowledge. The parameters for the comparison approaches used where those which

provided the best performance.
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Table A 2.3 Topic detection approaches for comparison

Approach Granu Description 5 °
: 2o ¥ |€ |5 2|8 2
larity = 2| = 3 £ g >
2 S| 5 = 2 = 5 B
£ a3 5 = = S
= 2 R g R g
=
LDA-IG (C. Zhang | Document | Probabilistic Yes No | No |No No
et al., 2016) and graph
based
KeyGraph Document | Graph based Yes No |[No | No No
(Sayyadi &
Raschid, 2013)
LDA Document | Probabilistic No No |[No |No No
(David M. Blei et based
al., 2003)
HLTM (P. Chen et | Document | Probabilistic Yes No |[No |No No
al., 2016) and graph
based
BM-SATD Configu- | Semantic, Yes Yes | Yes | Yes Yes
rable as probabilistic
desired and graph
based

4.3.2 Results analysis

Figure A 2.15 presents the average running time of the detection phase when the number of
documents used for the tests were varied. Training times were excluded as this phase was
performed only one time. However, the BM-SATD training phase required more time than the
other approaches. This was justified by the fact that BM-SATD identifies the relevant and less
similar documents used for training phase. Fortunately, the new generation of data center
equipment offers sufficient resources to reduce significantly the training delay. Thus, only the

time required to detect new document topics (subject) was measured.
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Figure A 2.15 also shows that the average running time increased with the number of test
documents. Indeed, the bigger the number of test documents, the longer the time to perform

detection and, ultimately, the higher the average running time.

30
BM-SATD —+—
25 L LDA-IG ——
KeyGraph —s—
E\ LDA —a— L
£
220 HLTM ¥
—
P]
£
7
2
|
o
<
0 i i I I I I i I
1 2 3 4 5 6 7 8 9 10
Number of test documents (x 100)

Figure A 2.15 Topic detection - Average running time versus
number of documents for test phase

It was also observed that LDA outperforms the other approaches. LDA produced an average

of 1.37 sec per document whereas BM-SATD produced an average of 2.62 sec per document.

The average relative improvement (defined as [Aver. runtime of BM-SATD - Aver. runtime
of LDA]) of LDA compared with BM-SATD was approximately 1.25 sec per document. The
short run times of LDA were due to the fact that LDA did not perform a graph treatment. Graph
processing algorithms are very time consuming. Other approaches also outperformed BM-
SATD on the running time criteria since BM-SATD performed topic refining in order to

increase accuracy.

Figure A 2.16 shows the average accuracy when varying the number of detected topics. For

the five approaches, the average accuracy decreased with the number of detected topics. The
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increase in the number of subjects to detect led to decreased accuracy. However, in terms of
accuracy, BM-SATD outperformed the approaches used for comparison. BM-SATD produced
an average accuracy of 79.50% per topic while LDA-IG, the best among the approaches used

for comparison, produced an average of 61.01% per topic.

The average relative improvement in accuracy (defined as [Ave acc of BM-SATD - Ave acc
of LDA-IG]) of BM-SATD compared to LDA-IG was 18.49% per topic. The performance of
BM-SATD is explained as follows:
1. BM-SATD used the relevant documents for training phase;
2. BM-SATD refined its detection topic results by measuring new document similarity
with relevant and less similar annotated documents;

3. BM-SATD combined correlated topic model and domain knowledge model instead of

LDA.
1
3
:Gl 0.5
)
= 0.4
<
03 ¢
BM-SATD ——
0.2 LDA-IG —s—
o1 L KeyGraph —»—
: LDA —a—
0 HLTM . . . . .
1 2 3 4 5 6 7 8 9 10

Number of detected topics

Figure A 2.16 Accuracy for number of detected topics for 5
comparison approaches

Figure A 2.16 also shows that BM-SATD produced an average accuracy of 90.32% for one
detected topic and 61.27% for ten detected topics compared to 80.29% and 41.01%
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respectively for LDA-IG. The gap between BM-SATD accuracy and LDA-IG accuracy was
10.03% for one detected topic and 20.26% for ten detected topics. This meant that BM-SATD

was by in large more accurate than LDA-IG in detecting several topics.

The Figure A 2.17 presents the average accuracy when varying the number of training
documents of the learning phase. LDA was not included in the scenario since no training phase
was performed. Figure A 2.17 shows that the average accuracy increased with the number of
training documents. The larger the number of training documents, the better the knowledge
about word distribution and co-occurrence and, ultimately, the higher the detection accuracy.
However, the accuracy remained largely stable for very high numbers of training documents.
When the number of documents of a collection was larger, the number of vocabulary words
remained constant, and the term graph did not change. It also shows that HLTM was the
approach whose detection accuracy was the first to reach stability at 10,000 training
documents. HLTM builds a tree instead of a graph as the other approaches and its tree has less
internal roots to identify topics. However, BM-SATD and LDA-IG outperformed HLTM in

terms of accuracy.

Figure A 2.17 also shows that BM-SATD outperformed LDA-IG on the accuracy criteria. For
example, BM-SATD demonstrated an average accuracy of 73.49% per 2,000 training
documents while LDA-IG produced an average accuracy of 50.86% per 2,000 training
documents. The average relative improvement of BM-SATD compared to LDA-IG was
22.63% per 2,000 training documents. The better performance of BM-SATD followed from
its use of a domain knowledge model. BM-SATD did not require a large number of documents

for the training phase.
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Figure A 2.17 Topic detection - accuracy for number of
training documents

In conclusion, the 1.25 sec running time per document increase was a small price to pay for

the larger average accuracy of topic detection (18.49%).

4.4 Sentiment and emotion analysis performance evaluation

BM-SSEA performance was also evaluated in terms of accuracy and running time. Simulations
used the dataset and parameters mentioned previously. The performance of BM-SSEA was
compared to the approaches described in (Bao et al., 2012) and (Anusha & Sandhya, 2015),
referred to as ETM-LDA and AP, respectively. ETM-LDA and AP were selected because they

were document-based rather than phrase-based.

4.4.1 Comparison of approaches with BM-SSEA

Table A 2.4 shows the characteristics of the approaches used for comparison with BM-SSEA.
BM-SSEA was the only entirely semantic approach taking into account the rules for inferring

emotion. In addition, BM-SSEA used a semantic lexicon. Several approaches used semantic
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lexicon, but these were limited to phrases rather than documents. The best performance

approaches used were AP and ETM_LDA.

Table A 2.4 Sentiment and emotion approaches for comparison

Approach Granularity Approach -
9 =) (%)
2 . |8 |Z
< on - ) =
= E = =
o8 S | 3 2 =
1= = 17} g =
£ g | = Q =
: = |8 |E
= = £
AP (Anusha & | Document Learning based | Yes | No |5 No |8
Sandhya, 2015)
ETM-LDA (Bao | Document Keyword based | Yes |No |6 Yes |8
et al., 2012)
BM-SSEA Configurable | Keyword and Yes | Ye |1,2, Yes |8
as desired rule based S 3, and
4

1-WordNet; 2-WordNet-Affect; 3-SentiWordNet; 4-NRC Emotion Lexicon; 5- Stanford
CoreNLP; 6-Gibbs sampling.

4.4.2 Results analysis

Figure A 2.18 presents the average running time when varying the number of detected
emotions. As in Figure A 2.17, training times were excluded because this phase was performed

only once.
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Figure A 2.18 Emotion discovery - Average running time
versus number of documents for test phase

The BM-SSEA training phase took more time than the other approaches due to lexicon
aggregation and enrichment by users. The average running time increased with the number of
test documents. This is normal, as the larger the number of test documents the longer the
average running time to perform the sentiment and emotion discovery. Figure A 2.18 shows
that ETM-LDA and AP outperformed BM-SSEA on the running time criteria. ETM-LDA
required an average of 1.53 sec per document whereas BM-SSEA required an average of 1.74
sec per document. The average relative improvement of ETM-LDA compared with BM-SSEA
was approximately 0.21 sec per document. The poorer performance of BM-SSEA resulted

from refining sentiment and emotion to increase accuracy.

Figure A 2.19 presents the average accuracy when varying the number of discovered emotions.
Positive and negative sentiments were not considered in the accuracy measurement. Figure A
2.19 also shows that the average accuracy decreased with the number of discovered emotions.
However, BM-SSEA outperformed the other two approaches used for comparisons. BM-SSEA
demonstrated an average accuracy of 93.30% per emotion while ETM-LDA, the best of the

other two approaches used for comparison, produced 68.65% accuracy per emotion. The
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average relative improvement in accuracy of BM-SSEA compared to ETM-LDA was 24.65%

per emotion.

In conclusion, the 0.21 sec running time per document increase was, again, a small price to

pay for the larger average accuracy of emotion discovery (24.65%).
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Figure A 2.19 Average detection accuracy for the number of
discovered emotions

5.  Summary and future work

In this paper, the goal was to increase the findability (search, discover) of entities based on
user interest using external and internal semantic metadata enrichment algorithms. As
computers struggle to understand the meaning of natural language, enriching entities
semantically with meaningful metadata can improve search engine capability. Words
themselves have a wide variety of definitions and interpretations and are often utilized
inconsistently. While topics, sentiments and emotions may have no relationship to individual

words, thesauri express associative relationships between words, ontologies, entities and a
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multitude of relationships represented as triplets. From these relationships and defined entities

it was possible to dynamically build up a large semantic metadata master catalogue (SMMC).

This paper presented an enhanced implementation of SMESE using metadata and data from
the linked open data, structured data, metadata initiatives, concordance rules and authority’s
metadata to create the SMMC. SMMC offers a foundation for an entire interest-based digital
library of semantic mining activities, such as search, discovery and interest-based notifications.
Finding bibliographic references or semantic relationships in texts makes it possible to localize
specific text segments using ontologies to enrich a set of semantic metadata related to topic or

sentiment and emotion.

To help users find interest-based contents, this paper proposes to enhance the SMESE platform
through text analysis approaches for sentiments and emotions detection. SMESE V3 can be
used (or: makes it possible) to create a semantic master catalogue with enriched metadata that
enables search and discovery interest-based processes. This paper presents the design,
implementation and evaluation of a SMESE V3 platform using metadata and data from the
web, linked open data, harvesting and concordance rules, and bibliographic record authorities.
The SMESE includes three distinct processes that:

1. Discover enriched sentiment and emotion metadata hidden within the text or linked to
multimedia structure using the proposed BM-SSEA (BM-Semantic Sentiment and
Emotion Analysis) algorithm;

2. Implement rule-based semantic metadata internal enrichment (RSMIEE includes
algorithms BM-SATD and BM-SSEA);

3. Generate semantic topics by text, and multimedia content analysis using the proposed

BM-SATD (BM-Scalable Annotation-based Topic Detection) algorithm.

Furthermore, SMESE V3 provides:
1. An enhanced semantic metadata meta-catalogue (SMM),

2. An enhanced harvesting metadata & data and OpenURL.
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The semantic aggregation of metadata content repository offers a foundation for an interest-
based digital library of semantic mining activities, such as search, discover and smart

notifications.

Table A 2.1 shows the comparison with most known text mining algorithms (e.g.,
AlchemyAPI, DBpedia, Wikimeta, Open Calais, Bitext, AIDA, TextRazor) and a new
algorithm SMESE with many attributes including keyword extraction, classification, sentiment
analysis, emotion analysis, and concept extraction. It was noted that SMESE algorithms

support more attributes than any other algorithms.

In future work, the focus will be to generate learning-based literature review enrichment and
abstract of abstract. STELLAR (Semantic Topics Ecosystem Learning-based Literature
Assisted Review) assess each citation to determine her ranking and her inclusion in the final
literature assisted review (LAR). One goal of this ecosystem is to reduce reading load by
helping researcher to read only the intelligent selection of documents. Using text data mining,
machine learning, and a classification model that learn from users annotated data and detected

metadata.

Appendix A: BM-SATD Processes, Phases and Algorithms

1. Relevant and less similar document selection phase

This phase identifies the corpus of relevant and similar documents for a given topic. Three

algorithms are defined and described in the following steps.
Step 1: Selection of representative documents of a given corpus by topic

In this step, the most relevant documents of each topic are selected. The objective is to reduce
the number of documents that used to compute the similarity with a new document in order to
detect its topics. Each document of a topic is checked as to whether or not its most important

terms are the same as the most important terms of the topic.
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Let Ci={Du,...,Dj,..., Dmi} be the corpus of documents with ti as topic and Vi={W1,...,Wk,...,

Whi} be the vocabulary of the topic ti where each element of Viiis in at least one document of

corpus Cii.

Let Di={Wa...,Wi,..., Wpj} be the set of words of document Dj. To obtain Dj, the

preprocessing phase is performed which consists of the following processes:

1.
2.

Segmentation is a process of dividing a given document into sentences;

Stop words are removed from the text. Stop words are frequently occurring words such
as ‘a’, ’an’, ’the’ that provide less meaning and contain noise. Stop words are
predefined and stored in an array;

Tokenization separates the input text into separate tokens. Punctuation marks, spaces
and word terminators are word breaking characters;

Word stemming converts each word into its root form by removing its prefix and suffix

for comparison with other words.

The algorithm of step 1 is the following (Algorithm 1):

1. For each topic ti of T
a) For each Dj of Cii

- For each W;j of D;
e Compute TF-IDF of Wi in the corpus of documents Cii with the following
formula:

|Ctil = M;

IDF (W, Cet)

f(W;,D;,Cy) = TF — IDF(W,, D;, Cy;) = TF(W,, D;) * log(

where TF (Wi, D-), IDF (W;, Ct;) and M; denote the number of occurrences of Wi in
document Dj, the number of documents in the corpus Cii where Wi appears, and the

number of documents in the corpus Cii, respectively.

At this level, for each document Dj of Cy, the set of vectors Vo= { (Wa, f(Wa,D;,Ct)), ..., (Wi,
fW:,D;,Cii)) , ..., (Wipji, f(W\pj,Dj,Ci))} is obtained where in the couple (Wi, f(Wi,D;,Cs)):

1.

Wi denotes a term,

2. f(Wi,Dj,Cy)) is its tf-idf within the whole corpus Cti.
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2. For each topic ti of T
a) For each Wk of Vii
- Compute TF-ITF of Wk for the whole corpus of documents with the following
formula:

IT| =n
ITF (Wk))
where TF (W, t;) , ITF (W}) and |T| denote the number of occurrences of Wk in

gWy,t)) = TF — ITF(Wy, t;) = TF(W,, t;) * log(

all the documents of corpus Ci, the number of topics where Wk appears, and the

number of topics, respectively.

At this level, for each topic ti of T, the set of vectors Vi= { (W1, g(Wi,t)), ..., (Wi, 2(Witi))
,., (WNi, g(Wniti))} is obtained where in the couple (Wi, g(Wkti)), Wi denotes a term and
g(Wit) is its tf-itf in the whole corpus T.

At this stage, the standard deviation ¢ and the average avg number of distinct terms in the
documents for the topic is computed in order to decide the number of terms to consider whether
the document is relevant to the topic or not. Standard deviation gives a good indication of the

dispersion of data to the average.

3. For each topic ti of T

a) Compute avg of ti as avgs

Ce:il=M:
sha=Mip

- avgy =
Y |Ceil=M;

b) Compute o of ti as o

C+i|=M;
SI4=Mi 1D | —avgy)?

[Ceil=M;

c) Compute the number of distinct terms to consider with the following formula:

Ei= avgi — oui

E:i represents approximately 75% of term distribution number per document D; of Ci.

The score of each document Dj in the topic ti is then computed as follows:
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4.

For each topic ti of T
a) For each Dj of Cy
- Classify the terms of D, using TF-IDF in descending order.

-  BMscore (Dj) = 2ig Wy, t)

where ) g are the first |Ei| terms of D; with the highest tf-idf in the whole corpus
Cii..
b) The a documents with the highest BMscore that form the set of documents contained
in the relevant documents of topic ¢ is selected. Note that a is a threshold to be

defined.

Ci = [Ct’i = U{Dk}

Cii = {Dkl, woor D,y ...,Dka} where M; > M| = «a is obtained.

U U {Dj} / with BMScore(Dy) > BMScore(D;)

Mi—«a

Step 2: Selection of less similar documents of a given corpus by topic

The objective of this step is to retain documents that are less similar among the relevant

doc

uments of a given topic # C/;. This avoids having to consider too similar documents in the

same topic set and increases the accuracy of detecting a topic in a new document.

Let C/; be relevant documents of a given topic #. Notice that the documents of C;; are
ordered based on their BMscore.

Let f be a similarity threshold. f is a threshold defined through empirical experimentation.
Let C{{ = {Dy, }, where D, is the document of C{; with the highest BMscore.

The function of similarity SimCos() is given by equation (25). SimCos(Dy,, D) < B

means that Dy, and Dy are less similar.

The algorithm is the following (Algorithm 2);

1.

For each Dy, of C; started by Dy,
a) j=1
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b) While [(SimCos(Dy;, Dy;) < B) and (j < ICiiD) ]
-t

c) IfG>I1CgD)
- G =G U {Dy;}

The result of Algorithm 2 is the subset of C;; that contains the less similar, relevant and

discriminant documents of topic ¢.

Cil = {Dkl, e Dy ...,Dky} where a >y

Step 3: Dynamic updating of model by novelty (addition of new annotated document)

This step verifies whether the new annotated document is relevant to its annotated topics.

Remember that vi={W1,...,Wk,..., Wni} denotes the vocabulary of the topic ti.
Based on steps 1 and 2, note the vectors IDFS, ITF®, and TFS:

» IDF;; = (IDF(Wy, Cy;), ..., IDF(Wy, Cy;), ..., IDF (Wy;, Ci))

where IDF (W, Cy;) denotes the number of documents in the corpus Ci where the term Wk

appears at the state s.

> ITFS = (ITF(W,), ..., ITF(W,), ..., ITF(Wy,))

where ITF (W,,) denotes the number of topics where Wk appears at the state s.

» TF5 = (TF(Wy, t), ..., TE(Wy, t)), ..., TF(Wy;, t1))
Where TF (W, t;) denotes the number of occurrences of Wk in all the documents of corpus Ci

at the state s.

The algorithm for the dynamic updating of the model by novelty (Algorithm 3) is defined as
follows, where vectors IDFS;, ITF®, and TF; are used as inputs:
1. For a new document d,

a) For each topic tiof d
- compute the TF-IDF of each term W of d based on IDF;;

|Cei

w,d,C;;) = TF —IDF(W,d,C;) =TF(W,d) *1

)
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- rank the terms W of d based on their TF-IDF
- select the Evi terms W of d with highest TF-IDF
- compute the TF-ITF of each selected term W of d based on ITF;; and TF,

IT|

gW,t) = TF —ITFW, ) = [TF(W, ) + TF(W, )] * log(Grrrs
k

)

- classify the term of d by TF-IDF in descending order
- compute the BMscore of d

BMscore (d) = X, 9(W, t;)

- If the BMscore (d) is higher than the smallest BMscore of C{; document
o Ci=0Cy\ {Dki}

where Dy, denotes the document of C; with the smallest BMscore
e Ci=C;u{d}
e Call Algorithm 2 to update C/;
- update vector IDF;
e IDF(W,Cy;) =IDF(W,Cy) +1

- update vector TF;
o TF(W,t)=TFW,t) + TF(W,d)

2. Topic detection phase

e Let G be the BM-SemGraph of the entire collection;

e Let Ta be the list of topics of document d.
The algorithm for the topic detection process phase (Algorithm 4) is the following:

1. Ta={}
2. For a new document d,
a) Generate BM-SemGraph H of document
b) For each feature vector of topic t]fi of BM-SemGraph H
- Identify the main term Wi using:

Swyea BMW(Wiwy | tf)

e BMRank(W;|t{") = ”

- For each feature vector of topic ti of BM-SemGraph G
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o If Wiis a term of feature vector of topics ti

o Compute the similarity between ti and topic tf as follows:

2
\/ZWkEB (BMW(WL,Wk I ti) - BMW(WU Wk | t]d))

Sim(t|t]) = :
\/ZW}LEC (BMW(WL, Wh | tl) - BMW(WU Wh | t]d))

o If§S im(ti|tjd) < VectorSimilarityThreshold

Ta= Ty U {(t:, 1}

Topic refining phase

The algorithm for the topic refining process phase (Algorithm 5) is the following:

Let H be the new document d term clustering by topic;

Let G be clusters of terms by topic;

Let LMatch be the list of clusters of H and G which match ;

Let LNotMatch be the list of clusters of H and G which do not match.

. LMatch = {}

LNotMatch = {}
For each terms cluster deof topic t]-d of H
a) For each term cluster Ci of topic ti of G
- NotLinkG = 1 + maximum number of hops between two terms in term cluster
Ci of topic ti of G
- HopNumberH =0
- HopNumberG =0
- For each link (Wi; Wj) of terms cluster de of topic tjd inH
o HopNumberH = HopNumberH + 1
o Hop = Find the shortest number of hops between Wi and Wj in terms
cluster of topic ti of G
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o IfHop=0
Hop = NotLinkG
o HopNumberG = HopNumberG + Hop
b) Sim (t%, ti) = HopNumberH / HopNumberG
¢) If Sim (¢, t)>Q
- LMatch = LMatch U {(t;, t/)}
Else
- LNotMatch = LM LNotMatch U {(t;, t/)}

Algorithm 6 is the following:

e Let D, be the new document;

e Let TSpn be the list of similar topics associated to Dy;
e Let TDpn be the list of distinct topics associated to Dh.
1. For a new document Dn

2. For each selected topic ti of T

a) [=1
b) TDpn= {}
C) TSpn = {}

d) While [(SimCos (D, D) <P and (/< |CHD] /Dy, € CYf
-+
e) if (1< IC4D)
- TSpn=TSpn U {ti}
Else
- TDbn=TDpa U {ti}
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Appendix B: BM-SSEA Processes, Phases and Algorithms

1. BMEmoSenMod generation phase

This step makes use of the corpus of documents rated over E emotions. However, it is feasible
to perform this step periodically in order to update the sentiment and emotion lexicon (e.g.,

BMEmoSenMod).

Algorithm 7

Input: WordNet, WordNet-Affect, SentiWordNet and NRC emotion lexicon

Output: BMEmoSenMod

Emotions | Topic | Word Emotion Sentiment
feature | probability of /; | probability of f;
ei 1
t Ji EmoPro(el- If» tk) SenPro(s; |fj» te)
Ee

1. For each emotion ¢ BMEmoSenMod

a. Identify the sample contents related to emotion e;

b. Extract the keywords W; from the documents {Cj,..., Cp, ..., C;}

c. Associate with each word-POS a feeling score to the keyword W to obtain the word
feature f;

d. Detect the topic # of document d where W; appears

e. Compute the emotion probability of the obtained word feature f; of keyword W;

Yde ¢y < NDP(f jtid)xoc(epty)
Ye,eELde cy c NDP(fjitkd)x0c(erty)

EmoPro(ei|fj, tk) = Val(f;) x
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f. Compute the sentiment probability of the obtained word feature f; of keyword W;

Ydecy < NDP(f jitid)xoc(spti)
Ys;esZdecy, c NDP(fjitid)xoc(site)

SenPro(si|fj,tk) = S§Sco(f;) X

g. Add EmoPro(ei |/ tk) and SenPro(si |/ tk) in the sentiment and emotion lexicon
BMEmoSenMod

2. Sentiment and emotion discovery

This step is performed for a new document targeted to discover its sentiments and emotions.

Algorithm 8

Input: new document and BMEmoSenMod
Output: emotional vector of new document

e Let D be the given document

e Extract the word feature f; of D

1. For each word feature f; of D

a. Iffis in the sentiment and emotion lexicon BMEmoSenMod,
- For each associated emotion e;

We(ND, ¢;) = ij € Wnp E(fj' ND, ei)

b. Else
- Identify the synonyms f; of f; in the BMEmoSenMod
- For each associated emotion e;

WE(ND, ¢;) =

Ewy € BMEmosenMod E(fy,ND,e;)

m

// m denotes the number of synonyms of f;

2. Normalization of each W (ND, ¢;)
3. Return (Wg(ND, e,), ...,.Wg(ND, ¢;), ....WE(ND, e5),Wg(ND, sp),WE(ND, sy))
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Appendix C: Semantic topic detection

Semantic topic detection, a fundamental aspect of SIR, helps users to efficiently detect
meaningful topics. It has attracted significant research in several communities in the last
decade, including public opinion monitoring, decision support, emergency management and
social media modeling (Hurtado et al., 2016; Sayyadi & Raschid, 2013). STD is based on large
and noisy data collections such as social media, and addresses both scalability and accuracy
challenges. Initial methods for STD relied on clustering documents based on a core group of
keywords representing a specific topic, where, based on a ratio such as tf-idf, documents that
contain these keywords are similar to each other (Niu et al., 2016; Salton & Buckley, 1988).
Next, variations of tf-idf were used to compute keyword-based feature values, and cosine
similarity was used as a similarity (or distance) measure to cluster documents. The following
generation of STD approaches, including those based on latent Dirichlet allocation (LDA),
shifted analysis from directly clustering documents to clustering keywords. Some examples of

these advances in STD are presented in (David M. Blei et al., 2003).

However, social media collections differ along several criteria, including the size distribution
of documents and the distribution of words. One challenge is to rapidly filter noisy and
irrelevant documents, while at the same time accurately clustering a large collection. Bijalwan
et al. (Bijalwan et al., 2014), for example, experimented with machine learning approaches for
text and document mining and concluded that k-nearest neighbors (KNN), for their data sets,
showed the maximum accuracy as compared to naive Bayes and term-graph. The drawback
for KNN is that time complexity (i.e., amount of time taken to run) is high but it demonstrates

better accuracy than others.

In the last decade, semantic topic detection has attracted significant research in several
communities, including information retrieval. Generally, a topic is represented as a set of
descriptive and collocated keywords/terms. Initially, document clustering techniques were
adopted to cluster content-similar documents and extract keywords from clustered document
sets as the representation of topics (subjects). The predominant method for topic detection is

the latent Dirichlet allocation (LDA) (David M. Blei et al., 2003), which assumes a generating
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process for the documents. LDA has been proven a powerful algorithm because of its ability
to mine semantic information from text data. Terms having semantic relations with each other
are collected as a topic. LDA is a three-level hierarchical Bayesian model, in which each item
of a collection is modeled as a finite mixture over an underlying set of topics. Each topic is, in
turn, modeled as an infinite mixture over an underlying set of topic probabilities. In the context

of text modeling, topic probabilities provide an explicit representation of a document.

The literature presents two groups of text-based topic detection approaches based on the size
of the text: short text (Cigarran et al., 2016; Cotelo et al., 2016; Dang et al., 2016; Hashimoto
et al., 2015) such as tweets or Facebook posts, and long text (David M. Blei et al., 2003;
Bougiatiotis & Giannakopoulos, 2016; P. Chen et al., 2016; Salatino & Motta, 2016; Sayyadi
& Raschid, 2013; C. Zhang et al., 2016) such as a book.

For example, Dang et al. (Dang et al., 2016) proposed an early detection method for emerging
topics based on dynamic Bayesian networks in micro-blogging networks. They analyzed the
topic diffusion process and identified two main characteristics of emerging topics, namely
attractiveness and key-node. Next, based on this identification, they selected features from the
topology properties of topic diffusion, and built a DBN-based model using the conditional
dependencies between features to identify the emerging keywords. But to do so, they had to

create a term list of emerging keyword candidates by term frequency in a given time interval.

Cigarran et al. (Cigarran et al., 2016) proposed an approach based on formal concept analysis
(FCA). Formal concepts are conceptual representations based on the relationships between

tweet terms and the tweets that have given rise to them.

Cotelo et al. (Cotelo et al., 2016), when addressing the tweet categorization task, explored the
idea of integrating two fundamental aspects of a tweet: the textual content itself, and its

underlying structural information. This work focuses on long text topic detection.

Recently, considerable research has gone into developing topic detection approaches using a
number of information extraction techniques (IET), such as lexicon, sliding window, boundary

techniques, etc. Many of these techniques (P. Chen et al., 2016; Salatino & Motta, 2016;
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Sayyadi & Raschid, 2013; C. Zhang et al., 2016) rely heavily on simple keyword extraction

from text.

For example, Sayyadi and Raschid (Sayyadi & Raschid, 2013) proposed an approach for topic
detection, based on keyword-based methods, called KeyGraph, that was inspired by the
keyword co-occurrence graph and efficient graph analysis methods. The main steps in the
KeyGraph approach are as follows:

1. The first step is construction of a keyword co-occurrence graph, called a KeyGraph,
which has one node for each keyword in the corpus and where edges represent the co-
occurrence of the corresponding keywords weighted by the count of the co-
occurrences;

2. Secondly, making use of an off-the-shelf community detection algorithm, community
detection is taken into account where each community forms a cluster of keywords that
represent a topic. The weight of each keyword in the topic feature vector is computed
using the tf-idf formula. The TF value is computed as the average co-occurrence of
each keyword from the community with respect to the other keywords in that
community;

3. Then, to assign a topic to a document, the likelihood of each topic t with the vector of
keyword ft is computed using the cosine similarity of the document;

4. Finally, for each pair of topics, where multiple documents are assigned to both topics,

it is assumed that these are subtopics of the same parent topic and are therefore merged.

In other words, KeyGraph is based on the similarity of keyword extraction from text. We note
two limitations to the approach, which requires improvement in two respects. Firstly, they
failed to leverage the semantic information derived from topic model. Secondly, they measured
co-occurrence relations from an isolated term-term perspective; that is, the measurement was
limited to the term itself and the information context was overlooked, which can make it

impossible to measure latent co-occurrence relations.

Salatino and Motta (Salatino & Motta, 2016) suggested that it is possible to forecast the

emergence of novel research topics even at an early stage and demonstrated that such an



194

emergence can be anticipated by analyzing the dynamics of pre-existing topics. They presented

a method that integrates statistics and semantics for assessing the dynamics of a topic graph:

1.

2.

First, they select and extract portions of the collaboration networks related to topics in
the two groups a few years prior to the year of analysis. Based on these topics, they
build a topics graph where nodes are the keywords while edges are the links
representing co-occurrences between keywords;

Next, they transform the graphs into sets of 3-cliques. For each node of a 3-clique, they
compute the weight associated with each link between pairs of topics by using the
harmonic mean of the conditional probabilities. While this is a satisfactory approach to

find latent co-occurrence relations, the approach assumes that keywords are topics.

Chen et al. (P. Chen et al., 2016) proposed a novel method for hierarchical topic detection

where topics are obtained by clustering documents in multiple ways. They used a class of

graphical models called hierarchical latent tree models (HLTMs). Latent tree models (LTMs)

are tree-structured probabilistic graphical models where the variables at leaf nodes are

observed and the variables at internal nodes are latent. It is a Markov random field over an

undirected tree carried out as follows:

1.

2.

First, the word variables are partitioned into clusters such that the words in each cluster
tend to co-occur and the co-occurrences can be properly modeled using a single latent
variable. The authors achieved this partition using the BUILDISLANDS subroutine,
which is based on a statistical test called the uni-dimensionality test (UD-test);

After the islands are created, they are linked up so as to obtain a model over all the
word variables. This is carried out by the BRIDGEISLANDS subroutine, which
estimates the mutual information between each pair of latent variables in the islands.
This allows construction of a complete undirected graph with the mutual information

values as edge weights, and finally the maximum spanning tree of the graph is

determined (P. Chen et al., 2016).

Hurtado et al. (Hurtado et al., 2016) proposed an approach that uses sentence-level association

rule mining to discover topics from documents. Their method considers each sentence as a

transaction and keywords within the sentence as items in the transaction. By exploring
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keywords (frequently co-occurring) as patterns, their method preserves contextual information
in the topic mining process. For example, whenever the terms: “machine”, “support” and
“vector” are discovered as strongly correlated keywords, either as “support vector machine”
or “support vector”, they assumed that these patterns were related to one topic, i.e., “SVM”. In
order to discover a set of strongly correlated topics, they used the CPM-based community
detection algorithm to find groups of topics with strong correlations. As in (P. Chen et al.,

2016), their contribution was limited to simulating existing algorithms.

Zhang et al. (C. Zhang et al., 2016) proposed LDA-IG, an extension of KeyGraph (Sayyadi &
Raschid, 2013). It is a hybrid relations analysis approach integrating semantic relations and co-
occurrence relations for topic detection. Specifically, their approach fuses multiple types of
relations into a uniform term graph by incorporating idea discovery theory with a topic

modeling method.

1. Firstly, they defined an idea discovery algorithm called IdeaGraph that was adopted to
mine latent co-occurrence relations in order to convert the corpus into a term graph.

2. Next, they proposed a semantic relation extraction approach based on LDA that
enriches the graph with semantic information.

3. Lastly, they make use of a graph analytical method to exploit the graph for detecting
topics. Their approach has four steps:

a. Pre-processing to filter noise and adjust the data format suitable for the subsequent
components;

b. Term graph generation to convert the basket dataset into a term graph by extracting
co-occurrence relations between terms using the Idea Discovery algorithm,;

c. Term graph refining with semantic information using LDA to build semantic topics
and tp-izp, inspired by tf-idf, to measure the semantic value of any term in each
topic;

d. Topic extraction from the refined term graph by assuming that a topic is a filled
polygon and measuring the likelihood of a document d being assigned to a topic
using tf-idf. However, their approach does not include machine learning, which

would allow the framework to find new topics itself.
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From our review of related work, we conclude that the main drawbacks of existing approaches

to topic detection are as follows:

1.

They are based on simple keyword extraction from text and lack semantic information
that is important for understanding the document. To tackle this limitation, our work
uses semantic annotations to improve document comprehension time;

Co-occurrence relations across the document are commonly neglected, which leads to
incomplete detection of information. Current topic modeling methods do not explicitly
consider word co-occurrences. Extending topic modeling to include co-occurrence can
be a computational challenge. The graph analytical approach to this extension was only
an approximation that merely took into account co-occurrence information alone while
ignoring semantic information. How to combine semantic relations and co-occurrence
relations to complement each other remains a challenge;

Existing approaches focus on detecting prominent or distinct topics based on explicit
semantic relations or frequent co-occurrence relations; as a result, they ignore latent
co-occurrence relations. In other words, latent co-occurrence relations between two
terms cannot be measured from an isolated term-term perspective. The context of the
term needs to be taken into account;

More importantly, even though existing approaches take into account semantic

relations, they do not include machine learning to find new topics automatically.

The main conclusion is that most of the existing related research is limited to simulations using

existing algorithms. None contribute improvements to detect topics more accurately.
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Abstract

With the evolving of research and huge volume papers, there is a need to assist researchers in
the manual process of building literature review (LR). This paper proposes an assisted
literature review (ALR) prototype (STELLAR - Semantic Topics Ecosystem Learning-based
Literature Assistant Review). Using text and data mining models (TDM), machine learning
models (MLM) and classification model, all of which learn from researchers' annotated data
and semantic enriched metadata (SMESE), STELLAR helps researchers discover, identify,
rank and recommend relevant papers for an ALR according to the researcher selection.
Considering more criteria (venue age and impact, citation category and polarity, researchers'
annotated data, authors' impact and affiliation institute, etc.) than existing approaches,
STELLAR evaluates papers and related bibliographic attributes in order to determine their
relevancy and aggregates all relevant components into an assisted literature review object

(ALRO).

This paper presents the MLM and algorithms that:

e Identify relevant papers based on key finding, citation and paper feature impact.
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e Compute papers semantic similarity with the researcher selection parameters.
e Assist the researcher in refining and recommending the list of papers relevant.

e Aggregate all relevant components into an ALRO.

STELLAR performance was compared to existing approaches using a number of simulations.

Keywords: assisted literature review, literature review, machine learning, literature review

enrichment, semantic topic detection, text and data mining.

1. Introduction

Electronic access to research papers plays a primordial role in the dissemination of research
results published in conference proceedings, journals and new platforms such as researcher
media. Literature reviews, in which publications are selected by relevancy and evaluated, are
a fundamental component of scientific writing. But the huge volume of scientific publications
available is becoming an issue for researchers (Boote & Beile, 2005; Mayr et al., 2014): given
that their time is limited, it is becoming impossible for researchers to read and carefully

evaluate every publication within their own specialized field.

A manual literature review (LR) process is very labor intensive, and the time that researchers
must dedicate to searching for literature will vary according to their research topic. For
instance, Gall et al. (Gall et al., 1996) estimate that a decent LR for a dissertation takes three
to six months to complete. In their academic process, postgraduate students in all disciplines
need to be able to write an accurate LR. Whether a short review as an assignment in a Master’s
program, or a full-length LR for a PhD thesis, students find it difficult to produce a LR with
all of the relevant and up-to-date papers. Researchers also have to stay aware of newly

published papers on related topics to produce a meaningful LR.
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An LR is not simply a summary of what is published about a particular topic; it must address
a research question and must identify primary sources and references. It should focus only on
the relevant literature available from all literature, that is, on references collected from
recognized experts on the topic or related topics. According to (Carlos & Thiago, 2015; Gulo
et al., 2015), an LR process consists in locating, appraising and synthesizing the best available
empirical evidence to answer specific research questions. An LR will look at as much existing
research as is feasible and will review scholarly papers and theses in the relevant area. It is a
state-of-the-art search and evaluation of the available literature on a given topic or concept. It
is not a chronological description of what has been discovered; it has to provide an analytical
overview of the significant and relevant literature published on the topic. An ideal LR should
retrieve all relevant papers for inclusion and exclude all irrelevant papers (Carlos & Thiago,

2015; Gulo et al., 2015).

The researcher’s main tasks in producing a manual LR are as follows:

1. Clearly identify the topic or field of research;

2. Search, survey and evaluate the available literature;

3. Identify and understand the keywords, vocabulary, definitions, concepts and terms
using an appropriate specialized dictionary, i.e., one that pertains to the topic or field
in question;

Order the relevant works within the context of their contribution to the LR;
Present the literature in an organized way;

Identify the main methodologies and research techniques used in the works;

N » ok

Summarize, synthesize and integrate the relevant works by abstracting their content.

The sources and references have to be relevant, as current as possible and cited in a format

appropriate to the discipline and publication sources.

The aim of the paper presented here is to help the researcher identify references relevant a
Literature Corpus for the LR, that is, the first four of the seven tasks listed above. The

remaining three tasks will be addressed in a future paper.

The following questions are essential to building a good LR:
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1. What are the origins, definitions and detailed description of the topic or concept?

2. For each paper, what are the author’s credentials and relevancy in regard to the topic
discussed (e.g., number of papers and citations related to the topic)?

3. What are the proceedings or journal’s credentials and its relevancy to the topic?

4. What is the reputation or ranking of the publisher?

5. When the LR is spread over a number of years, it is important to decide which
references to include. This means determining how many years from the current date
the content will be retained in the analysis.

6. If the researcher’s project is multi-year, how to ensure that the LR stays up to date for
a specific topic over the duration of the project?

7. What are the main conclusions from previous works on this topic?

To manually find sources of content for the LR, the first step is to identify the relevant topics
or concepts and prioritize them. A way to identify the relevant ones is to check the lists of
references to see which are frequently cited and how often. This requires ranking the LR
references according to the specific research topic or concept and other parameters such as

publication date, sources, etc.

With the massive increase in digital content and widespread use of search engines, the number
of returned results can be tremendous—which then makes it challenging to select only the
papers relevant to the LR topic. This has led to the emergence of result ranking algorithms

defined as the procedure used by search engines to assign priorities to returned results.

In the context of scientific content, the ranking algorithms for content evaluation are referred
to as scientometrics or bibliometrics (Beel et al., 2013; Bornmann et al., 2014, 2015; Cataldi
etal., 2016; Dong et al., 2016; Franceschini et al., 2015; Hasson et al., 2014; Madani & Weber,
2016; Marx & Bornmann, 2016; MASIC & BEGIC, 2016; Packalen & Bhattacharya, 2015;
Rubio & Gulo, 2016; Wan & Liu, 2014; S. Wang et al., 2014; M. Zhang et al., 2015).

With the interdisciplinary nature of research and electronic access to papers, there is a need to
facilitate and assist researchers in the iterative creation of their LRs. Semantic metadata allow

more accurate searching than keywords and may help to get better relevant results for an
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assisted literature review (ALR). Semantic metadata can be extracted using text and data
mining (TDM) algorithms. TDM, machine learning models (MLM) have been designed to
learn from papers and researchers’ annotated papers and to identify relevant papers for a

specific topic and research field.

In this paper, we report on our work to define and build an assisted LR prototype designed to
reduce reading load by pointing the researcher to a recommended selection of documents. This
paper proposes an ALR prototype (referred to here as STELLAR), i.e., a set of TDM and MLM
for searching, discovering, ranking and recommending papers for an ALR. For instance,
STELLAR will assess citations and other bibliographic attributes in order to select and rank

papers and include them (or not) in the list of recommended references for the researcher.

A prototype of STELLAR has been implemented using a software ecosystem described in
SMESE V1 (Brisebois, Abran, & Nadembega, Unpublished results) and SMESE V3
(Brisebois, Abran, Nadembega, & N’techobo, Unpublished results). The remainder of the
paper is organized as follows.

1. Section 2 presents the related works;

2. Section 3 describes the STELLAR multi-platform architectural model included in the

SMESE prototype;
3. Section 4 presents the MLM designed for the STELLAR prototype;
4. Section 5 presents an evaluation of the prototype through a number of ALR simulations;

5. Section 6 contains a summary and suggestions for future work.

2. Related Works

This section presents the related works in the following sequence:
1. Ranking of scientific papers,
2. Text and data mining, and more specifically:
a. Machine learning models (MLM),
b. Automatic text summarization (ATS),

¢. Automatic multi-documents summarization for ALRs.
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3. Assisted literature review object (ALRO).

2.1 Ranking of scientific papers

The proliferation of scientific publications and the online availability of repositories make it
challenging for researchers to produce and maintain an updated bibliography for specific
research fields. Within this context, there is an increasing need to develop software tools that
can facilitate and aid LR automation and optimization. Unfortunately, few works have

explored how to assist researchers in building a LR.

Two means of quantitatively evaluating scientific research output are discussed in the
literature: peer-review and citation-based bibliometrics indicators. The main limitation of peer-
review-based approaches is the subjectivity of evaluators, while citations-based approaches
have been criticized for having a scope limited to academia and neglecting the broader societal

impact of research (Marx & Bornmann, 2016).

According to the literature, citation analysis is widely used to measure scientific papers and
their impact. Recently some iterative processes, such as PageRank, have been applied to
citation networks to perform this function. Unfortunately, the PageRank algorithm also has
some limitations: for example, recent papers not yet cited do not appear in the top level of
results. Furthermore, the links between papers are oriented to a single direction: from a citing

paper to cited papers.

Scientific paper ranking should also depend on the venue, the location of publication, the year,
the author and the citation index. Some works in the field of scientific impact evaluation
(Bornmann et al., 2014, 2015; Cataldi et al., 2016; M. Zhang et al., 2015) address the ranking
of universities, institutions and research teams. For instance, M. Zhang et al. (M. Zhang et al.,
2015) propose a method to discover and rank collaborative research teams based on social
network analysis in combination with traditional citation analysis and bibliometrics. In this
approach, the research teams are ranked using indexes including both scientific research

outcomes and the close degree of co-author networks.
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For this research, many existing approaches for scientific paper ranking have been evaluated
(Bornmann et al., 2014, 2015; Gulo et al., 2015; Hasson et al., 2014; Madani & Weber, 2016;
Marx & Bornmann, 2016; Ribio & Gulo, 2016; Wan & Liu, 2014; S. Wang et al., 2014). They

suffer from a number of limitations:

1.

Most existing approaches focus on the researcher index or journal index to evaluate
scientific research impact, ignoring the papers index—the most important metric for

measuring the impact of a paper;

. Of the approaches that do focus on the papers index, most only use the citations count;

in addition, they do not consider the age of papers, penalizing the recent ones;

. The few approaches focusing on the evaluation of papers themselves do not take into

account the Social Level Metric, and they do not consider the category or polarity of
citations;

Some approaches make use of journal information to rank papers; however, they do not
consider the other types of venues, such as conference proceedings, workshops or
unpublished documents such as technical reports;

Several approaches make use of MLM; however, they require a large manual
contribution from specialists or experts to train the learning model;

Very few works focus on text-based analysis to identify relevant papers, and those that

do are limited to titles and abstracts.

A comparison of two approaches proposed in the literature for scientific paper ranking is

presented in Table A 3.1: PTRA (Hasson et al., 2014) and ID3 (Rubio & Gulo, 2016):

1.

PTRA: Hasson et al. (Hasson et al., 2014) propose a ranking algorithm, called Paper
Time Ranking Algorithm (PTRA), that depends on three factors: paper age, citation
index and publication venue with a different priority assigned to each one of them. For
a given paper, they compute its weight as the sum of the age of the conference
proceedings or the journal impact factors, the number of citations of the paper and the
age of paper;

ID3: Rabio and Gulo (Rubio & Gulo, 2016) propose recommending papers based on
known classification models, including the paper’s content and bibliometric features.

Indeed, they combine text mining, ML algorithms and bibliometric measures to
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automatically classify the relevant papers. They make use of the paper’s metadata (such
as year of publication, citation number, reference number and publication venue) to
measure the paper’s relevancy to specific field. To apply the ML algorithm, they make

use of specialist annotations.

It can be seen from Table A 3.1 that in ranking and identifying relevant contributions, neither
of these two approaches takes into account author impact, citation category, venue impact,

authors’ institutes or citing documents (the six rightmost columns).

Table A 3.1 The PTRA and ID3 approaches for ranking papers
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2.2 Text and data mining (TDM)

In scientific research, documents (such as journal papers, conference proceedings or research
reports) have a specific organization and relevant sections that are different from other types

of documents such as narrative text (R. Zhang et al., 2016).

The purpose of a text summarizer is to select the most important facts and present them in a
sensible order while avoiding repetition (Carenini et al., 2013). However, scientific papers
frequently contain repeated expressions and sentences. Consequently, narrative text

summarization approaches are not adequate for summarizing scientific papers for an ALR;
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however, the principles of automatic text summarization (ATS) may be extended to apply here.
This sub-section therefore reports on work dealing with:

1. MLM,

2. ATS,

3. Automatic multi-documents summarization for LR.

2.2.1 Machine learning models (MLM)

MLM is a subfield of computer science that evolved from the study of pattern recognition and
computational learning theory in artificial intelligence. MLM explores the definition and study
of algorithms that can learn from and make predictions on data. Tom Mitchell, in his
book Machine Learning (Mitchell, 1997), provides a definition in the opening line of the
preface: “The field of machine learning is concerned with the question of how to construct

computer programs that automatically improve with experience.”

There are three different axes for MLM:
1. Text and data mining: using historical data to improve decisions:
a. Medical records = medical knowledge,

b. Document notices = document knowledge.

2. Software algorithms that are difficult to program by hand:
a. Image recognition and classification,
b. Filtering algorithms/news feeds,
c. Sort the answers according to their relevancy to a dynamic query,
d. Optical character recognition,

e. Bibliographic classification.

3. User modeling:

a. Automatic recommender assistants,
b. Personal assistants such as Google Now and Apple Siri.
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In the context of TDM, MLM is used mainly for metadata enrichment and literature review
refinement in the context of ALR. Indeed, for literature summarization, two main MLM trends
are identified:
1. Supervised systems that rely on ML algorithms trained on pre-existing document-
summary pairs, namely:
a. Linear algorithms for classification and regression,

b. Non-linear algorithms for decision tree, rule-based and neural networks.

2. Unsupervised techniques based on properties and heuristics derived from the text. The
unsupervised summarization methods (Z. He et al., 2015) are mainly based on the

weight of words in sentences, as well as the sentence position in a document.

For example, Carlos and Thiago (Carlos & Thiago, 2015) developed a supervised MLM-based
solution for text mining scientific articles using the R language in “Knowledge Extraction and
Machine Learning” based on social network analysis, topic models and bipartite graph
approaches. Indeed, they defined a bipartite graph between documents and topics that makes

use of the Latent Dirichlet Allocation topic model.

In regards to the classification and ranking problem, there are different MLM. To determine

which model performs best, the best way remains the use of prototypes.

An MLM can also be dynamic, meaning that it can train itself on the analysis of new data. In
the case of MLM’s K-means clustering algorithm, the data would be classified into clusters
and any new metadata and data would clarify the cluster boundaries, thus improving the

model’s ability to classify accurately.

The next two sub-sections report on MLM for single or multi-document text summarization.

2.2.2 Automatic text summarization (ATS)

Document key phrases enable fast and accurate searching for a given document within a large

collection, and have exhibited their potential for improving many natural language processing
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and semantic information retrieval tasks, such as automatic text summarization (ATS) and

ALR. ATS has received a lot more attention than ALR.

According to (Saggion & Poibeau, 2013), there are two main types of ATS:
1. Extractive summarization selects the important sentences from the original input
documents to form a summary;
2. Abstractive summarization (Genest & Lapalme, 2012; Gerani et al., 2014) paraphrases
the corpus using novel sentences that usually involve information fusion, sentence
compression and reformulation. Although an abstractive summary could be more

concise, it requires deep natural language processing techniques.

According to (Ferreira et al., 2013), sentence scoring is the technique most used for extractive
text summarization. In general, there are three possible approaches:
1. Word scoring, which assigns scores to the most important words;
2. Sentence scoring, which examines the features of a sentence such as its position in the
document, similarity to the title, etc;

3. Graph scoring, which analyzes the relationships between sentences.

Extractive summaries are therefore more feasible and practical, and so this sub-section focuses
on that type of ATS. (Nenkova & McKeown, 2012) identified three relatively independent
tasks performed by almost all extractive summarizers:
1. Create an intermediate representation of the input which captures only the key aspects
of the text;
2. Score sentences based on that representation ;

3. Select a summary consisting of several sentences.

For the intermediate representation task, they identified the following approaches:

1. Topic representation approaches convert the text to an intermediate representation
capturing the topics discussed. Such approaches are based on term frequency—inverse
document frequency (TF-IDF), topic words, lexical chains, latent semantic analysis,
and Bayesian topic models. Each sentence receives a score determined by the extent to

which it expresses key topics in the document;
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2. Indicator representation approaches represent each sentence in the input according to a

list of indicators of importance such as sentence length, location in the document,
presence of certain phrases, etc. The sentence score is determined by combining the

evidence from the different indicators;

. Graph models approaches such as LexRank represent the entire document as a network

of inter-related sentences. In LexRank, the weight of each sentence is derived by
applying stochastic techniques to the graph representation of the text. Finally, the

summary is produced through the selection of important sentences.

For the selection of sentences that may be candidates for summarization, the authors refer to

three approaches:

1.

Best n,

2. Maximal marginal relevancy,

3.

Global selection.

In the literature, various solutions for ATS are proposed (CELEBI & DOKUN, 2015; Fang et
al., 2015; Hasan & Ng, 2014; Z. He et al., 2015; Ledeneva et al., 2014; Mendoza et al., 2014;

Premjith et al., 2015; Sankarasubramaniam et al., 2014); however, several drawbacks can be

noticed:

1.

Some contributions are greedy in terms of processing time, due to their optimization
processes;
Some of them make assumptions, such as availability of document topic factors, to

validate their approaches;

. Basic ATS approaches cannot be applied to scientific papers; they need to be adapted

to take into account the specificities of scientific papers in terms of document

organization and frequently recurring expressions.

2.2.3 Automatic multi-document summarization for ALR

Several approaches have been proposed for scientific paper summarization (Caragea et al.,

2014; Carlos & Thiago, 2015; J. Chen & Zhuge, 2014; Conroy & Davis, 2015; Dunne et al.,
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2012; Dyas-Correia & Alexopoulos, 2014; Huang & Wan, 2013; Mohammad et al., 2009;
Pedram & Omid, 2015; Ronzano & Saggion, 2016; Widyantoro & Amin, 2014). For an ALR,
numerous publications need to be analyzed and summarized: this is referred to as multi-
document summarization. In the context of scientific research, given a set of scientific papers,
multi-document summarization can be used to generate an ALR; however, there are different
styles of LR. According to (Jaidka et al., 2010), there are two main styles:

1. A descriptive LR presents a critical summary of a research domain: it summarizes
individual papers/studies and provides more information about each one, such as its
research methods and results. The descriptive LR focuses on previous studies in terms
of approach, results and evaluation, and uses sentence templates to perform rhetorical
functions;

2. Anintegrative LR focuses on the ideas and results extracted from a number of research

papers and provides fewer details about individual papers/studies.

For researchers with less experience, a descriptive LR with more details about individual
studies is more relevant. For those who prefer to understand the bigger picture and the main
research themes, an integrative LR is more relevant. In this contribution, the focus is on
recommending a list of relevant, descriptive and enriched papers to help researchers to build

their ALRs.

2.3 Assisted literature review object (ALRO)

We have coined the term “assisted literature review object” (ALRO) to refer to a component
type that includes many types of metadata and content related to the researchers’ specific
requests; for example, an ALRO may enrich an ALR with a video or speech that facilitates
understanding of the topic of a paper. Indeed, an ALRO is built for a given research topic and
differs according to the selection parameters, paper annotations and the time of the request. In
other words, it is dynamic, and it aggregates data and enriches metadata about a given ALR to
help researchers learn about their field more quickly. Very few works have examined ALRO
as defined in this way. In one of these works, Dunn et al. (Dunne et al., 2012) present the

results of their effort to integrate statistics, text analytics and visualization in a prototype
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interface for researchers and analysts. Their prototype system, called Action Science Explorer
(ASE), provides an environment for demonstrating principles of coordination and conducting
iterative usability tests with interested and knowledgeable researchers. According to these
authors, ASE is designed to support exploration of a collection of papers by rapidly providing
a summary, while identifying key papers, topics and research groups. The first drawback of
ASE is that it does not propose an algorithm or model for evaluating a scientific paper’s
relevancy to its research field, but uses only the paper’s bibliometric ranking. Also, the authors
do not explain how ASE extracts the sentences containing the citations and their locations from

the full text of each paper.

From the review of related works, the main drawbacks of existing approaches to ALR are as
follows:

1. Regular text summarization techniques cannot be applied to scientific research papers;
indeed, such papers have a specific structural organization different from that of other
types of documents such as narrative or biographical texts. Conventional TS
approaches must therefore be adapted to take into account the specificities of scientific
papers in terms of document organization and rhetorical devices;

2. Most of the existing approaches focus only on single paper summarization;

3. Existing works ignore the identification of scientific papers related to the researcher’s
selection and annotation in terms of research domain, specific topic, matching
keywords and subject of research;

4. Finally, existing contributions do not propose an ALRO.

In this research work, we address several limitations of existing approaches (Agarwal et al.,
2011; J. Chen & Zhuge, 2014; Dunne et al., 2012; Jaidka et al., 2010, 2013a, 2013b; Patil &
Mahajan, 2012; Yeloglu et al., 2011; Zajic et al., 2007) for the design of a better ALR for
researchers, including:

1. Ranking of scientific papers,

2. Reviewing of the recommended references for an ALR.
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3. STELLAR Multi-platform Architectural Model

This section first presents an overview of the STELLAR (Semantic Topics Ecosystem
Learning-based Literature Assisted Review) multi-platform architectural model and a
prototype of this architectural model based on SMESE (Semantic Metadata Enrichments
Software Ecosystem). The various MLM designed for STELLAR will then be described,
including:

1. Discovery ALR,

2. Search & Refine ALR,

3. Assist & Recommend ALR.

3.1 Workflows of manual and assisted literature reviews

The workflow of a manual LR is presented in Figure A 3.1 and the architectural model for an
ALR is presented in Figure A 3.2. Within these figures, the white boxes represent manual

activities while the shaded ones represent automated activities.
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Figure A 3.1 Workflow of a manual LR

An assisted LR (ALR), as illustrated in Figure A 3.2, should allow the following functions:
1. Searching and refining an ALR,
2. Evaluating an LR,
3. Discovering an ALR,
4. Searching in an universal repository, which we will call the universal research

document repository (URDR),
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5. Searching within an existing ALR, which we will refer to as an ALRO, which is

basically a component type with many types of information related to the ALR.

In addition, it should alert the researchers about new papers of interest, related publications or

new papers relevant to their ALR.
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Figure A 3.2 Workflow of an assisted LR (ALR)
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In the rest of this section, the STELLAR multi-platform prototype of an ALR is described in

more detail.

3.2 Overview of the STELLAR prototype of an assisted LR (ALR)

A literature search has to be systematic and evaluative: it should assess each paper to determine
its ranking and whether or not it is worth including in the LR. One of the aims of an ALR is to
reduce the reading load by enabling the researcher to read and exploit only a relevant selection

of papers.

The models and algorithms of the proposed prototype consist of:
1. TDM models,
2. MLM,

3. A classification model.

This STELLAR prototype (see Figure A 3.3) uses as inputs:
1. A universal research document repository (URDR),

2. The papers annotated by the researcher and previous researchers.

It learns from researchers’ annotated papers and the URDR to recommend relevant papers for

a specific research field and topic in order to facilitate the creation of a new ALR.

The four main parts of version 1 (V1) of the proposed STELLAR prototype are presented in
Figure A 3.3 and explained in the following four sub-sections:
A. Search & Refine ALR (Block A in the middle),
B. Assist & recommend ALR (Block B at the top-right),
C. Discover ALR Knowledge (Block C at the bottom),
D. Semantic Metadata Enrichments Software Ecosystem — SMESE V3; see (Brisebois,
Abran, Nadembega, et al., Unpublished results). (top-left in Figure A 3.3 — see also
Figure A 3.8).
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Figure A 3.3 STELLAR — Semantic Topics Ecosystem Learning-based Literature Assisted
Review

3.3 SEARCH & REFINE ALR — Block A of the STELLAR prototype

The Search & Refine ALR (block A in Figure A 3.3) consists of seven steps — see Figure A
3.4:

1. Identify, Refine & Notify ALR’s Selection
This first step identifies and refines, in an interactive process, researcher selection (RS)
metadata (i.e., documents selection parameters) in order to provide an ALR that meets

researcher requirements; it also notifies the researcher when new paper which matches with

its RS metadata is published.
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Figure A 3.4 Search & Refine ALR (Block A in Figure A 3.3)

A secondary objective of this step is to formulate the research questions. The metadata used
to identify an RS are defined in two sections — see Table A 3.2:

a. Document Common Metadata section (top part of Table A 3.2),
b. Researcher Annotations section (bottom part of Table A 3.2).

The researcher can iterate this first step as necessary to complete the ALR or when there is
a new paper to be added. Note that the papers are harvested in a master catalogue of papers

defined in SMESE V3.

2. Discover Relevant Literature & Manage Personal Metadata
From the growing cluster of papers in SMESE V3, — a literature corpus that meets the RS
metadata is identified. Any papers tagged by the researcher as “Relevant for the ALR” will
be included. The paper relevancy is measured thanks to dynamic topic based index (DTb

index) that is computed making used of TDM and MLM approaches.

3. Evaluate, Organize & Index the Relevant Literature
A subset of relevant papers is created in order to define the ALR Corpus based on the
literature corpus radius index (LCR index). In contrast to Literature Corpus which denotes
all the papers of a specific research topic, the ALR Corpus denotes only the papers of a
Literature Corpus which meets RS metadata for an ALR. In other words, ALR Corpus is a

subset of Literature Corpus in the same specific research topic.

4. Enrich & Summarize the Literature Review

The ALRO is produced through text summarization and subject extraction.



Table A 3.2 Researcher selection (RS) metadata

Number | Metadata | Description
A. Document Common Metadata

1 Discipline Selection of the discipline related to the ALR

2 Main Topic The main topic is one of the most important metadata for building the
ALR. It should be as specific as possible.

3 Literature Corpus | The Literature Corpus Radius (LCR) is used to build other algorithms; it

Radius is the main concept that makes it possible to refine the selection of
research documents to be included in the ALR.

4 Keywords The researcher has to identify keywords representative of the ALR.

5 Harvesting Date Date of document harvesting

6 Creation Date Date of document creation

7 Title Title of the ALR

8 MLTC - Mix of The MLTC is very crucial to building and refining the ALR. It has two

the Literature indicators:

Temporal 1 - Number of years covered by the search

Coverage (Yrs, 2 - Percentage of documents outside this time range to be included.

%) Example: When a researcher selects 5 years and 10%, STELLAR will
select relevant documents published in the past five years and will
include only 10% of documents falling outside this range.

9 Description A brief description of the research project of the ALR such as a paper
abstract

10 Languages The researcher has to choose the language of the documents to be
included in the corpus of interest.

11 Number of The number of references that the ALR should consider.

References

B. Researcher Annotations Metadata

12 Key Findings The Key Findings are annotations regarding important findings in the
document identified by the researcher.

13 Free Tags The researcher may place tags on a document in order to remember some
information about it. These tags can be used by STELLAR or the
researcher to enhance the quality of the ALR.

14 Personal Notes The researcher may attach notes to a document in order to remember
some information about it. These notes can be used by STELLAR or the
researcher to help specify the targeted ALR. Personal notes can be used

a.  to identify and understand the main points of a text
b.  to facilitate recall

c.  in later research and writing

d.  to make connections between different sources

e. to facilitate rearranging the information for writing

15 Pre-defined Tags These are predefined metadata to help the researcher and STELLAR track

the status of the relevant document. Examples of pre-defined tags:
a. Read
b.  Toberead
c.  Tobe included in the ALR

217
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5. Synthesize & Clusterize the ALR Structure & Citations
All the relevant documents are synthesized and organized into clusters related to the LCR

index. This is done by putting the enrichments together in the ALRO pre-defined structure.

6. Generate & Visualize the ALR
In this step, the recommended papers in the Literature Corpus are generated and visualized.
Assisted generation of the recommended papers helps the researcher examine the
coherence of the ALR and iterate the ALR process. At any moment, the researcher can add

to the relevant papers list that will be part of the final ALR.

7. Metadata-based Literature & Research Alerts

New relevant papers or new metadata related to the ALR are detected in this last step.

3.4 ASSIST & RECOMMEND ALR - Block B of the STELLAR prototype

Assist & recommend ALR (Block B in Figure A 3.3) allows refining the ALR through two
sets of steps (S1 and S2) —see Figure A 3.5. Numbers 1 to 5 in the bottom-right corner of many
of the boxes in Figure A 3.5 denote the MLM designed to identify a specific corpus, evaluate
document relevancy or define learning models that are required by STELLAR for obtaining

the ALR objects.
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Figure A 3.5 Assist & recommend ALR (Block B in Figure A 3.3)
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The ALR assistance and recommendation is done through TDM and MLM implemented in

five algorithms. These algorithms refine the relevant literature candidates to build the final list

of papers of the ALR:

S1 set of steps:

This set of steps identifies the papers that semantically matches the researcher selection (RS),

taking the researcher annotations (RAs) into consideration as well. It includes:

ALR Radius Computation of the LCR based on the metadata of the RS. This allows
computing the LCR index of each paper of Literature Corpus making used of certain RS
metadata;

ALR Corpus Identification according to the RS: a semantic affinity match is applied
considering LCR index to identify the ALR Corpus according to both the RSs and the RAs
metadata. More details about this step are presented in Section 4;

Selection ALR Affinity Match: the papers within the URDR whose metadata match the RS
and RA parameters are identified; for example, the language of paper should match the RS

language metadata.

S2 set of steps:
This set of steps S2 introduces the MLM 2 to 5 of the STELLAR prototype (more details in
Section 4).

ALR Radius Analytical - MLM §

All references related to the selected documents are identified and evaluated.

Multilevel-based Relevant LR Corpus - MLM 3
Creation of a dynamic list of relevant documents for building the ALR according to the
RS. This process is dynamic: any new relevant research document may change the list of

papers for building the ALR.

ALR Semantic Enrichments TDM
Enrichments are built from all the papers retained for the ALR. The enrichments are at

different levels and are provided by the SMESE V3 platform: extraction of topics from the
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documents, summarization of documents, and papers that refer to the papers retained for

the ALR.

e ALR Machine Learning - MLM 2
This step feeds the multilevel-based relevant ALR Corpus making use of DTb index and
LCR index, for example by defining and creating the learning models used in the

subsequent steps. More details are given in Section 4.2.

e ALR Refine & Recommendation - MLM 4
This is the most important step for the researcher. It allows the researcher to refine all
choices in terms of selections for building the ALR. The researcher is also presented with

a number of recommendations for improving the ALR.

The following sources are used to build the suggested list of ALR papers:

1. The list of papers generated by the step ‘ALR Refine & Recommendation - MLM 4’
according to the RS; they are located in the centers of the circles in Figure A 3.6. This
list includes the LCR threshold indicated by the gray circle (papers in blue);

2. The annotated papers from the researcher (RAs) — papers in red;

3. The papers identified by the Mix Literature Temporal Coverage (MLTC) from the RS
— papers in yellow;

4. The universal research document repository (URDR), in the bottom right corner of
Figure A 3.6, extracted from SMESE V3 (Brisebois, Abran, Nadembega, et al.,
Unpublished results).

Each corpus in Figure A 3.6 is shown as a circle whose horizontal axis represents the LCR
line. Note that the origin of this axis is not explicitly visible. Indeed, the center of each circle
denotes the origin of the horizontal axis going off toward the right or left, but the center is
hidden by the type of metadata (RS or RA) used to select the corpus. However, here the
direction (i.e., toward the right or the left) is not important. What is more important is to
position a paper at the correct distance from the center according to its LCR index. The LCR
index of a paper is defined as the similarity between the RS metadata and that paper’s metadata

such as title, topics, abstract and keywords. It measures the semantic relevancy of a paper
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according to the RS. Note that, a paper on the right side is equal, in terms of meeting the RS

metadata, to another on the left side at the same distance from the center.

The Literature Corpus contains all the papers regardless of their LCR index and the type of
selection metadata (i.e., RSs or RAs). The papers within corpus radius are those located at the
surface (forming a disc) of a circle with the specific corpus radius. We refer to the radius of

this specific circle as the Corpus Radius (see Figure A 3.6).

Based on the definitions above, the Corpus Radius may be defined as the delimiter of the
Literature Corpus suggested to the researcher for the ALR on the basis of the researcher’s
selections and annotations. The goal is to start from the entire Literature Corpus (i.e., the
URDR) and use the selection process based on RSs and RAs to limit the number of papers to
those that are relevant (recommended by MLM and tagged by the researcher). To facilitate
understanding, both the RS and RA selection criteria are defined in the figure. The RS selection
criteria are the researcher’s metadata parameters while the RA selection criteria consist of

notes, tags and key findings mentioned by the researcher.
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Figure A 3.6 Sources used to build the suggested list of ALR papers

To illustrate, consider the papers in the corpus radius called “Papers relevant to ALR” (disk
with blue dots at the top of Figure A 3.6): all the papers within the gray disc are URDR papers
whose LCR index is less than or equal to 2; in this case, the LCR threshold is set at 2.

3.5 Discover ALR Knowledge — Block C of the STELLAR prototype

The ‘Discover ALR Knowledge’ (Block C in Figure A 3.3) unveils the content of the ALR and
checks the relevance of papers used to build a manual LR— see Figure A 3.7. It enables the

researcher to explore the ALR information generated by STELLAR. As shown in Figure A

3.7, ‘Discover ALR Knowledge’ consists of two features:
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1. Evaluation of manual LR that allows:
a. Identifying the relevancy of manual LR references;
b. Detecting missing references; in other words, the papers which should have been

cited in the manual LR references.

2. Discover ALR feature includes:
c. Graphical views of documents LCR and timeline,

d. Graphical views of authors LCR and timeline.

DISCOVER ALR pr—
KNOWLEDGE Non-Harvested
Papers
@»1 - Evaluate LR
Students
hers '

Relevancy of
References

Discover ALR
Authors LCR ’ & ' Y.
& Timeline R g ot

Figure A 3.7 Discover ALR Knowledge

More specifically, the first feature “Evaluate LR” consists in an assisted evaluation of an
already published LR. This can be useful to researchers, students and teachers, helping them
produce a better ALR related to their topic. To evaluate an existing LR, this feature compares
the existing LR (done manually) to the one from STELLAR’s MLM to quantify their

similarity.

The second feature “Discovery ALR” consists in identifying the relative contribution of an
author to a specific topic or area of interest. The contribution could be from different sources
but the reputation of the journal has to be taken into account. Here are some examples of types
of publications:

1. Papers in refereed journals,

2. Papers published online but subject to a rigorous review,

3. Books incorporating original research and published by reputable presses.
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Here, the computation of the weight of a journal is not based on the number of papers it has
published but on the number of papers it has published in the Corpus of papers (i.e., a collection
of papers) defined by the researcher selection (e.g. the ALR Corpus).

The tags created by the researchers are used to enrich the ALR metadata. The process ‘Discover
ALR Knowledge’ makes it possible to drill down through different types of visualization of

the corpus, such as documents, authors and ALROs.

3.6 Semantic Metadata Enrichments Software Ecosystem SMESE V3 of STELLAR

The SMESE V3 platform presented in Figure A 3.8 (Brisebois, Abran, Nadembega, et al.,
Unpublished results) is a semantic metadata enrichment software ecosystem based on a multi-
platform universal metadata model. It aggregates and enriches metadata to create a semantic
master metadata catalogue (SMMC). This ecosystem consists of nine sub-systems:
1. Metadata initiatives & concordance rules,
. Harvesting of web metadata & data,
. Harvesting of authority’s metadata & data,

. Rule-based semantic metadata external enrichments,

Semantic metadata external & internal enrichment synchronization,

2
3
4
5. Rule-based semantic metadata internal enrichments,
6
7. Researcher interest-based gateway,

8

Semantic metadata master catalogue.
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Semantic Metadata Enrichments Software Ecosystem (SMESE V3)
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Figure A 3.8 SMESE V3 - Semantic Metadata Enrichments Software Ecosystem

The SMESE V3 platform allows enrichment from different sources including linked open data.
Linked data is about using the Web to enrich related data or metadata by connecting pieces

of data, information and knowledge on the Semantic Web.

SMESE V3 is essential to STELLAR for building its URDR (its base repository of harvested
available papers at a given time t). This repository is growing every day and is required to

notify the researcher of new relevant papers that may be used in the ALR.

3.7 Assisted Literature Review Object (ALRO)

The concept of the assisted literature review object (ALRO) is useful for managing ALRs. It
is basically a component type that includes many types of information related to the LR.
Indeed, many kinds of information can be useful in building the ALR, for example:

1. Researcher annotations (RAs),

2. Metadata sets,

3. Datasets,
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Slide presentations,
Research reports,
Hypotheses investigated during the research,

Results produced from prototypes,

® N ok

Unique identifiers.

In Figure A 3.9, the Entity Matrix has been modified with the addition of a new component
type: ALRO (Bechhofer et al., 2013). An ALRO aggregates all objects and relationships
related to the creation of an ALR. All this information can be re-used in subsequent research
investigations. An ALRO can be also identified by a uniform resource identifier (URI) such as
the digital object identifier (DOI). An ALRO can be shared by researchers or re-used to

accelerate research findings.

In addition, each type of text has its own specific structure. Scientific articles are often
organized as follows:
1. Abstract,
Introduction,
Problem description,
Research questions,
Literature Review or Related Literature or Related Work,
Methodology,
Key findings (results),

Conclusions,

A A R e i

References.

The algorithms used to perform ATS for scientific papers need to take this text organization
into account. To be able to generate an ALRO, STELLAR proposes an ALR template:

Title,

Abstract of Abstracts (AoA),

Keywords,

Literature Review Summary,

A e

References,
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Researcher Selection.

STELLAR proposes different types of ALRO index to evaluate the relevance and importance

of am ALRO for a specific researcher; for example, the DTb index of an ALRO in STELLAR

takes into account:

1.

2
3
4
3.
6
7
8

Topic-based approach,

. Text-based approach,
. Reference-based approach,

. Author-level metrics,

Co-author-level metrics,

. Venue-level metrics,

Social-level metrics,

. Affiliation-level metrics.

The ALRO metadata (see Figure A 3.9) are the basis for the identification and indexing of a

specific ALRO. Typically, the metadata of an ALRO include:

1.

° © N o kWD

—_—
NN = O

Venue,

Title,

Abstract,

Authors,

Issue of publication,
Volume of publication,
Publisher,

Page numbers,

Date of publication,

.ISBN,
. DO,

.ISSN,
13.

Keywords,

14. Annotations.
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ENTITY (NOTICES) MATRIX of the SMESE’s Master Catalogue (EXAMPLE)
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Figure A 3.9 Entity matrix of the SMESE V3 Platform Master Catalogue

In STELLAR, additional metadata are included and classified into three categories (see Table
A 3.3):

1. Document metadata,

2. Researcher metadata,

3. Author metadata.
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Document metadata

Researcher metadata

Author metadata

Domain FreeTags SearchFields
Language Notes Awards

Citations with category | KeyFindings Affiliated institution
References Tags Co-authors
Citing_documents Courses

Section NumberOfPublication1stAuthor
Figures NumberOfPublication2nd Author
Tables NumberOfPublicationOther
Rights NumberOfGraduatedStudentPhD

NumberOfGraduatedStudentMaster

Several supervised MLM-based metadata extraction methods are available for automatic
integration of metadata into bibliographic manager tools such as Endnote. In this work, which
takes a rules-based approach, a supervised MLM is used (Gulo et al., 2015). The metadata are
databases such as www.opendoar.org, www.researchgate.net,

extracted from

www.academia.edu, and OAI-PMH sources.

Additional metadata about authors and researchers need to be identified or computed. Author
metadata is usually the basis of a search for document relevancy detection. They help to gain

insights about author’ publications.

4. STELLAR Processes Description

This section presents the MLM of STELLAR. For an improved understanding of Steps 1 and
2 of STELLAR (as indicated in Figure A 3.3), Figure A 3.10 presents an overview of the
STELLAR processes, their inputs and outputs and their interoperability. Each one of these five

STELLAR processes is described in more detail in the following sub-sections.
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From now on in this paper, the following terms are used interchangeably: document, paper and

scientific paper.

s -
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Figure A 3.10 Interoperability of the STELLAR processes

1. Using as inputs the URDR that contains existing ALROs, as well as papers, RAs and
RS, the ALR radius computation engine computes the LCR index. The LCR index is
then used by the ALR Corpus identification engine in addition to selection affinity
match (see Figure A 3.3) to generate an ALR Corpus that meets the researcher’s
requirements (i.e., RS and RAs);

2. Next, using as inputs the ALR Corpus and the training models built by selected
researchers, MLM provide the ALR learning model used by the Multilevel-based
Relevant ALR Corpus. MLLM also enrich the ALR Corpus to provide the ALRO;
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3. The Multilevel-based Relevant ALR Corpus computes the DTb-index that measures
the relevancy of each paper in the ALR corpus;

4. Making use of the generated and enriched ALRO, the ALR Refine & Recommendation
engine suggests the Paper References list to the researcher;

5. The ALR Radius Analytical generates different analytical views of the ALR Corpus.

4.1 ALR radius computation

ALR radius computation is used to rank the relevancy of papers to be included in the ALR,
according to the researcher selection (RS) and researcher annotations (RAs). Computation of
the LCR index is defined as a sub-algorithm of the semantic ALR selection search that
identifies the ALR corpus according to the RS and RAs defined in Figure A 3.3. Here, selection

metadata and selection parameters may be used interchangeable.

To identify an ALR corpus as shown in the Step 1 of Figure A 3.10, the selection parameters
(RA and RS) are classified into three categories (see Table A 3.4):

1. Evaluation-based,

2. Selection-based,

3. Sort-based.

Table A 3.4 STELLAR classification of selection parameters

Evaluation-based Selection-based Sort-based
Main Topic (MaT) | Discipline Literature Corpus Radius (LCR)
Keywords (KeW) | Languages Mix of the Literature Temporal
Coverage (MLTC)
Title (TiT) Document Researcher Number of References
Annotations
Description (DeC)
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1. Inevaluation-based selection, the LCR index is computed based on the TDM approach.
This class of RS is mainly used in the ALR radius computation to evaluate the LCR
index used by sort-based selections;

2. In selection-based selection, documents are selected based on a specific value of the
document metadata. As shown in Figure A 3.11, in this class of parameters, the
document’s Researcher Annotations (RAs) are included and consist of:

a. Key Findings,
b. Free Tags,

Personal Notes,

i

Pre-defined Tags.

3. In sort-based selection, a specified number of documents are sorted according to a
particular order. For example, for an ALR in a given field, the researcher may need to
keep:

a. Z% of relevant documents that are X years old or less, and

b. (100-Z)% that are more than X years old.

Figure A 3.11 illustrates the interaction between the researcher selections. To allow researchers
to combine the selection parameters themselves according to their experience in order to obtain
a corpus that meets their requirements, an option for selection condition formatting is available

through the "Researcher search experience" function — see leftmost box in Figure A 3.11.
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Selected-based
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Figure A 3.11 Researcher selection and annotations

For example, Figure A 3.12 shows the steps (A to D) in a semantic ALR selection search for the

more complex case of a selection condition based on RS and RA: “Discipline AND Language

AND RA-(To be included in the ALR) AND LCR Threshold AND MLTC AND Number of

references.
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Figure A 3.12 Steps in a semantic ALR selection search

In the following paragraphs, the TDM semantic topic search for the example of Figure A 3.12

is explained in detail.

A. Discipline and language researcher selections step

In step A in Figure A 3.12, the volume of documents to be considered for the rest of the process

may be reduced, based on:
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1. Discipline selection: selecting all documents that are in the Meta Corpus of a given
discipline, e.g., Biology and Computer Science;
2. Language selection: limiting the documents to be considered for the ALR to a specific

language; the default value is English.
The selection query uses the document metadata in the URDR.

Let DC be the chosen discipline, let LG be the given language, let DISCIPLINE be the
metadata that records the discipline of the documents in URDR, let LANGUAGE be the
metadata that records the language of the documents in URDR and let
DiscLan_Corpus(DC,LG) be the set of documents in the language LG that are in the discipline
DC.

DiscLan_Corpus(DC,LG) is obtained as follows:

DiscLan_Corpus(DC, LG) = [select in URDR the Documents where
DISCIPLINE is “DC”
and
LANGUAGE is “LG”]

This query to the URDR extracts only papers in the specified discipline and language.
Let C; be the corpus of papers obtained in step A.

B. LCR index computation step

Using the set of papers extracted in step A, the LCR index is computed next in step B based

on the evaluation-based selections: main topic, keyword, title and description.

The impact of each of these selections is computed to identify the papers that best match the
researcher selections:

1. First, the similarity matching of each evaluation-based selection with a predefined

selection of papers is evaluated within the range [0,1]: 1 means the most similar while

0 means the least similar;
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2. Next, based on their predefined weight and the similarity matching value, the LCR

index is computed.

The LCR index computation step consists of five sub-steps, a to e. Appendix A presents the

details of all the algorithms used.

a. Similarity matching of researcher main topic with topics extracted from document
abstracts

The similarity matching of the researcher main topic with the topics extracted from the
document abstracts is first computed using the topic detection ML model called BM-Scalable
Annotation-based Topic Detection (BM-SATD) (Brisebois, Abran, Nadembega, et al.,
Unpublished results). More specifically, BM-SATD uses multiple relations within a term graph
and detects topics from the graph using a graph analytical method. BM-SATD combines
semantic relations between terms with co-occurrence relations across the document, by making

use of the document annotations.

Here, the similarity matching is based on the n-gram approach where the value n is used as the
weight (Bertin, Atanassova, Sugimoto, & Lariviere, 2016): when the i-gram expression of the
researcher main topic is found in the abstract, the weight i is associated with this expression

(see equations A.1 to A.3 in Appendix A).

b. Similarity matching of researcher keywords with document keywords

The similarity matching of the researcher keywords is computed next by making use of the
KEYWORDS sections of the documents. The impact value is the number of researcher
selection keywords that are similar to the KEYWORDS section (see equations A.4 and A.5 in
Appendix A).

¢. Similarity matching of researcher title with document titles

Before this similarity matching computation, the researcher title and document titles are pre-
processed to filter noise. This consists in stemming, phrase extraction, part-of-speech filtering

and removal of stop-words. Next, based on the terms obtained, the maximum n-gram of the
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researcher title which is met in the document title is used as the title selection impact value

(see equations A.6 and A.7 in Appendix A).

d. Similarity matching of researcher research topic description with document abstracts

The researcher research topic description is semantically compared with the document abstract
in order to measure the semantic similarity level. This similarity matching makes use of
WordNet::Similarity (Pedersen et al., 2004), which applies six measures of similarity and three
measures of relatedness; thus, several terms may be semantically the same. To measure this
similarity, the TF-IDF approach is extended to meet our objective by applying it to the
vocabulary of the corpus instead of the document itself (see equations A.8 to A.10 in Appendix
A).

e. LCR index computation

Finally, when the similarity matching of each evaluation-based selection has been completed
through sub-steps a to d, the LCR index within the [0,1] range can be computed. Note that the

LCR index is a weighted sum of the computed value of each evaluation-based selection.

The difference in weight between two consecutive evaluation-based selections (i.e., selection

1 and selection i+1) is a predefined constant value (see equation A.11 in Appendix A).

C. Literature Corpus Radius (LCR) threshold selection step

In this step, a set of documents is sorted or selected according LCR index value. For example,
a researcher may indicate that the LCR threshold is 0.7; the output will then be a subset of
corpus C whose LCR index is greater than or equal to 0.7. When the researcher does not give
this selection, the set of documents obtained in step A above (Discipline and language

researcher selections) is used as the input of this step.

Let C2 be the corpus of documents obtained in step C.
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D. MLTC AND Number of references AND “To be included in the ALR” step

MLTC is the Mix Literature Temporal Coverage. Let MLTC (x, y) with its number of
selections equal N: this means the researcher expects to have at most N documents, with a
maximum of (100-x)% (i.e., 1% X (100 — x)) that are at most y years old, and including all

the documents tagged “To be included in the ALR”. Note that the latter documents have

priority.

First, a list (in descending order) is created based on the LCR index applied to corpus Ci where

the documents tagged “To be included in the ALR” are at the top due to their priority.

Let All Ci be this list. New_Ci is defined as a sub-list of Ci in which the document age is less

than or equal to y, and Old_Ci contains documents older than y.

Let A = = X x be the length of New_Ciand B = = x (100 — x) be the length of Old_Ci.

To take into account the three selections made in sub-step D, a pseudo-code is proposed in

Appendix B.

Note that, when the number of documents in All Ci is less than N, all the documents are

considered affinity matches for the ALR; in that case, the MLTC selection is ignored.

However, when there are not enough documents whose age is less than or equal to y to satisfy
the MLTC selection, a new MLTC is provided in order to reach the number 4. But if the
researcher requires the MLTC selection to be met, some documents are removed from New_Ci

in order to meet the selected MLTC(X, y).

If an “OR” has been placed between the researcher selections, the LR corpus will be defined
as the union of the C2 subsets provided by the MLTC process, the Number of references
process and the “To be included in the ALR” tags.
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4.2 ALR Machine Learning (ALRML)

ALR Machine Learning (ALRML) (Step 2 of Figure A 3.10) for semantic ALR selection is
the core of STELLAR. It is the only process that interacts with all the algorithms of the other
MLM, combining the TDM and MLM approaches to discover hidden information in papers.

This information is used as internal semantic enriched metadata.

ALRML is a supervised MLM that makes use of a training set in order to provide the learning
model, called the ALR learning model, composed of three sub-models:

1. Section recognition learning model,

2. Citation-based learning model,

3. Text-based learning model.

For the rest of this sub-section, the following two expressions are used:
1. Cited document: denotes the paper cited by another paper,

2. Citing document: denotes the paper citing another paper.

4.2.1 Section recognition learning model

Unlike most other types of documents, scientific papers present similarities in terms of
structural organization, with common sections as follows:
1. Abstract,
Introduction,
Related work,
Methodology,
Results,
Discussion,
Conclusion,

References,

° ® N kWD

Appendices.
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The section recognition learning model in STELLAR supports the assumption that knowing
the section in which a sentence appears may change its context. For example, citations in the
‘Related Work’ section do not carry the same weight as those in the ‘Discussion’ section in
terms of identifying existing papers in a specific domain. In STELLAR, the following sections
are considered: abstract, introduction, literature review, solution or methodology, results, and

conclusion.

To initialize the learning model, the section titles are classified on the basis of the training set.
In addition, different scenarios of structural organization have been observed. For example:
1. The main scenario is: (abstract, introduction, literature review, solution, results, and
conclusion) or (abstract, introduction, solution, results, and conclusion);

2. A second scenario is that the ALR is included in the ‘introduction’ section.

In both scenarios, the abstract and introduction are first and the conclusion last. Table A 3.5
provides an example for each section. To refine this learning model, the semantic similarities
are computed based on a manual titles classification (i.e., titles found by humans) and the
WordNet lexical database. For the manual classification, researchers are selected from the
URDR are selected and asked to read and label the section headings of selected papers; this
generates the section recognition training model incorporated into the “Training Model”
mentioned in Figure A 3.10. To enrich the learning model, when a section heading is detected
in a document but is not mentioned in the current section recognition learning model, it can be

placed in the right category through the semantic similarity process.
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Table A 3.5 Commonly used section headings in scientific papers

Section Section headings

label Manually detected | Automatically detected

Abstract Abstract -

Introduction | Introduction -

Literature Literature review, Background, previous work,
review related work related literature, existing
approaches

Solution System model, Proposed system, design, the
proposal model system, methodology

Results Results, Experimental results,
experimentation, implementation, evaluation,
simulation, discussion, implementation
experimental, details, experimental setup
empirical

Conclusion | Conclusion, -
conclusion and

future work

4.2.2 Citations-based learning model

A citations-based learning model has been designed to identify and extract citations in
documents. This learning model is divided as follows (see Table A 3.6):

A. A citation style learning model based on citation style;

B. A citation classification learning model based on citation rhetorical categories and cue

phrases.
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Table A 3.6 Citations-based learning model

A. Citation style learning model

Style marker Description
Numerical The syntax of this citation style is the number between brackets; for
marker example, [1 to N] where N is the total number of references.
Textual marker | There are two syntaxes for this citation style: (<names of authors>, year)
or < names of authors > (year).
Personalization | This style is based on the set of texts that refer to cited papers. After the
marker numerical and textual markers, the cited document is referred to by the
author’s name or a personal pronoun. The name of the proposed solution
or algorithm may also be used to refer to a cited paper.
B. Citation classification model
Citation Description
category
Relevant According to the citing document, the cited document is relevant for the
domain.
Problem The cited document presents the issues that led to the research.
Uses The cited document proposes a solution that is used in the citing document.
Extension The cited document proposes a solution that is extended by the citing
document.
Comparison The cited document proposes a solution that is compared with the citing
document solution in terms of performance.

More specifically, the citation categories are identified based on rhetorical expressions
detected through cue phrases. A cue phrase is the phrase that often occurs in a certain rhetorical
category. In the case of citation classification, the verb plays the main role. For example, the
verbs “proposed”, “presented”, “introduced” and “described” are used in rhetorical expressions
in the Solution section. Researchers are asked to read and detect the cue phrases associated
with each citation polarity (i.e., good opinion or bad opinion) and category; this makes it

possible to build a training model of cue phrases and their classifications, which is integrated
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into the “Training Model” mentioned in Figure A 3.10. This manual annotation is done before

the STELLAR MLM process (see ALRML).

Next, based on semantic similarities, any rhetorical category that was not detected manually is
detected automatically and added to the model. In addition to categories, the polarity model is

proposed in order to indicate whether the citation is positive or negative.

The classification model consists of:
1. The citation polarity learning model, which contains a list of rhetorical expression
polarities (PR);
2. The citation category learning model, which contains a list of rhetorical expression

categories (CR).

4.2.3 Text-based learning model

To define the text-based learning model, text categories have been predefined as follows:
1. Problem,
2. Solution,

3. Results.

As in the citation-based learning model, rhetorical expressions are detected by means of cue
phrases:

1. First, cue phrases that often appear in certain rhetorical expressions are manually
identified;

2. Next, semantic similarity is applied automatically to these cue phrases in order to build
the learning model. For example, “We”, “This paper”, “This article” and “In this paper”
are often used with the verb “present”, “propose” or “introduce” to present the solution.
Here is an example of a rhetorical expression that presents the problem:
“Communication efficiency can be largely improved if the network anticipates the
needs of its users on the move and, thus, performs reservation of radio resources at

cells along the path to the destination.” The authors’ solution is presented in the next

sentence: “In this vein, we propose a mobility prediction scheme for MNs, more
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specifically, we first apply probability and Dempster—Shafer processes for predicting

the likelihood of the next destination, for an arbitrary user in an MN, based on user

habits (e.g., frequently visited locations).”

The text-based learning model is organized as follows:

1. The cue phrase learning model containing a list of cue phrases (CPs):
a. Problem CP,
b. Solution CP,
c. Result CP.

2. The thematic learning model, which contains a list of thematic rhetorical expressions

(TRs):

a. Problem learning model: list of problem rhetorical expressions (P_TR):

Context P TR,
Limitation P_TR.

b. Solution learning model: list of solution rhetorical expressions (S_TR):

Algorithm S TR,
Concept S TR,

Approach S TR,
Technique S TR.

c. Result learning model: list of result rhetorical expressions (R_TR)

Outperformance R_TR,
Sub performance R_TR.

4.3 Multilevel-based relevant ALR Corpus

The multilevel-based relevant ALR Corpus (in Step 2 of Figure A 3.10) is presented here. It is

used to evaluate the relevancy of a paper based on a number of scientometric measurements.

Here, relevancy is not based on RAs and RS; instead, the input corpus used by the multilevel-

based relevant ALR Corpus is the ALR Corpus obtained through the ALR’s semantic search

based on RAs and RS. The measurement of relevance is referred as the ALR Index.
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Three types of ALR Index are defined in STELLAR:
1. Personal,
2. Collaborative,
3. Dynamic topic-based (DTb).

With the personal index, the ALR can be restricted to documents tagged by the researcher as

“To be included in the ALR”.

The collaborative index extends the personal index by including documents tagged “To be

included in the ALR” by a specific community of researchers.

The dynamic topic-based index (DTb index) selects documents for the ALR when the
researcher has not requested a personal or collaborative index. The DTb index is a weighted
sum of the values that denote the importance of the different inputs considered, classified as:

1. Key findings and peer citations index,

2. Venue index,

3. Document references index,

4

. Authors and their affiliated institutes.

Unlike existing approaches, the DTb index is not limited to journal-level metrics; it also
considers conference proceedings and workshop metrics, and this makes it venue-level metric

based.

Appendix C presents the details of the algorithms used to compute the ALR Index.

4.4 ALR Refine & Recommendation MLM

The ALR Refine & Recommendation MLM (in Step 2 of Figure A 3.10) is presented here. The
input is the ALR Corpus of relevant and enriched papers identified automatically by STELLAR
to recommend selections parameters to a researcher (see previous sections). This MLM may
next recommend three different aspects of the ALR selection (Figure A 3.13):

1. The list of papers to be included in or removed from the ALR,



246

2. The number of references (i.e., papers) to be considered for the ALR,

3. The % of Mix Literature Temporal Coverage (MTLC) to be included in the list of

references.
niversal r
— Recommend Papers Hociomart Arpechiny
(
to be adde: to be Added or Removed ALRO Catabge
orremove .
from the ALR List
ALR Index ALR & Researcher -ALRO
* DTb Index Tagged Papers - Corpus Radius
W Recommend a New Researcher Selections =—------—-
‘ # References Number of References R |Discipline.
. S Main Topic
according to LCR Keywords
Title
‘ LCR Threshold
Description
Languages
A 4 : Recommend % of MTLC Number of References
% of Papers . Harvesting Date, Creation Date
outside MTLC Accordmg t? the LCR Mix Literature Temporal Coverage (%, Yrs)
DenSIty Researcher Annotations -—-—-—-—
R | Key Findings
A Personal Notes, Free Tags,
Pre-defined Tags
Read
To be Read
© Roncld Brisebos 2016 To be Included in ALR

Figure A 3.13 Refinement & Recommendation MLM

To help the researcher to choose the right combination of parameters (RS), the refinement
function makes recommendations in the following three areas:
1. Identification of documents to form the recommended list for the ALR:
a. Launch the Multilevel-based Relevant ALR Corpus engine to actualize the
proposed document list for the ALR with the default STELLAR options;

b. Compare with the first list and recommend additions or removals.

2. Identification of the optimal number of documents as references to include in the
ALRO. This recommendation is related to the LCR and based on the most relevant
documents closest to the selected topic; the highest number will be the proposed

number of references. The sub-steps are:
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a. Launch the Multilevel-based Relevant ALR Corpus engine to actualize the list of
documents proposed for the ALR with the default STELLAR options and the
ALRO selection;

b. From the list of proposed documents, take the distribution of LCR and create a
dataset;

c. Identify the number of references in the optimized dataset (i.e., the most relevant
documents closest to the selected topic); this then becomes the recommended
number of references;

d. The researcher is able to modify the number of references at any time to obtain a

new recommendation.

3. Identification of the % of MTLC to be part of the ALR.

a. Launch the Multilevel-based Relevant ALR Corpus engine to actualize the
proposed document list for the ALR with the default STELLAR options and the
ALRO selection;

b. Based on the proposed list of documents included through the % of MTLC, take
the distribution of LCR and create a dataset;

c. Identify the % of MTLC in the optimized dataset; this then becomes the
recommended %;

d. The researcher is able to modify the % of MTLC at any time to obtain a new

recommended %.

4.5 ALR Corpus Radius Analytics

The ALR Corpus Radius Analytics (in Step 2 of Figure A 3..10) is presented in this section: it
presents a number of ways of viewing the list of documents for drill-down purposes. This sub-
section describes the concepts used in producing an assisted ALR, including:

1. The Timeline of a Document-based Literature Corpus Radius,

2. The Literature Corpus Radius (LCR).

Two classes of documents are defined:
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1. Citing documents,

2. Cited documents.

For a better understanding, let d be a considered document; a citing document is a document
that cites document d while a cited document is a document that is cited by document d. The

Figure A 3.14 illustrates the two classes of documents in reference to the publishing date.

Citing documents

Cited documents

After publishing date

Publishing date

Before publishing date

Figure A 3.14 Two classes of documents in reference to the publishing date

Figure A 3.15 shows a Timeline of a Document Corpus Radius, where the horizontal axis

indicates the Literature Corpus Radius.

The horizontal timeline indicates the range of

publishing dates—in this example, from 2007 to 2011 and from 2012 to 2016.




Cited Document’s Literature

Citing Document’s Literature
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Figure A 3.15 Timeline of a Document-based Literature Corpus Radius

The radius is the distance from the center of the circle to the cited paper (left side) or to the
citing paper (right side). It is thus a measure of the relevancy of a paper according the

researcher selection of parameters.

Next, Figure A 3.16 presents the Document-based Literature Corpus Radius, with the
horizontal axis indicating the LCR value (from 0 to 5). The closer a paper is to the center of

the circle, the more relevant it is to the ALR.
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---------------------------- Citing Document’s Literature

Cited Document’s Literature

Figure A 3.16 Document-based Literature Corpus Radius

The radius denotes the temporal distance from the center document to the Cited Document’s

Literature (left side) or to the Citing Document’s Literature (right side).

5 STELLAR Performance Evaluation Through Simulations

This section presents an evaluation of the performance of the STELLAR prototype through a

number of simulations limited to the identification of relevant papers for an ALR.

5.1 Datasets

Two datasets were used for the simulations:
1. A dataset harvested from databases,

2. A baseline dataset.
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5.1.1 Dataset harvested from databases

For the simulations, 2,000 scientific papers were collected from databases such as
ScienceDirect and Scopus. The papers dealt with various research topics in Computer Science.
Two sub-domains were chosen, each with 1,000 papers:

1. Artificial Intelligence,

2. Information Systems.

In the context of these simulations, the sub-domains are treated as domains. The other metadata

were collected as bibliographic references.

For each paper, the downloaded bibliographic files were parsed to extract the metadata and
were input into the SMESE V3 platform with the paper itself. Here, a scenario was defined as
a set of two simulator runs, one on each domain dataset. For the simulator run parameters, the
metadata of one paper in the dataset (discipline, language, title, topic, keywords and abstract)

were used as the RS and RA parameters.

5.1.2 Baseline dataset

For the present study, we had already produced a manual ALR that included all the papers
listed in our References section. This manually assembled list was used as the baseline dataset
to evaluate the performance of the STELLAR prototype. The baseline dataset consisted of 58
papers dealing with both general and specific topics within the domain. Here, a scenario was
defined as one simulator run where the 58 papers constituted the dataset. For the simulator run
parameters, the metadata of the present study (discipline, language, title, topic, keywords and

abstract) were used as the RS and RA parameters.
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5.2 Performance criteria

The STELLAR prototype was evaluated from the viewpoint of its users: researchers, students,
authors, publishers and librarians. As in (Rubio & Gulo, 2016), two performance criteria were
used to assess the relevancy of the papers for the researchers:

1. Accuracy: the percentage of true classifications,

2. Precision: the percentage of the classified items that are relevant.

Considering the sets of relevant papers (REL) and non-relevant papers, (NREL), true relevant
(TR) denotes the papers classified as REL when they really are, while false relevant (FR)
denote the papers classified as REL when they are not. Thus, with the same logic, the papers
classified as NREL can be true non-relevant (TN) or false non-relevant (FN). For each type of
dataset, the definition of a scenario is given in sections 5.1.1 and 5.1.2 according to the type of

dataset.

Accuracy (denoted by a) and precision (denoted by p) were computed as follows for each

scenario:

~ TR + TN _ TR
TR+ FR+TN+FN P=TR+FR

To identify TR, FR, TN and FN for each scenario, a target paper was chosen for the domain;
next, the metadata of this target paper were used as the researcher selection parameters and the
references papers in the output set of the prototypes were compared to the cited papers of the

target paper. Through this comparison, TR, FR, TN and FN were defined.

Let ai; be the accuracy of the scenario i of the dataset j and pi; be the precision of the scenario
i’ of the dataset j; the average accuracy (denoted by Avg ai) and the average precision (denoted
by Avg pi) are defined as follows:

D
j=1 4 j

D . ox
Avg_a; = B — Avg p; = M

D

where D denotes the number of datasets.



5.3 Related ranking approaches for comparison purposes

There are two other works on scientific paper ranking:

1. PTRA (Hasson et al., 2014),
2. ID3 (Rubio & Gulo, 2016).
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PTRA and ID3 are described in section 2.1. Table A 3.7 presents a summary of the criteria

taken into account by each ranking approach: the bottom line of Table A 3.7 lists all the criteria

used in the STELLAR ranking approach.

Table A 3.7 Criteria taken into account in three paper ranking approaches

Approaches

PTRA (Hasson et al., 2014)
ID3 (Rubio & Gulo, 2016)
STELLAR

> »< > Year of publication

> > X Citation number

Reference

=
> X X Venue type

i

Venue age

X

Authors’ impact

X

Citation category

X

Venue impact

X

Authors’ institutes

X

Citing document of
cited document

X

The performance of the STELLAR approach was compared against the performance of PTRA
(Hasson et al., 2014) and ID3 (Rubio & Gulo, 2016) on the same datasets and scenarios. In

Table A 3.7, it is observed that for ranking a cited document as relevant, STELLAR considers

more criteria, such as venue age, citation category, authors’ impact, etc.

5.4 Analysis of the simulation results

This section presents the analysis of the simulation results in terms of papers’ relevancy for

the two datasets.
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5.4.1 Simulation using the dataset harvested from databases

Figure A 3.17 shows the average accuracy for the three different simulations (STELLAR, ID3
and PTRA). The horizontal axis represents the sequence number of the simulation scenarios

and the vertical axis represents the average accuracy of the associated scenario.

It is observed that STELLAR (in red) performs better than ID3 (in green) and PTRA (in blue):
STELLAR has an average accuracy of 0.91 per scenario while ID3 has an average of 0.60 per
scenario. The average relative improvement in accuracy (defined as [Avg a of STELLAR -

Avg_a of ID3]) of STELLAR in comparison to ID3 is 0.32 (32%) per scenario.

1
0.9 1+ + . 4 t $ — —E'—_._.___F_,_,_..J.
0.8
0.7
0.6 E——* ¥ ¥ o —* 3% = e
®l0s _
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0.2 © STELLAR ——
PTRA —»—
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Scenario sequence number

Figure A 3.17 Average accuracy vs Scenario sequence number —
Harvested from databases

Figure A 3.18 shows the average precision for the same scenarios of Figure A 3.17. The x-axis
represents the simulations scenario sequence number while the y-axis represents the average

precision of the associated scenario.
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STELLAR performed better than ID3 and PTRA: it produced an average precision of 0.96 per
scenario while ID3, the better of the two approaches used for comparison, had an average of

0.65 per scenario. The average relative improvement in precision (defined as [Avg p of

STELLAR - Avg p of ID3]) of STELLAR in comparison to ID3 is 0.31 (31%) per scenario.

03
02 FSTEILLAR ——
PTRA —sx—

0 i i

1 2 3 4 5 6 7 8 9 10
Scenario sequence number

Figure A 3.18 Average precision vs Scenario sequence number —
Harvested from databases

In both simulations and criteria, STELLAR outperformed ID3 and PTRA. This superior
performance might be attributable to the use of additional bibliometric metadata to evaluate

the relevancy of papers.

5.4.2 Simulation using the baseline dataset

Table A 3.8 presents the accuracy and precision when the list of papers in the baseline dataset
(i.e., the references cited in this paper) is used as the dataset for simulations with the three

ranking approaches.
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Table A 3.8 Summary of performance criteria (accuracy and precision) using the baseline

dataset
Approaches Avg_a (%) Avg p (%)
PTRA (Hasson et al., 2014) 39.19 27.16
ID3 (Rubio & Gulo, 2016) 53.98 41.97
STELLAR 76.09 68.73

1. STELLAR produced an average accuracy (Avg_a) of 76.09% while ID3 produced an
accuracy of 53.98%. The relative improvement in accuracy of STELLAR as compared
to ID3 is 22.11%.

2. STELLAR produced an average precision (Avg_p) of 68.73% while ID3 produced a
precision 0f 41.97%. The relative improvement in precision of STELLAR as compared

to ID3 is 26.76%.

Note that all the simulations are based on limited datasets, and should be extended later to

larger datasets.

5.5 STELLAR prototype

This section presents a number of STELLAR’s input screens. For example, Figure A.19 shows

the input screen that allows researchers to enter their selections (RS) parameters.
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STELLAR
Evaluated-based selection parameters:
Title Latest developments in Semantic Web technologies applied to the glycoscences
Main topic semantic web
Keywords Semantic Web; Glycan repository; Glycan text representation

P -

Description

future maintenance costs are minimal, standardized ontologies and formats must be established. Our latest project has attempted to define the
minimal standards that are necessary 1o enable this integration. The technical challenges to integrate all these databases and the technologies
to overcome these challenges will be described

Sort-based selection parameters:
LCR threshold Enter radius thres
Number of references Ente: mber of references
MLTC percentage Enter percentage of ML
MLTC year Enter year of MLTC
Selected-based selection parameters:
Discipline Computer Science

Language English

Figure A 3.19 STELLAR input screen for researcher selection (RS) parameters

Figure A 3.20 shows a list of papers according to the RS parameters and their Literature Corpus

radius (LCR). The paper’s title is in the left column and its LCR is in the right column. Note

that this list is ordered according to ascending LCR: the papers at the top are those that are

closer to the RS parameters.
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latest developments in semantic web technologies applied to the glycosciences

sustainable building technology knowledge representation: using semantic web techniques

biological data integration using semantic web technologies

tracing known security vulnerabilities in software repositories — a semantic web enabled modeling approach
semantic web technologies for supporting learning assessment

combining semantic web technologies with multi-agent systems for integrated access to biclogical resources
tap: a semantic web platform

context-awareness in the software domain—a semantic web enabled modeling approach

an application of intelligent technigques and semantic web technologies in e-learning environments

66BBBBOBBOS

knowledge editing and maintenance tools for a semantic portal in oncology

Figure A 3.20 List of papers according to LCR based on researcher selection (RS) parameters

It can be seen that the radius of the paper at the top of the list is 0.0: indeed, this is the target
paper.

The rest of this section presents four specific ALR assistance tools, shown in the following
diagrams:

1. Timeline of a Document-based Literature Corpus Radius — Figure A 3.21,

2. Document-based Literature Corpus Radius — Figure A 3.22,

3. Timeline of an Author-based Literature Corpus Radius — Figure A 3.23,

4. Author-based Literature Corpus Radius — Figure A 3.24.

Figure A 3.21 represents the timeline of a Document-based Literature Corpus radius, with the

horizontal axis indicating the year of publication (here, from 2011 to 2016).
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STELLAR
M Papers  Cmatioms
Ows partages pour maitriver ks marches Q
Timeline Cited Documents .~ | ~~.__ Timeline Citing Documents

~=mxd Autear: Paul Boccars
| S| Titre: Des partages pour maltriser les marchés

Figure A 3.21 Timeline of a Document-based Literature Corpus Radius (LCR)

In Figure A 3.21, the radius denotes the temporal distance from the document at center to the
cited documents and to the citing documents. The yellow circles on the left side represent

multiple documents—here, 20 to 35 documents.

Figure A 3.22 represents the Document-based Literature Corpus Radius model.
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STELLAR

A Papen  Gutions
Oos partages pewr maitrmer e marches @

Figure A 3.22 Document-based Literature Corpus Radius (LCR)

The horizontal axis indicates the LCR: here, from 5 to 0 and from 0 to 5. The radius measures
the distance from the center document to the cited document’s literature (left side) and to its

citing document’s literature (right side).

The STELLAR prototype (Figure A 3.23) allows the researcher to view, for a given author
(center document), the backward references (in blue) used and referred to by the document, as
well as forward references (in green) to the center author (i.e., all documents referencing the

center author).
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Figure A 3.23 Timeline of an Author-based Literature Corpus Radius - LCR
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When any blue or green author is selected, the corresponding document will be re-positioned

to the center, with all of its backwards references on the left in blue and all of its forward

references (the ones citing the center author) on the right in green.

In this STELLAR prototype, the Author-based Literature Corpus Radius (Figure A 3.24)

allows a researcher to view, for a given author (center author), the backward references (in

blue) used and referred to by that author, and forward references (in green), i.e., all papers

citing the center author.
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Figure A 3.24 Author-based Literature Corpus Radius (LCR)

6  Summary and Future Work

With the evolving, interdisciplinary nature of research and online access to research papers,
there is a need to facilitate the iterative process of building a corpus for an assisted literature
review (ALR). The aim of the present study is to assist researchers in finding, evaluating and

annotating relevant papers, and to make them available at any time in an iterative process.

This paper has proposed an ALR prototype (STELLAR) based on machine learning model
(MLM) and a semantic metadata ecosystem (SMESE) to identify, rank and recommend
relevant papers for an ALR. Using text and data mining (TDM) models, MLM and a
classification model that learns from researchers’ annotated data (RA) and semantic enriched
metadata, STELLAR assists in identifying and recommending papers that meet a researcher
selection (RS) of parameters, including specific ALR topic, ALR title, ALR language, ALR
discipline, ALR papers age, ALR number of references and other ALR metadata. The
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STELLAR MLM produce an ALRO: they evaluate papers and related bibliographic attributes
in order to determine their relevancy and ranking. Next, STELLAR aggregates all components

related to the assisted creation of an ALR.

The STELLAR prototype presented in this paper is based on the Semantic Metadata
Enrichment Software Ecosystem (SMESE V3), described in (Brisebois, Abran, Nadembega,
et al., Unpublished results).

This paper has presented TDM models, related MLM and an enhanced metadata ecosystem
that can help researchers produce ALRs. These include:

1. MLM designed to semantically harvest a Universal Research Documents Repository
(URDR) according to a researcher selection and from the SMESE V3 ecosystem;

2. Literature Corpus Radius (LCR) MLM, which compute the distance from each paper
to the center of the Literature Corpus defined by the researcher selection for a specific
topic, concept or area of research;

3. MLM that help the researcher discover, find and refine the list of papers recommended
for inclusion. To assist and narrow down the search results, many views of the ALR
are made available to the researcher:

a. Timeline of the Document-based Literature Corpus Radius,
b. Document-based Literature Corpus Radius,
c. Timeline of the Author-based Literature Corpus Radius,

d. Author-based Literature Corpus Radius.

The performance of the STELLAR prototype has been evaluated through a comparison against
a baseline manual LR using a number of simulations. In terms of accuracy, the STELLAR
ALR provided an average accuracy of 0.91 per scenario while ID3 provided an average of 0.60
per scenario. In terms of precision, STELLAR produced an average of 0.96 per scenario while
ID3 had an average of 0.65 per scenario. In comparison to ID3, STELLAR yielded an average
relative improvement in accuracy of 32% per scenario and an average relative improvement in

precision of 31%.
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Figure A 3.25 presents the three areas of future work on the STELLAR prototype, the SMESE

V3 platform (highlighted in blue boxes at the bottom right of Figure A 3.25) and Multi-Devices

Content Machine Learning-based Assisted Recommendations:

1.

Abstract of Abstracts summarization (AoA): AoA for scientific papers will be an

extension of STELLAR; more specifically, abstracts will be used as input for our

scientific paper summarization technique to generate the AoA.

Digital Resources Metadata Enrichment (DRME): the next STELLAR prototype will

implement a new semantic discovery tool called DRME to help aggregate metadata

from papers that have not published their metadata. DRME will use MLM to discover

the metadata related to digital repositories and thus enrich digital resources.

Multi-Devices Content Machine Learning-based Assisted Recommendations. The

purpose of this function will be to semantically match different types of content with

the user’s interests, availability and historical behavior, and to make suitable

recommendations.

Semantic Metadata Enrichments Software Ecosystem (SMESE V3)

Metadata Initiatives & Concordance Rules (MICR)
Horvesting

Horvesting Rules

Semantic Metadata
Enrichments

Synchronization
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Users Interest

User Interest-based Gateway (UIG)
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Notifications Engine (NE)
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User's Search History
Source’s Search History

Rules-based Semantic Metadata
External
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Figure A 3.25 Future contributions (in blue) to SMESE V3 platform
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Furthermore, for a future version of STELLAR, we plan to work on MLM using learning

process to enrich thesaurus as shown in Figure A 3.26.

Feature Engineering

TRAINING
DATA
Texts,

Multimedia

Documents

[ Feedback Enginnering
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e ——

vectors LEARNING
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ﬁ ~ ERROR

NEW

Texts, [:> l:> Predictive
Multimedia Model

Documents

rning Engine refers to methods that allow | Metadata
learn from data and metadata sample to find | vector
metadata without being explicitly defined.” !

Ref.: Adapted from Scikit-learn

Figure A 3.26 STELLAR V2 future model

This STELLAR V2 will allow enhancing the SMESE V3 prototype to harvest semantic
metadata from different sources as TV guides, radio channel schedule, books, music and other
events calendar and create triplets to define relationships enriching metadata’s content. A
number of additional MLM, algorithms and prototypes will have to be developed and refined
— see Figure A 3.27, including:

1. Analgorithm to identify the Recommended User Interest-based New Content of Events
(RUINCE criteria) representing the evolving interests and experience of users;

2. An algorithm to develop analytical recommendations of subscriptions about contents
and events that will meet RUINCE criteria including the historical behaviour of the
users;

3. An algorithm to recommend to user contents or events matching their interest or

emotion according to the RUINCE affinity model;
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4. An algorithm to rank dynamically the contents or events according to the RUINCE

criteria to create interest-based channel’s theme.

User Interest-RUINCE affinity model
5 WEB MOVIES BOOKS NOVELTIES TV CHANNELS ¢
E CONTENTS I
| INTERESTS ~ CITY  RADIO CHANNELS RECORDED LVE
i EVENTS E
: SOCIAL DEVICES MUSIC  CINEMA AVAILABILITY !
ST P 4 Enriched Metadata

: INTEREST-RUINCE :

USER AFFINITY .
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- ML :
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_______________________________________ Y e Y _Bxperience Metadato
: ATTENDED VIEWED INTERESTS !
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5 EMOTIONS IDENTITY SHARED SOCIAL !
T © 2016 STELLAR - Ronald Bisebols

Figure A 3.27 User interest-RUINCE affinity metadata mapping model

Appendix A: Computation of the Literature Corpus Radius (LCR)

The literature corpus radius (LCR) is computed based on the evaluation-based parameters:
1. First, the value of each evaluation-based parameter is computed by determining the
similarity of each evaluation-based selection with a predefined section of the document.
The similarity matching value is in the range [0,1] where 1 means the most similar
while 0 means the least similar.
2. Next, based on the similarity matching value (e.g., the predefined weight of each of
them), the LCR index is computed.
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e Similarity matching of a researcher main topic with the topics extracted from
documents abstracts

The similarity matching with the researcher main topic is computed from the abstracts. The
abstract of each document in the URDR is recorded in the “ABSTRACT” metadata provided
by the publisher. The similarity matching computation makes use of this metadata as input to

determine the document’s similarity with the researcher-defined main topic.

Let d be the document and Ad the abstract of d. Next, based on the topic detection algorithm,
called BM-Scalable Annotation-based Topic Detection (BM-SATD) (Brisebois, Abran,
Nadembega, et al., Unpublished results), the topics of document d are detected from Ad. More
specifically, BM-SATD uses multiple relations in a term graph and detects topics from the
graph using a graph analytical method. Making use of document annotations, BM-SATD
combines semantic relations between terms and co-occurrence relations across the document.

Thus, using document abstracts as input, BM-SATD detects their topics.

Let:
1. Ta be the topic detected in the abstract of document d;
2. MT be the main topic provided as the researcher selection parameters and » be the
number of terms of MT = (w1, w2, ..., Wi, ..., Wn);
3. SimMatch MaT(MT,d) be the function that evaluates the similarity of MT with the

document d abstract; note that the terms of MT are ordered.

First, the i-gram of MT is calculated in equation (A 3.1):

_ n—(i+1) (A 3.1)
f(i — gram,MT, Ad) = Zk—l nb (Wi, Wi g1, v s Wiari—1)
where nb(wk, Wk+1, ..., Wk+i-1) is the number of times that the i-gram (wk, Wk+1, ..., Wk+i-1)

appear in Ad (the abstract of document d).

Next, the weight of the researcher’s main topic for document d is computed using (A 3.2):
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t (A3.2)
w_MaT(MT,d) = Zi X f(i — gram, MT, Ad)

=1

To obtain a similarity value between 0 and 1, normalization is applied. Let Max MaT be the
largest value of w_MaT(MT,d) among all the considered documents. SimMatch MaT(MT,d)
is computed using (A 3.3):

w_MaT(MT,d) (A 3.3)
Max_MaT

SimMatch_MaT(MT,d) =

Thus, for each document, equations (A.1) to (A.3) compute the similarity of document with

the researcher’s main topic.

e Similarity matching of researcher keywords with document keywords

The similarity matching based on the researcher keywords is computed using the document
keywords. The keywords of each document in the URDR are recorded in the “KEYWORDS”
metadata provided by the publisher.

Let:
1. Kd be the set of keywords of document d;
2. KW be the set of keywords provided in the researcher selection parameters;
3. SimMatch KeW(KW,Kd) be the function that computes the similarity matching of KW
with Kd.

First, the weight of KWW according to document d keywords Kd is computed as follows:
w_KeW (KW,d) = |[KW n Kd| (A3.4)

To obtain a similarity value between 0 and 1, normalization is applied; the

SimMatch KeW(KW,d) is computed as:

w_KeW (KW, d) (A 3.5)

SimMatch_KeW (KW,d) = KW
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Equations (A 3.4) to (A 3.5) compute the similarity of each document with the RS parameters

in terms of keywords.

e Similarity matching of researcher title with document titles

Before the similarity matching computation, the researcher title and document titles are pre-

processed. The objective of the pre-processing is to filter noise in order to obtain suitable text

for performing the analysis. This consists in stemming, phrase extraction, part-of-speech

filtering and removal of stop-words. More specifically, it includes the following operations:

l.
2.

Segmentation: the process of dividing a given document into sentences;

Stop-words removal: Stop-words are frequently occurring words (e.g., ‘a’ and ‘the’)
that impart no meaning and generate noise. They are predefined and stored in an array.
Note that the removal of stop-words follows specific rules. For example, in “prediction
of mobility”, removal of the stop-word "of" changes the expression to "mobility
prediction";

Tokenization: the input text is separated into tokens;

Punctuation marks: the spaces and word terminators are identified and treated as word
breaking characters;

Word stemming: each word is converted into its root form by removing its prefix and

suffix for comparison with other words.

The output of the pre-processing is the set of terms.

Let:

Td be the set of terms of the title of document d;

TT be the set of terms of the researcher selection title;

SimMatch_TiT(TT,Td) be the function that evaluates the similarity matching of TT with
Td.

First, the weight of TT according to the document d title 7d is computed as follows:
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w_TiT(TT,d) = max (j — gram(TT,Td)) (A 3.6)
jelim]

where m denotes the number of terms of TT (m=|7T]). Indeed, w_TiT(TT,d) is the largest
number of sequential terms of TT that appears in 7d. To obtain a similarity value between 0

and 1, normalization is applied. The SimMatch TiT(TT,d) is computed as follows:

w_TiT(TT,d) (A 3.7)

SimMatch_TiT(TT,d) = —

Thus, equations (A 3.6) to (A 3.7) compute the similarity matching of each document with the

RS parameters “Title”.

e Similarity matching of the researcher description with document abstracts

The similarity matching of the researcher research description is performed using the document
abstract. To do this, the researcher description is semantically compared to the document
abstract in order to measure the similarity level. This similarity matching of a researcher
description makes use of WordNet::Similarity, described in (Pedersen et al., 2004), which
implements six measures of similarity and three measures of relatedness. Several terms may

be semantically the same.

Let:
1. DS be the researcher description of the research topic as the selection;
s be the number of terms of DS = (t1, t2, ..., ti, ..., ts);

C be the Literature Corpus where the documents are of the same discipline;

il

SimMatch_DeC(DS,d) be the function that evaluates the similarity matching of DS

with a document abstract Ad.

First, the semantic similarity of each term in DS with those in 4Ad is determined on the basis of

the semantic TF-ICF (term frequency — inverse corpus frequency) as follows:

. IC] (A 3.8)
SemSim_T(t;,d) = TF(t;,d) X log

ICF(t;, C)
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where TF(t;, d) and ICF(t;, d) denote the number of occurrences of ti in document d and the

number of documents in the corpus C where ti appears.
Next, the semantic similarity of DS to the document abstract is computed as follows:

s (A 3.9)
SemSim_DeC(DS,d) = Z SemSim_T(t;,d)

i=1

To obtain a similarity value between 0 and 1, normalization is applied. The

SimMatch DeC(DS,d) is computed as:

SemSim_DeC(DS, d) (A 3.10)
Max _DeC

SimMatch_DeC(DS,d) =

where Max DeC denotes the largest value of SemSim DeC(DS,d) among all the documents
in C.

Equations (A 3.8) to (A 3.10) compute the similarity matching of each document with the RS

parameters “Description”.

e LCRindex computation

Once the similarity matching of each evaluation-based selection is done, the LCR index can
be computed. An LCR index value is within the range [0,1] where 0 means the least similar
while 1 is the most similar. Note that the LCR index is a weighted sum of the computed value

of each selection.

Let:
1. W _init be an initial value,

2. W _unit be the difference in weight between two consecutive types of RS parameters.
The LCR index of a document d of literature corpus C is computed as follows:

Val(DS,d) = W_init x SimMatch_DeC (DS, d) (A 3.11)
Val(TT,d) = (W_init + (W _unit x 1)) X SimMatch_TiT(TT, d)
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Val(KW,d) = (W_init + (W_unit X 2)) X SimMatch_KeW (KW, d)
Val(MT,d) = (W_init + (W _unit x 3)) X SimMatch_MaT (MT,d)

LCR Index(d, MT,KW,TT,DS) =

1 Val(DS,d) + Val(TT,d) + Val(KW,d) + Val(MT, d)
> o(W_init + (W_unit xi))

Appendix B: MLTC AND Number of references AND “To be included in the ALR”
Pseudo-code

This appendix describes how STELLAR takes into account the researcher’s requirements in
terms of MLTC (Mix of the Literature Temporal Coverage (Yrs, %), number of references and
the specific annotation “To be included in the ALR”. The MLTC allows the researcher to
include a certain percentage (%) of papers whose age is greater than a given age (Yrs). The
idea here is to be able to include very relevant papers that are out of date. To take into account
both the MLTC and the number of references without prioritizing either of them, a specific

approach is needed, which is given by the following pseudo-code:

New C1=0
Old Ci=9

If (N < Lengtj of All_Cy)
For the next document in All_C;
If[(A #0) AND (B #0)]

If [ (next document publication age <y) ]
Add next document to New_ Ci
A=A-1

Else If [ (next document publication age >y) ]
Add next document to Old Ci
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B=B-1
Else
If[(A=0) AND (B #0)]
Add next document to Old_Ci
B=B-1
Else
If[(A #0) AND (B=0)]
If [ (next document publication age <) |
Add next document to New Ci
A=A-1
Else
New Ci=All C
Cx>=New Ci1 U Old C;

Appendix C: ALR Index Categories

This appendix presents details on the three categories of indexes designed for the STELLAR
prototypes:

1. Personal index,

2. Collaborative index,

3. DTb index.

a. Personal index

The DTb index identifies relevant documents in terms of scientific contributions in a specific

domain and for a specific topic in order to generate an ALR.

However, the researcher may want only documents that he or she has tagged “To be included

in the ALR”. In this case, the personal index is computed in addition to the DTb index.

Let:
1. C: be the affinity match for ALR’s LCR documents,
2. d € C,,
3. u be the researcher who requested the ALR.

The personal index is computed as follows:
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1: document d is tagged by u (A 3. ]2)

Personal index (u’ d) = {0: document d is not tagged by u

Thus, for the personal index, all documents in C2 whose personal index is 1 are selected.

b. Collaborative index

The collaborative index is also defined based on the documents that are tagged “To be included

in the ALR” by a specific community of researchers or preselected researchers.
Let ui be a researcher within the specific community of researchers or preselected researchers.

The collaborative index is computed as follows:

1: document d is tagged by u; (A 3. 13)

Collaborative index (ui’ d) = {0: document d is not tagged by u;

Thus, for the collaborative index, all the in C2 whose collaborative index is 1 are selected.

¢. Dynamic Topic based index

When a researcher does not clearly request a personal or collaborative index, a Dynamic Topic
based index (DTb index) is applied to select documents relevant for the ALR. Like the LCR,
the DTb index is also computed as a weighted sum of the values that denote the importance of

the different inputs considered.

Note that paper topics are commonly used in the literature to compute the DTb index, and that
publication dates and document ages are used regardless of their values. In STELLAR,
therefore, the DTb index is computed using a number of additional concepts:

1. Key findings and peer citations index,

2. Venue index,

3. Document references index,

4

Authors and their affiliated institutes.

e Document relevance according to researchers’ key findings and peer citations

The Key Findings are annotations in regards to important findings in the document related to

the ALR. Indeed, previous researchers who have already analyzed these documents have
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provided annotations called key findings. These key findings are identified and analyzed by
the TDM approach. The TDM analysis consists in classifying the key findings into three
categories:
1. Very relevant: indicates that the paper is very relevant and adequate for the LR,
2. Adequate: indicates that the paper is not relevant, but may be the focus of attention, if
possible.

3. Not relevant: indicates that the paper is not relevant and not adequate for the search.

1. Cat_annot be the category of a key finding,
2. Y be the age of a document d,
3. Xbe the publication date of d.

For example: for a document published in 2000, Y =16 and X=2000.
The key findings index of document d is computed as follows:

KeyFindingsIndex(d, Cat_Annot,Y) (A 3.14)

Y“J(Y — i) x Nb(d, Cat_Annot, (X + Y — i))]
Y!

where Nb(d, Cat_Annot, Z) denotes the number of times the key findings Cat Annot= “very

relevant” are detected in document d at year Z.

The concept behind the computation of the key findings index is to give more importance to
the more recent annotations instead of simply counting the number of considered key findings.

This places more emphasis on recently published documents.

e Document relevance according to venue

The venue type is important in the ranking of scientific documents. The intent is to consider
not only documents from academic journals, but also documents from other types of venues,
such as conference proceedings and workshops, as well as unpublished documents such as

research reports. In STELLAR, four types of venue are considered:
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1. Journal,

2. Conference proceedings,
3. Workshop,

4. Unpublished.

Here, the venue types are ordered according to their importance in the researcher’s opinion.
For example: a researcher may consider that a journal paper is more important than a
conference proceedings paper; thus, journal is first and conference is second. To compute the
venue impact, the similarity matching of the detected topic with the venue main topic (where

document d is published or presented) is computed as follows:
sim_topic(Td, Tv) = _g[llax](i — gram(Td, Tv)) (A 3.15)
] ,m
where 7d and Tv denote the detected topic of document d and the main topic of venue v,

respectively.

The similarity matching between document title and venue name (where document d is

published or presented) is computed as follows:

sim_name(Nd, Nv) = _g[llax](j — gram(Nd, Nv)) (A 3.16)
] ,m

where Nd and Nv denote the title of document 4 and the name of venue v, respectively.
Thus, the venue v impact for a specific document d is given by:

Venuelmpact(d, v) (A 3.17)
= age_venue(v) + avg_num_pub(v)

AvYsub(v)

acc(v)

+ rev_num(v) + + freq(v)

+ sim_topic(Td, Tv) + sim_name(Nd, Nv)
where

- age venue(v) denotes the age of venue v,

- avg num_pu(v) denotes the number of publications per year,
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rev_num(v) denotes the number of reviewers per submitted paper,

avg sub(v) denotes the average number of submitted papers per year,

- avg _acc(v) denotes the average number of accepted papers per year,

freq(v) denotes the frequency of publication per year.

To take into account the type of venue, a weight is assigned to each of them according to its
order and the couple (Vinit, Vunit), where:
- Vinit is an initial value and

- Vunit is the difference in weight between two consecutive types of venue.
For example: a venue type with order i will have the weight:
VtypeWeight(v) = Vinit + ((Q + 1 — i) X Vunit) (A 3.18)
where Q is the number of types of venue. Here, Q is equal to 4.
Finally, the venue-based index of document d is computed as follows:

Venuelndex(d,v) = VtypeWeight(v) X Venuelmpact(d, v) (A 3.19)

e Document relevance according to authors and their affiliated institutes

As was done for the venue index, the document relevance is computed on the basis of its

authors and their affiliated institutes.

Let:
1. Td be the main topic of document d;
2. ai be the author.

The influence on the document d is computed as follows:
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AuthorImpact(d, a;) (A 3.20)
_ nb_cited(Td) N nb_jour(Td)
nb_pub(Td) nb_pub(Td)
+ nb_awar(Td, a;) +nb_jour(Td, I;)
+ nb_awar(Td, I;)

where:
- nb_cited(Td) denotes the number of publications of author a; cited on the topic 7d,
- nb_pub(Td) denotes the number of publications of a; on the topic 74d,
- nb_jour(Td) denotes the number of journal publications by a: on the topic 7d,
- nb_awar(Td,ai) denotes the number of awards of a; on the topic 7d,
- nb jour(Tdl;) denotes the number of publications which a’s affiliated institute
publishes in the most influential journals worldwide on the topic 7d,

- nb_awar(Td,I;) denotes the number of awards of a;’s affiliated institute on the topic 7d.
The author index of document d is computed as follows:

4 (A+1—1) X AuthorImpact(d, a;) (A 3.21)
Al

Authorsindex(d) =

where 4 denotes the number of authors of document d. The idea is to give more importance to

top authors; the first author therefore has greater weight than the second author.

e Document relevance according to document references

The document’s interaction with other documents on the topic is measured. Two groups of documents are
defined:
1. Citing documents,

2. Cited documents.

For a better understanding, let d be a considered document; a citing document is a document

that cited the document d, while a cited document is a document cited by the document d. Note
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that the number of cited documents is static while the number of citing documents may increase
with time. These two terms are important for the evaluation of document relevance. Figure A

3.14 illustrates the two terms according to the publication date.

The document’s relevance based on citations includes several operands:
1. Number of citing documents according to the age of document d; it is computed as

follows:

YL — i) x nb_citing (i + 1)] (A 3.22)
Y!

CitingImpact(d) =

where nb_citing(i) denote the number of citing documents with age i and Y denotes the age of
the document d. Relevant documents are those that are frequently cited. In addition,

Citinglmpact (d) gives more importance to recent citations.

2. Average number of times a document d is mentioned in citing documents; it is

computed as follows:

£_ynb_time_citing(d, D;) (A 3.23)
P XY

CitingAvglmpact(d) =

where nb_time_citing(d,D;), denotes the number of times the document d is cited in the citing

document Dj, P is the total number of documents citing d and Y is the age of the document d.

nb_citing(D;) - } (A3.24)

CitedCitingAvglmpact(d) = U { age(D))
1

DEL

where L denotes the set of documents cited in d, age(D;) denotes the age of document D; and
nb_citing(Dy) denotes the number of times document D is cited. Indeed, relevant documents

very often cite existing relevant documents.

Finally, the relevancy of document d based on references is computed as follows:
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ReferencesIndex(d) (A 3.25)
= CitingImpact(d) + CitingAvgImpact(d)
+ CitedCitingAvgImpact(d)

e DTb index computation based on the previous computed index

As mentioned above, the DTb index is a weighted sum of the computed values for different

aspects that impact the relevancy of a document.

Let the couple (Init, Unit) where:
1. Init is an initial value, and

2. Unit is the difference in weight between two consecutive aspects.
The DTb index of document d is computed as follows:

Val(RF,d) = Init X ReferencesIndex(d) (A 3.26)
Val(VN,d) = (Init + (Unit X 1)) X Venuelndex(d, v)
Val(AA,d) = (Init + (Unit X 2)) X Authorsindex(d)
Val(KF,d) = (Init + (Unit X 3))
X KeyFindingsindex(d, Cat_Annot,Y)

DTb index(d, RF,VN, AA, KF)
_ Val(RF,d) +Val(VN,d) + Val(AA,d) + Val(KF,d)
B >3 _,(Init + (Unit x k))
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Abstract

Software industry has evolved to multi-product and multi-platform develop-
ment based on a mix of proprietary and open source components. Such inte-
gration has occurred in sofiware ecosystems through a sofiware product line
engineering (SPLE) process. However, metadata are underused in the SPLE
and interoperability challenge. The propesed method is first, a semantic me-
tadata enrichment sofiware ecosystem (SMESE) to support multi-platform
metadata driven applications, and second, based on mapping ontologies
SMESE aggregates and enriches metadata to create a semantic master meta-
data catalogue (SMMC). The proposed SPLE process uses a component-based
software development approach for integrating distributed content manage-
ment enterprise applications, such as digital libraries. To perform interopera-
bility between existing metadata models (such as Dublin Core, UNIMARC,
MARC21, RDF/RDA and BIBFRAME), SMESE implements an ontology
mapping model. SMESE consists of nine sub-systems: 1) Metadata initiatives
& concordance rules; 2) Harvesting of web metadata & data; 3) Harvesting of
authority metadata & data; 4) Rule-based semantic metadata external enrich-
ment; 5) Rule-based semantic metadata internal enrichment; 6) Semantic me-
tadata external & internal enrichment synchronization; 7) User interest-based
gateway; B) Semantic master catalogue. To conclude, this paper proposes a
decision support process, called SPLE decision support process (SPLE-DSP)
which is then used by SMESE to support dynamic reconfiguration. SPLE-DSP
consists of a dynamic and optimized metadata-based reconfiguration model.
SPLE-DSP takes into account runtime metadata-based variability functionali-
ties, context-awareness and self-adaptation. It also presents the design and
implementation of a working prototype of SMESE applied to a semantic digi-
tal library.
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1. Introduction

With more and more data available on the web, how users search and discover
contents is of crucial importance. There is growing research on interaction para-
digms investigating how users may benefit from the expressive power of seman-
tic web standards.

The semantic web may be defined as the transformation of the worldwide web
to a database of linked resources, where data may be widely reused and shared
[1]. Web services can be enhanced by drawing on semantically aware data made
available by a variety of providers. In addition, as information discovery needs to
become more and more challenging, traditional keyword-based information re-
trieval methods are increasingly falling short in providing adequate support.
This retrieval problem is compounded by the poor quality of the metadata con-
tent in some digital collections.

SECO [2]-[17] is defined as the interaction of a set of actors on top of a com-
maon technological platform providing a number of software solutions or servic-
es [2] [3]. In SECO, internal and external actors create and compose relevant
solutions together with a community of domain experts and users to satisfy cus-
tomer needs within specific market segments. This poses new challenges since
the software systems providing the technical basis of a SECO are being evolved
by various distributed development teams, communities and technologies.

There is growing agreement for the general characteristics of SECO, including
a common technological platform enabling outside contributions, variabili-
ty-enabled architectures, tool support for product derivation, as well as devel-
opment processes and business models involving internal and external actors. At
least ten SECO characteristics have been identified [18] that focus on technical
processes for development and evolution, see Table 1.

Table 1. SECO characteristics [18].

Internal and external developers
Evaluative common technological platform
Controlled central part
Enahle outside contributions and extensions
Varizhility-enabled architecture
Shared core assets
Automated and tool-supported product derivation
Outside contributions included in the main platform
Taoals, frameworks and patterns
Distribustion chanmel
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Gawer and Cusumano [19] have analyzed a wide range of industry examples
of SECO and identified two predominant types of platforms:

1. Internal platforms {company or product): defined as a set of assets organized
in a common structure from which 2 company can efficiently develop and
produce a stream of derivative products.

2. External platforms (industry): defined as products, services, or technologies
that act as a foundation upon which external innovators, organized as an in-
novative business ecosystem, can develop their own complementary products,
technologies, or services.

Indeed, the new generation of SECO must be an integration of multi-plat-
forms (internal and external) that allows the interaction of a set of internal and
external actors.

Concurrently modern software demands more and more adaptive features,
many of which must be performed dynamically. In this context, a collaborative
platform is important in order to coordinate collaborative and distributed envi-
ronments for development of SECO platforms.

Furthermore, as the requirement of SECO to support adaptation capabilities
of systems is increasing in importance [20] it is recommended such adaptive
features be included within software product lines (SPL) [21] [22] [23] [24]. The
SPL concept is appealing to organizations dealing with software development
that aims to provide a comprehensive model for an organization building appli-
cations based on a common architecture and core assets [20] [21].

5PLs have been used successfully in industry for building families of systems
of related products, maximizing reuse, and exploiting their variable and confi-
gurable options [22].

SPL development can be divided into three interrelated activities:

. Core assets development: may include architecture, reusable software compa-
nents, domain models, requirement statements, decumentation, schedules,
budgets, test plans, test cases, process descriptions, modeling diagrams, and
other relevant items used for product development.

2. Product development: represents activities where products are physically de-
veloped from core assets, based on the production plan, in order to satisfy the
requirements of the SPL [25].

3. Management: involves the essential processes carried out at technical and or-
ganizational levels to support the SPL process and ensures that the necessary
resources are available and well coordinated.

To develop and implement SPL the literature proposes several SPL frame-

works [23] using a variety of CBSD approaches [26] [27] [28]:

1. COPA (component-oriented platform architecting): an SPL framework that is
component-oriented.

2. FAST (family-oriented abstraction, specification and translation): a software
development process that divides the process of a product line into three sec-
tions: domain qualification, domain engineering and application engineering.

3. FORM (feature-oriented reuse method}): a feature-oriented method that, by
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analyzing the features of the domain, uses these features to provide the S5PL

architecture. FORM focuses on capturing commonalities and differences of

applications in & domain in terms of features and uses the analysis results to
develop domain architectures and components.

4. Kobra: a component-oriented approach based on the UML features that inte-
grate the two paradigms into a semantic, unified approach to software devel-
opment and evolution.

5. (JADA {quality-driven architecture design and analysis}: a product line archi-
tecture design method that provides traceability between the product quality
and design time quality assessment.

Semantic web [29] [30] [31] [32] [33] linked data is the most important con-
cept to support Semantic Metadata Enrichment (SME) in a SECO architecture
[34]-[40].

Today, semantic web technologies, for example in digital libraries, offer a new
level of flexibility, interoperability and a way to enhance peer communication
and knowledge sharing by expanding the usefulness of the digital libraries that
in the future will contain the majority of data. Indeed, a semantic web engine,
based on semantic web technology, ensures more closely relevant results based
on the ability to understand the definition and user-specific meaning of the
word or term being searched for. Semantic search of semantic web engines are
better able to understand the context in which the words are being used, result-
ing in relevant results with greater user satisfaction. Unfortunately, in the public
domain there is a scarcity of search engines that follow a semantic-based ap-
proach to searching and browsing data [33]. Furthermore, the web is currently
not contextually organized.

Thus, to enrich web data by transforming it into knowledge accessible by us-
ers, we propose a multi-platform architecture, referred to as SMESE, which uses
a CBSD approach to integrate distributed content management enterprise ap-
plications, such as libraries and the Software Product Line Engineering (SPLE)
approach.

Our SMESE architecture includes mobile first design (MFD) and semantic
metadata enrichment (SME) engines that consist of metadata and meta-entity
enrichment based on mapping ontologies and a semantic master metadata cata-
logue (SMMC).

More specifically, our SMESE implements a new decision support process in
the context of SPLE, called the SPLE decision support process (SPLE-DSP), a
meta entity model that represents all library materials and a meta metadata
model. SPLE-DSP allows support for metadata-based reconfiguration. It consists
of a dynamic and optimized metadata based reconfiguration model (DOMBM)
where users select their preferences in the market place.

The major contributions of this paper are:

1. Definition of a software ecosystem model that configures the application
production process including software aspects based on a proposed CBSD and
metadata-based SPLE approach.
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2. Definition and partial implementation of semantic metadata enrichment us-
ing SPLE and a semantic master metadata catalogue (SMMC) to create a uni-
versal metadata knowledge gateway (UMEG).

3. Design and implementation of a SMESE prototype for a semantic digital li-
brary (Libér).

This paper proposes a semantic metadata enrichment software ecosystem
(SMESE) to support multi-platform metadata driven applications, such as a se-
mantic digital library. Based on mapping ontologies SMESE also integrates and
enriches data and metadata to create a semantic master metadata catalogue
(SMMC).

The remainder of the paper is organized as follows. Section 2 is a literature re-
view. Section 3 presents the multi-platform architecture of the proposed SMESE,
and Section 4, the related nine sub-systems. Section 5 presents the prototype of a
SMESE implementation in an industry context. Section & presents a summary
and ideas for future work.

2. Literature Review

A software product line (SPL) [20]-[25] [41] [42] is a set of software intensive
systems that share a common and managed set of features satisfying the specific
needs of a particular market segment developed from a common set of core as-
sets in a prescribed way [21] [23]. SPL engineering aims at: effective utilization
of software assets, reducing the time required to deliver a product, improving
quality, and decreasing the cost of software products.

The following sub-sections present the four research axes related to our re-
search:
1. Software product line engineering (SPLE).
2. SECO architecture using component integration and component evolution.
3. SECO architecture and SPLE.
4, Semantic metadata enrichment (SME).

The related works section is at the intersection of SFLE, service-oriented
computing, cdloud computing, semantic metadata and adaptive systems.

2.1. Software Product Line Engineering (SPLE)

The development of software involves requirements analysis, design, construc-
tion, testing, configuration management, quality assurance and more, where
stakeholders always look for high productivity, low cost and low maintenance.
This has led to software product line engineering (SPLE) [24] as a comprehen-
sive model that helps software providers to build applications for organizations/
clients based on a commaon architecture and core assets. SPLE deals with the as-
sembly of products from current core assets, commonly known as components,
within a component-based architecture [43] [44], and involves the continuous
growth of the core assets as production proceeds.

Mote that the following related works are organized according to two axes:
organizational and technical.
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An overview of SPLE challenges is presented in [21] [22] [24]. Metzger and
Pohl [21] suggest that the successful introduction of SPLE heavily depends on
the implementation of adequate organizational structures and processes. They
also identify three trends expected from SPLE research in the next decade:

1. Managing variability in non-product-line settings.
2. Leveraging instantaneous feedback from big data and cloud computing during

SPLE.

3. Addressing the open world assumption in software product line settings.

A survey of works on search based software engineering (SBSE) for SPLE is
presented in Harman et afl [22] [24].

Capilla et af. [24] provide an overview of the state of the art of dynamic soft-
ware product line architectures and identify current techniques that attempt to
tackle some of the many challenges of runtime varizhility mechanisms. They also
provide an integrated view of the challenges and solutions that are necessary to
support runtime variability mechanisms in SPLE models and software architec-
tures. According to them, the limitations of today’s SPLE models are related to
their inability to change the structural variability at runtime, provide the dy-
namic selection of variants, or handle the activation and deactivation of system
features dynamically and/or autonomously. SPLE is, therefore, the natural can-
didate within which to address these problems. Since it is impossible to predict
all the expected variability in a product line, SPLE must be able to produce
adaptable software where runtime variations can be managed in 2 controlled
manner. Also, to ensure performance in systems that have strong real-time re-
quirements, SPLE must be able to handle the necessary adaptations and current
reconfiguration tasks after the original deployment due to the computational
complexity during variants selection.

(Myai and Rezaei [23] describe the issues and challenges surrounding SPLs,
introduce some SPLE ecosystems and compare them, based on the issues and
challenges, with a view to how each ecosystem might be improved. The issues
and challenges are presented in terms of administrative and organizational as-
pects and technical aspects. The administrative and organizational comparison
criteria include strategic plans of the organization while the technical compari-
son criteria inclede requirements, design, implementation, test and mainten-
ance. According to them, there is not a single approach that takes into account
all these criteria together. Also, no single approach takes into account metadata
for implementation and testing.

2.2. SECO Architecture Using Components Integration and
Components Evolution

Software ecosystems (SECO) [2] [3] [4] [10] [19] [35] [39] consist of multiple
software projects, often interrelated to each other by means of dependency rela-
tionships. When one project undergoes changes and issues a new release, this
may or may not lead other projects to upgrade their dependencies. Unfortunate-
ly, the upgrade of 2 component may create a series of issues. In their systematic
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literature review of SECO research, Manikas and Hansen [2] report that while
research on SECO is increasing:

1. There is little consensus on what constitutes a SECO.

2. Few analytical models of SECO exist.

3. Little research is done in the context of real-world SECO.

They define a SEC() as the interaction of a set of actors on top of a common
technological platform that results in a number of software solutions or services
where each actor is motivated by a set of interests or business models while con-
nected to the rest of the actors. They also identify three main components of
SECO architecture:

1. 3ECO software engineering: focuses on technical issues related directly or in-
directly to the technological platform.

2, SECO business and management: focuses on the business, organizational and
management aspects.

3. 5ECO relationships: represent the social aspect of the architecture since it is
essential for SPLE actors to interact among themselves and with the platform.

2.3. SECO Architecture and SPLE

This section focuses on SECO architecture related to SPLE, beginning with an
industry perspective.

Christensen et all [3] define the concept of SECO architecture as a set of
structures comprised of actors and sofiware elements, the relationships among
them, and their properties. They present the Danish telemedicine SECO in terms
of this concept, and discuss challenges that are relevant in areas beyond teleme-
dicine. They also discuss how software engineering practice is affected by de-
scribing the creation and evolution of a central SECO architecture, namely
Met4Care, that serves as a reference architecture and learning vehicle for teleme-
dicine and for the actors within a single software organization.

Demir [34] also proposes a software architecture that is strongly related to a
defence system and limited to military personnel. Their multi-view SECO archi-
tecture design is described step by step. They begin by identifying the system
context, requirements, constraints, and quality expectations, but do not describe
the end products of the SECO architecture. They also introduce a novel archi-
tectural style, called “star-controller architectural style™ [ 34] where synchroniza-
tion and control of the flow of information are handled by controllers. However,
a major drawback of this style is that failure of one controller disables all the
subcomponents attached to that controller.

Meves af af [40] propose an architectural solution based on ontology and the
spreading algorithm that offers personalized and contextualized event recom-
mendations in the university domain. They use an ontology to define the do-
main knowledge model and the spreading activation algorithm to learn user
patterns through discovery of user interests. The main limitation of their archi-
tectural context-aware recommender system is that it is specific to university
populations and does not present the actual model of the system that shows the
interactions between the components and the data.
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Alferez et afl [45] propose a framework that uses semantically rich variability
maodels at runtime to support the dynamic adaptation of service compositions.
They argue that should problematic events occur, functional pieces may be add-
ed, removed, replaced, split or merged from a service composition at runtime,
hence delivering a new service composition configuration. Based on this argu-
ment, they propose that service compositions be abstracted as a set of features in
a variability model. They define a feature as a logical unit of behavior specified
by a set of functional and non-functional requirements. Thus, they propose
adaptation policies that describe the dynamic adaptation of a service compaosi-
tion in terms of the activation or deactivation of features in the causally con-
nected variability model. Unfortunately, this variability model is limited to acti-
vation and deactivation of services. Indeed, the model should allow adaptation of
services or include a service interoperability protocol (SIP) rather than composi-
tions only according to changes in the computing infrastructure.

In component based software development (CBSDY), the fuzzy logic approach
[27] [28] is largely used to select components. Singh e af [27] explored the var-
ious measures such as separation of concerns (50C), coupling, cohesion, and size
measure that affect the reusability of aspect oriented software. The main draw-
back of their contribution is that the fuzzy logic rules are static. They do not
propose & way to improve the rules based on developer satisfaction of the fuzzy
inference system (FI5) output. In addition, their furzy inference system is li-

mited to reusability of software.

2.4. Semantic Metadata Enrichment (SME)

Bontcheva af al [46] investigate semantic metadata automatic enrichment and
search methods. In particular, the benefits of enriching articles with knowledge
from linked open data resources are investigated with a focus on the environ-
mental science domain. They also propose a form-based semantic search inter-
face to facilitate environmental science researchers in carrying out better seman-
tic searches. Their proposed model is limited to linking terms with DBpedia URI
and does not take into account the semantic meaning of terms in order to detect
the best DBpedia URL

Some authors focus their enrichment model on person mobility trace data
[47] [48] [49] [50]. Krueger et al [47] show how semantic insights can be gained
by enriching trajectory data with place of interest (POI) information using social
media services. They handle semantic uncertainties in time and space, which re-
sult from noisy, imprecise, and missing data, by introducing a POl decision
model in combination with highly interactive visualizations. However, this
maodel is limited to POI detection.

Kunze and Hecht [48] propose an approach to processing semantic informa-
tion from user-generated OpenStreetMap (O5M) data that specifies non-resi-
dential use in residential buildings based on OSM attributes, so-called tags,
which are used to define the extent of non-residential use.

Or conclusions from these related works are:
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—

. SPLE architecture needs to be flexible and meet administrative and organiza-
tional aspects such as the organization’s strategic plans and marketing strate-
gies, as well as technical aspects such as requirements, design, implementa-
tion, test and maintenance.

Researchers need to focus on real-world SECO.

Several proposed SECO models do not take into account autonomic mechan-

B

isms to guide the self-adaptation of service compositions according to changes
in the computing infrastructure.

4. In CBSD fuzzy inference systems (FIS) have been employed to develop the
components selection model, however, there is no FI5 based model that pro-
poses more than one software measure as FIS output.

5. There is no SECO architecture that takes into account several semantic
enrichment aspects.

6. Current metadata and entity enrichment models are limited to only one do-
main for their semantic enrichment process and therefore do not involve sev-
eral enriched metadata and entity models.

7. Current metadata and entity enrichment models only link terms and DBpedia
URL

& Current metadata and entity enrichment models do not take into account
person mobility trace data gathering and analysis in the enrichment process of
metadata.

3. SMESE Multi-Platform Architecture

This section presents the proposed semantic enriched metadata software ecosys-
tem (SMESE) architecture based on SPLE and CBSD approaches to support me-
tadata and entity social and semantic enrichment for semantic digital libraries
and based on an MFD approach for user interface design. Each component of
the SMESE architecture is based on existing approaches (SPLE and CBSD) and
an SME concept (proposed in this work) to generate, extract, discover and
enrich metadata based on mapping ontologies and making use of contents and
linked data analysis.

For the new generation of information and data management, metadata is a
most efficient material for data aggregation. For example, it is easier to find a
specific set of interests for users based on metadata such as content topics, or
based on the sentiments expressed in a content. Furthermore, it is possible to
increase user satisfaction by reducing the user interest gap. To make this feasible,
all content needs to be enriched. In other words, specific metadata must be
available including semantic topics, sentiments and abstracts. However, at the
present time more than 85% of content does not have this metadata.

The SMESE multiplatform prototype includes an engine to aggregate multiple
waorld catalogues from libraries, universities, Bbookstores, #tag collections, mu-
seums, and cities. The collection of pre-harvested and processed metadata and
full text comprises the searchable content.

Central indexes typically include: full text and citations from publishers, full
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text and metadata from open source collections, full text, abstracting. and in-
dexing from aggregators and subscription databases, and different formats (such
as MARC) from library catalogues, also called the base index, unified index, or
foundation index.

The SMESE multiplatform framework must link bibliographic records and
semantic metadata enrichments into a digital world library catalogue. SMESE
must search and discover actual collections or novelties, including: works,
books, DVDs, CDs, comics, games, pictures, videos peoples, legacy collections,
organizations, rewards, TVs, radios, and museums.

The five levels of the semantic collaborative gateway are:

1. Meta Entity.

2. Entity.

3. Semantic metadata enrichment and creation.

4. Free sources of metadata and subscription-based metadata.
5. Content.

Figure 1 presents the entity matrix. The metadata are defined once and are
related to each specific entity.

Semantic relationships between the contents, persons, organization and places
are defined and curated in the master metadata catalogue. Topics, sentiments
and emotions must be extracted automatically from the contents and their con-
text:

ENTITY (NOTICES) MATRIX of the SMESE’s Master Catalogue (EXAMPLE)
Calendary Contents Dacuments = ALRO Places Rewards
= Interasts = Audio Books = (roogle Mog * Titre = Clty * Litterature
= Library = Hooks = Paint = Topics * Localization = Movies
= pOf = Cartographio Mat, = PDF = Keywords = POJ = Music
* Rewards = Clitarions = Powerpaint ® #referempes ® = Nobel
= TV Chanmel * Comics = Spreadshect = Annotations Products .-
0= = Estampes = Ward = * Financral Resources
Coellpctions = Manga L Ojects * Groceries = Culine
= [nterests = Migroforms Events * Diject * Hardware = Physical
= Library * Movies (DVD) = Cinemas Rep. = Work of Ant *  Natural Health . -
s (hrganizations = Music{CD) s Expotitions & e * Pharmacy Subjects
= Personal = Musical Partitions = Libér Spirits Persoms = Software * (Fenomes
LIS = (Md Books = Niews = Agtor L * MindMaps
* Photos (Image)  * Notifications * Aunthor Publications = Darologies
* Pross * Press Conference = Celebrity  * Anticles -
= Serials = Shows * Musician ® Fdwoation Programs WebSiles
= Sounds = Spectacles ® Politician * Fact Sheets * Homewark Help
* Videas = Thesrers * Producer * Questions'Answers = Youth
a— TV Shows * Simger ®  Manpals -
- = Srudems v Mooographs Waorks
* Llser *  Newsletters » Concepts
- *  PostCards =  FExpressions
® Posters = Manifestations
* Proceedings LT
* Thesis

Figure 1. Entity matrix.
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1. Libraries spend a lot of money buying books and electronic resources.
Enrichment uncovers that information and makes it possible for people to
discover the great resources available everywhere,

2. The average library has hundreds of thousands of catalogue records waiting to
be transformed into linked data, turning those thousands of records into mil-
lions of relationships.

FRBR (functional requirements for bibliographic records) is a semantic re-
presentation of the bibliographic record. A work is a high-level description of a
document, containing information such as author (person), title, descriptions,
subjects, etc., common to all expressions, format and copy of the work (see Fig-
ure 2 for an FRBR framework description).

SMESE must allow users to find topically related content through an interest-
based search and discovery engine. Transforming bibliographic records into se-
mantic data is a complex problem that includes interpreting and transforming
the information. Fortunately, many international organizations (e.g. BNF, Li-
brary of Congress and some others) have partly done this heavy work and al-
ready have much bibliographic metadata converted into triple-stores.

Recent catalogues support the ability to publish and search collections of de-
scriptive entities (described by a list of generic metadata) for data, content, and
related information objects. Metadata in catalogues represent resource characte-
ristics that can be indexed, queried and displayed by both humans and software.
Catalogue metadata are required to support the discovery and notification of in-
formation within an information community. Using the information from these
Semantic Metadata Enrichments, the search engine, discovery engine and noti-
fication engine are able to give to the final user better results in accord with his

interest or mood.

respongible Entit
"'('-"""""."-'-.'Er ------ L
responsible Entity OF

_ creator
Work creator OFf i

Responsible Entity

Person

Manifestati :
i | Corporate Body
o f
 owner OF

Figure 2. FRBR framework description.
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SMESE must also include an automated approach for semantic metadata
enrichment (SME) that allows users to perform interest-based semantic search
or discovery more efficiently. To summarize, our SMESE makes the following
contributions:

Definition and development of a proposed semantic metadata enrichment
software ecosystem (see Figure 3 for SMESE overview and Appendix B shows
the detailed version).

This new semantic ecosystem will harvest and enrich bibliographic records
externally (from the web) and internally (from text data). The main components
of the ecosystern will be:

1. Metadata initiatives & concordance rules

2. Harvesting web metadata & data

3. Harvesting authority metadata & data

4. Rule-based semantic metadata external enrichment engine

5. Rule-based semantic metadata internal enrichment engine

6. Semantic metadata external & internal enrichment synchronization engine

7. User interest-hased gateway

8. Semantic master catalogue

A, Topic detection!generation: A prototype was developed to automate the gen-
eration of topics from the text of a document using our algorithm BM-SATD

(Semantic Annotation-based Topic Detection). In this research prototype, the

following issues were investigated:

1. Semantic annotations can improve the processing time and comprehension of

the document.

SMESE V3 - Semantic Metadata Enrichments Software Ecosystemn
Metadata Initiatives & semantic Metadata External &
Concordance Rules Internal Enrichments User Interest-based
Synchronization Engine Gateway
Sernantic
Master
Catalogue
Rules-based Sermantic
Harvesting Metadata External
Web Metadata Enrichments Engine
& Data Rules-based Semantic
Metadata Internal
Enrichments Engine
Harvesting Authorities
Metadata & Data

Figure 3. S3emantic Enriched Metadata Software Ecosystemn (SMESE) architecture.

@ Scientific Research Publishing

309



310

R. Brisebais et al.

2. Extending topic modeling into account co-occurrence to combine semantic
relations and co-occurrence relations to complement each other.

3. Since latent co-cccurrence relations between two terms cannot be measured in
an isolated term-term wview, the context of the term must be taken into ac-
count.

4. Use of machine learning techniques to allow the ecosystem SMESE to be able
to find a new topic itself.

B. Sentiment/Emotion Analysis: The prototype developed has the following cha-
racteristics:

1. Traditional sentiment analysis methods mainly use terms and their frequency,
parts of speech, rules of opinion and sentiment shifters; but semantic infor-
mation is ignored in term selection.

2. Qwr contribution to sentiment analysis includes emotions.

3. The human contribution to improve the accuracy of our approach is taken
into account.

4. Sentiment and emotion analysis are combined.

5. It is important to identify the sentiment and emotion of a book taking into
account all the books of the collection.

6. The collection of documents and paragraphs are taken into account. In terms
of granularity, most of the existing approaches are sentence-based.

7. These approaches did not take into account the surrounding context of the
sentence which may cause some misunderstanding with discovery of senti-
ment/emotion. In our approach, the surrounding context of the sentence is
included.

The prototype makes use of the proposed algorithm BM-55EA (Semantic Sen-
timent and Emotion Analysis). The SMEE algorithm fulfills all the attributes of

Table 2.

Table 2. SMESE characteristics.

1 Internal and external developers

1 Evalmtive comman technological platform

3 Controlled central part

4 Enable cutside contributions and extensions

5 Variahility-enabled architecture

[ Shared core assets

7 Antomated and tool-supported product derivation
B Outside contributions induded in main phtform
o Social network and IoT integration

1 Semantic Metzdata Internal Enrichments

11 Semantic Metadata External Enrichments

12 User Interest-based Gateway
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The SMESE extends the SECO characteristics presented in [18] from 10 to 12,
See Table 1 SECO characteristics versus Table 2 SMESE characteristics.

More specifically, the proposed SPLE approach is a combination of FORM
and COPA approaches focusing on data and metadata enrichment. Through the
combination of these two approaches, the following can be taken into account:

1. Administrative and organizational aspects such as roles and responsibilities,
intergroup communication capabilities, personnel training, adoption of new
technologies, strategic plans of the organization and marketing strategies.

2. Technical aspects such as requirements, design, implementation, test and
maintenance.

With respect to CBSE, our SMESE includes a method for selecting composer
components for design of an SPLE. This method can manage and control the
complexities of the component selection problem in the creation of the declared
product line. Also, the SMESE architecture supports runtime variability and
multiple and dynamic binding times of products.

4. Subsystems within the SMESE Multi-Platform
Architecture

The following sub-sections present in more detail the nine subsystems designed
for the prototype of this SMESE architecture.

4.1. Metadata Initiatives & Concordance Rules

This section presents the details of the metadata initiatives & concordance rules,
specifically the semantic metadata meta-catalogue (SMMC) as shown in Figure
2.

Metadata is structured information that describes, explains, locates, accesses,
retrieves, uses, 0T manages an information resource of any kind. Metadata refers
to data about data. Some use it to refer to machine understandable information,
while others employ it only for records that describe electronic resources. In the
library ecosystem, metadata is commonly used for any formal scheme of re-
source description, applying to any type of object, digital or non-digital. Many
metadata schemes exist to describe various types of textual and non-textual ob-
jects including published books, electronic documents, archival documents, art
objects, educational and training materials, scientific datasets and, obviously, the
web.

Libraries and information centers are the intermediaries between the informa-
tion, information sources and users. In order to make information accessible, li-
braries perform several activities, one of the most important and fundamental of
which is cataloguing. The technological developments of the past 25 years have
radically transformed both the process of cataloguing and access to information
through catalogues.

Several rules have been proposed to cover the description and provision of
access points for all library materials (entities). These rules are based on an indi-
vidual framework for the description of library materials. There is no ecosystem
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that allows the creation of universal, understandable and readable, metadata,

that would describe all entities used in a library.
The most known metadata models are:

. Dublin Core (DC): primarily designed to provide a simple resource descrip-
tion format for networked resources. DMC does not have any coding to provide
the necessary details for the specification of a record that could be comverted
to any machine readable coding like UNIMARC, MARC31.

2. UNIMARC: consists of data formulated by highly controlled cataloguing
codes. This format is difficult to understand and unreadable for the end user.
For this reason, MARC21 was proposed.

3. MARC21: is both flexible and extensible and allows users to work with data in
ways specific to individual library needs. MARC2] remains difficult to under-
stand, however.

4. RDF/RDA: mainly in Europe, is a new model that includes FRBRized Biblio-
graphic Records.

5. BIBFRAME: mainly in Morth America, is a new model that includes FRERized
Bibliographic Records.

In addition, there is no mapping model among these that would make them
interoperable. The overall challenge is to develop: (1) a modeling of partial in-
ternational standardization of entities, (2) a2 modeling of partial international
standardization of metadata, and (3) a modeling of partial international standar-
dization of metadata mapping ontology.

Unfortunately, the power of metadata is limited: indeed, large national and
international digital library projects, such as Europeana and the Digital Public
Library of America, have highlighted the importance of sharing metadata across
silos. While both of these projects have been successful in harvesting collections
data, they have had problems with rationalizing the data and forming a coherent

-

and semantic understanding of the aggregation.

In addition, organizations create digital collections and generate metadata in

repository silos. Generally such metadata does not:

1. Connect the digitized items to their analogue sources.

2. Connect names to authority records (persons, organizations, places, etc.) nor
subject descriptions to controlled vocabularies.

3. Connect to related online items accessible elsewhere.

Aggregators harvest this metadata that, in the process, generally becomes in-
accurate. In fact, aggregators usually ignore idiosyncratic use of metadata sche-
mas and enforce the use of designated metadata fields.

Connecting data across silos would help improve the ability of users to browse
and navigate related entities without having to do multiple searches in multiple
portals. The proposed model defines crosswalks that create pathways to different
sources; each pathway checks the structure of the metadata source and then
performs data harvesting. Figure 4 shows the SMMC model that addresses this
issue.

In SMESE the metadata is classified into six categories:
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Figure 4. Semantic metadata meta-catalogune (SMMC).

. Descriptive metadata: describes and identifies information resources at the

local (system) level to enable searching and retrieving (e.g.. searching an im-
age collection to find paintings of animals) at the web-level, and to enable us-
ers to discover resources {e.g., searching the web to find digitized collections
of poetry). Such metadata includes unique identifiers, physical attributes (me-
dia, dimensions, conditions) and bibliographic attributes (title, author/creator,
language, keywords).

Structural metadate facilitates navigation and presentation of electronic re-
sources and provides information about the internal structure of resources
(including page, section, chapter numbering, indexes, and table of contents)
in order to describe relationships among materials (e.g.. photograph B was in-
cluded in manuscript A), and to bind the related files and scripts (e.g., File &
is the JPEG format of the archival image File B).

Administrative metadata: facilitates both short-term and long-term manage-
ment and processing of digital collections and includes technical data on crea-
tion and guality control, rights management, access control and usage re-
quirements.

. Dimension, longevity and identification metadata: are new classifications that

aim to increase user satisfaction, in terms of expected interests and emotions.
For example, dimension metadata regroups all metadata about space, time,
emotions and interests. This metadata allows finding specific content. Anoth-
er example: emotions may suggest specific content to a particular user at a
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specific time and place. Furthermore, the source metadata identifies the pro-

venance and the rights relative to the creation of the metadata.
4.2. Harvesting of Web Metadata & Data

The harvesting of web metadata & data sources such as:

1. Semantic digital resources
2. Digital resources

3. Portal/websites events

4. Social networks & events
5. Enrichment repositories
6. Discovery repositories

The integration of these sources in SMESE allows users to aggregate and

enrich metadata and data.

4.3. Harvesting Authority Metadata & Data

This sub-section presents the details of the Harvesting of Authorities Metadata
& Data.

The Semantic Multi-Platform Ecosystem consists of many authority sources,
such as:

1. BAnQ (Bibliothéque et Archives nationales du Qc
2. BAC (Bibliothéque et Archives du Canada

3. BNF (Bibliothéque Nationale de France)

4, Library of Congress

5. British Library

6. Europeana

7. Spanish Library

The integration of these platforms in SMESE allows users to build an inte-
grated authorities knowledge base.

4.4. Rules-Based Semantic Metadata External Enrichments Engine
This sub-section presents the details of the rule-based semantic metadata exter-
nal enrichment engine.

Semantic searches over documents and other content types needs to use se-
mantic metadata enrichment (SME) to find information based not just on the
presence of words, but also on their meaning. It consists of:

1. Rule-based semantic metadata external enrichment engine.
2. Multilingual normalization.
3. Rule-based data conversion.
4. Harvesting metadata & data.

Linked open data (LOD) based semantic annotation methods are good candi-
dates to enrich the content with disambiguated domain terms and entities {e.g.
events, emotions, interests, locations, organizations, persons), see Figure 5, de-
scribed through Unigue Resource Identifiers (URIs) [46]. In addition, the origi-
nal contents should be enriched with relevant knowledge from the respective

3B6
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Figure 5. Linked Open Data (LOD).

LOD resources (e.g- that Justin Trudeau is a Canadian politician). This is needed
to answer queries that require common-sense knowledge, which is often not
present in the original content. For example: following semantic enrichment, a
semantic search for events that provides specific emotions in Montreal accord-
ing to individual interests this weekend would indeed provide relevant metadata
about events in Montreal, even though not explicitly mentioned in the original
content metadata.

The semantic annotation process of SMESE creates relationships between se-
mantic models, such as ontologies and persons. It may be characterized as the
semantic enrichment of unstructured and semi-structured contents with new
knowledge and linking these to relevant domain ontologies/knowledge bases. It
typically requires annotating a potentially ambiguous entity mention (e.g. Justin
Trudeau)} with the canonical identifier of the correct unique entity (e.g. depend-
ing on the content, hitp:/idbpedia.org/page/Tustin_Trudeau). The benefit of so-
cial semantic enrichment is that by surfacing annotated terms derived from the
full-text content, concepts buried within the body of the paperfreport can be
highlighted. Also, the addition of terms affects the relevance ranking in full-text
searches. Moreover, users can be more specific by limiting the search criteria to
the subject or interest or emotion metadata (e.g. through faceted search).

4.5. Rule-Based Semantic Metadata Internal Enrichments Engine

This sub-section presents the details of the rule-based semantic metadata inter-
nal enrichment engine including software product line engineering (SPLE).

This sub-system includes:
1. A rule-based semantic metadata internal enrichment engine.
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2. A multilingual normalization process.

3. Software Product Line Engineering (SPLE)

4. A topic, sentiment/emotion, abstract analysis and an automatic iterature re-
view.

These processes extract, analyze and catalogue metadata for topics and emo-
tions involved in the SMESE ecosystem. These enrichment processes are based
on information retrieval and knowledge extraction approaches. The text is ana-
lyzed making use of extension of text mining algorithms such as latent Dirichlet
allocation (LDA), latent semantic analysis {(LSA), support vector machine (§VM)
and k-Means.

The different phases of the enrichment process by topics are:

1. Relevant and less similar documents selection phase.

2. Not annotated documents semantic term graph generation phase.
3. Topics detection phase.

4. Training phase.

5. Topics refining phase.

The different phases of the enrichment process by sentiments and emotions
are:

1. Sentiment and emotion lexicon generation phase.
2. Sentiment and emotion discovery phase.
3. Sentiment and emotion refining phase.

One of the contributions of the SMESE for digital libraries is that it is not spe-
cific to one software product but can be applied to many products dynamically.
In addition, it includes a semantic metadata enrichment (SME) process to im-
prove the quality of search and discovery engines.

Indeed, our goal is to provide a SECO that offers a new way to share and learn
knowledge. In practice, with the emergence of Big Data, knowledge is not easy to
find at the right time and place. The proposed ecosystem uses an SPLE architec-
ture that is a combination of FORM and COPA approaches to catalogue seman-
tically different contents.

Furthermore, we introduce an SPLE decision support process (SFLE-DSP) in
order to meet the SPLE characterization such as:

1. Buntime variability functionalities support.
2. Multiple and dynamic binding.
3. Context-awareness and self-adaptation.

SPLE-DSP supports the activation and deactivation of features and changes in
the structural variability at runtime and takes into account sutomatic runtime
reconfiguration according to different scenarios, In addition, SPLE-DSP rebinds
to new services dynamically based on the description of the relationships and
transitions between multiple binding times under an SPLE when the software
adapts its system properties to a new context. To take into account context va-
riahility to model context-aware properties, SPLE-DSF makes use of an auto-
nomous robot that exploits context information to adapt software behavior to
varying conditions.

Furthermore, SPLE-DSP integrates the adaptation of assets and products dy-

-@ Scientific Research Publishing



R. Brizebois et al.

namically. This helps products to evolve autonomously when the environment

changes and provides self-adaptive and optimized reconfiguration. Additionally,

SPLE-DEP exploits knowledge and context profiling as a learning capability for

autonomic product evolution by enhancing self-adaptation.

The SPLE-D5P model is an optimized metadata based reconfiguration model
where users select their preferences in terms of configuration of interests.

The dynamic and optimized metadata-based reconfiguration model (DOMBM)
takes into account the preferences of several users who have distinct require-
ments in terms of desirable features and measurable criteria. For example:

L. In terms of hardware criteria, the user can select preferences in terms of
memory and power consumption or feature attributes such as internet band-
width or screen resolution.

2. In terms of software criteria, the user can select the entities and their proper-
ties, the property characteristics such as the displaying mode, and expected
value type.

Indeed, when user preferences change at runtime, the system must be recon-
figured to satisfy as many preferences as possible. Since user preferences may be
contradictory, only some will be partially satisfied and a relevant algorithm
needed to compute the most suitable reconfiguration. To overcome this draw-
back, we developed the use of a new metadata-based feature model, referred to
as the BiblioMondo semantic feature model (BMSFM), to represent user prefe-
rences in terms of semantic features and attributes. Our BMSFM constitutes an
evolution of traditional stateful feature models [51] that includes the set of user
metadata based configurations in the model itself, which allows the representa-
tion of user decisions with attributes and cardinalities. More specifically, we de-
veloped a metadata-based reconfiguration model that defines all possible meta-
data and all possible entities that users may need in a specific domain. When a
user needs new metadata, he uses the metadata-based request creation tool. The
DOMRM model analyses the request and checks whether the requested metada-
ta is relevant and does not already exist. Thus when needed the model automat-
ically creates the new metadata and reconfigures the ecosystem which then be-
comes available for all users.

Figure & illustrates the DOMBM model we designed that is an optimized me-
tadata based configuration for multiple users.

Users preforonces

Syetem Mew Metadats
based Configumtion

i
B
=]
[}
&
£
&

Figure 6. Optimized metadata based configuration for multiple users—DOMBM model.
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When the user chooses preferences in terms of system behavior, the semantic
weight of each feature is computed based on the feature configuration model
(FCM). FCM represents the semantic relationship between features where each
feature is active or not. In addition, FCM defines the rules that control the acti-
vation status of each feature according to its links with the other features. For
example, a rule may be: feature F, should never be activated when F,, is acti-
vated. Based on this rule, the model automatically activates or deactivates the
feature.

The rules are also used to predict the behavior of the application based on the
activation status of features according to user preferences. Motice that each user
has his own weight per feature that is defined based on his use of the feature.
This weight quantifies the importance of the feature for the user (more details
about the DOMEM algorithm appear in Appendix A).

4.6. Semantic Metadata External & Internal Enrichments
Synchronization Engine

This sub-section presents the semantic metadata external & internal enrichment
synchronization engine which represents which processes to synchronize and
which enrichments to push outside the ecosystem.

4.7. User Interest-Based Gateway

This sub-section presents the user interest-based gateway (UIG) that represents
the person (mobile or stationary) who interacts with the ecosystem.
The users and contributors are categorized into five groups:
1. Interest-based gateway (mobile-first),
2. Semantic Search Engine (35E),
3. Discovery,
4. Notifications,
5. Metadata source selection.

4.8. Semantic Master Catalogue

This sub-section presents the semantic master catalogue (SMC) that represents
the knowledge base of the SMESE ecosystem.

5. An Implementation of SMESE for a Large Semantic
Digital Library in Industry

The proposed SMESE architecture has been implemented for a large digital li-
brary. The product In Média V5 was implemented with a global metadata model
defined with all the known entities and constraints. The catalogue contains more
than 2 million items, with 18 entities and 132 defined metadata. SMMC identi-
fies 1453 metadata and defines a metamodel that consists of a semantic classifi-
cation of metadata into meta entities.

In addition to semantic web technologies, the characteristics and challenges of
SMESE for large digital libraries are:
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1. Automatic cataloguing with the least human intervention.

2. Metadata enrichment.

3. Diiscovery and definition of semantic relationships between metadata and
records.

4, Semi-automatic classification of bibliographic records.

5. Semantic cataloging and validated metadata making use of a multilingual the-
saurus.

First, we defined a list of entities, called Meta Entity, which introduced 193
items. These items represent all library materials. In addition, the structure of
the model allows addition of new entities as may be required. Figure 7 shows the
SMESE meta-entity model where for each entity there is: an 1D, property Name,
description, labels in different languages, and the domain that represents the
logic group of the entity; for reason of formatting, Appendix C shows a readable
version. The domain may be “user” as response value for a metadata. In this im-
plementation, all instances of the entities of the domain can be the response val-
ue. The ID allows the user to uniquely identify the entity whatever the language,
the source of entities or the metadata model (DC, UNIMARC, MARC21, RDA,
BIBFRAME).

Mext, the list of metadata is defined. 1341 metadata are defined. Each metada-
ta entry has the following additional metadata called Meta Metadata: 1D, related
Content Type, is Enrichment, is Repeatable, thesaurus, type, and source Of
Schema, which are defined as follows:

1. “source Of Schema” represents the origin.

2, “id” allows unique identification of the entity.

3. “property Mame” is a comprehensive term that defines this metadata.

4, “UNIMARC”, “MARC217, “property Name™ allow users to create a mapping
between them to make them interoperable.

£ “UNIMARC” and “MARC21" are codes such as 3008abcf.

6. “Expected type™ represents the type of value that may be assigned to the me-
tadata as response.

7. “isRelated” denotes that the response of the metadata is an entity where the
identity is given by “related Content Type™.

&. “thesaurus™ mentions the thesaurus name that is used to control the metadata
integrity.

9. “type” allows classification of the metadata as “descriptive”, “structural”, “ad-
ministrative”, “dimension”, “longevity” or “identification”.

This classification allows users to do meta research. Figure & shows an illu-
stration of the Meta Metadata model; Appendix D shows a readable version.

The semantic matrix model is defined for each entity based on the metaentity
and metadata model. This semantic matrix model allows users to define a meta-
data matrix for each entity where a metadata matrix denotes the logical subset of
metadata of metadata model that describes a given entity. Figure 9 illustrates an
example of a semantic metadata matrix for a specific content; Appendix E
presents a readable version. The objective behind the matrix is to allow the reuse
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Figure 7. SMESE Meta Entity model.
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Figure §. SMESE metadata model.

of metadata for distinct entities. This extends the search range for entities, facili-
tates the search for users in terms of search criteria and increases the probability
of achieving satisfying results.

After the definition of entities of collections and harvesting of metadata from
the dispersed collections, a metadata crosswalk is carried out. This is a process in
which relationships among the schema are specified, and a unified schema is
developed for the selected collection. It is one of the important tasks for building
“semantic interoperability” among collections and making the new digital li-
brary meaningful.

The most frequent issues regarding mapping and crosswalks are: incorrect
mappings, misuse of metadata elements, confusion in descriptive metadata and
administrative metadata, and lost information. Indeed, due to the varying de-
grees of depth and complexity, the crosswalks among metadata schemas may
not-necessarily be equally interchangeable. To solve the issue of varying degrees
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Figure 9. Example of a SMESE semantic matrix model.

of depth, we developed atomic metadata: these metadata allow description of the
maost elementary aspects of an entity. It then becomes easy to map all metadata
from any schema.

Figure 10 illustrates a mapping ontology model where relationships are in red
while simple descriptions are in black.

Figure 11 shows that each entity has at 2 minimum one source of schema de-
noted by the relationship “has Source” and a minimum of one metadata denoted
by the relationship “has Metadata™. The relationship “same As” is used to denote
the mapping between distinct metadata or entity schema source.

The output of the ontology is an OWL file. This OWTL file is used by a cross-
walk to automatically assign metadata values that are harvested from distinct
sources. In the proposed ecosystem two sources are harvested: Discogs

(www.discogs.com) for music and Research Gate (www.researchgate.net) for
academic papers.
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Figure 10. Ontology mapping model.
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Figure 11. Ontology mapping implementation using Protége.

A total of 94,015,090 metadata records were collected from these two sources:
1. From Discogs, we collected 7,983,288 entities: 2,621,435 music releases,
4,466,660 artists and §95,193 labels.
2. From research(Gate, we collected 86,031,802 entities: 77,031,802 publications
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and more than 9,000,000 researchers.
3. In fact, SMESE contains more than 3.4 billions triplets and growing.

6. Summary and Future Work

In thiz paper, we proposed a design and implementation of a semantic enriched

metadata software ecosystem (SMESE).

The SMESE prototype, which was implemented at BiblioMondo, integrates
data and metadata enrichment to support specific applications for distributed
content management. To perform this integration, SMESE makes use of the
software product line engineering (SPLE) approach, a component-based soft-
ware development (CBSD) approach and our proposed new concept, called se-
mantic metadata enrichment (SME) with distributed contents and mobile first
design (MFD). In this implementation, the S3PLE architecture is a combination
of FORM and COPA approaches.

We also presented our implementation of SMESE for digital libraries. This in-
cluded SPLE-DSP, a new decision support process for SPLE. SPLE-DSP consists
of & dynamic and optimized metadata based reconfiguration model (DOMEBM)
where users select their preferences in the market place. SPLE-DSP takes into
account runtime variability functionalities, multiple and dynamic binding, con-
text-awareness and self-adaptation.

We also implemented the Meta Entity that represents all library materials and
meta metadata. The ontology mapping model was then implemented to make
our models interoperable with existing metadata models such as Dublin Core,
UNIMARC, MARC21, RDF/RDA and BIBFRAME.

The major contributions of this paper are as follows:

1. Definition of a software ecosystem architecture (SMESE) that configures the
application production process including software aspects based on CBSD and
SPLE approaches.

a) The use of a LOD-based semantic enrichment model for semantic annotation
Processes.

b) The integration of National Research Council of Canada (NRC) emotion lex-
icon for emotion detection.

c) A repository of 43 thesaurus included in RAMEAU for semantical contextua-
lization of concepts.

a. An extended latent Dirichlet allocation (LDA) algorithm for topic modeling.
2. Definition and partial implementation of semantic metadata enrichment us-

ing metadata SPLE and an SMMC (semantic master metadata catalogue) to

create a universal metadata knowledge gateway (UMEG).

3. The design and implementation of an SMESE prototype of for a semantic dig-
ital library (Lib&r).

This paper proposed a semantic metadata enrichments software ecosystem
(SMESE) to support multi-platform metadata driven applications, such as a se-
mantic digital library. Our SMESE integrates data and metadata based on map-
ping ontologies in order to enrich them and create a semantic master metadata
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catalogue (SMMC).

Within the SPLE context, SPLE-DSP is used by SMESE to support dynamic
reconfiguration. This consists of a dynamic and optimized metadata based re-
configuration model (MOMBM) where users select their preferences within the
market place. SFLE-DSP takes into account runtime metadata-based variability
functionalities, multiple and dynamic binding. context-awareness and self-
adaptation. Cur SMESE represents more than 200 million relationships (trip-
lets).

Future work will include:

L. An enhanced ecosystem of connecting engines and rule-based algorithms to
enrich metadata semantically, including topics and sentiments/emotions.

2. Evaluation of the performance of an implementation of the SMESE ecosystem
using different projects, comparing results against existing technigques of me-
tadata enrichments.

Exploring text summarization and automatic literature review as metadata
enrichment, the semantic annotations could be wsed to enrich metadata and
provide new types of visualizations by chaining doecuments backward and for-
ward inside automated literature reviews.
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Appendix A: Dynamic and Optimized Metadata-Based
Reconfiguration Model (DOMRM)

This Appendix presents the details of the DOMBEM model. The main idea be-

hind DOMBM is the more a user uses a specific feature, the more his weight for

this feature increases. The weight UfFi of user ffor feature 5 is given by:

gFi =T

¥, (U, Fi)

where n{ L, Ff) denotes the number of times user f used the feature
Making use of user weight per feature and their preferences. the feature

weight that determines its activation or not is computed. Considering that Li¥is

the set of users who have selected a feature i (activation of feature), and IR is

the set of users who have removed that feature {deactivation of feature), the val-

ue 1 is assigned when a user actives the feature, and —1 when he removes it. Let

(L, Fi) be the choice of user j for the activation status of feature Fi. The weight

of feature £ can be defined using the following formula:

1 whether 0<%, o[ e(Uk. Fi)x UKFi |

W{Fi}=[

-1 whether 0> ¥, o I'o(Uk, Fi) xURFi |

(1)

(2)

The computed weight of each feature allows one to define the weight FM that
is used by the system optimal configurator with the FCM to generate the new
configuration of the system for all users. When the feature weight is negative and
the FIS rules allow de-activation, the feature is deactivated and when the feature
weight is positive and the FIS rules allow activation the DOMEM model acti-
vates the feature. The activation status of the feature is not modified when the
feature weight is null and the current activation status is conserved.

@ Scientific Research Publishing

329



330

R. Brisebois et al.

Lol -1 | —

1 AT R S 1B ARY
o st iy e e i

HEREY 1%
| |1y IRRITHIR 0 DR
{ jj pews-luuren iy izyday
 —rE—

[ e usqsenjeuuoy [Eniugpmg H

H EOITRLLE T 13673 aepl] sshewsy s, ¥

i D (| g § il oy Hpadaag |
i ey e sy |

TRy Iama) siha3 Buqannd v

L= A0S BRRRI 5
13m] auEuz suopesgnaN

SURILT (IRas AURLaS
TEAn] FEmMBLED pasen Jseaial il 4

w3)sAs023 a1eM}JOS SJUSWIYDLIUT BIePeIdIA d1JURWAS - EA ISTINS

(wasds0ag aIemIJos SIUIWPLIUG BIEPEIaW Muewas) g5ans pasodoayg g xipuaddy

'@ Ecientific Research Publishing



R. Brisebois et al.
Appendix C: Figure 7. SMESE Meta Entity Model
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Appendix D: Figure 8. SMESE Metadata Model
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Appendix E: Figure 9. Example of a SMESE Semantic Matrix
Model
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Absrrace—Information systems need to be more flexable
and to allow users to find content related to thewr context
and imterests. Metadata harvesting and metadata
enrichments could represent a way to help users to find
content and events according to their mberests. However,
metadata are underused and represents an mieroperability
challenge This paper presents a new framework, called
SMESE, and the implementzhon of its prototypes that
conzists of s semantec metadata model, 3 mapping
ontology model and a user inferest affimity model. Thes
proposed framework makes these models interoperable
with existing metadata models.

SMESE also proposes 2 decision support process
supporting the actvation and deactivabion of software
features related to metadata To consder conbest
vanabiity mfo account mm modeling context-aware
properties, SMESE make: use of an aufonomous process
that exploits context information to adapt software
behaior using an enhanced metadata framework. When
the user chooses preferences m terms of system behavior,
the semanhe weizht of each feature 15 computed This
weight quantfies the importance of the featwre for the
user according to their interests.

This paper also proposed a semanfic metadata analysis
ecosystem to support data harvesting according to a
metadata model and a mapping ontology model. Data
havestmg 15 coupled with mtemal and external
emrichments. The imtial SMESE prototype represents
mere than 400 mulhons of relstionships (tnplets). To
conchude, this paper also presents the desizn and
implementafion of different prototypes of SMESE
applied to digital ecosystems.

Index Terms—DMetadata, metadata ennchment, metadata

model, ontology, semantic metadata ennchment, software
ecosystem.

Copyright ® 2017 MECS

I INTRODUCTION

With more and more data avalable on the web, how
users search and discover content or events 15 of crucial
importance. There is growing research on interaction
paradigms investigating how users may benefit from (1)
the expressive power of semante web standards, (2) the
exishng cataloguing models and metadata ennchments.

The semantic web may be defined as the
transformation of the world wide web to a databasze of
semanfic linked resouwrces, where data may be wadely
reused and shared [1]. Semantic mformation discovery
approaches [2, 3] are now challengmg traditional
keyvword-based mformation retrieval methods. Ths
retrieval problem i firther burdened by the poor quality
of the metadata content in mamy digital collections.

Soffware ecosystems (SECO) [4-19] are defined as the
interaction of a set of actors on top of a2 commen
technological ecosystemn providing a pumber of software
interzctions or websenaces [4, 5]. In SECO, infernal and
external actors create and compose relevant solutons
together with a commmmity of domain experts and users
to sabisfy customer requirements. This poses new
challenges sinee the sofiware systems are being evolved
by vanous dismbuted development teams, comwmmties,
experts and technologies.

There 15 growing agreement on the main characteristies
of SECO, meluding a common technological platform
enabling outside comtmbufions and vanabalify-enabled
architectures. Mine characteristics have been identified
[20] that forus on techmcal processes for system
development, mterconnection and evelubion.
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Gawer and Cusumane [21] have analyzed a wide range
of industry examples of SECO and identified two
predﬂmnant types of platforms:

. Internzal platforms: defined as a set of assets
orgamzed m a common structure from which a
company can efficiently develop and produce a
stream of derzvative products.

2. External platforms: defined a5 products,
services, or technologes that act as a foundation
upon which external imnovators, orgamzed as an
mnovative business ecosystem can develop
ther own complementary products,
tecknologies, or services.

Concwrently modermn soffware demands more and
more adaptve features. The semanbic web [22-26] and
linked data are some of the most important concepts to
support Semantic Metadata Fnnchment (SME) i a
SECO architecture [27-33].

Today, semanfic web technologies offer a naw level of
flexabality, mteroperability and a2 wav to enhance peer
communmcation and knowledge shanng Indeed a
semanfic web enmine. ensures more closely relevant
results based on the ability to understand the definition
and user-specific meaning of the word or term being
searched for. Semantic search engines try to understand
the context n which the words are bemng used, resulting
1o more relevant results with greater user sahsfachon.

However, to ennch web data by transformmg them into
knowledze that may be more accessible and
understandable by systems and users, this paper proposes
a famework uwsing metadata model architecture, referred
as the SMESE flamework (Semantic NMetadata
Ennichment Software Ecosystem).

The SMESE architecture meludes semanfic metadata
emichment engines based on a metadata model, a
mapping ootologie model and a user interest affinaty
medel. It infegrates and enriches metadata.

EMESE also proposes a decision support process
supporting the activation and deactivabon of software
features related to metadata To consider confext
vanablity mfe account i modeling context-aware
properties, SMESE makes use of an aufonomous process
that exploits context mformaton to adapt software
behavior using an enhanced metadata framework.

The mult-platform metadata model of SMESE was
presented m [34] while this paper focuses specifically on
the metadatz and affimty medels of SMESE.

The remainder of the paper 1= orgam=zed as followrs.
Section 2 presents the related works, Section 3
sumimarizes the mmlt-platform  framework of the
proposed SMESE, and Section 4 presents the related
eight metadata and affinty models and sub-systems of
SMESE. Section 5 presents the prototype of SMESE
implementation in an industy context. Section 6 presents
a summary and 1deas for fohwe work.

Copyright © 2017 MECS

IO. RELATED WORES

This related works secton i1s at the miersection of
SECO and SME and presents the three related research
ames:

1. SECO architecture using component mtegration.

2.  SECO architecture and concepts.

3.  Semantic metadata emnchments (SME).

The related works sechon is at the infersechon of
SECO and SME. First, the SECO architectwe 15
presented second. the concept and finally the semantic
metadata envichments.

A. SECO architscnre using compenents integration

Software ecosystems [4-6, 12, 21, 2B, 32] consist of
mulfiple soffware products, often interrelated to each
other by means of dependency relanonships. When one
product undergoes changes and 1ssues a pew release, fhas
may of may not lead other products to upgrade their
dependencies. Unfortunately, the upgrade of a component
may create a series of 1ssues. In thewr systematic literature
review of SECO research, Mamkas and Hansen [4] report
that:

1. There is little consensus on what is a SECQ.

2. Few analytical models of SECO exst.

3 Little research 15 done in the context of real-

world.

They define a SECO as the interaction of a set of actors
on top of a commeon tedmolugcal platform. They also
identify three main perspective 1n a SECO arclutechwre:

1. Software enmineering: the focus 15 on techmical
1ssues related dwectly or mdoectly fo the
technology platform.

2 Busmes: and manapement: the focus 15 on the
busimess, orgamzatonal and management aspects.

3. ERelahonships: represent the social aspect.

B. SECO architscture and concept

Christensen, Hansen, Kyng and Manikas [5] define the
concept of SECOD archutecture as a set of shuchwes
comprised of actors and software elements, the
relationships among them, and their properties.

Demur [27] also proposes a software archatecture that 15
strongly related to @ defence system and lumited to
military personnel. Thewr mmlb-view of the SECO
architecture is described step by step.

Meves, Carvalhe and Ralka [33] propose an
architectural soluhon based on onfology and the

spreading  algonithm  that  offers perunah'z;evd and
contextualized event recommendations in the wniversty
domain. They use an ontology to define the domain
knowladge model and the spreading activafion algonthm
to leamn user patterns through discovery of user mterests.

Alferer, Pelechano, Maze, Salinesi and Dhaz [33]
propose a framework that uses semanteally nch
vanability models at runtime to support the dymamuc
adaptztion of sarvice composihons. They propose that
sarvice compositions be abstracted as a set of featwres in
a vanability model.

LI Informarion Technology and Computer Science, 2017, 03, 1-16
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C. Semantic metadata envichment

Bontcheva, Kieniewicz, Andrews, and Wallis [36]
imvestigate semantic metadata automatic enrichment and
search methods. In particular, the benefits of ennching
articles with knowledge from linked open data resources
are investigated with a foeus on the environmental
sclence domam. They also propose a form-based
semantic search interface to facilitate environmental
sclence researchers I camying out better semantic
searches. Their proposed model is homted to linking
terms with DBpedia URI and does not take imfo account
the semantic meaming of terms.

Some authors forus their ennchment model on person
mobility trace data [37-40]. Erueger, Thom, and Eril [37]
show how semantic insights can be gained by ennching
hjeﬂmdahnﬁphmnflnﬁuestfpﬂnmﬁ:m
using socital media services. They handle semantic
uncertainfies m fime and space, which result from noisy,
imprecise, and missing data, by miroducing a2 POI
decision moedel in combination with lnghly interactve
visualizations.

Eunze and Hecht [38] propose an approach fo
processing  semantic information from wser-generated
OpenStreethdap (O5M) data that specifies non-residential
use 1n residential bmldmgs based on OSM athibutes, so-
called tags, which are used to define the extent of non-

The conclusions from these related works ave:

1. Metadata-based architechre needs to be fleeable
and meet admimstrative, orgamizational and
techmeal aspects.

2 Severzal proposed models do not take into
account autonomc mechamsmes to guide the self-
adaptation of service compesibons according to
changes m the computing infrastructure.

3 There 15 no SECO architecture that takes into
account several semantic ennchment aspects.

4. Cwrent metadata and enhty emichment meodels
are limited to only one domain for their semantic
ennchment process and therefore do not mmehve
several emriched metadata and enfity modals.

5. Cwrent metadata and enhty emichment models
do not take mto account person mobility trace data
gathering and analysis in the ennchment process
of metadata.

II. SMESE ARCHITECTURE

This sechion presents the architecture of the proposed
Semantic Metfadata Emriched Software Ecosystem
(SMESE). It is based on metadata semantic internal and
component of the SMESE archifechwe iz based on
semantic metadata to generate, extract, discover and
enrich metadata based on mapping onfologies and a user
interest affinity model. SMESE makes use of contents
and lmked data analysis.

For the new generafion of mformation and data
management, metadata 1= one of the most efficent
material for data aggregstion and understanding. For

Copyright © 2017 MECS

[F¥]

example, 1t 15 easier to find a specific set of mberests for
users based on metadata such as confent fopics, or based
on the senfiments expressed in a content. Furthermore, it
is possible fo increase user satisfaction by reducing the
user inferest gap using appropriate metadata. To muake
this feasible, content and events need to be semantically
enniched In other words, to achieve specific searches,
specific mefadata mmst be available meluding semantic
topics, sentiments and abstracts. However, at the present
time and according fo our prototype, more than §5% of
the content does not have these metadata.

The SMESE prototypes melude an engine to aggregate
mmlfiple catalogues or datasets from the web, libranes,
umversities, bookstores, #tag collections, museums, and
cifies. Central mdexes typically include: full texr and
citations from publishers, full text and metadata from
open source collechions, full text, abstracting and
indexing from aggregators and subscription databases.
They are m different formats and are also called either
base index unified index, or foundation index.

The SMESE framework enhances hibliographoc
records with semantic metadata ennchments. It searches
and discovers actual cu]]mtixmsmnmrdriﬂs, meluding-
works, books, DVDs, CDs, comics, games, pichores,
vidsos peoples, legac_'r ca]]gctwu:ls, organizafions,
rewards, TVs, radios, mmseums and other events
calendar. T]:I.E prnta‘l'jpe creates implets to define
relationships enriching metadata’s content. To be able fo
map the user mterest and the content metadata, the
profotype includes a user inferest affimty model This
model (see Fig 1) includes:

1. An algorithm to recommend to user contents or
events matching his inferest according to the user
interest affimity model;

2. An alponithm fo rank dynamically the contents
or evenfs according to the user interest affinity
maodal;

2

User interest Affinity Model

Wwes MR ES BOOEs ROVELTES TV CHANMELS
ozamey I
WIERZSIS Oy RADHD CHANNELS AECORCED e

s
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" Eached ibnog
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EOTIORE: DEWTITY SHARETY SO0

Fig, 1. User Interest Affinity Model.

Semantic relationships between the contents, persons,
orgamzation and places are defined and curated in the
master metadata catalogue. Topies, sentiments and
emotions are extracted awtomatically from the contents
but with respect to their context. The average hbrary has
hundreds of thousands of catalogue records waiting to be
transformed mbo hinked data, twmng those thousands of
records into millions of relationships (frplets).
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SMESE must allow users to find topically related
content through an interest-based search and discovery
enpine  Transforomng hibliographic records into semantic
data 15 a complex problem that includes mterpreting and
organizations have partly done this beavy work and
already have mmech bibhographic metadata converted into
triple-stores but there is not a2 defimtion of a common
catalogue using the same semantic metadata model for all
standards.

The SMESE prototypes harvest and analyse multiple
catalogues and linked open data (LOD) from hbraries,
universihes, bookstores, #tag collections, museums, open
catalogues, national catalogues to produce semantic
metadata emrichments.

Cenfral indexes typically include full text and citahions
from publishers, full texts, abstracting and indexing from
aggregators and subscriphion databases, and different
formats (such as MARC) from library catalogues.

The SMESE framework allows to commect
bibliographic records and semantic metadata enrichments
(SEM) mto 2 unified master metadata catalogue. The next
fizure (Fig. 2] presents the four levels of the metadata
enrichment view uses par SMESE: (1) Meta-Enhty

(black), (2) Eotty (blue), (3} Semanhc metadata
enrichment {grey), and (4) Contents & Events (white).
. Vioms. b — e gl
Fewm —— - e
(o - =z -
1 e "
o
I::'“""_“ £ CORTIMTS Gy
M D o= =
Uhary Lk
o Azim
b - tren
" = Smaseey “STIII, reechn
Mgt u...m e Frid e

Fig. 1. Metadata enrichment view.

Semanfic relahonships between content, persoms,
organizahions, events and places are defined and curated
in the master mefadata catalogue. Topies and senfiments
are extracted (where possible) from the content, s
context and related objects.

Fecent catalogues support the ability to publish and
search collections of descniptive entities {described by a
list of generic metadata) for data, content and related
information objects. Metadata in catzlogues represent
uhluguﬂmmdahmnaededmsuppmtﬂndasmm
and notification of information within an information
community.

SMESE mchides an automated approach for semante
metadata ennchment that allows users to perform
mferest-based semantic search or discovery more
efficiently. To summarize, SMESE makes the following
contnbutions:

Copyright & 2017 MECS

A. Architecture, protonype and analysis of SMESE -
Semantic  Metadata Eonchment Software
Ecosystern. (See Fig 3 Detailed of the ecosystem:
Appendix A shows a more readable version).

This new semantic ecosystem SMESE has the ability
to harvest and emrich Wbliograplic records extemnally
{from the web) and mtemally (from text data). The main
components of the ecosystemn are (see Fig 3 and
Appendrx A shows a readable version):

Metadata imhatives & concordance mles

Harvesting web metadata & data

Harvesting authority metadata & data

Fule-based semantic metadata
ennchments

Fule-basad
ennichments
6. Semante metadata external &

ennchment synchromization
7. User interest-based gateway
3. Semantic master catalogue

i b e

external

[

semanfic  metadata  intemal

SWESE V3 - SaTeavIC MR ERTCHnasTLs SOTTARIT ECOSEE M

HEERE =5

Fiz. 3. Detailed Semantic Enriched Matadata Sofmare Ecosystem [34].

B. Topic detection/generarion - A prototype was
developed to automate the generafion of topics
from the fext of 2 document using our algonthm
SATD  (Semantic  Annotation-based  Topic
Detection). In this ressarch prototype, the
following 155ues were investigated:

1. Semantic annotations can improve the
processing fime and comprehension of the
document.

2 Extending fopic model into account co-
ocowrence fo combme semante relzhons
and co-gcomrence relations to complement
each other.

3. Since latent co-occwrence relations
between two ferms cannot be measured m an
wsolated term-term view, the context of the
term must be taken mto account.

4. Use of machine learmng techmques to
allow the SMESE ecosystem to be able to
find a new topic itself

C. Semtiment Analysis - The pmtot_'.q:e developed has
the following characteristics

LI Information Technology and Computer Science, 2017, 05, 1-16
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1. Traditonal sentiment analysis methods
mamly use terms and thew frequency, parts
of speech, rules of opimon and sentiment
shifters; SMESE use semantic informaton to
perform his analy=is.

2 The collection of docuwments and
paragraphs are taken info account. In terms
of gramlanfy, most of the emshng
approaches are sentence-based

3. In SMESE prototypes, the sumrounding
confext of the sentence 15 mecluded The
traditional approaches do npot take info
account the swrounding context of the
sentence which may cause some
misunderstandmg  with  discovery  of
sentiment.

The prototype makes use of the proposed algorithm
SSEA (Semanfic Sentiment and Emotion Analysis). Ths
alzonithm fulfills all the attributes of Table 1.

The SMESE extends the SECO charactensties
prm&nrad i [20] from mumber 10 to 12 [34]. Sea Table 1

SECO charactenstics versus SMESE charactenistics.

Tzble 1. SMESE charactensiics [34].

[Mmmber | Model  |[Charscteristics
S5ECO  |[mtemal snd external developers

S5ECO  [Evahmatve common technolosical
latfiorm
S5ECO  [Controlled central part

S5ECO  [Enable outside contributons sndl
Extensions

[

5 SECO  [Varability-ensbled architecture

[ S5ECO  [hared core sssets

7 SECO  [Automated and  fool-supported
derivation

g SECO  Cmside contributions includad in the

pnsin platform
o SECO  [ocial network and IoT integration
10 | SMESE [Femsntic Metadata

Enrichments

11 SMESE [Semamfic Metadata External] X
Enrichments

12 SMESE  |[User Interest Affinity Model X

IV. SUBSYSTEMS WITHIN THE SMESE ARCHITECTURE

The following sub-sections present in more detzil the
eight subsystems designed for the prototype of the
SMESE architecture.

A Metadata initiatives & concordancs rules

This sub-section presents the detals of the Metadata
imhatrves § concordance rules, specifically the semantic
metadata meta-catalogue as shown in Fig. 3.

Metadata 15 a stuchared information that desenbes,
explams, locates, accesses, refneves, uses, of manages an
information resowrce of any kind Metadata refers to data
about data. Some use metadats to refer to machine

Copymight © 2017 MECS

understandable infoomation whele others employ it only
for records that describe electromic resowrces. In the
library ecosystem, metadata 15 commonly used for any
formal scheme of resource deseniphon, applicable to any
type of object, digital or non-digmtal. Mamy metadata
schemes exst to desenbe vanous types of textual and
non-textual objects meluding published books, electrome
documents, archival documents, art objects, educational
and traimng matenals, scientfic datasets and, obviously,
the web.

Actually there 15 no common meta-model that allows
the creation of umversal, understandable and readable
meta-modsl, that would deseribe all entiies used in all
the libranes.

The most popular metadata modals are:

1. Dhbln Core (DC): promarily designed to provide a
simple resowrce deseniption format for networked
TRSOUICes.

UNDMARC: consists of data formmalated by highly

controlled catalogmng codes.

3. MARC2L: 15 both fleable and extensible and
allows users to work with data mn ways speafic to

(2=

individual library neads.

4. EDFRDA: mamly in Ewope, it meludes FRBE
capabality.

5. BIBFEAME: mamly m North Ameneca, it mchdes
FRER capabalify.

There 15 no known mapping model among these that
would make them interoperable. The ovesall challenge 15
to prototype: (1) 3 meta medel of partial mfermnational
standardization of entities, (2) a model of partial metadata
mapping onfology and user mterest affimty medel

In addition, orgamzations create digital collechons and
generate metadata in repository siles. In general, such
metadata does not:

1. Connect the digitized items to ther analogue

sources.

2. Connect names to authonty records (persons,
organizations, places, etc.) nor subject descriptions
to controlled vocabulanes.

5. Connect to related online items accessible
alsewhera

Ageregators harvest this metadata that, in the process,
zenerally becomes maccourate. Indeed, azgregators
usually 1gnore wiosyneratic use of metadata schemas and
enforce the use of designated metadata fields.

Connecting datz across silos would help improve the
abality of users to browse and navigate related entities
without having to do multiple searches in multiple portals
from different catalogues. The proposed model defines
crosswalks that create pathways to different sources; each
pathrway checks the struchuwre of the metadata sowrce and
then performs data harvesting. Fig 4 shows the semantic
metadata model that SMESE propose to address thess

issues.
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[ TMETA ENTITY - METABATA CROSSWALES |

i

hall SR N

u]

Fiz 4 Semantic metadata mods].

In SMESE the proposed metadata are classified info

six different categories:

1. Descriptive metadata: describes and identifies
mformahon resources at the local (system) level to
enable searching and retneving at the web-level,
and to enable users to discover resowrces. Such
metadata meludes uwmque identifiers, phosical
attributes (media, dimensions, condibons) and
bibhographic attibutes (title, awthor'creator,
language, keywords).

2. Stuctwral metadata: facibtates navigahon and
presentation of electronic resources and provides
mformaton  about the internal stuctwe of
numbering, indexes, andtableofcm]mur&n'
to desembe relatonships among metadata and
entifies.

3. Adminiztrative metadata: facilitates both short-
term and long-term management and processing of
digtal collections and includes technical datz on
creation and quality confrol, nghts management,
access control andusage requirements.

4.  Dimension metadata: is 2 pew classification that
amm to increase uwser sabsfacton m terms of
expected infterests and emobtions. Dimension
metadata regroups all metadata about space, fime,
emotions and mterests.  Amnother example:
emohions may suggest specific content fo a
parficular user at a specific tme and place.
Farthermore, the sowce identifies the provenance
and the nghis relatve to the creaton of the
metadata

5. Longevity metadata: 15 a new classificaton that
amm to manage the nghis related to the content
(enfrty).

6.  Identification metadata: 15 a new classification
that aim to manage the type of form or support of
the media that contains the content (entity’).

Semantic searches over documents and other content

types needs to use semantic metadata ennchment (SME)
to find mformation based mot just on the presence of
words, but also on their meaning, LOD based semantic
annotation methods are good candidates to emrich the

t wath du iguated domamn terms and enfifies
(e.g. events, emotions, interests, locations, orgamzations,

Copyright © 2017 MECS

{(URIs) [36). In addition, Infernational Standard Mames
Idenhfier (ISMI) 15 proposed by Mational Libraries to
orgamze and catalogue the semantc metadata
relationships, see Fig 5 adapted from the source [41]
where the symbel with three blue dots represents a
semanfic repository usmg triplets. The BMF 15 identifying
workflows with publishers te provide them with ISNIs
for new authors. ISNI represents the opportunity to help
to emich an auther’s metadata and the quality of the
authonty files. ISNI Semantic relatonships allow to
comnect together many sources of information such as:
Wikipedia,
Wikidata,
Umon List of Artist Names,
IdRef,
Data bof fr,
BNF Catalog,
SHAC,
AGORHA,
VIAF,
Diata bang.ca.

Fiz. 5 shows also the introduction of ISNI semantic
relationships info the semantic metadata meta-catalogue
of the SMESE prototype.

—
=

SN Semantic Rl ationshigs

A H
P ", {i

?": Weklaabtend | Ermam o S (r08-2801]
o i 10 o e na ) r s s -
HiET v

[y

RTINS

Fiz. 5. ISMI semantic relationships of senantic metadata meta-catalogue
in the SMESE prototype (adapted from [417).

The ongmal contents should be ennched with relevant
knowledge from the respective LOD resources. This 15
peeded to answer gqueries that reguire common-sense
knowledge, which 15 often not present m the origmal
confent. For example: following semantic ennchment, a
semantic search for events that provide specific emotions
(e.z., hal:pmﬁs, joy, eic.) m Monteal according to
indrvidnal interes interests this weekend would provide relevant
metadata about events in Montreal, even though net
exphicitly mentioned m the orizinal content metadata.

The semantic annotation process of SMESE creates
relationships  between semanfic models, such as
cnfologies and persons. It may be characterized as the
semanfic emrichment of wnstructored and semi-stchred
confents with new knowledge and linking these to
relevant domain ontologiesknowledze bases. Ths
requires the usage of ISNI, or other authonty files or
other techmiques.
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These processes extract, analyze and catalogue
metadata for topie and senfiments mvolved in the SMESE
ecosystem. As of today, 5 million records {entity) have
been harvested owver a potential target of close to 300
mullion see Table 2 for an overview of the detail about
harvested metadata and data (pe. papers and events) m
the prototype. For each content type many metadata and
data have been exfracted and enniched. These ennchment
processes are based on mformation retieval and
knowledge extraction approaches. The text is analyzed by
means of extensions of fext mimng algorithms such as
latent Dhinchlet allocation (LDA), latent semantic analysis
(LSA), support vector mackne (SVM) and k-Means.

Table 2. Harvesting statistics related to metadata

N Sta Tatal Total

o TURL Sources tos | % Content harvested
. L 5 7 1317

1 Inia edn h 1 15363 T35 | 142217

hitpsih VTS

3 v.'p:_n. resear | 0 100 000 000 17084
3 |mwwwopendo | . | g | mssisss| 3ms1ss
g |lwwwamaze | oy | g 4703063 | S432
5 |bomolwwwpanline | | g4 171120 | 130000
g |bimiemedrelectbr | o | &5 171120 | 107 680
- | bomwww s co 7 5

; o www. fac.co n | & 156 124 104 100
5 hiip: ! www . libraini £ | 100 176 162 176 162

o |Bumluwwardiam | g | g 165405 | 165405

10 | brav comvaconeil 3 £ | 10D 347 380 347 380
1 | bemolwwwusherbr | | g | 4

= — )
13 E"-;]m“m‘mm £ | 100 woim| 20938
14 |Dotmselwwrwleslibs | o | gy 883750 | B8RS0

15 |Bmlmmmmellat, [ £ | 0 sisT | 505w

TOTAL 465 3T 760 | 3 06T £30

Status - £ Snished and b- harvesting

EMESE is not specific to one software product but can
be applied to many products dymamically. In addition, 1t
includes a semantic metadata ennchment (SME) process
to improve the quality of search and discovery engines.

The proposed SMESE famework uses an SFLE
architecture that 1s a combination of FORM and COPA to
catalogue semantically different confents.

SMESE alse proposes a decision suppert process
called SPLE-DSP. It supports the actvation and
deactivation of software features related to metadata and

Copyright ® 2017 MECS

takes mio zccount automatic mmbhme reconfipuration
according to different scemanos. To take cootext
vanability into account m modelng confext-aware
properties, SPLE-DSP makes use of an autonomous
process that exploits context infoomaton to  adapt
sofiware behavior using a generic metadata model.

When the user chooses preferences 1n farms of system
behawior, the semantic weight of each feahwe is
computed based on the software featwe configuration
model (FCM). FCM represents the semantic relationship
between features where each feature 15 achive or not. In
addiion, FCM defines the rules that control the achvation
status of each featwre according to its bmks with other
features. For example, a rule may be: feature Fi should
pever be activated when Fi-1 is activated Based on this
rale, the FCM automatically actrvates or deactivates the
feature.

The mles are also used to predict the behavior of the
application based om the activation status of features
according fo users” selechions. Mote that individual users
have their own weight per feature, defined on the basis of
that user’s use of the feature. This weight quantifies the
importance of the feature for the wser.

EB. Harvesting of web metadara & data
The harvesting of web metadata & data sources such

as
Semantic digital resources
Dhgital resources
Portal‘websites events
Social networks & events
Enrichment repositories
. Discovery reposifories
The integration of these sowrces in SMESE allows
users to aggregate and ennch metadata.

Ol L fa

C. Harvesting authority metadata & data

This sub-section presents the details of the Harvesting
of Authority Metadata & Diata are presented m Fig. 6.

Pty e i s

Fild ria ET zrars 1t )

| o | Aaahonsl Wby e Dy I —
N e Carals = cmary

devee —

- [, Prisrims] Eumprana P

| - i} ‘ Ubrary - = |

if

Brichin
watas e
pri o

Fig. 6. Harvesting of aurhority mesadata & dam.

The infegration of these authority sowces m SMESE
allows users fo build an infegrated awtheorities knowledge
base.

I} Rulss-based semantic metadata sxternal enrichmernts
angine

Thiz sub-section presents the detals of the rule-based
semantic metadata external enrichment engine included
in SMESE.

Semantic searches over documents and other content
types needs to use semanhe metadata enrichment (SME)
to find information based mot just on the presence of

LI Information Technology and Computer Science, 2017, 05, 1-16
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words, but alse on thewr meanmg and context. The rule-
based semantc metadata external emnchment engme
comsists of:

1. FRule-based

enrichments.

2. Multlingnal normalization

3. Rule-based data conversion.

4. Harvesting metadata & data.

Semanfic annotzhion methods are good candidates to
enrich the content with disambiguated domain terms and
entties (e.g events, sentments, interests, locations,
orgamzations and persons), descnbed through Unique
Resowrce Identifiers (URIs) [36]. In addition, the origmal
contents should be ennched with relevant knowledge
from the respective linked open data resowrces (e.g. that
Barack Obama iz an Amencan polifician or Justin
Trmadeau 13 a Canadian polifician). This 1= peeded to
answer quenies that require common-sense knowledge,
which is often not present in the ongmnal content For
example: following semantic ennchment, a semantic
search for events that provides specific emobons (e.z.,
happiness, jov) in New York (or another city) according
to mdividual mterests this weekend would indeed provide
relevant metadata about events in New York (or another
city), even though not explicitly mentioned in the original
content metadata. Futhermore, the lingwmshe aspect
(context) of the knowledze iz critical to analyse the
metadata and comesponding data or content.

The semantic annotation process of SMESE creates
relafionships  between semantie modsls, such as
ontologies and persons. It may be charactenized as the
semnantic ennchment of unstuchwed and semi-structured
contents with new knowledze apd lmkmgz these to
relevant domain ontologes knowledge bases. It typically
requires annofating 2 potentally ambiguous eohty
mention with the canomcal dentfier of the comect
umigue entity. The benefit of socal semantic ennchment
1s that by surfacing annotated termye: derived from the full-
text confent, concepts buried within the body of the
paperteport can be highlishted Also, the additiom of
terme affects the relevance ranking i full-text searches.
Moreover, users can be more specific by limting the
search crtenia to the subject or inferest or emoton
metadata (e.g. through a faceted search).

E. Rule-based semantic metadata imternal enrichments
engine

This sub-section presents the detals of the rule-based
semanfic metadata infermal emmchment engine. This sub-
system includes:

semantc metadata external

1. A mule-based semantic metadata mtemal
enrichment engine.
2 A topic, sentiment’emotion, abstract

analy=is and an automatic literahore review.
These processes extract, analyze and catzlogue
metadata for topies and sentiments imwvelved m the
SMESE ecosystem. These ennchment processes ae
based on mforpation retrieval and knowledze extrachion
approaches. The text 15 analyzed making use of extension
of text mumng algonthms swech as latent Dinchlet

Copyright @ 2017 MECS

allocation, latent semantic amalyms, support wvector
machine and k-Means. The different phases of the
enrichment process by sentiments and emotions are:

l. Sentiment and emotion lexicon genarafion phase.

2. Sentiment and emotion discovery phase.

3.  Sentiment and emetion refiming phase.

One of the conmbutions of the SMESE 1s that if 1s not
specific to one software product but can be applied to
many products dynamucally. In addiion, i includes taro
semanfic metadata ennchment (SME) processes to
improve the quality of search and discovery engines; the
external process who analvses the comtext of the data
while harvesting and the mtemnal process who analyses
the content of the data.

F. Semantic metadata external & imternal envichments
smchromization engine

Thiz sub-section presents the semantic metadata
external & internal emnchment synchronizahion engine
which represents which processes to synchronize and
which emrmchments to push outside the ecosystemn. Mamly
thus engine has the objective to find out the new content
and context from the last harvestmg.

G Uker interest-based gateway

Thiz sub-section presents the wuser inferest-based
zateway that represents the person (mobile or stabonary)
wheo interacts wath the SMESE ecosystemn. This enzine
use the metadata created by SMESE to grve better results
or recommendation to the wusers. The users and
contributors are categonzed nto five groups:
Interest-based gateway
Semantic Search Engine
Dhscovery
Notifications
Metadata source selection

H Semantic master catalogue

e L b

This semantic master catalogue (SMC) represents the
knowledge base of the SMESE ecosystem based on his
evohing meta model of metadata. The SMC aggregates
all mplets and their relationships created by the engines
of SMESE. SMC includes alse all the thesmwm and
ontologies for a specific domain of interest.

V. AN IMPLEMENTATION OF SMESE FOR DIATAL
ECOSYSTEMS

The proposed SMESE  architectwre has  been
mmplemented for some digrtal ecosystems. The SMESE
protofypes implement parhally its metadata model and
framework. The catzlogue contam: more than 2 malhion
items, with 12 entibes and 132 defined metadata. One of
the prototype identifies 1433 metadata and defines a
semanfic classification.

Furst, we defined a list of entities, called Meta Entity,
which mtroduced 193 mems These ifems represent all
library matenals. The structure of the model allows
addifion of pew entities as may be required. The domain
may be ‘user’ as response value for 2 metadata In fhas
mmplementzhon, all mstances of the enfibes of the domain

LI Information Technology and Computer Science, 2017, 03, 1-16
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can be the response walue 1341 metadata have been
defined

This classification allows wusers to search confent
according to thewr mierests. Fiz. 7 shows an illustration of
the Metadata model; Appendix B shows a meadable

=

Fiz. 7. SMESE prototype matadaca model.

The semantic matnx model 15 defined for each entity
based on the meta enfify and mefadata model Thus
semnzantic matrix model allows users to define a metadata
matx for each enfity where a metadata matnx denotes
the logeal subszet of metadata of metadata model that
describes a mven entity. Fig. 8 illustrates an example of a
semantic metadata matmx for a specific content;
Appendrx C presents a readable version. The objectrve
behind the matix i1s to allow the rense of metadata for

Fiz. B. Enfifias of a SMESE samantic matmix modal

After the defimhon of entiies of collecthons and
harvestng of metadata from the dispersed collections, a
metadata crosswalk 1= camed out. This 15 3 process m
which relattonships ameng the schema are specified, and
a umfied schema i developed for the selacted collaction.

The most frequent issues regarding mapping and
crosswalks are: incomrect mappings, mususe of metzadata
elements, confusion 1 descriptive metadata and
admumistrative metadata, and lost information Indeed
due to the varning degrees of depth and complexity, the
crosswalks amonz metadata schemas may Dot -
necessanly be equally interchangeable To solve the 155ne
of varying degrees of depth we developed atomue
metadata: these metadata allow descnphion of the most
elementary aspects of an entity. It then becomes easy to
map all metadats from amy scherma.

This OWL file from the omtology is used by a
erosswalk to aufomatically assign metadata value that are
harvested from distinet sources.

A total of 94,015,090 metadata records were collected
from these different sources:

Copyright © 2017 MECS

1. From Dhscogs {(www.discogs.com) for mmsic,
we collected 7,983,288 entities: 2,621 435 music
releazes, 4 466 660 artists and §95,193 labels.

From Research(ate (www.researchgate net)
for acadenuc papers, we collected 56,031,802
entifies: 77,031,802 publicatons and more than
9,000,000 researchers.

3 From academua (www.academiaedu) for
academic papers, we collected 143277 enfifies:
135101 publicattons and more than $175
researchers.

4. From TV hebde (www.tvhebdo.com) for TV

channel programs, we collected 268147499

enfiies: 385 TV channel and 268147114 TV

Dprograms.

From OpenDJAR (www.opendoarorg) for
scientific confents, we collected 235828824
enfites: 96,265,327 thesis and 139563497
publications.

SMESE now contains more than 4.3 billion friplets and

(=)

n

VL SUMMARY AND FUTURE WORE

Im this paper, we proposed a design and
implementation of SMESE, a semantic enniched metadata
software ecosystem including a user mterest affimity
model The SMESE prototype, integrates data and
metadata ennchment to support mfernzl and external
metadata ennichments.

SMESE also mchudes a demimion support process. It
supports the achvation and deactivation of software
features related to metadata. Te take conmtext vanabality
into account in meodeling context-aware properties,
SMESE pakes use of an autonomous process that
exploits context mfrmation to adapt software behavior
using a genaric metadata model When the user chooses
preferences m terms of system behavior, the semantic
weight of each feature 15 computed based on the software
feature confisuration model. Individual wsers have their
own weight per featwre, defined on the basis of that user’s
use of the featwre. Thas weight quantfies the mmportance
of the feature for the user accordmg to their interests.

We also presenfed ow implementaon of SMESE
including the semantic metadata model The onfology
mapping model was then implemented to make the
models interoperable with exasting metadata models.

This paper proposed a semanhe metadata ennchments
software ecosystem to support multi-platform metadata
driven applications. SMESE infegrates data and metadata
based on mapping ontologies in crder to enrich them and
create 3 semanfic master metadata catalogue. SMESE
prototype represents more than 400 million relationslips

{triplets).
The major contnbutons of this paper are as follows:
1. Defimtion of a metadata-based software
ecosystenn
2 Echancing the SECD charactenstics
from 9 to 12

LI Information Technology and Computer Science, 2017, 035, 1-16
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b. The use of a LOD-based semantic
enrichment model for semanbe
annotation processes.

c. A reposttory of 43 thesawii meluded m
RAMEAU for semantical
contextualization of concepts.

d An extended latent Duichlet allocation
algomtho for topic analysis.

2 Prototype of SMESE ecosystem for
harvesting data and metadata and generating
sermantic metadata ennchments

3. Prototvpe of a user interest affimty
modal.
4. The demign and implementation of an

SMESE prototype for different standards m
dimtal ecosystems.
Future work related to SMESE ecosystem will include:

1. Some ephancements to be able to enrich
metadata semanfically, including evoliing
user interast.

2 Further evaluations of the affinity

model with different prototype and datasets.
Explonng text summarization and automatic hterature
review a5 metadata ennchments The semanbe
annotations could be used to ennch metadata and provide
further data to improve the user mterest affinity model.

Copwmght © 2017 MECS LJ. Information Technology and Computer Science, 2017, 05, 1-16
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ApPENDIX A: FIG. 3. - SMESE FRAMEWORE: SEMANTIC ENRICHED METADATA SOFTWARE ECOSYSTEM
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AppENDIX B: FiG. 7. - SMESE METADATA MODEL
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ArpEnDI C: FIG. 8. - EXAMPLE OF A SMESE SEMANTIC MATRTY MODEL
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ABSTRACT

Information retrieval and analysis is frequently used to extract meaningful knowledge from the mimstruchured web
and long texts. As existing computer search engines struggle to understand the meaning of natural language,
semantically sentiment and emotion ennched metadata may improve search engine capabilities and user finding. A
semantic metadata enrichment software ecosystem (SMESE]) has been proposed in our previcus research. This paper
presents an enhanced version of this ecosystem with a sentiment and emotion metadata enrichments algonthm This
paper proposes a model and an algorithm enhanemg search engines findmg contents according to the user interests,
through text analysis approaches for sentiment and emotion analysis. It presents the design, implementation and
evaluation of an engine harvesting and enriching metadata related to sentiment and emotion analysis. It includes the
S5EA (Semantic Sentiment and Emotion Analysis) semantic model and algomthm that discover and enmch
sentiment and emotion metadata hidden within the text or linked to multimedia stracture. The performance of
sentiment and emotion analysis enrichments is evaluated wsing a mumber of prototype simmulations by comparing
them to existing enriched metadata techmiques. The results show that the algonthm SSEA enable greater
understanding and finding of document or contents associated with sentiment and emotion enriched metadata.

Keywords: Emotion Analysis, Natural Language Processing, Semantic Metadata Enrichment, Sentiment Analysis,
Text And Data Mining

stuctured data, metadata initiatives, concordance mules
and authonties metadata.

I. INTRODUCTION

Semantic information retrieval (SIE) is the science of

searching semantically for mformation within databases,
documents, texts, multimedia files, catalogues and the
web. The human brain has an inherent ability to detect
senfiment and emotion in written or spoken language.
However, the internet, social media and repesitones
have expanded the mumber of sources, volume of
mformation and mumber of relationships so fast that it
has become difficult to process all this information [1].

Finding bibliographic  referemces or semantic
relationships in texts makes it possible to localize
specific text segments using ontologies to ennch a set of
semantic metadata related to sentiment or emotion. This
paper presents an enhanced SMESE model and
prototype [2] using metadata from limked open data,

IISRSET1732170 | 09 April 2017 | Accepted - 19 April 2017 | March-April-2017 [(2)2: 625-641]

The current methodology propesed by SIE researchers
for text analysis within the context of enfity metadata
enrichment (EME) reduces each document m the corpus
to a vector of real numbers where each vector represents
ratios of counts. Several EME appreaches have been
proposed, most of them making use of term frequency—
mverse document frequency (tf-1df) [3, 4]. In the tf-adf
scheme, a basic vocabulary of “words™ or “terms” is
chosen, then for each document m the corpus, a
frequency count 1s calculated from the number of
ocourrences of each word [3. 4] After suitable
normalization, the frequency count is compared to an
mverse document frequency count (e.g the inverse of
the mumber of documents in the enfire corpus where a

625



given word occurs — generally on a log scale, and
again suitably normalized). The end result is a term-by-
document matrnx X whose columns contam the tf-idf
values for each of the documents in the corpus. Thus the
tf-idf scheme reduces documents of arbitrary length to
fixed-length lists of numbers. For non-textual content,
tools are available to extract the text from nmltimedia
entifies. For example, Bougiatiotis and Giannakopoulos
[3] propose an approach that extracts topical
representations of movies based on mining of subtitles.
This paper focuses on contributions to mainly one EME
research fields: sentiment amalysis (SA) meluding
emotion analysis.

The mam objective of SA is to establish the attitude of a
given person with regard to sentences, paragraphs,
chapters or documents [1, 4, 6-12]. Indeed, many
websites offer reviews of 1tems like books, cars, mobales,
movies etc., where products are descnbed in some detail
and evaluated as goodbad, preferredmot preferred;
unfortunately, these evaluations are imsufficient for
users In order to help them to make decision. In addition,
with the rapid spread of social media, it has become
necessary to categonze these reviews mn an auntomated
way [4]. For this automatic classification. thers are
different methods to perform SA, such as keyword
spotting, lexical affinity and statistical methods.
However, the most commonly applied techmques fo
address the SA problem belong either to the category of
text classification supervised machine leaming, which
uses methods like naive Bayes, maxinmm entropy or
support vector machine (SVM), or to the category of
text classification unsupervised machine learming
(UML). Also, fuzzy sets appear to be well-equipped to
model sentiment-related problems given their
mathematical properties and abiity te deal with
vagueness and uncertainty — characteristics that are

present in natural languages processing.

Thus, a combination of techniques may be successfinl in
addressing SA challenges by exploiting the best of each
techmique. In addition, the semantic web may be a good
solution for searching relevant information from a huge
repository of unstruchured web data [6].

According to [7], the SA process typically consists of a
series of steps:

1. Corpus or data acquisition

2. Text preprocessing

5. Opinion mining core process

4 Aggregation and summanzation of results
5. Visualization

Ome current limitation in the area of SA research is its
focus on senfiment classification while ignonng the
detection of emotions. For example, document emotion
analysis may help to determine an emotional barometer
and give the reader a clear indication of excitement, fear,
anxiety, irntability, depression, anger and other such
emotions. For this reason. our research focuses on
sentiment and emotion analysis (SEA) instead of SA.

A number of algorithms are used to perform text mimng,
mcluding: latent Dirichlet allocation (LDA) [13], tfadf
[3, 4], latent semantic amalysis (LSA) [14]. formal
concept analysis (FCA) [13], latent tree model (LTM)
[16]. naive Baves (NB) [17]. support vector machine
method (SVM) [17], arfificial neural network (ANN)
[18] based on the associated document’s features.

Chr approach improves the accuracy of sentiment and
emotion discovery by semantically ennching the
metadata from the linked open data and the
bibhiographic records. This paper presents the design
implementation and evaluation of an enhanced
ecosystem, called semantic metadata ennchment
ecosystem or SMESE. It includes:

An enhanced semantic metadata catalogue.

An enhanced harvesting of metadata & data engine.
Metadata enrichment based on semantic topic
detection and senfiment/emotion analysis.

PR

More specifically, this paper extends our previous work
[2] with:

1. 5SEA: discovery of senfiments/emotions hidden
within the text or linked to a mmltimedia structure
through an AT computational approach.

Algorithm for generation of semantic topics by text
analysis, relationships and multimedia contents; this
second algerithm will be propesed in another paper.

[

Using simulation, the performance of SS5EA was
evaluated In terms of accuracy of sentiment and emotion
discovery. Existing approaches to enriching metadata, in
terms of sentiment and emotion discovery were used for
companson. Simulation results showed that S5EA
outperforms existing approaches.

Imternational Joumal of Scientific Research in Science, Engineering and Technology (ijsrset.com) 626
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The remainder of the paper is orgamized as follows.
Section 2 presents the related work. Section 3 describes
SSEA algomthm  Section 4 presents the evaluabion
through a mumber of sinmlations while Section 5
presents a summary and some suggestions for future
work.

IL. RELATED WOK

In the past few years, a number of natural language
processing (NLP) tasks have been configured for
semantic web (SW) tasks including: ontology leaming,
linked open data, enfity resolution, natural language
querying to linked data, etc. [19]. This improvement of
metadata enrichment using 5W invelves obtaimng
hidden data, hence the concept of enfity metadata
extraction (EME).

Interest in EME was mutially linuted to those m the SW
commumity who preferred to concentrate on mammal
design of ontologies as a measure of quality. Following
linked data bootstrapping provided by DBpedia, many
changes ensued with a consequent need for substantial
population of knowledge bases, schema induction from
data, natural language access to stuctured data, and in
general all applications that make for joint exploitation
of stuctured and unstructured content. In practice, NLP
research started using SW resources as background
knowledge. Graph-based methods, meanwhile, were
incrementally entering the toolbox of semantic
technologies at large.

In the related work section. sentiment and emotion
analysis (SEA) that is ome field of enfity metadata
extraction research from text aspect is investigated.

A. Sentiment analysis

The problem of sentiment analysis has been widely
studied and different approaches applied, such as
machine leaming (ML), nataral language processing
(MLP) and semantic information retnieval (SIE).

There are three mam techmiques for sentment analysis
[20]:

1. Eeyword spothng.
2. Lexical affinity.
3. Statistical methods.
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Eeyword spotting includes developing a lhist of
keywords that relate to a certain sentiment. These words
are usually positive or negative adjectives since such
words can be strong indicators of senfiment. Keyword
spotting classifies text by affect categories based on the
presence of unambignous affect words such as happy,
sad, afraid. and bored.

Lexical affimty is slightly more sophisticated than
keyword spotting. Rather than simply detecting obvicus
affect words, it assigns to arbitrary words a probabilistic
‘affimity’ for a particular emotion. Lexical affimity
determines the polanty of each word using different
unsupervised techmigues. Next it aggregates the word
scores to obtain the polanty score of the text. For
example, ‘accident” mught be assimed a 75%
probability of indicating a negative effect, as in “car
accident’ or ‘Injured In an accident’.

Statistical methods, such as Bayesian inference and
support vector machines, are supervised approaches m
which a labeled corpus 15 used for taming a
classification method which builds a classification
model used for predicting the polanty of nowvel texts. By
feeding a large traming corpus of affectively anmotated
texts to a machine leammg algonthm, it 15 possible for
the system to not only leam the affective valence of
affect keywords (as in the keyword spottmg approach),
but alse to take into account the walence of other
arbitrary keywords (like lexical affinity), punctuation,
and word co-ocowrrence frequencies. In addition,
sophisticated NLP techmiques have been developed to
address the problems of syntax, negation and iromy.
Sentiment analysis can be camed out at different levels
of text gramulanty: document [17, 21-25], sentence [1. 4,
6, 26, 27], phrase [28], clause, and word [18, 29, 30].

Sentiment analysis may be at the sentence or phrase
level (which has recently received quite a bit of research
attention) or at the document level.

From the perspective of this paper. our work may be
seenl as document-level sentiment analysis—that is, a
document is regarded as an opinicon on an enfity or
aspect of it. This level is associated with the task called
document-level  sentiment  classification.  Le.,
determining whether a document expresses a positive or
negative sentiment.
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In [8]. the authors presented a survey of over one
hundred articles published in the last decade on the
tasks, approaches, and applications of sentiment
analysis. With a major part of available worldwide data
being unstructured (such as text, speech, audio, and
video), this poses important research challenges. In
recent years numerous research efforts have led to
automated SEA. an extension of the WLP area of
research  The authors identified seven Tbroad
classifications:

Subjectivity classification
Sentiment classification

Peview usefulness measursment
Lexicon creation

Opinion word and product aspect extraction
Opinicn spam detechon
Vanous applications of opinion mining

= e b

The first five dimensions represent tasks to be
performed in the broad area of SEA. For the first three
dimensions  (subjectivity classification, sentiment
clazsification and review usefulness measurement), the
authors note that the applied approaches are broadly

classified into three categories:
1. Machne leaming

2. Lexicon based

3. Hybnd approaches

Since one of our research objectives was to exfract
sentiment and emotion metadata from documents, the
rest of this section focuses on sentiment classification,
lexicon creation, and opinion word and product aspect
extraction. Sentiment classification is concerned wath
determining the polanty of a sentence; that 1s, whether a
sentence Is expressing posifive, negative or neutral
semtiment towards the subject. A lexicon 15 a vocabulary
of sentiment words with respective senfiment polanty
and strength value while opinion word and product
aspect extraction 13 used to identify opinion on various
parts of a product. As per our research objective the rest
of the literature review was orented to document-level
sentiment analysis. For our purposes, we assume that a
document expresses sentiments on a single content and
15 written by a single author.

Cho et al. [23] proposed a method to improve the
positive vs. megative classification performance of
product reviews by merging, removing, and switching

the entry words of the mmltiple sentiment dictonanes.
They merge and revise the entry words of the multiple
senfiment lexicons wusing labeled preduct reviews.
Specifically, they selectively remove the sentiment
words from the existing lexicon to prevent emoneous
matching of the sentiment words during lexicon-based
sentiment classification. Next, they selectively switch
the polanty of the sentiment words to adjust the
sentiment values to a specific domain. The remove and
switch operations are performed using the target
domain’s labeled data, i.e. online product reviews, by
companng the pesitive and negative dismbution of the
labeled reviews with a positive and negative distribution
of the sentiment words. They achieved 81.8%: accuracy
for book reviews. However, their comtribution 1= limuted
to development of a novel method of removing and
switching the content of the existing sentiment lexicons.
Moraes et al. [17] compared popular machine leaming
approaches (SVM and NB) with an ANN-based method
for document-level sentiment classification. Naive
Bayes (NB) is a probabilistic learming method that
assumes terms occul independently while the support
vector machine method (SWVM) seeks to maximize the
distance to the closest training point from either class in
order to achieve better generalization'classification
performance on test data. The authors reported that,
despite the low computational cost of the NB techmique,
it was not competiive In terms of classification
accuracy when compared to SVM. According fo the
authors, many researchers have reported that SVM is
perthaps the most accurate method for text classification.
Artificial neural network (ANN) denves features from
linear combimations of the mput data and then medels
the cutput as a nonlinear function of these features.
Expermental results showed that, for book datasets,
SVM outperformed ANN when the number of terms
exceeded 3,000. Although SVM required less traiming
time, it needed more nmning time than ANN. For 3,000
terms, ANN required 15 sec training fime (with
negligible nnning time) while SVM trainng time was
negligible (1.73 sec). In addition, their contmbution was
limited to performing compansons between existing
approaches. Asin [17], Pona 5. et al. [31] expenimented
with existing appreaches and showed that SVM is a
better appreach for text-based emotion detection.

B. Emotion analysis

This section focuses on sentiment and emotion analysis.
Emotions include the interpretation, perception and
response to feelings related to the expenience of amy
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particular sitiation. Emotions are also associated with
mood,  temperament, personality, outlook and
mofivation [20, 32, 33]; indeed the concepts of emotion
and sentiment have often been used inferchangeably,
mostly because both refer to expenences that result
from combined biclogical, cogmifive, and social
influences. However, sentiments are differentiated from
emotions by the duration m which they are expenenced.
Emotions are brief episodes of brain, autononue, and
behavioral changes. Sentiments have been found to
form and be held over a longer period and to be more
stable and dispositional than emotions. Moreover,
sentiments are formed and directed toward an object,
whereas emotions are not always targeted toward an
object.

The emotion-topic model (ETM) [34], SWAT model
and emotion-term model (ET) [34] are the state-of-the-
art models. The SWAT model was proposed to explore
the comnection between the evoked emotions of readers
and news headlines by generating a word-emotion
mapping dictionary. For each word w in the corpus, it
assigns a weight for each emotion &, 1e., Plew) is the
averaged emotion score observed in each news headline
H m which w appears. The emotion-term model is a
vanant of the NB classifier and was designed to model
word-emotion  associations. In  this model, the
probability of word wj conditioned on emotion ek 13
estimated based on the co-occcurrence count between
word wj and emotion ek for all documents. The
emotion-topic mode]l is combination of the emotion-
term model and LDA. In this model, the probability of
word wj conditioned on emotion ek 1s eshimated based
on the probability of latent fopic z conditioned on
emotion ek and the probability of word wy conditioned
on latent topic z.

A mumber of technigques exist to detect emotions [35]:

1. Audio based emotion detection: Information from
the spectral elements in voice (e.g.. speaking rate,
pitch, energy of speech, intensity, rhythm regularity,
tempo and stress distribution) is used to gather clues
about emotions. The features extracted are
compared with the fraimng sets in the database
using the classifiers.

Blue gyes technology based on eye moment. In this
techmicue, a picture of the person whose emotions
are to be detected 15 taken and the portion showing
his or her eyes is extracted. This extracted image 15

b

International Joumal of Sdientific Research in Science, Engineering and Technology (jjsrsetcom)

converted from RGB form to a binary image and
compared with ideal eye images depicting various
emofions stored in the database. Once the match
between the extracted image and one in the database
15 found, the type of emotion (Le. happiness. anger,
sadness or surpmise) is said to be detected.

3. Facial expression based emotion detection based on
photos of the mdividual. The mmages are processed
for skin segmentation and analyzed as follows. The
image 15 confrasted, separating the brightest and
darkest color in the image area and discnminatmg
the pixels between skin and non-skin. The mmage is
converted into binary form. This processed mage is
then compared with images forming the traming
sets In classifiers.

4. Handwriting based emoiion detection 15 based on
various handwriting indicators or traits of writing
{e.z., baseline, slamt pen-pressure, size, zone,
strokes, spacing, margins, loops, ‘1'-dots, °t"-bar,
etc.).

5. Text based emotion defection where a computenized
WLP approach is used to analyze written text to
detect the emotions of the wnter. The document is
first preprocessed by normalizing the text, then
keywords indicating emotional features are
extracted. Comesponding emotions are idenfified
through various approaches such as:

a) EKeyword spotting techmigue.

b} Lexical affinity method.

¢} Learming based methods.

d) Hybrid method, or by using an emotion ontology
which stores a range of emotion classes, associated
keywords and relationships.

Text-based emotion detection approaches focus on
‘optimustic’, “depressed’ and ‘imitated.” The linutations
are:

- Ambigmity of keyword definitions.

. Inability to recognize sentences without keyword.
. Difficulty determining emotion indicators.

[ O

Lei et al. [36] adopted the lexicon-based approach in
building the social emotion detection system for online
news based on modules of document selection, part-of-
speech (POS) tagging, and social emotion lexicon
generation. First, they constructed a lexicon in which
each word is scored according to multiple emotion
labels such as joy, amger, fear, swrpnse, etc. Next, a
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lexicon was used to detect social emotions of news
headlines. Specifically, given the training set T and its
feature set F, an emotion lexicon is generated as a VE
matmx where the (j, k) item in the matrix is the score
(probability) of emotion ¢k conditioned on feature ff.
The authors do not explain how they extracted the
features from the document.

Annsha and Sandhya [37] propesed a system for text-
based emotion detection which uses a combination of
machine leaming and natural language processing
techniques to recognize affect in the form of six basic
emotions propesed by Ekman They used the Stanford
CorelNLP toolkit to create the dependency tree based on
word relationships. Next, phrase selection 15 done using
the mules on dependency relationships that gives prienity
to the semanfic information for the classification of a
senfence’s emotion. Based on the phrase selection, they
used the Porter stemmuing algorithm for stemmning, and
stopwords removal and tf-idf to tuld the feature vectors.
The authors do not propose a mew approach but
implement existing algonthms.

Cambria et al [38] explored how the kigh
generalization  performance, low  computational
complexity, and fast learming speed of extreme learming
machines can be exploited to perform analogical
reasoning in a vector space model of affective commen-
sense knowledge. After performing TSVD on AffectNet,
they used the Frobenius norm to derive a new matrix.
For the emotion categorization model, they used the
Duchenne smile and the Klaus Scherer model As in
[37]. the authors do not proposs a new approach but
implement existing algonthms.

III. RESULTS AND DISCUSSION

Table I: Summary of atmbute companson of existing

and S5EA algonthm
w8
=8 15
i
ig (1)
A
SE|E z
Existing alzorithms Rl
Alchenmy APT (hep: mmwalchenyapicom) (x| x|x|x|x
DBpedia Spotlizht
(https ! zithub.com/dbpedis-spotlisht) x
Wikimeta
(https o3 org 2001 sw ki Wikimet
) X
Yahoo! Content Analysis APT X X
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(htmps=/idevel oper. yahoo com/comtentanalysl
s')

Open Calais (hitp:‘wwwopencalais com) z|x x

Tone Anslyzar (hiips:/ tone-analyzer-
demo mybhiemin net) xz|=
Zemanta (hitp. www_ zemants com’) X
Pleceptiviti (hitps wow. Teceptivid.ai’) z|x
Apache Stanbol (https://stanbol.spache org ) X
Bitext (hitps./www.bitext.com’) x x
Mood patrol

(hittps://market machape com'soulhackerslab
= moedpatrol-emotion-detection-from-text) X
Aylien (hitp:Vaylien.com? z|x|=x
ATDA (bt senseable. mitedu’aida’) X
Wikifier (hitp:/‘wikifier.org) x
TextPazor (hitps:waw textrazor.com’) X
Svnesketch
(bt krcadinac com 'synesketch’) x
Toneapi (hitp/ toneapi. com”) x

"

SSEA alzonthm Zlx|x|xlx

1. Rule-Bazed Semantic Metadata Internal
Enrichment Engine

This section presents an overview and detmls of the
proposed mole-based semantic metadata mfernal
enrichment engine. mncluding the SSEA algonthm used
to process semantic metadata internal enmchment. The
main goal of this paper is to enhance the SMESE
platform [2] through text analysis approaches for
senfiment and emotion and detection.

C. Rule-baszed semantic metadata internal
enrichment engine overview

The rule-based semantic metadata internal enrichment
engine has been designed to find shert descriptions, in
terms of topics, sentiments and emotioms of the
members of a collection to enable efficient processing
of large collections while preserving the semantic and
statistical relationships that are useful for tasks such as:
topic detection, classification, nowvelty detection
summarization, and similarity and relevance judgments.
Figure 1 shows an overview of the architecture that
consists of:

User interest-based gateway.

Metadata iniiatives & concordance rules.
Harvesting web metadata & data.

User profiling engine.

Fule-based semantic metadata internal
enrichment engine.
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Figure 1: Architecture of the rule-based semantic
mefadata ntemal ennchment engine

The user interest-based gateway (UIG) is designed to
push notifications to users based on the emotions and
interests found using the user-profilmg engine. UIG 13
also a discovery tool that allows users to search and
discover contents based on their interests and emotions.
The user-profiling engine applies machine leaming
algonthms to user feedback in terms of appreciation,
rating, comment and histonical research in order to
provide user profiles. When the contextual information
of users is available, it is used to increase the accuracy
of the profiling process.

The engme performs automated metadata internal
enrichment based on the set of metadata imtiatives &
concordance rules, the engine for harvestmg web
metadata & data, the user profile and a thesaums. This
engine implements S5EA for sentiment and emotion
detection of documents and an algonthm for topac-
automated detection from documents.

SSEA  tasks may be redefined as document
classification issues as they contan methods for the
classification of natural language text. These methods
will help to predict the query’s category, given a set of
training documents with known categories and a new
document, which is usually called the query.

The following sub-sections present the terminology and
assumptions, the necessary pre-processing and details of
the algonithms implemented in the engine.

D. Terminology and assumptions

In this section the following terms are defined:

1. A word or term is the basic wnit of discrete data,
defined to be an item from a vocabulary indexed by
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{1, ....V}. Terms are presented using unit-basis
vectors that have a single component equal to one
and all other components equal to zero. Thus, using
superscripts to denote components, the 1= term in
the vocabulary 15 represented by an [-vector w such
that w' = 1 and w' = 0 for i £ j. For example, let V=

{book, image, video, cat, dog} be the vocabulary.

The video term 15 represented by the vector (0, 0, 1,

0, 0.

A line is a sequence of N terms denoted by I These

terms are extracted from a real sentence; a senfence

15 a group of words, usually contaming a verb, that

expresses a thought in the form of a statement,

question, instruction, or exclamation and when
written begins with a capital letter.

3. A document is a sequence of N lines denocted by D
= (W Wq ..., W), where w; is the i® term in the
sequence coming from the lines. D 15 represented by
itslinesas D=1, ... L_._ I

4. A corpus is a collection of M documents denoted by
C=1{D, D, ..., Dni}.

3. An emotion word 1s a word with strong emotional
tendency. An emotion word is a probabilistic
distnbution of emotions and represents a
semantically coherent emotion analysis. For
example, the word “excitement”, presenting a
positive and pleased feeling, is assigned a high
probability to emotion “joy™.

[

To implement the SS5EA algonthm, an initial set of

conditions must be established-
1. Alstoftoples T = {t, ... . ti, ... , to} 15 Teadily
available.

2. Each existing document I; is already annotated by
topic. The annotated topics of document Dj are
denoted as Try= {t;.... t; , ..., 5} where t; t, and
teT.

3. The compus of documents 15 already classified by
topics.  Cg={.__Dy...} denotes the corpus of
documents that have been annotated with topic t;.
Note that the document D; may be located in several
coTpuses.

4. Alist of emotions E = {e1, ..., &, ... , eg} 15 readily
available with the common instances of ¢ being joy,
anger, fear, swpnise, touching, empathy, boredom
sadness, warmth.

3. A set of ratings over E emotion labels denoted by
RDj= {Id‘pl ceen Tdgig ens Id_nf}. The value Dfl'dm'i.': the
mmber of users who have voted i emotion label e,
for document d. In other words, 1y is the number of

b
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users who clamed that emotion & is found in
document d.

6. The corpus of documents are already classified by

sentiment and emotion based on the user ratmg.

= {...Dy...} denotes the corpus of documents rated
with emotion e;. Note that the document D; may be
located in several knowledge corpi.

A list of sentments 5 = {53, ..., 5 ..., 55} 1Is

readily available.

2. A thesaurus is available and has a tree hierarchical
stucture. A thesaurus contans a list of words with
synonyms and related concepts. This approach nses
synonyms of glosses of lexical resources in order to
determine the emotion or polanty of words,
sentences and documents.

=

E. Document Pre-Processing

Before document analysis, SSEA performs a pre-
processing. The objective of the pre-processing is to
filter noise and adjust the data format to be swtable for
the analysis phases. It comsists of stemmung phase
extraction, part-of-speech filtering and removal of stop-
words. The corpus of documents crawled from specific
databases or the infemet consists of many documents.

The documents are pre-processed into a basket dataset C,

called document collection. C consists of lines
representing the sentences of the documents. Each line
consists of terms, 1.e. words or phrases. An example of
C follows:

[

By Cline L} venn 1, tenn 2, v 6, tenn 9.

cling 2} : e L0, tenm 6, fem 2, tem 5
Clie i ven 3, verms 5, vens 2, ven 3, ten 9, e 1

iline Mk : tenm 2, benm 15, tem 9, tenn 3, fen 4

More specifically, to obtain D the following

preprocessing steps are performed:

1.  Language detection

. Segmentation: a process of dividng a given
document into sentences.

3. Stop word: a process to remove the stop words
from the text. Stop words are frequently occurmng
words such as ‘a’ an’, the’ that provide less
meaning and generate noise. Stop words are
predefined and stored in an array.

4. Tokenization: separates the input text info
separate tokens.

3.  Punctuation marks: identifies and treats the spaces
and word termunators as the word breaking
characters.

6.  Word stemming: converts each word into its root
form by removing its prefix and suffix for
comparison with other words.

More specifically, a standard preprocessing such as
tokemization, lowercasing and stemming of all the terms
using the Porter stemmer [39]. Therefors, we alse parse
the texts using the Stanford parser [40] that is a
lexicalized probabilistic parser which provides various
imformation such as the synfactic stuchore of text
segments, dependencies and POS tags. “Word® and
“term’ are used interchangeably in the rest of this paper.

F. Semantic sentiment and emotion analysis: SSEA

The aim of SSEA is to classify the corpus of documents
taking emotion mto consideration, and to determine
which sentiment it more likely belongs to.

A document cam be a disimbution of emotion
pleldecsE and a dismbution of sentiment
pis|d)s =5 . 55EA is a hybnd approach that combines
a keyword-based approach and a rule-based approach
S5EA 15 apphed at the basic word level and requires an
emotional keyword dictionary that has keywords
(emotion words) with comesponding emotion labels.
Next, to refine the detection, SSEA develops vanous
rules to identify emotion. Fules are defined using an
affective lexicon that contains a list of lexemes
annotated with their affect.

The emotional keyword dictionary and the affective
lexicon are implemented in a thesaurus. S3EA 15 a
knowledge-based approach that wses an AT
computational technique. The purpose of S5EA is to
identify positive and negative opinions and emotions.
Figure 2 presents an overview of the architecture of the
senfiment and emotion detection process phase.
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Figure 1: Sentiment and emotion detection process
phase — Architecture overview

For affective text evaluation, SSEA uses the S5-Tagger
(a part-of-speech tagger) [41] and the Stanford parser
[40]. The Stanford parser was selected because it is
more tolerant of constructons  that  are  mot
grammatically correct. This 15 useful for short sentences
such as titles. SSEA also uses several lexical resources
that create the SSEA knowledge base located in the
thesaurus. The lexical resources used are:

WordMet.
WordMet-Affect.
SentWordNet.

NEC emotion lexicon

Lol A o

WordNet is a semantic lexicon where words are
grouped info sets of synomyms, called symsets. In
addition, various semantic relations exist between these
synsets (for example: hypemymy and hyponymnmy,
antonymy and denvation). WordNet-Affect is a
hierarchy of affective domamn labels that can further
annotate the synsets representing affective concepts.
SentiWordNet assigns to each synset of WordNet three
senfiment scores: positivity, negativity, objectivity, the
sum of which always equals 1.0.

The NEC emotion lexicon 15 a list of English words and
their association with eight basic emofions (amger,
anticipation, disgust, fear, joy. sadness, swprise and

International Joumal of Sdentific Research in Science, Enginesring and Technology (ijssetcom) £1

trust) and two sentiments (negative and positive). The
NE.C emotion lexicon 1s a thesaurus that associates for a
word. the value ome or zero for each emotion. This
association 15 made of binary vectors. The disadvantage
of this thesaurus is that since the values are binary, all
words belonging to an emotion have the same weight
for that emotion. To address this problem, the NEC
emotion lexicon thesmurus was combined with the
WordNet, WordMet-Affect and SenttWordNet thesaurus.
This associates a feelings score with each word-POS.
POS1 are grammatical categones used to classify words
m dimensions such as  adjectves or werbs.
SentiWordNet associates with each couple a valence
score that can be either negative or positive with respect
to the sense of the word in gquestion. The word death, for
example, 15 likely to have a negative score. S5EA also
relies on shifter valences. These are lexical expressions
capable of changing the valence score of emotions n a
Text.

For example, take the phrase "I am happy” with a score
of 1 for the joy emotion. For the phrase "I am very
happy”, “very is a valence intensifier that will change
the joy emotion score to 2. In the case, "I am not happy”
the modifier ‘not” will change the emotion joy to the
contrary emotion sadness.

The mamn component of SSEA is the thesaurus, called
BM emotion word model (BMEmoWordMod).
BMEmoWoerdMod is an emotion-topic model that
provides the emohonal score of each keyword by talang
the topic info account.

BMEmoWordMod nfroduces an additicnal layer (1e..
latent topic) infe the emotion-term model such as
SentiWordNet. SSEA is composed of three phases:

1. BMEmoWordMed generation process phase.
2. Sentiment and emotion discovery process phase.
3. Sentiment and emotion refining process phase.

The followmg sub-sections describe the three phases of
the SSEA model used te discover sentiment and

emotion.

1} BMEmoWordMod generation - process phase

In the first step. a training set from the original corpus is
created. The most relevant and discominative
documents are selected antomatically. In the second step,
each word 1s tagged with a POS and the combination of
word and POS used as the essential feature. Fimally,
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BMEmoWordMed 15 generated using the extracted
features, which can then be used to discovery the
sentiments and emotions of new documents.

Basically, a BMEmoWordMod entry has the following
fields:

=WordPOS/synsets_ID==Topics=<Emotion_Probabilit
y==Sentiment Probability= where:

1. Emotion Probability is a vector of ordered emotion
label PIGbabll‘l.l‘_‘r such as - ~anger probability, disgust
probability, fear probability, joy probabulity,
sadness probability, surprise probability=.
Sentiment Probability is a wector of ordered
senfiment category probability such as =positive
sCOTe, Degative score=.

[

For example, the BMEmoWordMod entry for “lall”
may look like: =killw/00829041=<War==0.5, 0.1, 0.3,
0,02, 0==01, 06>

Step 1: Training set selection

The objective of this step is to reduce the time for
generating the emotion lexicon BMEmoWordhod,
while obtaimng a better quality lexicon. For each
emotion e;, documents in the corpus are ranked by
descending order of ratings over e;. Next, the emofions
with the highest ratings among the documents are
chosen. Then relevant documents for a given emotion &
are selected based on the topic detection algonthm; we
assume that this topic detection algorithm is known. The
traming set selection process terminates when the first
phase topic detection algorithm requirements are meet.
The fraining set TS is produced by conducting this step
on the entire corpus.

Step 1: Intermediate lexicon generation

Using WordNet-Affect, the WordNet entnes are filtered
in order to retain only those synsets where the A _labeb
is “EMOTION”. Then, using SentiWordNet and the
NRC emotion lexicon, the sentiment category and
emotion value are associated with each selected
emotional synset of WordNet. An intermediate lexicon
15 produced where each entry i3
=word POS/synsets_[D==Emotion_value==Sentiment _
Score=.

BMEmoWordMod evaluates the probability of each
emotion based on the topic and user rating.

Step 3: Sentiment and emotion lexicon generation

The assumpfion that words in a document are the first
indicater of the evoked emotion is assumed to be valid.
However, the same word in different contexts may
reflect different emotions., and words that bear
emotional ambigmty are difficult to recogmize out of
context. Thus, other strategies are necessary to associate
a sentiment or emotion with a given word. The POS of
each word 1s used to alleviate the problem of emotional
ambigmty of words and the context dependence of
sentiment onientations. The POS of a word is a linguistic
category defined by its syntactic or morphological
behaviour. Categories include: mown, verb, adjective,
adverk, pronoun, preposiion, conjunction and
interjection.

For example, the word ““bear™ has completely different
onentations, one positive and one negative, m the
following two sentences:

1. Teddy bear: a helpmg hand for disease sufferers.
1. They have to bear living with a disease.

The word “‘bear’” 1z a noun in the first sentence and a
verb in the second. A word feature ff is defined as the

association of the word W and its POS, e g, (Bill/'Verb).

After defining the word feahme f, its emotion
probability is computed with equation (1):
EmoPro(e,| f,.t,)=Val(f,)x

> (f i, d}xac(e t)

de i, =D (1)

Z MZ plf,-t.d)xoc(e.t, ]]

where:
1. I-hi(j: :]dfmtes the value (1 or 0) of word feature
Jin the intermediate lexicon.

[f, *,dl denotes the probability of feature £
conditioned on document of corpus Cu (subset of
documents with topic &). p(f].t,.d) is the mmber

of occurrences of the feature f; in d divided by the
total number of ccourrences of all features mn d.

3. wocie.t,) denotes the co-occurremce mumber of

documents d of Cy, and emotion ;.

[
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This strategy is used to eliminate emotions that are not
associated with the same word m the NEC emotion
lexicon. The senfiment probability of the word feature f
1s given by equation (2):

SenPro|s,| f.1, | = SSeo( £ )=
Y. plft.d)xoe(s.t)

dedy TR

¥ p|:,i:_,r*:d']xa.:{:_.,r,:||
e : ¥

=8 dedy o

@

where:

1. SSm[f_:]dmates the score of feature f; in the
mtermediate lexicon

oels, t,) denotes the co-occurmence mumber of
documents d of Cy and sentiment s;.

b

Here, s;may have two values, a posifive senfiment S,
and negative sentiment S, Finally, to denve
BMEmoWordMod, first the topic 13 added, then the
emotion value is replaced by the computed emotion
probability and the sentiment score with the computed
sentiment probability.

1) Sentiment and emotion discovery - process phase
This phase idenfifies the sentiments and emotions that
are likely associated with a given new document by
using the sentiment and emotion semantic lexicon
BMEmoWordMod generated in the previous section.
After preprocessing, the term wector of the new
document is defined using TF-IDF.

Let ND be the new document and Wip = {W. ..., Wi}
the set of distinct terms occuming in the corpus of
documents. To obtain the z-dimensional term vector that
represents each document in the corpus, the tfadf of
each term of W, iz computed. The result of this
computation  establishes the term  wvector

tyy = 15E (7. AD). ... 68 (77, D))
Using wector a . Tap={tg, --.. 15} obtained using topic

detection algorithm (assumed to be known) and
BMEmoWordMod. the sentiment and emotion vector of
new document
E, .=t I:'.(j:..ND._e]]._ E(fND e ). o

) . is given
ElijD sp]._Elij:..ND._ .SNJ'I )]
by equation (3):

thidf (7, ND )
—_— =

> thdf (], ND)

E(f.ND, g)=
(3)
¥ BMEmoWord(f).,.t,)

e Tan

where BMEmoWord(f;, &%) denotes the emotion
probability of emotion & for the feature word f; giving
the topic 7. BMEmoWord(fj ey tx) 15 selected in
BMEmoWordhod.

The weight of emotion e; for document ND is computed
with equation (4):

W:(ND, g)= 3 E(f.ND. g} @
W, =W,

Equation (4) yields the emotional wvector of new
document ND

Vo= W.(ND. g).... W, (ND. ). .... W (ND. ;).
W; (ND, 5, ), W, (ND, 5, ) )

Next, the new document ND emotion and sentiment is
inferred using a fuzzy logic approach and the emotional
wrctora;. The weight of emotion is transformed into
five Imgmistic vanables: very low, low, medium, high,
and very high Then using these vanables as mput to
the furzy inference system one obtains the final emotion
for the new document The furzy logic mles are

predefined by experts.

3) Sentiment and emotion refining - process phase
The refining process validates discovered sentiment and
emotion after the document analysis. Simulanty 1s
computed between new documents and documents in
the corpus rated over E emotions. First, the term vectors
of each document are defined using the tf-itf of each
term, tfitf is then computed using equation (3); to
identify the most important terms of a given document
Dy, the tfidf of each term W] in the corpus O is
computed using equation (3) as follows:

f(7.D,.C,)=TF~IDF(,.D.C, |

Veror |Cal =0,
1=d

(3

Note that the terms extracted from the corpus of
documents rated over E emotions are those employed by
users. Next, to measure the similarity between two
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documents, the cosine similanty of their representative
vectors 15 computed using egquation (§); given fwo
documents 1z, and tg; . their cosine similarity is
computed as:

SJ'mCo.s[r_‘,l'_.fﬂ'J]=l e 6

L

Two documents dl and d? are similar when the
similarity SimCas(m.a:):] of these two documents is
less than the similanty threshold p. Note that it 1s
already  assumed that +when the smulanfy
SimCos| tdl,E} of two documents dl and d2 is less
than the similanty threshold p. the documents are not
similar.

1. Evaluation using simulations

This sechion presents an evaluabion of SS5EA
performance using simulations. To perform these
simulations, an experimental environment called Libér
was used. Libér was developed to provide a sinmlator to
prototype the new algorithm SSEA.

G. Dataset and parameters

To evaluate SSEA, real datasets from different projects
that have digital and physical hibrary catalogues were
used. These datasets, comsisting of 23,000 documents
with a vocabulary of 375,000 words, were selected
using average TF-IDF for the analysis. The documents
covered 20 topics and & emotions. The number of
documents per topic or emotion was approximately
equal. The average number of topics per document was
7 while the average rating emotion number per
document was 4. 15,000 documents of the dataset were
used for the training phase and the remaining 100 used
for the test. Note that the 10,000 documents nsed for the
tests were those that had more annotated topics or a
higher rating over emotions.

To measure the performance of topic detection
(semfiment and emotion discovery, respectively)
approaches, companson of detected topics (the
discovered senfiment and emotion. respectively) with
annotation topics of librarian experts (user ratings) were
carmied out. Table II presents the wvalues of the
parameters used in the simmlations. The server
charactenistics for the sinmlations were: Dell Inc.
PowerEdge R630 with 96 Ghz (4 x Intel(R) Xeon(R)

Inmternational Joumal of Scentific Research in Science, Engineering and Technology (ijsrset.com)

CPU E5-2640 v4 @ 2.40GHz, 10 core and 20 threads
pet CPUT) and 256 GB memeory nnning Vi Ware ESXi
6.0

Table IT: Sinmlation Parameters

Parameter Value

£ 3
MNumFeyTerm 8

@ 05

i] 07

ek 06

a 100
co-peourrence threshold 075
semantic threshold 1

term cluster matching thresheld 043

H. Performance criteria

SSEA performance was measured m terms of nmning
time [16] and accuracy [42] [43]. Note that in the library
domain, the most important criteria was precision while
resource consumption was important for the software
providers.

The mumning time, denoted by Bt was computed as
follows:

Rt =FEt —Bt

where Et and denotes the time when processing is
completed and Ef the time when it started.

To compute the accuracy. let Eqnsy and Ediscomna be the
set of rating over emotion and the set of discovered
emotion by SS5EA for a given document d. The accuracy
of senfiment and emofion discovery, demoted by 43,
was computed as follows:

"‘E - 2. |Era1i|1g n Edismwredl
IEraﬁngl + |Ediacwered|

Smmlation results were averaged over multiple nms
with different pseudorandom mumber generator seeds.
The average accuracy, 4ve_acc. of multiple nns was
given by:

I (Ed ETD -“E)

=\ o

Ave_agcc = I

where TD denotes the mumber of tests documents and I

denotes the mumber of test iterations.

h
L
oh
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The average numing time, Ave run_time, was given by:

1
— R
Ave_run_time = E‘r'—l

1. Sentiment and emotion analvsis performance
evaluation

SSEA performance was also evaluated I terms of
accuracy and nmning time. Sinmlations used the dataset
and parameters mentioned previcusly. The performance
of SSEA was compared to the approaches descnbed n
[34] and [37]. refemmed to as ETM-LDA and AP.
respectively. ETM-LDA and AP were selected because
they were document-based rather than phrase-based.

1} Comparison of approaches with SSEA

Table Il shows the characteristics of the approaches
used for companison with SSEA.

Table III: Sentiment and emotion approaches for
COMPAnson

£ h

Approac { - I |
E ‘EEREE
= 1= [=
BE|23E |95
AP[37] DL |X|N|5 Nl 8

ETM-LDA [34] DIK |¥|N| & Y
SSEA C|ER | Y| Y| 12 |Y|8

34

1-WordNet; 2-WordNet-Affect; 3-SentiWordiVNet; 4-
NE.C Emotion Lexicon; 3- Stanford CoreMNLP; 6-Gibbs
sampling; I: Document; C: Configurable as desired; L:
Leaming based; K: Keyword based; KR: Keyword and
Rule based; Y: Yes; N: Mo

S5EA was the only entirely semantic approach taking
mto account the mules for inferring emotion. In addition,
S5EA used a semantic lexicon. Several approaches used
semantic lexicon, but these were limited to phrases
rather than documents. The best performance
approaches used were AP and ETM _LDA.

1) Results analysis

Figure 3 presents the average nmming time when
varying the mumber of detected emofions. Traming
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times were excluded because this phase was performed
only once. The S5EA training phase took more time
than the other approaches due to lexicon aggregation
and enrichment by users. The average mmning time
increased with the number of test documents. This is
nommal, as the larger the number of test documents the
longer the average nmmng fime to perform the
senfiment and emotion discovery.

S8EA ——
L ETM-LDA —=
Y

Ve TN Lnne i |

' [ & 7 ] ] m
Number of test documents (x 104]

Figure 3: Emotion discovery - Average mnning time
versus number of documents for test phase

Figure 3 shows that ETM-LDA and AP oufperformed
SSEA on the mnning time criteria. ETM-LDA required
an average of 1.33 sec per document whereas SSEA
required an average of 1.74 sec per document. The
average relative improvement of ETM-LDA compared
with S5EA was approximately 0.21 sec per document.
The poorer performance of SSEA resulted from refining
senfiment and emotion to INCTease accuracy.

Figure 4 presents the average accuracy when varying
the mmber of discovered emotions.

08 1 e
7 Y o &
i -"'—-\___ -
..J ---——_ "
& 05 i :
[CI Ei— T
al —y
. SSEA ——
0l | ETM-LIA
AP -

L) 4

Mumber of discovered emodions

Figure 4: Average detection accuracy for the number of
discovered emotions



Positive and negative senfiments were not considered in
the accuracy measurement. Figure 4 also shows that the
average accuracy decreased with the number of
discovered emotions. However, S5EA outperformed the
other two approaches used for comparsons. S5EA
demonstrated an average accuracy of 93.30% per
emotion while ETM-IDA, the best of the other two
approaches used for comparison, produced 68.65%
accuracy per  emoton.  The average relative
improvement in accuracy of SSEA compared to ETM-
LDA was 24.65% per emotion.

In conclusion, the 0.21 sec mmning time per document
IcTease was, again, a small price to pay for the larger
average accuracy of emotion discovery (24.65%).

IV. CONCLUSION

Followmg is our conclusions on related work m
sentiment and emotion analysis:

1. Traditional sentiment analysis methods mainly use

terms and their frequency. part of speech, mle of

opimons and  sentiment shofters.  Semanfic
information 15 ignored in term selection, and it is
difficult to find complete rules.

Most of the recent conmbutions are limited to

sentiment analysis elaborated in terms of positive or

negative opinion and do not mclude amalysis of
emotion.

3. Exsting approaches do not take into account the
human contrbution te improve accuracy.

4. Exsting approaches do not combine sentiment and
emotion analysis.

5. Lexicon and ontology based approaches provide
good accuracy for text-based sentiment and emotion
amalysis when applying SVM techmiques. In our
work, it 15 more important to identify the sentiment
and emotion of a book taking into account all the
books of the collection. For example, assume that
book A has 90% fear and 20% sadness while the
emotion which has the best weight of bock B is 40%
fear; can it be said that fear 1s the emotion of book
B as m book A?

6. Existing approaches do mnot take into account

document collections. In terms of granulanty, most

of the existing approaches are sentence-based.

These approaches do not take into account the

context around the sentence and in this way, it is

possible to lose the real emotion.

[

==l

As a general conclusion to the literature review on topic
detection, sentiment and emotion amalysis, 93% of the
work focused on features of the documents (eg.,
sentence length, capitalized words, document title, term
frequency, and sentences position) to perform text
muning and generally make use of existing algorithms or
approaches (e.g. LDA, tfadf VSM, SVD, LSA,
TextRank, PageRank, LexRank FCA, LTM, SVM, NB
and ANN) based on theirr associated features to
documents.

Table I compares the most known text mining
algonthms (e.g., AlchemyAPI DBpedia, Wikimeta,
open calms, Bitext, AIDA TextRazor) with our
proposed algorithm in SMESE by keyword extraction,
classification, sentiment analysis. emotion analysis and
concept extraction.

V. SUMMARY AND FUTURE WORK

In this paper, the goal was to increase the findability
(search, discover) of entities based on user inferest using
external and infernal semanfic metadata enrichment
algonithms. As computers struggle to understand the
meaning of mnatwal language, enrching entities
semantically with meanngful metadata can improve
search engine capability. Words themselves have a wide
variety of defimtions and inferpretations and are often
utilized mconsistently. While senttment and emotion
may have no relationship to individual words, thesaun
express associative relationships between words,
ontologies, entifies and a mmlbtude of relationships
represented as triplets.

This paper presented an enhanced implementation of
SMESE [2] and SSEA algorithm based on text analysis
approaches. It includes distinct task that-

1. Discover enniched sentiment and emotion metadata
hidden within the fext or linked to multimedia
structure using  the proposed SS5EA  (Semantic
Sentiment and Emotion Analysis) algonthm.

2. Implement rule-based semantic metadata intemnal
ennichment includes algonithm named SS5EA.

Table I shows the companson with most knowm fext
mimng algonthms (e.g. AlchemyAPl, DBpedia,
Wikimeta, Open Calais. Bitext, ATDA TextRazor) and
a new algomithm S5EA with many attributes includng
keyword extraction, classification, sentiment amalysis,
emotion analysis, and concept extraction. It was noted
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that this algomthm supports more attnbutes than amy
other algonthms.

In future work, the focus will be to connect emotion and
sentiment to the users evolving interests and will
mclhude:

bt

Some enhancements to be able to enrich metadata
semantically, including the evolution of the user
interests over time.

Further evaluations of the SSEA model and
algorithm with different prototype and datasets.

Exploring text summarnization and automatic literature
Teview as metadata ennchments.
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ABSTRACT

As exising compurer search engines sruggle re undersand the meaning of narwral langrage, semansically
enriched metadaia may improve interesi-based search engine capabilities and wser satisfacrion

This paper presents an enhanced version of the ecosysiem focusing or semantic ropic metadara derecrion
and enrichmerus. It is based on a previous paper, a semantic meiadara enrichmens sofiware ecosysiem
(SMESE). Through rexr analysis approaches for ropic derecrion and meradara enrichmenis this paper
propose an algorithm o enhance search engines capabilities and consequendy help users finding conrent
according to their interesis. It presenis the design, implementarion and evaluarion of SATD (Scalable
Annorarion-based Topic Derection) model and algorithm wsing metadata from the web, linked open dara,
concordance rules, and bibliographic record autherities. It includes a protorype of a semarric engine using
kevword extracrion, classificarion and concepr exiracrion tha allows generating semanvic iopics by rex,
and multimedia document analvsis using the proposed SATD model and algorithm.

The performance of the proposed ecosystem is evalwawed wsing a number of prowoype simularions by
comparing them o exisiing enriched meradara rechnigues (e.g. AlchemyAPI, DBpedia Wikimera Rirexr,
AIPRA, TexiRazor). It was nored rhar SATI algorithm supports more anribures than orher algoritkms. The
resulis show thar the enhanced plaform and s algorichm enable greaer undersanding of documents
relared 1o user inferess.

KEYWORDS

Narural Language Processing Semantic Topic Detection, Semantic Metadata Enrichmens, Text and Dara
Mining

1. INTRODUCTION

The goal of this paper is to increase the findability of document or conient matching user inerest
using an internal semantic metadata enrichment algorithm. Words themselves are ofien used
inconsistently, having a wide wvariety of definitions and inerpretations. Finding bibliographic
mferences or semantic relationships in texts makes it possible to localize specific text segments using
ontologies to enrich a set of semantic metadata related to topics. This paper presents an enhanced
implementation of SMESE [1] focusing on semantic topic metadata detection and enrichment.

Semantic topic delection (STD), a fundamental aspect of SIR, helps users to efficiently detect
meaningful topics. Initial methods for STD relied on clustering documents based on a core group of
keywords representing a specific topic, where, based on a ratio such as tf-idf, documents that contain
these keywords are similar to each other [2.3]. Mext, variations of tf-idf were used to compute
keyword-based feature values, and cosine similarity was used as a similarity (or distance) measure to
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cluster documents. The following generation of STD approaches, including those based on latent
Dirichlet allocation (LDA), shifted analysis from directly clusiering documents to clustering
keywords. Some examples of these advances in STD am presented in [4]. Bijalwan et al [5], for
example, experimented with machine learning approaches for text and document mining and
concluded that k-nearest neighbors (KNM), for their data sets, showed the maximum accuracy as
compared to naive Bayes and term-graph. The drawback for KNN is that time load is high but it
demonstrates better accuracy than others.

A number of approaches are used to perform text mining, including: latent Dirichlet allocation (LDA)
[4]. tFidf [2,3], latent s2mantic analysis (LSA) [6]. formal concept analysis (FCA) [7], laient ree
model (LTM) [8]. naive Bayes (NB) [9], and artificial neural network (ANN) [10]. This paper consists
of a model and an algorithm SATD (Scalable Annotation-based Topic Detection) for topic metadata
semantic enrichments. SATD allows the generation of ssmantic topics using text, elationships and
documents analysis. Using simulation, the performance of SATD was evaluated in terms of accuracy
of topic detection. For comparison, existing approaches that performs semantic metadata enrichment
in erms of topic detection and enrichment were evaluated. Simulation results showed that SATD
outperforms these existing approaches.

The remainder of the paper is organized as follows. Section 2 presents the mlated work. Section 3
describes SATD model and algorithm while Section 4 presents the evaluation through different
prototypes. Section 5 concludes the paper and presents some future work.

2. RELATED WORK

Generally, a topic is represented as a set of descriptive and collocated keywords/fterms. Initially,
document clustering echnigues were adopted to cluster content-similar documents and exiract
keywords from clusiered document sets as the representation of topics. The predominant method for
topic detection is the latent Dirichlet allocation (LI)A) [4], which assumes a generating process for the
documents. LDA has been proven a powerful algorithm because of its ability to mine semantic
information from text data. Terms having semantic rlations with each other are collecied as a topic.
LI}A is a three-level hierarchical Bayesian model, in which each item of a collection is modeled as a
finile mixture over an underlying set of topics. Each topic is, in tumm, modeled as an infinite mix ture
over an underlying set of topic probabilities.

The literature presents two groups of text-based topic detection approaches based on the size of the
text: short text [11.7,12,13] such as tweets or Facebook posts, and long text [14.4,15-17 8] such as a
document or a book. For example, Dang et al. [11] proposed an early detection method for emerging
topics based on dynamic Bayesian networks in micro-blogging networks. They analyzed the topic
diffusion process and identified two main characteristics of emerging topics, namely attractiveness
and key-node. Next, based on this identification, they selected features from the topology properties of
topic diffusion, and built a DBN-based mode] using the conditional dependencies betwesn features to
identify the emerging keywords. But to do so, they had to creake a erm list of emerging keyword
candidates by term frequency in a given time interval. Cigarran et al. [7] proposed an approach based
on formal concept analysis (FCA). Formal concepts are conceptual representations based on the
mlationships betwesn tweet terms and the tweets that have given rise to them Cotelo et al. [12], when
addressing the twest caiegorization task, explored the idea of integrating two fundamental aspects of a
tweet: the textual conient itself, and its underlying structural information. This work focuses on long
text topic detection.

Recently, considerable research has gone into developing topic detection approaches using a number
of information extraction techniques (TET), such as lexicon, sliding window, boundary technigues, etc.
Many of these echniques [14.15,17,8] rely heavily on simple keyword extraction from text For
example, Sayyadi and Raschid [14] proposed an approach for topic detection, based on keyword-
based methods, called KeyGraph, that was inspired by the keyword co-occumence graph and efficient
graph analysis methods. The main steps in the KeyGraph approach are as follows:
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1. The first step is construction of a keyword co-occurrence graph, called a KeyGraph, which

has one node for each keyword in the corpus and where edges represent the co-occuwrrence of

the corresponding keywords weighted by the count of the co-occumences.

Secondly, making use of an off-the-shelf community delection algorithm, community

deiection is taken into account where each community forms a cluster of keywords that

represent a topic. The weight of each keyword in the topic feature vector is computed using

the tf-idf formula. The TF value is computed as the average co-occurmence of each keyword

from the community with respect to the other keywords in that community.

3. Then, to assign a topic to a document, the likelihood of each topic t with the vector of
keyword f; is compuied using the cosine similarity of the document.

4. Finally, for each pair of topics, where multiple documents are assigned to both topics, it is
assumed that these are subtopics of the same parent topic and are therefore merged.

!‘-\.1

In other words, KeyGraph is based on the similarity of keyword exiraction from text. We note wo
limitations to the approach, which requires improvement in two mespects. Firstly, they failed to
leverage the semantic information derived from topic model Secondly, they measured co-occumence
mlations from an isolated term-erm perspective; that is, the measurement was limited to the term
itse1f and the information coniext was overlooked, which can make it impossible to measure laent co-
occurrence relations. Salatino and Motta [17] suggested that it is possible to forecast the emergence of
novel research topics even at an early stage and demonstrated that such an emergence can be
anticipated by analyzing the dynamics of pre-existing topics. They presented a method that integrates
statistics and semantics for assessing the dynamics of a topic graph: (1) first, they select and extract
portions of the collaboration networks related to topics in the two groups a few years prior o the year
of analysis. Based on these topics, they build a topics graph where nodes are the keywords while
edges are the links representing co-occureences between keywords and (2) next, they transform the
graphs into sets of 3-cliques. For each node of a 3-cligue, they compute the weight associated with
each link between pairs of topics by using the harmonic mean of the conditional probabilitizs. W hile
this is a satisfactory approach to find latent co-occurrence relations, the approach assumes that
keywords are topics. Chen et al. [8] proposed a novel method for hierarchical topic detection where
topics are obtained by clusiering documents in multiple ways. They used a class of graphical models
called hierarchical latent tree models (HLTMs). Lakent tree models (LTMs) are mree-structured
probabilistic graphical models where the variables at leaf nodes are observed and the variables at
intzrnal nodes are latent. It is a Markov random field over an undirected tree carried out as follows: (1)
first, the word variables are partitioned into clusters such that the words in each cluster tend to co-
occur and the co-occurrences can be properly modeled using a single latent variable. The authors
achieved this partition using the BUILDISLANDS subroutine, which is based on a statistical test
called the uni-dimensionality test (UD-test) and (2) afier the islands are created, they ame linked up so
as to obtain a model over all the word variables. This is carmied out by the BRIDGEISLANDS
subroutine, which estimates the mutual information between each pair of laient variables in the
islands. This allows construction of a complete undirecied graph with the mutual information values
as edge weights, and finally the maximum spanning tree of the graph is determined [8]. Hurtado et al
[18] proposed an approach that uses senience-level association rule mining to discover topics from
documents. Their method considers each sentence as a transaction and keywords within the sentence
as ilems in the transaction. By exploring keywords (frequently co-occurring) as patterns, their method
preserves conexitual information in the topic mining process. For example, whenever the terms:
“machine”, “support™ and “vector” are discoversd as strongly comelated keywords, either as “support
vector machine™ or “support vector™, they assumed that these patiemns were rlaed to one topic, ie.
“SVM™. In order to discover a set of sirongly correlated topics, they used the CPM-based community
detection algorithm to find groups of topics with strong correlations. As in [8], their contribution was
limited to simulating existing algorithms. Zhang et al [15] proposed LDA-IG, an extension of
KeyGraph [14]. It is a hybrid relations analysis approach integrating semantic relations and co-
occurrence Telations for topic detection. Specifically, their approach fuses multiple types of relations
into a uniform term graph by incorporating idea discovery theory with a topic modeling method.
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Firstly. they defined an idea discovery algorithm called IdeaGraph that was adopted to mine
latent co-occumence relations in order to convert the corpus into a term graph,

Mext, they proposed a semantic relation extraction approach based on LDA that enriches the
graph with semantic information.

Lastly, they make use of a graph analytical method to exploit the graph for detecting topics.
Their approach has four steps: (a) Pre-processing to filter noise and adjust the data format
stitable for the subsequent components, (b) Term graph generation to convert the basket
dataset into a term graph by extracting co-occurrence relations between terms using the Idea
Discovery algorithm, (c) Term graph refining with semantic information using LDA to build
semantic topics and tp-izp, inspired by tf-idf, to measure the semantic value of any erm in
each topic, and (d) Topic extraction from the refined term graph by assuming that a topic is a
filled polygon and measuring the likelihood of a document d being assigned to a topic using
thidf. However, their approach does not include machine leaming.

From our review of mlated work, we conclude that the main drawbacks of existing approaches to
topic detection are as follows:

L

!‘-\.'l

They are based on simple keyword extraction from text and lack semantic information that is
important for understanding the document To tackle this limitation, our work uses semantic
annotations to improve document comprehension time.

Co-occurence melations across the document are commonly neglected, which leads to
incomplete detection of information.  Cument topic modeling methods do not explicitly
consider word co-occumences because of a computational challenge. The graph analytical
approach to this extension was only an approximation that merely took into account co-
occurmence information alone while ignoring semantic information. How to combine semantic
mlations and co-occurrence relations tw complement each other remains a challenge.

Existing approaches focus on deecting prominent or distinct topics based on explicit
sgmantic relations or frequent co-occurmence relations; as a result. they ignore latent co-
occurrence relations. In other words, latent co-occurrence relations between two terms cannot
be measured from an isolated term-term perspective. The context of the term nesds to be
taken into account

More importantly, even though existing approaches take into account semantic relations, they
do not include machine leaming to find new topics automatically.

The main conclusion is that most of the existing related research is limited to simulations using
existing algorithms. None confribute improvements to detect topics more accurately.

Table | compares the most known iext mining algorithms (e.g.. Alchemy API, DBpedia, Wikimeta,
Bitext, AIDA, TextRazor) with our proposed algorithm in SMESE V3 by keyword extraction,
classification and concept exraction.

Table 1. Summary of attribute comparison of existing and SATD algorithms.

Keyword Concept

Existing algorithms extraction | Classification | extraction
AlchemyAP] (http:ifwww.alchemyapi. com) X X X
DBpedia Spotlight (https:Vgithub.com/dbpedia-spotlight) X
Wikimeta (https:fwww w3 .or 2001/ swiwiki'W ikimeta) x
Yahoo! Content Analysis API (out of date)
(https: ideveloper v ahoo.com/contentanaly sisf ) X X
Tone Analyzer (hitps:/ftone-analyzer-
demo.my bluemix.net/)
Femanta Chitp:/fwww Zemanta.com’) x
Receptiviti (http:/fwww.receptiviti.aif)
Apache Stanbol (hitps://stanbol apache.ore/) X
Bitext Chitps:ihww w.bitex L comy) X
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Mood patrol (hitps:/market. mashape.com/
soulhackerslabs’ mood patrol-emotion-detection- from-

taxt)

Avlien (hitp:Vay lien.com') X X

AIDA (httpu//senseable. mit.edwaida’y X
Wikifier (hittp:/ fwikifizr.orgh x
TextRazor (htips:/iw ww.lexiragor.com’) X

Svnesketch (hitpkreadinac.com/syneskaich)

Toneapi (hitp:/toneapi.com/}

SATD algorithm X X X

3. RULE-BASED SEMANTIC METADATA INTERNAL ENRICHMENT ENGINE

This section presents an overview and details of the proposed rule-based semantic metadata internal
enrichment engine, including the model and algorithm (SATD) used to process semantic metadata
internal enrichment for topic.

The goal of this paper is to extend the SMESE platform [1] through text analysis approaches for topic
detection and metadata enrichments. To perform this task, the following tools are needed: (1) topics
are a controlled set of terms designed to describe the subject of a document. While topics do not
necessarily include relationships between terms, we include relationships as triplets (Entity —
Relationship — Entity); for example, Entity “Ronald™ - relationship:™ likes ** - Entity “Le petit prince”,
and (2) an ontology to provide a representation of knowledge with rich semantic relationships
between topics. By breaking conent into pieces of data, and curating semantic relationships to
external conients, metadata enrichments are created dynamically.

3.1, Rule-hased semantic metadata internal enrichment engine overview

The ruk-based semantic metadata intemal enrichment engine has been designed to find short
descriptions, in terms of topics of the members of a collection to enable efficient processing of large
collections while preserving the semantic and statistical relationships. Figure | shows an overview of
the archiiecture that consists of: (1) User interest-based gateway, (2) Metadata initiatives &
concordance rules, (3) Harvesting web metadata & data, (4) User profiling engine and (5) Rule-based
semantic metadata internal enrichment engine. The user interest-based gateway is designed to push
notifications to users based on the topics found using the user-profiling engine. The rule-based
semantic metadata inemal enrichment engine performs automated metadata internal enrichment based
on the set of metadata initiatives & concordance rules, the engine for harvesting web metadata, the
user profile and a thesaurs.

The following sub-sections present the terminology and assumptions, and details of the SATD

algorithm.
Thes }!7
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Figure 1. Rule-hased semantic metedata internal enrichment engine architecture
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3.2, Terminology and assumptions

In this section the following terms are defined:

1. A word or term is the basic unit of discrete data, defined to be an ilem from a vocabulary
indexed by {1, ...V). Terms am presented using unit-basis vectors that have a single
component aqual to one and all other components equal to zero. Thus, using superscripts to
denote components, the i &erm in the vocabulary is represented by an I-vector w such that w'
=1 and w = 0 for £=£ 3 For example, let V= {book, image, video, cat, dog} be the

vocabulary. The video term is epresentad by the vector (0,0, 1,0, 0)

A line is a sequence of N terms denoted by [ These terms are extracied from a real sentence;

a sentence is a group of words, usually containing a verb, that expresses a thought in the form

of a stalement, question, instruction, or exclamation and when written begins with a capital

lestter.

3. A document is a sequence of N lines denoted by D = (wy, W, ... wy), where w; is the i term
in the sequence coming from the lines. I is epresentzd by its lines as D =(1,, ...L,....Ig)

4. A corpus is a collection of M documents denoted by C= [y, Dy, ..., Dy}

5. An emotion word is a word with strong emotional endency. An emotion word is a
probabilistic distribution of emotions and represents a semantically coherent emotion
analysis. For example, the word “excitement”, presenting a positive and pleased feeling, is
assigned a high probability to emotion “joy™.

!‘-\.'l

To implement the SATD algorithm, an initial set of conditions must be established:

. Alist of topics T= {ty, ..., t. ... . L} is readily available.

2. Each existing document D), is already annotated by topic. The annotated topics of document
Dy are denoted as To= {L,... &, ..., 1} where i, t.and & T.

3. The corpus of documents is already classified by topics. Cy={...D,....} denoies the corpus of
documenis that have been annotaied with topic t.. Note that the document D) may be locaied
in sgveral corpuses.

4. Alistof sentiments S = {5y, ... , %, ... . 5} isreadily available.

5. A thesaurus is available and has a tree hierarchical structure.

3.3 Document pre-processing

The objective of the pre-processing is to flter noise and adjust the data format to be suitable for the
analysis phases. It consists of stemming, phase extraction, part-of-speech fillering and removal of
stop-words. The corpus of documents crawled from specific databases or the intemet consists of many
documents. The documents are pre-processed into a basket dataset C, called document collection. C
consists of lines representing the sentences of the documents. Each line consists of erms, i.e. words or
phrases. “Word” and “term’ are used interchangeably in the rest of this paper.

Mome specifically, to obtain I, the following preprocessing steps are performed: (1) Language
detection, (2) Segmentation: a process of dividing a given document into sentences, (3) Stop word: a
procass to remove the stop words from the ext Stop words are frequently occurring words such as ‘a’
an’, the’ that provide less meaning and generale noise. Stop words are predefined and stored in an
array, (4) Tokenization: separates the input text into separate tokens, (3) Punctuation marks: identifies
and treats the spaces and word terminators as the word breaking characters, and (6) Word stemming;
converts each word into its root form by removing its prefix and suffix for comparison with other
words. More specifically, a standard preprocessing such as tokenization, lowercasing and siemming of
all the terms using the Porter stemmer [19]. Themfore, we also parse the texts using the Stanford
parser [20] that is a lexicalized probabilistic parser which provides various information such as the
syntactic structure of text segments, dependencies and POS tags.

3.4. Scalable annotation-based topic detection: SATD

The aim of SATD is to build a classifier that can leam from already annotated documents and infer the
topics. Traditional approaches are typically based on various topic models, such as laent Dirichlet
allocation (LA} where authors cluster terms into a topic by mining semantic relations betwesn terms.
Furthermore, the inability to discover latent co-occurrence relations via the context or other bridge

[i]

375



376

Intemnational Journal of Data Mining & Knowledge Management Process (HDKP) Vol 7, No.3, May 2017

terms prevents important but rare topics from being detected. SATD combines semantic relations
between terms and co-occurrence relations across the document making use of document annotation.
In addition, SATD includes: (1) a probabilistic topic detection approach that is an extension of LDA,
called BM semantic topic mode] {BM-SemTopic) and (2) a clustering approach that is an extension of
KeyGraph, called BM semantic graph {BM-SemGraph).

SATD is a hybrid relation analysis and machine learning approach that integraies semantic relations,
semantic annotations and co-occumence relations for topic deizction. More specifically, SATD fuses
multiple relations into 2 term graph and detects topics from the graph using a graph analytical method.
It can detect topics not only more effectively by combing mutually complementary relations, but also
ming important rare topics by lkeveraging latent co-occurrence relations.

SATD is composad of five phases: (1) relevant and less similar documents selection process phase, (2)
not annotated documents semantic term graph generation process phase, (3) topics detection process
phase, (4) raining process phase and (5) topics refining process phase. The following sub-sections
present the details of the five phases of the SATD model.

341 Relevant and less similar documents selection - process phase

For a given topic, a fillering process is performed to avoid using a large corpus of documents that are
similar or not relevant. For this reason, only relevant and less similar documents within a corpus are
identified. Here, only documents that are already annotated by topic are considered.

An overview of the architecture of the relevant and less similar document selection phase is presenied
in Figure 2. This phase involves three algorithms:

Algo | identifies the relevant documents for a given topic.

Algo 2 detects less similar documents in the relevant set of documents.

Algo 3 ascertains whether the new annotated document with a topic is relevant and less
similar to a sub set of relevant and less similar documents of this topic.

L

First, the most relevant documents of each topic t, am selected. For each document of a topic t, Algo |
checks whether its most important terms are the same as the most important terms of the topic t. To
identify the most important erms of a given document [y, the tf-idf of each erm W; in the corpus Cy
is computed using equation (1)

|Gl = M,

F(R3 Dy Cy) = TE— IDF Wy By Coy) = TT(W, 250 % W vy

where TF{W;, D), IDF (W, €,;) and M; denote the number of occurrences of W; in document D;,
the number of documents in the corpus Cy where W; appears, and the number of documents in the
corpus Cy, respactively.
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Figure 2. Relevant and less similar document sebection process phase — Architecture overview
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Equation (1) allows SATD to find, for each document I, the vector V= { (Wo, fWoD.Cull, ..., (W,
 SIWe D Call e (Wong. fiWine D, Cpl)f where in the couple (W, WD, Cy)), W, denotes a term and
SfiWeD, Cy)) its ti-idf in the whole corpus Cy, To identify the most important rms of a given topic t,.
the t-itf of each term W, that appears at least one time in at least one document of corpus C, is
computad with formula (2):
. : IT| ==
W, T, )= 1'F—=IWEW, 1) = I'Fl&,. )= _— 2
£ 1) (e.1,) (W t,) mg{iTF{WR.}}

where FFR{W, 63, FTF{W,) and ITI denote the number of occurrences of Wy in all the documents
of corpus Cg, the number of topics where W, appears, and the number of topic, respectively.

Equation (2) allows SATD to find, for each topic ti, the vector Vi= | (W1, (WLt ..., (Wk,
(Wt ... (WNi, g(WNiti)} where in the couple (Wk . g(Wk.ti)). Wk denoks a erm and
g(WE.ti) its tf-itf in the whole corpus T.

Let N; be the number of terms of the vocabulary of Cy and Ny, = [Djl be the number of terms of the
vocabulary of I, In this context, N, is larger than Ny, To determine the number of terms to consider
the document relevant, SATD computes the standard deviation ¢ and the average avg of the number of
distinct terms in the documents for the topics. SATD uses the standard deviation. The standard
deviation oy, of topic t; is given by equation (3):

u, = 23,:::5.'“‘('5} T wﬂ*)z i3
: ‘ﬁl || = 2,

wheare the average number of ierms av g, of topic t; is computed using equation (4).

| Goyl=aay
s L 1B “
=

Mext, to compuie the number of distinct erms to consider, SATD uses equation (3).

Ey= avgu— oy 5
The score for each document [y in the topic §, is compuied next:

. SATD sorts, for each document D of corpus Cy, the vector Vi, by fW, D, C,j) in descending
order.
2. SATD computes the BMscore of D; using equation (5):

Bitscore (B} = Zm #0%5) 6

where g ame the first IEl emms W, of D; with the highest value of ffW; D, Cy) in the whole corpus Cs

In order t2rms, BMscore is the summation of the tFitf in the whole corpus C of the first [E terms W,
of I with the highest tf-idf in the whole corpus C;. Finally, based on the BMscom of each document
I of corpus Cy, SATD selects the most mlevant documents of corpus C; SATD obtains the sub-

cofpus i.:* of the most relevant documents using equation (7):

c,,=]s;.=l£JIar}]uI[:JE{rf} i
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where EMscore (DK) = BEMscom ().

Note that a is a threshold determined by empirical experimentation based on the particular document
collection. G = {I?I,'._, we By "“'D-’vn} is obtained where &, 3w Algorithm 1 of
appendix A explains, in detail, the selection process of relevant documents for a given topic.

The kess similar documents of sub-corpus £, for the topic t are then selected.  SATD defines a
similarity threshold § by empirical experimentation based on the particular document collection where
¢ is the sub-corpus of &, that contains the less similar documents,

SATD sorts the documents of € according to their BMscore. SATD first puts the document with the
largest BMscom in £ then, based on the order of largest BMscore, SATD compares the semantic
similarity of each element of & with the rest of element of Cglg If no document of Lf is
semantically similar to a given document of £, this given document is added to . When the
semantic similarity between two documents is less than or equal to £, SATD assumes they are not
similar. Finally, when a new document annotated with topic t,. is added to the corpus G, SATD
computes its BMscore in order to ascertain whether this new document must be added to £ or not.

For example, ket JIFE be the idf vector of the vocabulary of corpus Cy at state s and JTF® he the itf
vector of the vocabulary of corpus C at state s. The state is the situation of the collection before adding
the new document:

mf; = (:jrr(:wir fxr:}r---rm"i?{“{kr f&!}r ---rmr‘;wjlr Cﬂ}} and

ITFe = (ITFR), .. JTF(W), .. ITF(Wy, ). Let TFZ be the tf vector of the vocabulary of
corpus Cy; at the state 5

TFE = (TF{WG,L,), o TPOWLLD, oo TR (W, 1)

Based on vector JDFS, SATD computes the TE-IDF of each term W of 4 of each term w of 4 using
Equation (8}

Flur,d,c.)= TF—IDF(W,d,C,) = TP(W,d)= bﬁﬁ} (8)

Next, SATD ranks the vocabulary of d according to their F{W, ef, C,;) and selects the £, terms W of
d with highest F(#, &, T, )» Based on the vectors I'F2 and T'£3, SATD compules the TE-ITF of
each selected term W of J using equation (9);

g(W,t,) = TF — ITF(W,t,) = [TF(W, ¢, + TF(W, d}]#fﬁg{rTF{W }} @

SATD obtains the BMscore(d) of new document 4 by summation of the g{W .t) term. If BMscore(d) is
greater than the smallest BMscore of € document, SATD uses Algorithm 2 to make a semantic
similarity computation and then performs an update of )y if necessary.

341 Not annotated documents semantic term graph generation - process phase

The semantic term graph allows one to convert a set of lines of &rms into a graph by extracting
semantic and co-occurrence relations between terms. To generate the semantic term graph BM-
SemGraph: (1) first the co-occurence clusters are generated and then optimized, (2) after
optimization, the key terms and links betwesn the clusters are exiracted and (3) finally, the semantic
topic is generated and semantic term graph extracied.

The BM-SemGraph has one node for each term in the vocabulary of the document. Edges in a BM-
SemGraph represent the co-occumence of the comesponding keywords and are weighted by the count
of the co-occurrences. Noke that, in contrast to existing graph-based approaches, the co-occurrence
betwesn A and B is different from the co-occurmence between B and A. This difference allows one to
retain the semantic sense of co-occumence terms. Figur 3 presents an overview of the archiecture of

9
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the semantic term graph generation process phase. The term graph process and BM-SemTopic process
penerate the semantic graph in order to enrich the term graph with semantic information; indesd, the
terms graph and semantic graph are merged to provide Semantic t2rm graph, called BM-SemGraph.

The term graph process consists of three steps: (1) Co-occurrence clusters generation, (2) Clusiers
optimization and (3} Key terms extraction. The BM-SemTopic process consists of two seps: (1)
Semantic topic generation and (2) Semantic graph ex raction.

Step 1: Co-occurrence clusters generation

For the co-occumence graph, the assumption is that terms that have a close relation to each other may
be linked by the co-occurrence link. The relation between two terms W; and W) is measured by their
conditional probability. Let D be a document and Vi, = (W Wy, ... W) be the erms of D and Ly, be
the number of lines of D.

e - |
r Do ity Collection

4
Fananmeni prepriceamy
)

- o

- .
| o e |
T
Emmpﬂ | Tern EIBDhJ
L L__——
.. T
T [
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FvaaEis W sl
BM-Femirgeh

Figure 3. New document semantic term graph process phase - Architectune overview

The conditional probability p(W. W ) of @ is computed using eguation (10) where =
{determined by experimentation) denutes the rrummum distance betwzen W, and W, and the distance
betwesn two terms is the number of terms that appear between them for a given line.

e )
W, )= Z Ngams:[l (10
e
where pie (Jr w7 :] denotes the number of times that W, and W; co-occur with a minimum

distance e and where W, appears be fore W, and Njline [} denotes the number of terms of the line L
To formally define a relation betwzen two ierms W, and W, their frequent co-occurrence measured by
the conditional probability p(i'lu':,.'m: ), needs to exceed the co-occumence threshold. The co-

occurrence threshold is also determined by experimentation. Mot that frequent co-occumence is
orientzd. This allows one to retain the semantic orizntation of the links between t2rms.

Mext, the oriented links are transformed into simple links without losing the semantic context. To
perform this transformation, three rules are applied - see Figure 4.
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Figure 4. Link transformation rules

In Figure 4a, two nodes with two oriented links are transformed into one simple link. In this case, this
type of link cannot be pruned and its weight is given by equation (11):

wiw, wik= (T |1 p(W7) an

In Figure 4b, where several nodes are linked by oriented links and there is an oriented path to join
each of them, only the nodes with a link to other nodes not in the oriented path are retained. The black
node hecomes the mpresentative of the other nodes.

In Figure 4c, where one node A is linked to several nodes and the links are oriented from A towards
the other nodes, node A becomes the representative of the other nodes and the other nodes are
memoved. This is the case for the red node where the link between the black node and blue node is
mmoved and a new link is added between the red nodz and the blue node. Let & be a set of nodes
wherz W, is the representative node. Let G be the sub set of & which are linked to a node W) not in G.
Figure 5 illustrates G and G'. The weight of the link between W;and W; is given by equation (12):

)= Y o ()40 ()

Wi @
Equation (12) is applied in the case of Figure 4b and 4¢ to compute the weight of the link between a
mpresentative node and another node. Finally, the rest of the oriented links ame transformed into
simple links and their weights computed using equation (11).

=

Figure 5. Representation of the computation of weight afier mmoving some nodes

Step 2: Cluster optimization

To enhance quality, clusters should be pruned, such as by removing weak links or partitioning sparse
cluster into cohesive sub-clusters. Clusters are pruned according to their connectedness. The link e is
pruned when no path connects the two ends of ¢ after it is pruned. As shown in Figue 6, the link
between the black node and the green node should be pruned.

Figurz 6. Clusters optimization
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Secondly, cliques are identified. In graph theory, a cligue is a set of nodes which are adjacent pairs (7)
{or a two-by-two set of nodes?) as shown in Figure 7.

ha,

21 > A

| LI

Figure 7. Clique reduction

Let C be the cliqgue and W; and W; be the nodes of C that are linked o another node. The weigflt
between Wiand W) is given by equation (133

wi, wek= ﬂgﬁr[ﬂwm LA (13)
Step 3: Key term extraction
To extract key terms, the elation between a term and a cluser is measured. It is assumed that the
weight of a term in a given cluster may be used to determine the importance of this term for the
cluster. Let R be the set of nodes of the clusier C where the node W;is inside. The weight of W, in the
cluster C is given by equation (14

fy= Y wiw,w) (14)

LTEE
To identify a term as a key erm. a sort of erms is performed based on their weights regardiess of the
clusters that they are in. Next, the NumKeyTerm terms that have the largest weights are selected as
Key Terms. NumKeyTerm is a parameter.

Step 4: Semantic topic generation

Semantic topic generation combines a comelated topic model (CTM) [21] and a domain knowledge
model (DEM) [22], called BM semantic topic model (BM-SemTopic). to build the real semantic
topic model In LDA, a topic is a probability distribution over a vocabulary. It describes the relative
frequency each word is used in a topic. Each document is regarded as a mixture of multiple topics and
is characterized by a probability distribution over the topics.

A limitation of LDA s its inability to model topic comelation. This limitation stems from the use of
the Dirichlet distribution to model the variability among topic proportions. In addition. standard LA
does mot consider domain knowledge in topic modeling. To overcome these limitations, BM-
SemTopic combines two models: (1) A comelaied topic model (CTM) [21] that makes use of a logistic
normeal distribution and (2) A domain knowledge model (DKM} [22] that makes use of the Dirichlet
distribution.

BM-SemTopic uses a weighted sum of CTM and DKM to compute the probability distribution of
term W, on the topic z. The sum is definsd by equation (15):

R{WIE) = aCTA{W, |2 + (1 — o) DEM(W,|Z) (135
where o is used to give more influsnce to one model based on the term distribution of topics.

When the majority of &erms are located in a few topics, this means the domain knowledge is important
and o must be small. BM-SemTopic develops the CTM where the topic proportions exhibit a
comelation with the logistic normal distribution and incorporates the DKM. A key advantage of BM-
SemTopic is that it explicitly models the dependence and independence structure among topics and
words, which is conducive to the discovery of meaningful topics and topic relations.

CTM is based on a logistic normal distribution. The logistic normal is a distribution on the simplex
that allows for a general patiern of variability between the components by transforming a multivariate
normeal random variable. This process is identical to the generative process of LDA except that the
topic proportions are drawn from a logistic normal distribution rather than a Dirichlet distribution. The

12
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strong independence assumption imposed by the Dirichlet in LDA is not realistic when analyzing
document collections where one may find strong comelations between topics. To model such
comelations, the covariance matrix of the logistic normal distribution in the BM-SemTopic cormelated
topic model is introduced.

DKM is an approach to incorporation of such domain knowledge into LDA. To express knowledge in
an ontology, BM-SemTopic uses two primitives on word pairs: Links and Not-Links. BM-SemTopic
mplaces the Dirichlet prior by the Dirichlet Forest prior in the LA model. Then, BM-SemTopic sorts
the terms for every topic in descending order according to the probability distribution of the topic
terms. Mext it picks up the high-probability terms as the feature terms. For each topic, the terms with
probabilities higher than half of the maximum probability distribution are picked up (experiment
indicates it is non-sensitive on this parameter).

Step 5: Semantic term graph extraction

To enrich the term graph, the semantic topic needs to be converted into a semantic graph that consists
of semantic rlations between the semantic terms. To discover these mlations, the semantic aspect is
included making use of WordMet::Similarity [23]. Based on the structure and conient of the lexical
database WordNet, WordMet:: Similarity implements six measures of similarity and three measures of
mlatedness. Measures of similarity use information found in a hierarchy of concepts (or synsets) that
quantify how much concept A s like (or is similar to) concept B.

First, 2ach generated feature term at step 4 is the candidaie for a semantic erm where it is assumed the
other terms mepresent the vocabulary associated with the semantic topic. In Figure %a, the blue node
denotes the feature terms of each semantic topic. Next, duplicate terms from the candidates are
mmoved. If there is more than one topic that has the same term W, in the semantic term candidate,
only the topic z with the highest erm probability distribution &(W;lz) is retained W; as the semantic
term candidate. It follows then that following this step the semantic term candidates of differznt topics
are exclusive to each other. Figure 8b shows the remaining candidates by semantic topic.

To remove similar erms, the measure path (one measure of similarity of WordNet:Similarity [23]) is
used to evaluake similarity between two terms. The measure path of WordNet: Similarity is a baseline
that is equal to the inverse of the shortest path between two concepts. When the semantic term
candidates of different topics are identified, the semantic value of each topic’s candidates is compuied.
The semantic value of each term W, is given by equation (16):

e

SEMWL|Z) = T8 - 1B(w, 2] = &2 *'DE(E&— (16}
az B,

where Z denotes the set of semantic topics. TP-ITP is inspired by the tf-idf formula, where TP is term
probability and ITP inverse topic probability.

Femmr S e
3 b

Figure 8. Candidates for semantic term identification {a and b}

Semantic links betwesn semantic terms for the term graph ame constructed using the vector measure,
one of the measures of mlatedness of WordNet:Similarity [23]. The vector measure creates a co-
occurrence matrix for each word used in WordNet glosses from a given corpus, and then represents
each gloss/concept with a vector that is the average of these co-occurmence vectors,
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Let W; and W; be semantic terms of the synsets A and B, respectively. Let i= (&) we, By | and
Tm {fps oy drg) be the co—occurence vectors of A and B, respectively. Let V, be the set of

semantic terms of the semantic topic Z. The weight of the link between W, and W) is computed by
equation {17):

SEM{W;|2) + SEM(W;2)
EW’,J‘-H ¥ SEMIW, [z)

To discover a ssmantic relation between two terms, the semantic distance is computed. The semantic
distance hetween two terms is the shortest path between the rms using equation (18);

o (v, Wy [5) = (= By an
=1

SEMDPLA(W,, W, |2] = . Z (W, Wy s} (18)
W BpT
where pa. W,. and P denote a path betwezn W, and W; in the thesaurus, a term on a path pa and the
set of paths pa betwaen W, and W, respectively.
To formally define a semantic relation between two erms W; and W, the semantic distance
SEHE?&{:M,H:} |= } must not exceed the samantic threshold. The semantic threshold is determined
by experimentation.
The last process to generate the semantic rm graph BM-SemGraph is a merging of the term graph
and the semantic graph. The term graph and semantic graph are merged by coupling the co-occurmence
mlation and the semantic relation. New terms are added as semantic erms and new links are added as
semantic links if they do not appear in the term graph. For each link between two nodes W) and Wy, of
the merged graph, the weight, called the BM Weight (BMW), for a given topic 1; is computed using
equation (19
&

BMW W, W, |t ==
(W, 1) SEM D, Wy Ity )
where 1 determined by experimentation.
In order to optimize the clusters of BM-SemGraph, the weak links or partitioning of sparse clusiers
are emoved. At this step, each cluster is considered a topic and the terms of the clusier become the

terms of the topic.
3.4.3. Topic detection - process phase

+ -1 xwlw,w,) a9

Figure 9 presents the process used by SATD to assign topics to a document.
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Figure 9. Topic detection process phase - Architecture overview
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Topics that may be associated with a new document are detecied based on the BM-SemGraph. Note
that the BM-SemGraph is obtained using a collection of documents. In this case, the likelihood of
detecting topics among a collection of documents is high and must be computed. To accomplish this,
the feature vector of each topic based on the clusiers of BM-SemGraph is computed. The featurs

vector of a topic is calculated using the BMRank of each topic term. Let A be the st of nodes of BM-
SemGraph directly linked to term W, in the topic t. The scom for the term W, is given by equation

(200:
: BMWI(W,, B

The term with the largest BMRank is called the main rm of the topic: other terms are secondary
terms. The same processes are used to obtain the BM-SemGraph of an individual document & and the
feature vectors of topics -r_j.f. Next, the similarity betwean each topic 1, and the topics 1jf of document o
is computed in order to detect document topics. Let W be a master term of topics zf and a master or
secondary term of 1, B be the intersection of the set of terms of BM-SemGraph directly linked to term
W, in the cluster of topic t; and the set of terms of BM-SemGraph of individual document 4 directly
linked to term W, in the cluster of topic ¢, and C be the union of the set of terms of BM-SemGraph
directly linked to term W in the cluster of topic t; and the set of terms of BM-SemGraph of individual
document d directly linked to term W in the cluster of topic £f . The similarity between 1 and topic £ff
is computed with equation (21):

2
rvens (DHETW, W, | 1)— BAW(W, W, |
Sime(t [£) = Zvces ( Ll 1)) e

2
- : g
Ly e (BHWW,W, | ) — BUW(W, W, | )

Here, t; and topic -.t.? are considered to be similar when their similarity Sﬁn{ti |'tf} does not exceed
the vector similarity threshold. Finally, the document d is assigned to topics that ame similar to its
feature vectors.

34.4. Training - process phase

The training process establishes a terms graph based on the relevant and less similar documents for a
given topic t. To form the terms graph for a given topic, preprocessing of its relevant and less similar
documents is first camied out, a set of lines is obtained where each line is a list of terms, and the co-
occurrence of these terms is then computed. Let Doc be a document and Voo = (W1,Wz; -...Wr) be the

terms of Doc. The co-occumence of oo (W:} of Wi and W; where = denoies the minimum

(200

distance between W, and W, is computed using equation (22}

fguy o
Jpiiwel ﬁfrﬁ?
mlj h?ﬁj }- z N{I{fﬂi r}.*i 2 (22)
&

=1

where Niel | Wr,ﬁ; ) denotes the number of times that W; and W; co-occur with a minimum

distance £, regardless of the order of appearance, and N(line I) denotes the number of terms of line 1. A
mlation between two terms W, and W, is formally defined when the computed co-occurmence between
them exceeds the co-occurmence threshold determined by experimentation. Figure 10 presents an
overview of the training process phase.
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Figure 10. Training process phase - Architecture overview
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3.4.5 Topics refining - process phase

Figume 11 presents the process used by SATD to efine the deiected topics making use of relevant
documents already annotated by humans based on existing or known topics. Following this process,
three lists of topics are obtained: a list of new topics, a list of similar existing topics and a list of not
similar existing topics. The list of existing topics that match new document detected topics is
identified based on the new document detected topics and annotated documents by topic (existing
topics). The clusters of terms by topic are identified based on the collection of mlevant and less
similar documents. Note: each topic is a clusier of terms graph. Therefore, a graph matching technique
is a good candidaie to perform topic similarity detection. Next, using our graph matching technique,
the clusters of erms by topics of relevant and less similar collection of annotated documents which

match with CTG are identified, for each cluster of terms graph by topic (CTG) of the new document.
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Figure 11. Topic refining process phase - Architecture overview
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The matching score between two clusters is then computed. Let H be the new document terms graph
and G be the terms graph obtained by a training process applied on the collection of mlevant and less
similar documents annotated by topics, ¢# be a cluster of H associated to topic 2% and C; be a cluster
of G associated with topic 4, and W, and W} be two terms of cluster £f: the link matching function
2(F 7} between W, and W, is defined by equation (23):

BEFR EF = IR
R{W] - CTSEFLETECL (wnay] rwase setmeem W)
LiaiFd 1 1 Mg Tlanser i Pl {Pres pa i Ae s WK
For a direct link W, W, (only one hop between W, and W;) of cluster Ef. the process checks whether
there is a path between W, and W; in the clusier &,. regardless of the number of hops:

(23)

1. If paths exist between W, and W; in the cluster £, g(W@® ) is the number of hops of the
shortest path between W, and W, in term of hops.

2. Otherwise, gl is the number of hops of the longest path that exists in the cluster €,
incremented by 1.

Using the link maiching function, the matching score between two clusiers £F and C, is given by
aquation {24}

2:H 28 =]T1]

o E} |i'.lf§|
i § iy -
EH".: S F}! Et"ﬂ “":"'}

whene |f.'-’§3| is the number of links in clusters ©F. For a better understanding, consider the term graphs
in Figure 12.

(24)

|-:-| |_ e . —-'Iilﬂ
A -
OEOY.OS B\ G
| -}_{ |I "[ T | | - . o
\\M_‘:;.____,/’ “'\\:, Fays '\ f“? I

Figure 12. Nlustration of term graphs matching score computation

According to Figure 12, o{G1,G2) = 33 = 1 whik o(G2,Gl) = 59 and o(G1.G3) = 3/5 while
0{G3.G1) = 22 = 1. The clusters of H and G whose matching scores excead a term clusier matching
threshold are considered as matching and are assumed to be the same topics. Otherwise, the clusters of
H that do not match any clusters of G, are assumed to be new topics. Note that the erm cluster
matching threshold is determined by experimentation. Based on the H and G clusters that match, the
mlevant and less similar documents per existing topic that may have the same topic as the new
document are identified. Making use of this set of selected documents, the similarity between the new
document and each mlevant and less similar document of each existing topic i is measured. Let D be
the union of the new document o and a set of relevant and less similar documents of existing topics &
that are selectad by documents selection and W = {W,. . .. . W} the set of distinct terms occurring in
. The defined m-dimensional vector represents each document of D. For each term of W, its tf-idf is
computed  using equation (1). This allows one o obtain  the vector
T = GRAFRL, &t tBRE0WL,. . £,)) When documents are mpresented as term vectors, the
similarity of two documents comesponds to the comelation between the vectors. Hem, cosine
similarity is applied to measure this similarity. The cosine similarity is defined as the cosine of the
angle between vectors. An important property of the cosine similarity is its independence of document
length. Given two documents Eaﬂd E‘ their cosine similarity is computed using equation (25):

17
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Tat tTax
StmC: ) === (25)
o) = o e _

Mote that it is already assumed that when the similarity .'i‘émﬁm{g;,tﬂj of two documents d1 and
d2 is less than the similarity threshold B, the documents are not similar. The computation of document
similarity allows SATD to classify the existing topics into: (1) Similar existing topics and (2) Not
similar existing topics.

4. EVALUATION USING SIMULATIONS

This section presents an evaluation of SATD performance using simulations. To perform thess
simulations, an experimental environment called Liber was used. Liber was developed to provide a
simulator to prototype SATD algorithm.

4.1. Dataset and parameters

To evaluate SATD, real datasets from different projects that have digital and physical library
catalogues were used. These datasets, consisting of 23,000 documents with a vocabulary of 375,000
words, were selected using average TE-IDF for the analysis. The documents covered 20 topics. The
number of documents per topic or emotion was approximately equal. The average number of topics
per document was 7 while the average rating emotion number per document was 4. 15,000 documents
of the dataset were usad for the training phase and the remaining 100 used for the test. Note that the
10,000 documents used for the tests were those that had more annotated topics or a higher rating over
emotions.

To measure the performance of topic detection, comparison of detected topics with annotation topics
were carried out. Table 2 presents the values of the parameters used in the simulations. The server
characieristics for the simolations were: Dell Inc. PowerEdge R630 with 96 Ghz (4 x Intel(R)
Xeon(R) CPU E5-2640 v4 @ 2.40GHz, 10 core and 20 threads per CPU and 256 GB memory running
VMWanz ESXi 6.0,

Tablke 2. Simulation parameters

Parameter Value Parameter Value
E 3 o 100
NumKeyTerm ] co-pecurmrence threshold 075
@ 0.5 semantic threshold 1
B 0.7 term cluster matching threshold 0.45
! 0.6

4.1 Performance criteria
SATD performance was measured in erms of running time [8] and accuracy [15] [14]. Note that in
the library domain, the most important criieria was precision while resource consumption was
important for the software providers.
The running time, denoted by R, was compuied as follows:
Rtw= Ot — 2t

where Et and denotes the time when processing is completed and Bt the time when it stared. To
compute the accuracy, et Tapoped 200 Tapoeq be the st of annotated topic and the set of detected
topics by SATD for a given document d. The accuracy of topics detection, denoted by 45, was
computed as follows:

A5 _3' |Tmh.t=.ﬂ. n T&:&m:dl

|Tmm¢ﬂ| g |T-i=:t¢n»:i|

Simulation results were averaged over multiple runs with different pseudorandom number generator
seeds. The averape accuracy, Ave_acc, of multiple runs was given by:
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;i 2 ]
Arra_prgy = 7 e

where TD denoies the number of ests documents and 1 denotes the number of test iterations. The
AVerage running time, Ave_run_time, was given by:
Il it
¥

Ave_pur time =

4.3 Comparison approaches

SATD performance was evaluated in t2rms of running time and accuracy. The dataset and parameiers
mentioned above were applisd. SATD performance was compared to the approaches described in
[15], [14], [4] and [&]. referred to as LDA-1G (probabilistic and graph approach), KeyGraph (graph
analytical approach), LDA (probabilistic approach) and HLTM, respectively. LDA-IG, KeyGraph,
LDA and HLTM were selected because they are ext-based and long text approaches. Table 3 presenis
the characteristics of the comparison approaches. Our prototype approach SATID is the only one that is
really semantic and takes into account the correlated topic and domain knowledge.

Tabk 3. Topic detection approaches for comparison

Approach

23 2|8 |w |w|g |t 5%

g 2 = = cc| 59

E 285 |5 |28/ 23

B8 |E=|8 |5 |29 2

515 = [ o

LDA-IG [15] B P.G Yes | Mo | No | No Mo
KevGraph [ 14] D G Yes [ No [ No | No Mo
LA [4] D P No | Mo [ No | No No
HLTM [£] D F.G Yes [ Mo [ No | No Mo
SATD C SPG Yes | Yes | Yes | Yes Yes

D document; C: Configurable as dasired; P: Probabilistic basad; G: Graph based; 5: Semantic based.

4.4. Results analysis

Figume 13 presenis the average running time of the detection phase when the number of documents
used for the tests were varied. Training times were excluded as this phase was performed only one
time. However, the SATD training phase required more time than the other approaches. This was
justified by the Fact that SATD identifies the relevant and less similar documents used for training
phase. Figure 13 also shows that the average running time increased with the number of test
documents. Indeed, the bigger the number of st documents, the longer the time to perform detection

and, ultimately. the higher the average running time.
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Figure 13. Topic detection - Average running time versus number of documents for test phase

It was also observed that LDA outperforms the other approaches. LDA produced an average of 1.37
sec per document whereas SATD produced an average of 2.62 sec per document The average relative

improvement (defined as [Aver._runtime of SATD — Aver._runtime of LDA]) of LDA compared with
19
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SATD was approximately 1.25 sec per document. The short run times of LDA were due to the fact
that LD A did not perform a graph treatment. Graph processing algorithms are very time consuming.
Other approaches also outperformed SATD on the running time criteria since SATD performed topic
e fining in order 1o increase accuracy.

Figure 14 shows the average accuracy when varying the number of detected topics. For the five
approaches, the average accuracy decrzased with the number of deiecied topics. The increase in the
number of subjects to detect led to decreased accuracy. However, in terms of accuracy, SATD
outperformed the approaches used for comparison. SATD produced an average accuracy of 79.50%
per topic whik: LDA-1G, the best among the approaches used for comparison, produced an average of
61.01% per topic. The average relative improvement in accuracy (defined as [Ave_acc of SATD -
Ave_ace of LDA-IG]) of SATD compared to LDA-IG was 18.49% per topic. The performance of
SATD is explained as follows: (1) SATD used the relevant documents for training phase, (2) SATD
mfined its detection topic rsults by measuring new document similarity with relevant and less similar
annotated documents, and (3) SATD combined comelated topic model and domain knowledge model
instead of LDA.

' T 4 ' I T [

Muzber of detecied tepics

Figure 14. Accuracy for number of detected topics for 3 comparison approaches

Figure 14 also shows that SATD produced an average accuracy of 90.32% for one deiecied topic and
61.27% for ten defecied topics compared to 80.29% and 41.01% respectively for LDA-IG. The gap
between SATD accuracy and LDA-IG accuracy was 10.03% for one detected topic and 20.26% for
ten detected topics. This meant that SATD was by in large more accurate than LDA-IG in detzcting
severdl topics.

The Figurz 15 presents the average accuracy when varying the number of training documents of the
lzarning phase. LDA was not included in the scenario since no training phase was performed. Figure
15 shows that the average accuracy increased with the number of training documents. The larger the
number of training documents, the betier the knowledge about word distribution and co-occurmence
and, ultimately, the higher the detection accuracy. However, the accuracy remained largely stable for
very high numbers of training documents. When the number of documents of a collection was larger,
the number of vocabulary words remained constant, and the term graph did not change. It also shows
that HLTM was the approach whose detection accuracy was the first to reach stability at 10,000
training documents. HLTM builds a tre instead of a graph as the other approaches and its tree has
less internal roots o identify topics. However, SATD and LDA-IG ootperformed HLTM in terms of
Accuracy.

Figure 15 also shows that SATD outperformed LIDA-IG on the accuracy criteria. For example, SATD
demonstrated an average accuracy of 73.49% per 2,000 training documents while LDA-1G produced
an average accuracy of 50.86% per 2000 training documents. The average relative improvement of
SATD compared 0 LDA-IG was 22.63% per 2,000 training decuments. The better performance of
SATD followed from its use of a specific domain knowladge model SATD did not require a large
number of documents for the training phase.
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Figure 15. Topic detection - accuracy for number of training documents

In conclusion, the 1.25 sec running time per document increase was a small price to pay for the larger
average accuracy of topic detection (18.49%).

5. SUMMARY AND FUTURE WORK

The goal of this paper was to increase the findability (search engines) of user interests using semantic
metadata enrichment model and algorithm. Words themselves have a wide variety of definitions and
interpretations and are often utilized inconsistently. While topics may have no relationship to
individual words, thesauri express associative relationships between words, ontologies, entities and a
multitude of relationships represented as triplets. This paper presented an enhanced implementation of
SMESE [1] model using SATD engine for topic metadata enrichments.

To help users find interest-based conkents, this paper proposes to enhance the SMESE platform [1]
through text analysis approaches for topic detection. This paper presents the design, implementation
and evaluation of the algorithm SATD focusing on semantic topic extraction. The SATD topic
metadata enrichments prototype allows to: (1) generak semantic topics by ext, and multimedia
content analysis using the proposed SATD (Scalable Annotation-based Topic Detection) algorithm
and (2) implement rule-based semantic metadata internal enrichment. Table 1 shows the comparison
with most known kext mining algorithms (e.g., AlchemyAPL, DBpedia, Wikimeta, Bitext, AIDA,
TextRazor) and a new algorithm using keyword extraction, classification and concept extraction. It
wis noted that SATD algorithm support more attributes than the other algorithms evaluated.

In future work, the focus will be to generate leaming-based lierature review enrichment and abstract
of abstract It will assess each reference exiracting topics to determine her ranking and her inclusion in
the lierature assistant review. One main goal is to reduce reading load by helping researcher to read
only the most related selection of documents to literature review. Using text data mining. machine
learning, and a classification model that leamn from users annotated data and detected metadata the
algorithms will assist the msearcher to rank the relevant documents for his lilerature review for a
specific topic and selection of metadata
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Article History: In a previous paper, a semantc metadats enrichment software ecosystem(SMESE) based on a muli-
i - I platform metadata model and a hybrid machine leaming model have been propesed. This work
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This paper presents the design, implementation and evaluatdon of a the SMESE Viplatform using
metadats and dats from the web, linked open data, hamesting and concordance miles and
bibliepraphic record authorties. The SMESE V3 platform includes three distinct engines that:

1. Tdentify and enrich sentiment’emotion metadstz hidden within the text or nmltimedia
smmchare using the proposed 3 pew BM-Semsntic Sentment snd Emoton Anabysis
algorithm.

2. Propose an hybrid machine lesmning model for metsdats enrichrment.

3. Generste semantic to pics by text, and mulimedis content analysis using the proposad BM-
Sralable Arnmotation-based Topic Detection algorithm.

The performance of SMESE V3is evaluated using a oumber of prototype sinmlations by conparing
them to existing enriched metadats technique and classificagons. The results show that te enhanced
SMESE V3 and related algorithms allow greater performance for purpeses of interast-based seanch.

Copyright © Ronald Brizebois er al, 2017, this 15 an open-access article distributed under the terms of the Creatrve Commons

Attribution License, which permits wnrestricted use, distnbution and reproduction in any medium, provided the onginal work 15

properly cited.
INTRODUCTION

The rapid development of search and discovery engines, the
sudden availability of millions of documents, and the mulhons

Ky Words:

Emotion detection, namrs]l lanzuage
processing, semsntc topic detecton,
semantc metadats enrichment, sentiment
analysis, text and data muining.

metadata ennchment algonthms. While computer search
engines stuggle to understand the meaning of nahual
language, semantically enriching enthes with meamngzful
metadata may mprove those capabilites. Words themselves

upon malhons of relabonships to linked documents from a
growing multitede of sources (e.g., onlne media, social media
and published documents) all make it challenging for a user to
find documents relevant to his or ber mterests or emotions.

The hwman bram has an inherent abality to detect topics,
emotions, relationships or senfiments in written or spoken
languaze. However, the mfernet, social media and repositories
have expandsd the number of sowces, volume of mformation
and mumber of relationships so fast that it has become difficult
to process all this mformation[1]. The goal is to merease the
find ability of enties matching uwser inferest usmng extermal
{outside documents) and mternzl (within documents) semantic

“orresponding authior:_Apolinaie Nadembega
Ecol de tecfinelogic supénure, University of Quebec, Monrreal Canada

are often used inconsistently, having a2 wide vanety of
defimfions and mterpretations. Although there may beno
relafionship  between mdridual words of a tope or
senfiment/emotion,  thesaun do express  associative
relafionships between words, ootologies, entiies and a
mmltitude of relabonships represented as fplets. Finding
bibliographic references or semantic relzhonships in fexts
makes 1t possble to localize specific text segments using
ontologies to ennch a set of semantic metadata related to topics
or senfiments'emotions. The curent methodology proposed by
researchers for text analysis withm the context of entitymeta
datz emrichment (EME) reduces each document in the corpus to
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a vector of real numbers where each vector represents ratios of
counts. Several EME approaches have been proposed, mest of
themm making wse of tem fequency-inverse document
frequency (t-1dfi[2, 3]. In the tf-1df scheme, a basic vocabulary
of “words”™ or “terms” 15 chosen, then for each document in the
copus, a frequency count 15 calculated from the number of
occwrences of each word [2, 3]. After smtable normahzation,
the frequency count 15 compared to an inwverse document
frequency count (e.z the inverse of the mumber of documents m
the enfire corpus where a given word ocowrs-generzlly on a log
scale, and again swtably normalized). The end resulf 15 a term-
by-document matrx X whose columns contan the tf-1df values
for each of the documents in the corpus. Thus the H-1df scheme
reduces documents of arbitrary length to fixed-length hsts of
pumbers. For non-textual content, fools are available fo extract
the text from mwulimedia entbes Boumatots and
Giannzkopoulos[4]propose an approach that extracts topical
representations of movies based on the mining of subfitles.

In the comtext of this work, we focus on two research aas of
the EME research field: Semantic topic detection (STLY) and
sentiment’emotion analysis (SEA).

On the one hand STD helps users to efficiently detect
meanimgful topics. It has attracted sizmficant research m
several commmmties m the last decade, including public
opimon momtorng, declsion support, emergency management
and social media medeling [3, 6]. 5TD 15 based on large and
noisy data collections such as social media, and addresses both
scalability and accwracy challenges. Imitial methods for STD
relied on clustering documents based on a core group of
keywords representing a specific topic, where, based on a ratio
such as tfadf, documents that contamn these keywords are
similar to each other [2, 3]. Next, vanations of tf-idf were used
to compute kevword-based feature vahues, and cosine similanty
was used as a mmmlanty (or d.mancej measire fo chister
documents. The subsequent geperzfion of STD approaches,
including those based on latent Dhnchl ef al location (LDA),
shifted analysis from diectly clustering documents fo
clustering keywords. Some examples of these advances in STD
However, social media collections differ along several critena,
including the size distnbution of documents and the
distmbution. of words. One challenge 15 to rapidly filter noasy
and orelevant documents, while at the same time accurately
clustering a large co]le-:hncn_ Byalwan et al. [8]. for example,
experimented with machine leaming approaches for text and
document mimmg and  concluded | that  k-nearest
neighbors(ENI), ﬁncr thew data sets, showed the maxmmum
accuracy as compared to maive Bz}res and term-graph The
drawhack for ENN 15 that tme complexaty (Le., amount of
time faken to mun) 15 high but it demonstrates better accwracy
than others

On the other hand the main objectve of sentiment analysis
(SA) 15 to establish the athtude of 2 grven person with regard to
sentences, paragraphs, chapters or documents [1, 3, 9-15]
Indeed many websites offer reviews of items hike books, cars,
mobiles, movies ete., where products are desenbed m some
detail and evaluated as goodbad, preferednot preferred;
unforfunatelv, these evalustion: are insufficient for users m

order to belp them to make decision. In addiion, with the rapid
spread of social media, it has become necessary to categonze
these reviews in an automated way[3].

For this automatic classification, there are different methods to
perform SA such as keyword spothng. lexical affirity and
statistical methods. However, the most commonly applied
techniques to address the SA problem belong either to the
category of text classificahon supervised machine learming
(SML), which uses methods like naive Bayes, mammum
entropy or support vector machme (SVM), or to the category of
text classification msupervised machine learmng (UKL}, Also,
furzy sets appear to be well-equpped to model sentiment-
related problems given their mathematical properties and
abulity to deal with vagueness and uncertainty-charactenistics
that are present m natwal languages processing Thus, a
combination of techniques may be successful in addressing 54
challenges by exploiting the best of each techmque. In addition,
the semanhc web may be a good soluton for searching relevant
mformation from a huge repository of unstructured web data
[%1.

Cme cwrent hmitation in the area of SA research 15 its focus on
semfiment classificabon while ignoring the detechon of
emotions. For example, document emofion analysis may help
to deternune an emotionzal barometer and zive the reader a clear
indication of excitemnent, fear, anaety, uritabality, depression,
anger and other such emotions. For thiz reason, we focus on
senfiment/smotion analysis (SEA) instead of SA.

A mamber of algonthms or approaches are used to perform text
mimng, inchdme: latent Dhnichl er al location (LDA) [7], H-
1dff2, 3], latent semantic analysis (LSAY16].formal concept
analysis (FCA)17), latent tree model (LTM)[18]. naive Bayes
(MB)[19], support wvector machine methed (SVM) [19],
artificial newral network (ANM)[20] based on the associated
decument’s features.

Chwr approach mmproves the acowracy of topic defection and
senfiment'emotion discovery by semantically emriching the
metadata from the linked open data and the Wiblographuc
records existing in different formats This paper presents the
desizn, implementation and evaluation of anenhancedeco
system, called semantic metadata enrichment ecosystem or
SMESE V3. Notice that SMESE V3 is an extension of our
previous work on SMESE [21].

More speafically, SMESE Vicomsists of engines
implementing two mle-based alzomthms to enrich metadata
semantically:

1. BM-SATD: geperation of semantic topics by text
analysis, relationships and multimedia contents.

2. BM-S5EA: discovery of sentiments/emotions hidden
within the text or hnked to 2 multimedia structure
through an Al computational approach.

Usang simmlation, the performance of SMESE Viwas evalnated
in terms of acewracy of topic detection and senfiment’emotion
discovery. Existing approaches to enniching metadata (e.g.,
topic detection or sentiment/emotion discovery) were used for
companson. Smmlation results showed that SMESE V3
outperforms exasting approaches.
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The remainder of the paper 15 orgamized as follows. Section 2
presents the related work. Section 3 desenbes SMESE V3 and
its varous algorithms wiale Section 4 presents the prototype of
the SMESE V3 mmltiplatform arclutecture developed. Section
Spresents the evzluaton through a mumber of simmlations.
Section & presents a summary and some suggestions for fuhwe
work.

RELATED WORK

Interest m entty metadata exfraction was imtally hoated to
those i the commmmity who prefared to concentrate on
marmal design of on tolomes as a measwe of quality.
Following the hnked data bootstapping provided by DB pedia,
many changes ensued with a related need for substantial
population of knowledze bases, schema mduction from data,
natwral language access to stuctured data, and mn generzl all
applications that make for jomt explotaton of structured and
unstruchwed content In prachce, Graph-based methods,
meanwhile, were incrementally entening the toolbox of
semantic technologes at large.

Topic detection

In the last decade, semantc topic detecton has attracted
significant research in  several commmmities, including
information refrieval. Generally, a topic 15 represented as a set
of deseniptive and collocated kevwords'termys. Inxtially,
document chistering techmgues were adopted to cluster
content-similar documents and extract keyvwords from chusterad
document sets as the representation of topics (subjects). The
predominant method for fopic detection 15 the latent Thnichl
et al location (LDA) [T], which assumes a generating process
for the documents. LDA has been proven a powerful algorthm
because of 1ts ability to mune semantic mmformation from text
data. Terms having semantic relations with each other are
collected as a topic. LDIA is a three-level hierarchical Bayesian
model, in which each item of 2 collection 15 modeled as a finite
muxture over an underlying set of topies. Each topic 15, in twm,
modeled as an infinife muchwre over an underhang set of topic
probabilifies. In the context of text meodeling, topic
probabilifies provide an expheit representation of a dooument.

The hterzture presents two groups of text-based topic detection
approaches based on the size of the text: short text [17, 22-
24)such as tweets or Facebook posts, and long text [4, 5, 7, 18,
25, 26] such as a book. For example, Dang of al [22] proposed
an early detection method for emerging topics based on
dynarme Bayesian networks m micro-blogming networks. They
analyzed the topic diffusion process and idenfified two mam
charzctenshies of emerging topics, namely atfractiveness and
key-node. Mext, based on this identification. they selected
featwres from the topology properties of topie diffusion, and
built a DBN-based model using the condihonal dependencies
between features to identify the emerging keywords. But to do
so, they had to create a term list of emerging keyvword
candidates by term frequency m a given time mterval.

Cigarran er al. [17] proposed an approach based on formal
concept amalysis (FCA). Fornml concepts are conceptual
representations based on the relabonships between tweet ferms
and the tweets that have given nise to them.

Cotelo er al. [23], when addressing the tweet categonzation
task, explored the 1dea of integrating two fimdamental aspects

of a2 tweet: the texiual content itself and its underlying
structurzl mformation. This work focuses on long text topic
detechion.

Fecently, considerable research has gope into developing topic
detection approaches using a number of information extraction
techniques (IET), such as lexicon, shiding window, boundary
techniques, ete. Many of these techmgues [3, 18, 23, 26}rely
heanaly on simple keyword extracton from text.

For example, Sayvadi and Fasclud [5] proposed an approach
for topie detechon, based on keyword-based methods, called
EeyGraph, that was inspired by the kevword co-ocowrrence
graph and efficient graph analysis methods.

In other words, EevGraph 15 based on the sinmlanty of
keyword extraction from text. We note two limitations to the
approach, which requires improvement in two respects. Firstly,
thev failed to leverage the semantic mfmation denved from
topic model. Secondly, they mezsured co-occowrence relafions
from an  isolated term-term perspective; that 15, the
mezrement was limated to the term itzelf and the information
context was overlooked, which can make 1t imposzible to
mezsure latent co-occwrence relations.

Salatine and Motta [26]suggzested that it 15 possible to forecast
the emergence of novel research topics even at an early stage
and demonstrated that such an emergence can be anticipated by
anzlyzmg the dynamics of pre-existing topies.

Senfiment analysis (S4)

There are three mam techmques for senfiment amalvsis
(SAN2 T kevword spottng. lexacal affimty and statistical
methods. The first two methods are well known while
statishical methods have to be more explored finther.

Statistical methods, such as Bayesian inference and support
vector machmes, are superised approaches m which a labeled
corpus 15 wsed for trammg a clasmficaton method which buwlds
a elassification model used for predicting the polanty of novel
texts. By feeding a large taming corpus of affectively
amnotated texts to 2 machine learming alzonthm, 1t 15 posable
for the system to not only learn the affective valence of related
kevwords (as in the kevword spothing approach), but also to
take info account the valence of other arbitrary kevwords (like
lexical  affimty), punctwation, and word co-ccowvence
frequencies. Senfiment analysis can be camed out at different
levels of text granulanty: document [19, 28-32], sentence[l, 3,
9, 33, 34), plrase [33], clmse and word [20, 36, 37].
Senfument analysis may be at the sentence or phrase lewel
(which has recently recerved quite a bit of research attention) or
at the document level

In [11]. the authors presented a survey of over one hundred
studies published m the last decade on the tasks, approaches,
and applications of semfiment anzlysis. With a major part of
available worldwide data being unstuchwed (such as text,
speech, audio, and video), this poses important research
challenges. In recent year numerous research afforts have led to
automated SEA . an extension of the WLP area of research

The first five dimensions represent tasks to be performed m the
broad area of SEA. For the first three dimensions (subjectrvity
classification, senfhiment classification and review usefulness
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measurement), the authors note that the applied approaches are
broadly classified into three categories: machine learming,
lexicon based and hybrid approaches.

Since one of ow research objectves was to extract sentiment
and emotion metadata from documents, the rest of this section
focuses on senfiment clasmfication, lexicon creation, and
opimon word and product aspect extrachion Sentiment
classification is concemmed with determuming the pelanty of a
sentence; that s, whether a senfence 15 express mgpnsmve
negattve or neutral senhment towards the subject. A lexacon 15
a vocabulary of senfiment words with respective sentiment
polanfy and strength valne while opmion word and product
aspect extraction is used to 1denhfy opmion on vanous parts of
a product. For the pwpose of this paper, we assume that a
document expresses sentiments on 2 single confent and 15
wntten by a single author.

Cho st al. [30]propesed a method to mmprove the positive ws.
pegative classification performance of product reviews by
merzing, removing, and switching the enty words of the
multiple sentiment dichonanes. They merge and revise the
enty words of the mmltple senfiment lexgcons using labeled
product reviews. Specifically, they selectively remowve the
sentiment words from the existing lexicon to prevent ermronecus
matching of the sentiment words dunng lexcon-based
sentiment classification. Next, they selectively switch the
polanty of the senfiment words to adjust the sentiment values
to a specific domain The remove and switch operations are
parformed using the target domain’s labeled data (1.2 online
product reviews) by companng the posfive and pegative
distibution of the labeled reviews with a posiive and negative
distbution of the senfiment words. They aclueved 8§1.8%
aceuracy for book reviews. However, thew commbuhon iz
limmted to development of a novel method of removing and
switchmg the content of the existing sentiment lesdcons.

Moraes et al. [19] compared well-known machine learming
approaches (5VM and NB) wnth an ANN-based method for
document-level sentiment classification. Naive Bayes (WB) 1= a
probabilistic  learmng method that assumes terms ocowr
independently while the support wvector machme method
(SVM) seeks to maxpmze the distance to the closest traming
point from either class m order fo  achieve Tbetter
generalization/classification paformance on test data The
authors reported that, despite the low computational cost of the
NB techmgue, 1t was not competitive 1n terms of clasaficaton
accuracy when compared to SWM. According to the awthors,
many researchers have reported that SWVM 15 perhaps the most
accowrate method for tet classification. Arhficial pewral
petwork (ANM) denives features from linear combmations of
the mput data and then models the output as a nonlinear
function of these featwres. Expenmental results showed that,
for book datasets, SVM outperformed ANN when the number
of terms exceedad 3,000, Although SVM required less tramming
time, it needed more nnning fime than ANMN. For 3,000 terms,
AWM required 15 sec training time (with neghigble mmmng
time) while SV traming tume was negligible (1.75 sec). In
addition, their contmbution was lmuted to perforoung
compansons between exasting approaches. As m [19], Pona 5.
af al [38] expenimented with easting approaches and showed
that SWM 15 a better approach for text-based emotion detection.

Emotion analysis

Emotions are also associated with mood, temperament,
personality, outlock and motivation [27, 39, 40] However,

senfiments are differentated from emotions by the duwration
which they are expenenced The SWAT model was proposed
to explore the connection between the evoked emotions of
readers and pews headlmes by generating a word-emotion
mapping dictionary. For each word w in the corpus, it assigns a
weizht for each emohon e, Le., Plefw) 15 the averaged emohon
score observed m each news headhine H in which w appears.
The emofion-term model 1= a vanant of the NB classifier and
was desigmed to model word-emofion associafions. In thas
model, the probability of word wi condihoned on emotion ek 15
Eumared based on the co-occwrence count between word wy
and emoton ek for all documents. The emoton-topic model 15
combination of the emotion-term model and LDA

A system for text-based emotion detection 15 proposed by
Armsha and Sandbya [41 which uses a combination of machine
leamning and natural language processing techmgques. They used
the Stanford Core™MLP toolkit to create the dependency tree
based on word relationships. Phrase selection is done using the
rules on dependency relabonships that zives prionty to the
semantic mformation for the classification of a sentence’s
emotion. Next, they used the Porter stemmmng algomthm for
stemoung, and stop words removal and tf-idf to buld the
feahure vectors.

Cambiia et al[42]explored how the high peperabization
parformance, low computational complexity, and fast leamms
speed of extreme leaming machimes can be exploited to
parform anzlogical reasomng m a3 vector space model of
affective common-sense knowledge. After performing TSVD
on Affect MNet, they used the Frobenius nomm to denve a new
matx. For the emotion categonzaton model, they used the
Druchenne smils and the Elaus Scherer model.

Conclusion

Some of our key findings from the related work on senfument
and emotion analysis are:

1. Tradibonal senfiment analyss methods mainly use terms
and their frequency, part of speech mle of opmicns and
sentment shifters. Semantic mformation 1= 1gnored n
term selechon, and it 15 difficult to find complete rules.

2. Most of the recent confributions are limmted to sentiment
analysis elaborated m terms of pomsifive or negative
opinion and do not include the analysis of emotions.

3. Emsting approaches do not take into account the human
confribution to Improve accuracy.

4. Existing approaches do pot combine senfiment and
emotion analysis.

5. Lexicon and ontology based approaches provide good
accwracy for text-based senhiment and emotion analysis
when apphing SVM techmaues In ouwr work, it 15 more
important to idenhfy the sephment and emotion of 2
book taking into account all the books of the collechion
For example, assumung that book A has 30% fear and
80% sadness while the emotion which has the best
weight of book B 15 40% fear; can 1t be said that fear is
the emotion of book B as m book A7
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6. Eamsting approaches do not take info account document
collections. In terms of gramulanty, most of the exishng
approaches are sentence-based.

7. These approaches do not take mto account the confext
around the sentence and mm this way, it 15 possible to
miss the real emotion.

As a geperal conclusion to the bferature review om topic
detection, sentment and emotion analysis, 95% of the work
focused on featwres of the documents (e.z, sentence length
capitalized words, document ttle, ferm frequency, and
sentences posihion) to perform text ouming and generally make
use of existing algorithms or approaches (e.z., LDA, tfidf
WVSM, 5VD, LSA TexiRank, PageRank LexRank FCA LTM,
5WVM, NB and ANMN) based on thewr featwres associated to
documents.

Table I compares the most known text nuning algonthms (e.g.,
AlchenayAPI, DBpedia. Wikimeta, open calais, Bitext, ATDA
TextRazor) with ow algonthms proposed m SMESE Viby
kevword extracton, classification, sentiment analy=is, emotion
analy=is and concept extraction

RULE-BASED SEMANTIC METADATA INTERNAL
ENRICHMENT ENGINE

This sechion presents an overview and the detals of the
proposed a mle-based semanfic metadatz infernal emichment
engine, a Machine Leaming Engpine (MLE), meluding two
different algonthms (BM-SATD and BM-SSEA).
MLE 15 part of the SMESE V3platform archifecture as shown
in Fig. 1. The main goal of SMESE V3 is to enhance the
SMESE platform through text analysis approaches for topics,
senfiment/emotion and semantic relationships detection
SMESE V3 allows one to create a semanhc master catalogue
with enriched metadata that enables the search and discovery
interest-based engmes. To perform this tazk, the followng tools
are needed:

1. Topics are a controlled set of termes designed to descrnbe
the subject of a document While topies do not
pecessarily include relabonships befween terms, we
include relationships as tplets (Entity - Relafionship -
Entity).

2. A pmlhhngual thesaun and oofelogy to provide

herarchical relationships as  well as  semanhe
relahionships between topies.
Table I Summary of athibute companson of exishing and proposed algonthms
= e Eeyword Clusificat Sentiment  Emotion Concept
Existing algorithms extraction ion amalysis analysis  emraction
Alchemy APT (hitp: www.alchensapi com') % % % i E]
DiBpedia Spotlight (hetps:/ githuh com'dbpedia-spatlizht) =
Wikimeta (hitps:wrawew 3 .org 2001 s wiki Wikimeta) K]
Yahaoo! Cmfm:Ana}ﬁ;AH (oot of dae)
(htps:/id p=r yahoo.com/cont hysis' ) E »
Dl;euCaJms (et opencalais. com/) x % =
Tome Analyzer (hitps: “rme—amhmr—da'mmb}nmsm'j x %
Zemanta (hetp:/ W mm.cem ) ]
Receptivit (hop:! m:eos;ltlm k4 ]
Apache Stanbeol (hitps:/ mhuanactemg-‘j k]
Bitengt (hitps-/'mwar bitest com) x S
Mood pamol (hiips:‘market mashape comy/southackerslabs moodpatral- 2
mm—hachm—ﬁum—teﬂ]
Aylien (hetp:faylien com) X % X
ADA (hipe'senseable mit. ediaida’) 1
Wikifier (hiep:wikiSer. orz/) x
TextFazor (hitps. www ExReor. com') kS
Syneskench (hitp:krcadinac. com syneskeech ) %
Taneapi (betp:/ toneapi com’) S %
SMESEV3 X % X % %

SerpdnTc MeTademm Enrichments Somazne Ecoaysiem [SMESE V3 )

Fig 1 SMESE V3-Semantic Matadata Enrichment Software Ecogystem.
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3.  Anontology to provide a representation of knowledge
with nich semantic relationships between topies. By
breaking content info pieces of data, and cwatng
semantic relahonships to external contents, mwtadata
enrichments are created dynamically.

In Fig. 1, the V3 mprovements to the SMESE platform from
this work and its implementation are presented in blue.

The following sub-sechons presemt the termunclozy and
assumphions, the necessary pre-processing and details of the
two algorthms proposed and implemented.

Terminolegy and assumphions
In this section the followmg terms are defined:

. A word or term 1= the basic unit of diserete datz,

defined to be an rtem from a vecabulary indexed by {1,

oV} Terms are presented using unit-basis vectors.

Thus, the ™ term in the vocabulary is represented by an

Ivector wsnch that w'=1andw =0 for { + j.

A hneis a sequence of W terms denoted by I

3. A document is a sequence of I lines dencted by D =
(W, Wa; ... W), where w; is the i term in the sequence
coming from the lines. D is represented by its hines as
D=, .. L... k.

4. A corpus 15 a collechon of M documents dencted by

C={D,. Dy, ..., Dy}

An emoton werd 15 2 word with strong emohonal

tendency or a probabilistic distnbution.

To implement the BM-3ATD and BM-S5E Aszlgonithos,

machine learmng models have been used to perform metadata

emrichments (see Fig 2):

=]

LA

3. A Machine Leaming Engine allows to uwse a
combinaton of supervised and uwnsupervized and
allows to generate a predictive model

4. A feedback procesaing allows to the Machme Learning
Engine to leamn.

5. Mew texts or documents who are cooverted into
Meatadata vectors use the predictve model generated in
i

Document pre-processing

The objective of the pre-processing is to filter noise and adjust
the data format to be swtable for the analysis phases. It consists
of stemming, phase extraction, part-of-speech filtening and
removal of stop-words. The corpus of documents crawled from
specific databases or the internet consists of many documents.
The docwments are pre-processed mto a basket dataset C, called
the decument collechon. C consists of lines representing the
sentences of the doowments. Each hne consists of terms, ie
words or phrases. More specifically, a pre-processing inchiding
tokemzation, lower casing and stemming of all the terms usmng
the Porter sternmen[43] 15 performed.

Sealable annotation-based ropic detection: BM-5.ATD

The amm of BM-SATD 15 to bwld a classifier that can leamn
from already annotated contents (e.g., documents and books)
and infer the topics of new books. Tradihonal approaches are
typically based on various topic models, such as latent Dhirichl
et al location (LDA) where authors cluster terms into a topic by
mining semantic relabons between terms. Howewver, co-
ocowrence relations across the document are commoenly
neglected, which leads to detechion of incomplete information.

Tems, |—'L |—'\.II
Ml o e
Docurmans

B i o
wectors

—— -"-.u.w-:a
I WSACHINE fpk\)
-’-3:? ._\\H\HHI L j ----“:M
{::-" h‘:}'l.xmmus
SPEEST el il L -

< e L, [ e i
S 7 | i

Fbmdu_f_i-wllu

2 M A

T

Red; Adapted frem Sekit-feara

Fig. ? Supervised Learming applisd to Metadata Ennichments

1. There1s a pre-processing usmg Trammng Diata.

2. Omne or mmltple thesawrus are available. A thesaoms
contams a list of words with synonyms and related
concepts. This approach uses synonyms or glosses of
lexdical resowrces in order to determune the emotion or
polanty of words, sentences and documents.

Furthermore, the mability to discover latent co-ocowrence
relations wvia the comfext or other bndge terms prevents
important but rare topics from being detected. BM-SATD
combimes semantic relations between terme and co-ocowrence
melations across the document making use of document
ammotztion. In addibon, BM-SATD includes:
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1. A probabihste topic detechon approach called
sernantic topie model (BM-SemTopic).

2. A clustering approach that is an extension of
EeyGraph, called semantic graph (BM-SemGraph).

BM-3ATD 15 a hybnd relaton analy=sis and machire leaming
approach that infegrates semantic relshons, semante
annofations and co-occwrence relations for topic detection
More specifically, BM-SATD fuses multple relations mto a
term graph and defects topics from the graph wsang a graph
analytical method. It can detect topics not only more effectively
by combining mufually complementary relabons, but it can
also mune important rare topies by leveraging latent co-
occwrence relafions. The following sub-sections present the
details of the five phases of the BM-SATD model.

Relevant and less similar decuments selection

A filtering process 15 performed to avord using a large corpus
of documents that are simdlar or not relevant. It 15 pot necessary
to compare a new document of a collechon with two other
documents of the collection that are simalar mn crder to know
whether thiz new document 1z simalar to each of the other
documents. This strategy merely increases computation time.
Here, only documents that are already annotated by topc are
considered.

Not annotated documents semantic tevm graph generation
The semantic term graph 1z a basis for detecting topics
automatically. The BM-SemGraph has one node for each term
in the vocabulary of the document. Edges m a BM-Sem Graph
represent the co-pecwrence of the comesponding keywords and
are weighted by the count of the co-occurences. Note that, m
confrast to exasting graph-based approaches, the co-ocowrence
between A and B 15 different from the co-occwrence between
B and A This difference allows one to retain the semantic
sensze of co-ocowTence terms.

Step 1: Co-occurrence clusters zeneration

For the co-occwrence graph, the assumption is that terms that
have a close relation to each other may be lnked by the co-
occwrence lnk. The relaton between two terms 7, and W) is
measured by ther condrbonal probability. Let D be a document
and Vi = (w,wn; ...wy) be the terms of D and Ly, be the
pumber of lines of D.

The conditionl probability p4], W) of WL 'is computed
using equation (1 where:

1. = denotes the minimum distance between W; and W;

2. The distance between two terms is the oumber of

terms that appear between them for a given line
3. £1s a parameter defermumed by experimentation

b pgine I H}E‘]
~Nitine] ®
5 [+

p W -
l

where/y/(e! H,'.H':r denotes the rumber of times that W; and
W; co-ocowr with 3 minimum distance 5 and where W) appears
before W), and Niline |} denotes the mumber of termns of the line
L

To formally define a relation between two tarms W; and Wi,
thewr fequent co-occcwrence mezsured by the condifional
probability _p{HT,T"h’E}, needs to exceed the co-ocowmrence
threshold The co-ocowrence threshold is alse determuned by
experimentation. Note that frequent co-occmrence 15 orented.
Thus allows one to retan the semantic onentation of the hnks
between terms. MNext, the onented lnks are transformed into
simple links without losing the semantic context.

Step It Cluster optimization

To improve quality, clusters should be pruned such as by
removing weak links or parbfioning sparse cluster mio
cohesive sub-clusters. Clusters are pruned according to thew
connectedness, The lmk & 15 pnmed when no path connects the
two ends of ¢ after f is pnmed. The link between the black
node and the zreen node should be prnmed. Secondly, chiques
are identified. Let C be the cligue and ¥, and ¥, be the nodes
of C that are linked to another node. The weight between ¥
and 7} is given by equation (2):

w WL WF = A% w Wi e
M £

@

Step 3: Key term extraction

To extract key terms, the relation between a ferm and a cluster
15 measured. It is assumed that the weight of a term in 2 grven
cluster may be used to determine the importance of thiz term
for the cluster. Let B be the set of nodes of the cluster C where
the node Wis mside. The weight of ] in the cluster C 1z grven
by equation (3):

FW = w WL W) &)
W'Ie [

To identify a term as a key term, a sort of terms 15 performed
based on their weights e 5 of the clusters that they are
in. Mext, the Mum EeyTerm terme that have the largest weights
are selected as Eey Terms MumEeyTerm 1= a parameter.

Step 4: Semantic topic generation

Semantic topic generation combmes a correlated topic model
(CTM) [#M]and a domam knowledze meodel (DEM) [45],
called BM semantic topic model (BM-SemTopic), to buld the
real semantic topic model In IDA, a topic 15 a probability
distmbution over a wveocabulary. It desenbes the relative
frequency each word is uwsed m a topic. Each document is
regarded as a mixture of rmmltiple topies and 15 characterized by
a probability distnbution over the topics. A limutation of LDA
15 1ts mabilhity to model topie correlation. This stems from the
use of the Dinchlet distnbuhon to modal the vanability among
topic proporfions. In addition, standard LDA does not consider
domzn knowlsdge 1 topic modelng,

To overcome these himytatons, BM-SemTopic combines two
models:

1. A comelated topic model (CTM)[44] that makes use of
a logistic nommal distribution
2. A domoin knowledge model (DEM)[45] that makes
usa of the Dhirichlet distnbufion.
BM-SemTopic uses a weighted sum of CTM and DEM to
compute the probability distnbution of term 7, on the topic =.
The sum is defined by equation (4):

16704 |Page



FRonald Brisebois et al, A Semantic Metodata Enrickment Softare Ecoryrtembased On Mackine
Leaming to_Anafyce Topic, Semtiment And Emotions

h{W|E) = wCTMIW|2) + (1 —eu) DK MW 2) )

where @ 15 used to give more mfluence to one model based on
the term dismbuton of topies.

When the majonity of terms are located m a few topics, this
means the domain knowledge 15 mmportant and o Dmst be
small. BM-SemTopic develops the CTM where the topic
proportions exhibit a comelaton with the logistie nermal
distibution and incorporates the DEM. A key advantage of
BM-SemTopicts that it explicitly models the dependence and
independence stuchwe among topies and words, which 1=
conductve to the discovery of meanmgful topics and topic
relations.

CTM 1s based on 2 logistic normal dismbution. The logiste
normal 1= a distribution on the simplex that allows for a genaral
pattern of vaniability between the components by transforming
a mulfrvanate normal random vanable. This process 15 identical
to the generative process of LDA except that the topic
proportions are drawn from a legistic normal distibution rather
than a Dinchlet distnbution.

DEM 1= an approach to mcorporatbon of such doman
knowledge into LDA. To express knowledge m anontology,
BM-SemTopicuses two prmufives on word pairs: Links and
HNot-Lmks. BM-5em Topic replaces the Dhrichlet prior by the
Dinchlst Forest prior in the I DA model. Then, BM-5em Topic
sarts the terms for every topic in descending order according to
the probalbty distnbution of the topac terms. Nextit picks up
the high-probability terms as the feature terms. For each topic,
the terms with probabilities hugher than half of the maxmum
Step 5 Semantic term graph extraction

To discover semanfic relations between the zemantic terms, the
sermanfic  aspect 1= meluded moekmg uwse of Word
Met::Simlarity [46]. Based on the stracture and content of the
lexacal database Word Net, Word Net::Simulanty implements
six measures of simulanty and three measures of relatedness.
Measures of simularity use information found mn a hierarchy of
concepts that quantfy how much concept A 15 hike concept B.

When the semante terms are 1denfified, the semantic value of
each topic’s candidates 15 computed. The semantic value of
each term T, 15 grven by equation (3}
SEM{Wi|z) =TP —ITP{Wi|z)
= h{Wi|2) «| o
\ l| l] DR‘E[tzhm |El:|)J
where Z denotes the set of semantic topics. TP-ITP 1s mspired
by the tfadf formula, where TP is term probability and ITP
imverse topic probability.
Semantic hinks between semantic terms for the term graph are
constucted wsmg the vector measure, one of the measwres of
relatedness of Word Net::Smulanty [46].The vector measure
creates a co-occwrrence matrx for each word used 1n Word Met
glosses from a gZiven corpus, and then represents each
gloss/concept with a vector that 15 the average of these co-
occmwrence vectors.
LetFFandF'besmnanhctamufﬂmqm&tAandB
respectively. Lt ) ={ay,...,dy) and F= (b, big) be the
co-pcowrence vectors of A andB respectively. Let V;beﬂ:u!
set of semantic terms of the semanfic topic £. The weight of the
Lk between W, and Wis computed by equation (6):
' SEMWHz) +SEM{ Wiz

Dis(WhWj |2) = —mrﬁ }

D v, SEMWi2)

a (8
x | Y {ap—bp?

[wi
To discover 2 semanfic relation between two terms, the
semantic distance 15 computed. The semantic distance betwean
two terms 15 the shortest path between the terms using equation
{7
SEMDis{W, Wi1z) = MIN| 5 Dis{W, Wi ()] M

Wi epa

F-qrhl
W ¥
T, -- FrEciie
Witra i % M-u
| Densren
Mn-m

Foedbach procsmng
| LEdRMRG
5!::}""- C:g i jl
_E-nnﬂlllru-u
ﬂ:'\b s
ANRLTES
L
4 |I|u'mm

Rel.: Aapied from Scikat learn

Fig_ 3 Supenvised Learming appli=d to Metadata Ennchments

16705 |Page

401



402

Izermtional Fournal of Recent Scientific Fpsearch Vol 5, Iorue, 4 pp. 16695-16714, April 2017

where pa, Wi, and P denote a path between Wi and W i the
thesaurus, a term on a path pa and the set of path spa between
W; and W), respectively. See Fig. 3, in the pre-processing
phase, we can notice the usage of thesawus. At the end of the
machine learming process, an enriched thesawus 15 generated to
be part of the mput of the machine learning process.

To formally define a semantic relation betweesn two terms W,
and W, the semantic distance SEMDis{ W}, W} [z)must not
excesd the semantic threshold The semantic thresheld =
The last process to generate the semanfic term graph BM-
SemCraph 15 amerging of the term maph and the semante
zraph. The term graph and semantic graph are merged by
coupling the co-scowrence relaton and the semante relation
New terms are added as semantic terms and new links are
added as semantic lmks if they do not appear in the term graph
For each link between two nodes W and Wi of the merged
graph, the weight, called the BM Weight (BAMW), for a mven
topic t1s computed using equation (3):

BMWWG, Wl tc)

TSENDEW W) T LY ®
*w{Wi, 1))
where Jdetermuned by experimentation.

Topic detection

Topies that may be associated wath a2 pnew document are
detected based on the BM-Semiraph Note that the BM-
Sem(Craph is obtained using a collection of documents. In this
case, the hkehhood of detecting topics among a collection of
documents 15 high and must be conputed. To accomplish this,
the featuwre vector of each topic based on the clusters of BM-
Semraphis computed The featwe vector of a topic 13
caleulated nsing the BMEank of each topic term. Lat A be the
set of nodes of BM-SemGraph directly linked to term W, m the
topic t;. The score forterm Wis given by equation (9):

B ea BMWIW, Wal ti)
- M ©

The term with the largest BMEank 15 called the mamn term of
the topic:the other terms are secondary terms. The same
processes are used fo obtam the BM-SemGraph of an
indnidual document d and the feature vectors of topics !‘f’
Mext, the similarity between each topic ¢, and the topics 1 of
document 4 is computed in order to detect docwment topics.
Training

The traming process establishes a terms graph based on the
relevant and less similar documents for a grven topic t. To
form the termys graph for a given topic, the pre-processing of its
relevant and less sipular documents 15 first camed out, 2 set of
linesis obtamed where each line 15 a list of terms, and the co-
occwrence of these terms 15 then computed.

Topics refining

The architechure overview of the topic refimng process phase m
BM-SATD 15 presented m Fig. 4. this process refines the
detected topics making use of relevant documents already

BMRank(Wit)

ammotated by lumans based on exshng or known fopics.
Following this process, three lists of topies are obtained: a list
of new topics, a list of simlar existing topics and a list of not
similar exasting topics.

The kst of existing topics that match new document detected
topies 15 identified based on the new document detected topics
and annotated documents by topie (existing topics). Then the
clusters of terms by to pic are identified based on the collection
of relevant and less simular documents. Note that each topic 1s a
cluster of ferms graph. Therefore, in this case, a graph
matching technique 13 a good candidate to parform topic
smmilanity detection.

Wext, using owr graph matching technique, the clusters of terms
by topics of relevant and less sumilar collection of annotated
documents which match with CTGare identified, for each
cluster of terms graph by topie (CTG) of the new document.
The matching score between fwo clusters 1s then computed.
Let:

1. H be the new document terms graph and & be the
terms graph obtamed by a training process applied on
the collection of relevant and less sinmlar documents
annotated by topics.

2. " bea cluster of H associated to topic £ and {j be a
chaster of G associated with topic &,

3. W, and W, be two terms of cluster (% the link
matching fimction g(M{W}) between W, and W, is
defined by equation (10):

g: " G IR

glWing)
__p  MinHopClusterd fa (WM ) {fpathbeiwean Wiy
[ I pyHopCluster 0T ifnotpathbeiween !-FHLWJ
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Focrad:recthnkl'ﬂ"lj (only one hop between W, and Wb of
clmtm'( , the process checks whether there iz a path between
W; and W, in the cluster &, regardless of the pumber of hops.
Usingfﬂgﬁnkmatchjngﬁmﬁmﬂmmahclﬁngscmbetween
two clusters (! and Cis given by equation (11):

o:H«6- 01

i,
ol o A (11}
o z"‘"lw_,t{'_"f -E[Hl'n.l']

where {# is the mumber of links inclusters Cf.
Semantic sentiment and emotion analysis: BM-SSE4

The BM-S5EA goal 15 to classify the corpus of documents
taling emohon mmto consderston, and to determune which
sentiment it more likely belonzs to. A document can be a
distnbution of emotion pe|d ¢ € E and a distibution of
sentiment r 5| 5 € S BM-55EA 1= a hybnd approach that
combines a ]-.'E}'wecrd based approack and a rule-based
approach BM-55EA 15 applied at the basic word level and
requres an emohonal keyword dichonary that has keywords
{emotion words) with corresponding emotion labels. To refine
the detectton, BM-S55EA develops vanous mules fo identify
emotion. Fules are defined wsmg an affective lexacon that
contams a list of lexemes annotated with thewr affect.

The emotional keywerd dictionary and the affective lexicon are
implemented n a thesawus. BM-55EA 15 2 knowledge-based
approach that uses an Al computational techmaque. The purpose
of BM-S55EA is to identfy posihve and negatve opimons and
emofions.

For affective text evaluation, BM-55EA uses the 55-Tagger (a
part-of-speech tageer)[47] and the Stanford parser[48]. The
Stanford parser was selected because it 13 more tolerant of
constractions that are not grammatically comrect. This 15 usefal
for short sentences such as tifles. BM-55EA also uses several
leracal resources that create the BM-SS5EA knowledze base
located i the thesawmsThe lexical resowces used are:
WordMet, WordMNet-Affect, SentiWordMNet and NEC emotion
leracon. WordMet i= a semarnhe lexicon where words are
zrouped into sets of synonyms, called synsets. WordMet-Affect
15 a heerarchy of affechve domam labels that can finther
apnotate the synsets representing affective concapts.

The NEC emoton lexicon 15 a thesawus that assoclates for a
word, the value one or zero fior each emotion. This association
15 made of binary vectors. The disadvantage of this thesawus 15
that since the valuwes are binary, all words belongming to an
emotion have the same weight for that emotion. To address thus
problem, the NRC emotion lexicon thesawus was combined
with the Word MNat, WordMNet-Affect and SentWord
Metthesawns. This associates a feelings score with each word-
POS. Where POS, are grammahcal categones used to classify
words in dimensions such as adjectrves or verbs. Senti Word
Met assoclates with each couple a valence score that can be
either negative or positive with respect to the sense of the word
in question. The word death, for example iz hkely to have a
negative score. BM-55EA also relies on shaffer valences.

For example, take the phrase "T am happy” witha score of 1 for
the joy emotion. For the phrase T am very happy™, “very” is a
valence infensifier that will change the joy emotion score to 2.
In the case, "] am not happy" the modifier ‘not” will change the
emotion jov to the contrary emotion sadness.

The main component of BM-35EA i the thesawus, called
BMemotion word model (BMEmoWaordMoed). BMEmoWeord
Mod 15 an emohon-topic model that provides the emotional
score of each keyword by takmg the topic into account.
BMEmoWordMod mtroduces an additional laver (Le., latent
topic) into the emotion-term modsl such as SerhWordMet Bh-
SSEA is composed of three phases: BMEmoWordMed
generation process phase, sentiment and emotion discovery
process phase and third senfiment and emohon refinmg process
phaze The following sub-sechions describe the three phases of
the BM-55EA model used to discover senfiment and emotion.

BMEmoWordMod generanion process phase

A tammng set from the onginal corpumis created The most
relevant and discriminative documents are  selected
automaztically. In the second step, each word 15 tagged with a
POS and the combimation of word and POS used as the
essential featre. Finzlly, BMEmoWordhdod is generated using
the extracted features, which can then be used to discovery the
senfiments and emotons of new decuments. Many steps have
to be conpleted: (1) Traming set selection (2} Intermediate
lexicon generation and (3) Senfiment and emoton lexmcon
generation.

Senfiment and emotion discovery

Thes phase idenhfies the sentiments and emohons that are
likely associated with a2 gven new document by using the
senfiment and emotion semanfic lexicon BMEmo WordMod
generated m the previous section. After preprocessmg, the term
wvector of the new document 15 defined using TF-IDF.

Lat MD be the new doecument and Wag, = {W,, . .., W,} the set
of distmet ferms occumng m the corpus of documents. To
obtain the z-dimensionzl term wector that represents each
document in thecorpus, the tfidf of each term of W, 15
computed. The result of this conputation establishes the term
vector fyp = (thidf W, ND | tlidf WL ND ).

Using vector fyp, Tro={t,, .. tq} obtained mmg BM-SATD
and BMEmoWordhod, the sentlmt and emotion vector of
new document

Ernp =
(E fi.MD,& ..., E fr,NDeg E fj,ND.5p E fND,sy ) is
grven by equation (12):

thidf Wi, ND
T tfidf WiND
® BMEmoWord(f, s;. ti)
11e Th
where BMEmoWaord( [}, ej, ti) denotes the emotion probability
of emotion & for the festwre word f zving the topic
1 BMEmoWord(f}. g;, ty) 15 selected in BMEmoWordMod.

E fuND.g =
1z
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The weight of emotion & for document ND is computed with
equation (13):

Wg ND, & = E fi.ND, g ] (13
WieWyn

Equation (29) yields the emotional vector of new document NI

Vo =
Wi NIy, Wi NI, We NDEE Wi NDVEe Wk NDLSK ).

HNext, the new document NI} emotion and sentiment 15 mferred
using a fuzzy logic approach and the emotional vector Myp. The
weight of emotion 1= transformed into five npuistic vanables:
very low, low, medium high and very lagh Then using these
variables as mput to the furry inference system one obtains the
final emotion for the new document.

Sentiment and emotion refining

The refining process wvalidates discovered sentiment and
emotion after the document analy=is. Smmlanty 15 computed
between new documents and documents i the corpus rated
over E emotions. First, the term vectors of each document are
defined using the t-itf of each term tf-aif 15 then computed
using equation (1} MNote that the terms extracted from the
corpus of documents rated over E emotions are those emploved
by users. To measwre the simalanity between tweo documents,
the cosine smmilanty of thewr representative vectors 1s
computed Two documents dl and d2 are similar when the
smmulanty SimCos tgy.tgy of these two documents 15 less
than the simdlanity thresheld f.

EVALUATION USING SIMULATIONS

This sechon presents an evaluation of BM-SATD and BM-
55EA peformance using simmlations. To perform these
sirmlations, an expenmental emronment was developed to
provide a simmlater to profotype the different algonthms of
SMESE V3.

Dataset and parameters

To evahuate BM-3ATD and BM-S5EA, real datasets from
diffevent projects that have digital and physical lhbrary
catalogues were used. These datasets, consisting of 25,000
documents with a vocabulary of 375,000 words, were selected
using average TF-IDF. The documents covered 20 topics and §
emofions The mumber of documents per topic or emohon was
approxamately egual. The average number of topics per
document was 7 while the average raing emoton number per
document was 4.13,000 decuments of the dataset were used for
the training phase and the remaimmg 10,000 other docurnents
used for the test. Note that the 10,000 decuments nsed for the
tests were those that had more annotated topics or a lngher
rating over emofions.

To measwre the performance of topic detection (senfiment and
emaotion discovery, respectively) approaches, comparizon of
detected topies (the discovered sentiment and emotion
respectively} with annotation topics of hbranan experts (user
ratings) were camed out. Table II presents the values of the
parameters used in the simmlations. The server charactensties
for the simlabons were: Dell Inc. Power Edge R630 with96
Ghz (4 x Intel(R) Heon(R) CPU E5-2640 +4 @ 2.40GHz, 10

core and 20 threads per CPU) and 256 GB memory rmnning
VM Ware ESX1 6.0.

Table II Simulation parameters

Parameter Valoe Parameter Valne
[ 3 [ 100
NumFey Temm B co-occumence threshald .75
@ 035 semantic threshold 1
B a7 term cluster matching 045
0.6

Performance criteria

The performance of BM-SATD and BM-S55EA performance
was measured m ferms of rmumming  tme[l8] and
accmaw["‘S][‘] Note that in the lbrary domamn the most
important criteria was precision while resowrce consumpton
was important for the software providers.

The mmming time, denoted by Bit, was computed as follows:
Rt= Et- Bt

where Ef and denctes the time when processing 15 completed
and Bt the time when it started.

To compute the acowracy, let T ey 30d Tpyney be the sat of
amnotated topic and the set of detected topies by BM-SATD for
a mven document d The acewracy of topics detechion, denoted
by A%, was computed as follows:

£ u 2 | Fnnotated N Tntocted |
d

innatsted! * 1 Tetected|
The same formmula was applied to compute the aceuracy of the
senfiment and emotion discovery measwement Ej,(resp.
Ejiwnwermy) that denotes the set of rating over emotion (resp. the
set of discovered emotion by BM-55EA) was used instead of
Toamsises (T25P. Taeneenea).
Simulation results were averaged over multple mms with
different psendorandom number generator seeds. The average

acewracy, Ave_aer, of multple mns was grven by:
Saerpdt

2o B

R —

where TD denotes the mumber of tests documents and I denotes
the nunber of test iterations.

Ave acc =

The average nnmng time, 4ve_run_fime, was given by:

Tiai RE
I

Topic detection approaches performance evalnation

BM-SATD performance was evaluated m terms of runnmg
tme and acowacy. The dataset and parameters mentoned
above were apphed BM-SATD performance was compared to
the approaches descnbed in [25], [3], [7] and [18], referred to
as LDA-IG (probabiishe and graph approach), EeyGraph
(zraph amalytical approach), LDA (probabilishic approach)and
HLTM (probaluhstic and graph approach), respectivelv. LDA-
IG, Eey Graph, LDA and HLTM were selected because they
are text-based and long text approaches.

Ave runtime =
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Comparison approaches

Table III presents the charactenisics of the companson
approaches for topie detection.

The average relatrve improvement (defined as [Aver._nmtime
of BM-SATD —Aver._munhme of LDA]) of LDA compared
with BM-SATD was approcamatelyl 25 sec per document.

Table IIT Topic detection approaches for comparison

Granun s Traiming  Refi Sem Taopic Domain
Approach larity Description phase ming  amtic  correlation  lmewledsze
e
LDA-TG [25] Drocument graph Tes Mo Ma Mo Ma
based
EeyGraph [7] Drocument Gragh based Tes Mo Ma Mo Ma
LDA[T] Documen  Tparite o o o Mo o %o
Probabitiodc and
HLTM [18] Drocument graph Tes Mo Ma Mo Ma
based
Semantic,
Confizu- P
EMSATD  mbles  Foveblidcad oy Tes  Yes Yes Yes
desirad bglasmai

Chr propesed approach BM-SATD 15 the only one that 15 really
semnantic and fakes info account the comrelated fopic and
domain knowledge. The parameters for the companson
approaches used where those wlich provided the best
parformance.

Resulrs analysis

Fig. jpresents the average mmning time of the detection phase
when the number of documents used for the tests were vared.
Trainng times were excluded as this phase was performed only
one tome However, the BM-SATD trmmng phase requred
more time than the other approaches. This was justfied by the
fact that BM-SATD identifies the relevant and less simmlar
documents wsed for fraimng phase. Fortunately, the new
generation of data center equipment offers sufficient resources
to reduce sigmificantly the trmning delay. Coly the time
required to detect new document fopies was measured.

Fig. 5 also shows that the average mnming hme increased with
the mumber of test documents. Indeed, the bizzer the number of
test documents, the longer the time to perform detection and,
ultmately, the higher the average running time.
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Fig_ 5 Topic detection -Avemze nnning time versos mmbser of
documents for test phase

It was also observed that LDA outperforms the other
approaches ITVA produced an average of 137 sec per

documnent whereas BM-SATD produced an average of 2.62
secper document.

The short run times of LDA were due to the fact that LDA did
not perform a graph treatment. Graph processing algorithms are
very time consuming (iher approaches also outperformed
BM-S5ATD on the mumning time critenia since BM-5ATD
performed topic refimng 1n order to increase accuracy.

Fiz. 6 shows the average accuracy when varving the mumber of
detected topies. For the five approaches, the average accuracy
decreased with the number of detected topics. The morease in
the pumber of subjects to detect led to decreased accuracy.
However, m terms of accwracy, BM-SATD outperformed the
approaches used for comparison BM-SATD produced an
average accuracy of T9.50% per topic while LDA-IG, the best
among the approaches used for companson produced an
average of 61.01% per topic.

The average relative Improvement m accwacy (defined as
[Ave_zce of BM-SATD —Ave_ace of LDA-IG]) of BM-SATD
compared to LDA-IG was 18.49% per topic. The parformance
of BM-5ATD is explained as follows:

1. BM-SATD used the relevant documents for fraimng
phase.

2. BM-SATD refined iz detechon topic results by
measwing new document sivmlarty with relevant and
less simmlar annotated documents.

3. BM-SATD combined comelated topic model and
domain knowladze model instead of LDA

i
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Fiz. 6 also shows that BM-SATD produced an average
aceuracy of $0.32% for one detected topic and 61.27% for ten
detected topics compared to 30.29% and 41.01% respectvely
for LDA-IG. The gap between BM-SATD accwracy and LDA-
I acowracy was 10.03% for one detected topic and 20.26% for
ten detected topies. This meant that BAM-5SATD was by n lage
mare accurate than IDA-IG in detecting several topies.

The Fiz. Tpresents the average acowracy when varying the
pumber of ttaming decuments of the leaming phase. LDA was
not meluded in the scenanio since not raming phase was
parformed. Fiz. 7 shows that the average accwacy increased
with the number of training documents. The larger the mumber
of traming documents, the better the krowledge about word
distnbuhon and co-cccwmrence and, ultimately, the higher the
detection acouracy. However, the acowracy remamed largely
stable for very lgh mumbers of traming documents. When the
pumber of documents of a collection was larger, the number of
vocabulary words remained constant, and the term graph did
not change. It also shows that HLTM was the approach whose
detection acouracy was the first fo reach stability at 10,000
traming documents. HLTM builds 2 tree mstead of a graph as
the other approaches and its tree has less intermal roots to
idemiify  topics. However, BM-SATD and LDA-IG
outperformed HL TMin terms of aceuracy.

§ Layiaph
i HLTM

i 2 1 4 % & 1 m 9 I
Suanber of rsin g dovamsnts (a =00

Fig. 7 Topic detection - acouracy for mumber of training documents

Fig. 7 also shows that BM-SATD cutperformed LDA-IG on the
accuracy cnteria. For example, BM-SATD demonstrated an
average accuracy of 73.49% per 2,000 trammg documents
while LDA-IG produced an average acowracy of 50.86% per
2,000 traming documents. The average relative miprovemsent of
BM-SATD compared to LDA-IG was 22.63% per 2,000
traming documents The better performance of BM-SATD
followed from its use of a domam knowledge model BM-
SATD did not requrea large mumber of documents for the
traming phase. In conclusion, the 1.25 sec mnming time per
document increase was a small price to pay for the larger
average accwracy of topic detection (18.49%).

Senniment and emonion analysis performance evaluanion

BM-S55EA peaformance was also evaluated in ferms of
aceuracy and mumming time Simulations used the dataset and
parameters mentioned previously. The perfoomance of BM-
SSEA was compared to the approaches desenibed in [49] and
[41]. refared to as ETM-LDA and AP, respectively. ETM-
LDA and AP were selected because they were document-bazad
rather than phrase-based.

Comparison of approaches with BM-S5E4

Table IV shows the charactensthes of the senhment and
emoton approaches used for companson with BM-SSEA

BM-S5EA was the only enfirely semanfic approach taking mio
account the mules for inferring emotion. In addition, BM-55EA
used a semantic lexicon. Severzl approaches wsed semantic
lexicon, but these were hmuted to phrases rather than
documents. The best performance approaches used were AP
and ETM_IDNA

Resulrs analysis

Fiz. Spresent: the average mumming time when varving the
mumber of detected emotions. Traming tmes were excludad
because this phase was performed only once. The BM-55EA
traimng phase took more fime than the other approaches due to
lexicon aggregaton and errichment by users. The average
rnming time mcreased with the number of test documents. Thas
15 normazl, as the larger the mumber of test documents the longer
the average nnming fime to perform the sentiment and emotion
discovery. Fig. 8 shows that ETM-LDA and AP cutperformed
BM-55EA on the runming e eriteria. ETM-LDA required an
average of 1.33 sec per document whereas BM-S5EA required
an average of 1.74 sec per documsent. The average relative
improvement of ETM-LDA compared with BM-55EA was
approcamately 0.21 sec per document. The poorer performmance
of BM-55EA resulted from refiming sentiment and emotion to

1ncraase accuracy.
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Table IV Senfument and emotion approaches for companson

B Tramimg Refi The Topic Emotion:
Approach Grapularity Approach . amrms " wmher
AP[4]] Drarument Leaming based e o 5 o [
ETM-LDA[49]  Dooument Eeyword based e o & Tes B
bl Ezywordand - -
BM-55EA 23 Gasired rila basad b Yes 125 and4 Tes g

L-Wondlet, 2-WordNet-Affect; 3-SemeiWordet; +MR.C Enwotion Lexicon; - Stanfiord Core MLP, §-Cibbs samplizg,.
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Fiz. 9 presents the average accuracy when wvarying the mumber
of discovered emotions. Positive and negative sentiments were
pot considered in the acowacy measwrement Fig 9also shows
that the average accuracy decreased with the mumber of
discovered emotons. However, BM-S55EA outperformed the
other two zpproaches wused for companisons. BM-35EA
demonstrated an average acowracy of 93.30% per emotion
while ETM-IDIA, the best of the other two approaches used for
companson, producedS8 65% acowracy per emotion The
average relafrve improvement in accwacy of BM-35EA
compared to ETM-IDA was 24.65% per emohon In
conchizion, the 0.2] sec mnnmg fime per document increase
was, again, a small price to pay for the larger average acouracy
of emotion discovery (24.65%).
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Fig. 9 Average detection acoumcy for the mumber of discovered emotions
SUMBIAKY ANMD FUTUKE WOER

In this paper, the zoal was to increase the find abihity (search,
discover) of entthes based on user interest using external and
internal semantic metadata ennchment algonthms. As
computers stuggle to understand the meamng of natwal
language, emriching enfibes semanfically wath meaningful
metadata can unprove search engine capabibty. Words
themselves have a wide varety of defimtions and
interpretations and are offen ufilized inconmstently. While
topics and senfiments/emotions may have no relationship to
individual words, thesawi express associative relationships
between words, on tfologies, entites and a multitnde of

Thus paper has presented an evhanced V3 mmplementation of
SMESE using metadata and data from the lnked open data,
structured data, metadata imfizhves, concordance rules and
authonty metadata to create a master catalogne It offers a
foundation for an entire imferest-based digital libwary of
semantic munng activities, such as search, discovery and
interest-based notfications. Finding bibhographic references or
emanhc relatonships in texts makes it possible to localize
specific text segments using on tologles to emnich a set of
emanhe metadata related to topic or senfimentemotion.

To help users find inferest-based contents, this paper has
proposed an enhanced venons of the SMESE platform through
text analysis approaches for sentiments/emotions detection
SMESE V3 can be used (or: makes it possible) to create and
use a semantic master catalogue with ennched metadata that
enables search and discovery mterest-based engines. This paper
has presented the desizn, mmplementation and evaluation of a
SMESE V3 platform using metadata and data from the web,
lmked open datz, harvestng and concordance mules, and
bibhographic record authornties. The SMESE Viincludes three
distinet engines to:
1. Dhscover ennched sentiment'smotion metadata hidden
within the text or hnked to multmedia shucture usmg
the proposed BM-35EA (BM-Semantic Sentiment and

by

[

Emotion Analy=is) algonthm.

2. Implement mule-based semante metadata infernsl
enrichment.

3. Propose a hybrid machine learming model for metadata
enrichment.

4. Generate semante topies by text, and oulfimedis
content analysis using the proposed BM-SATD (BM-
Sealable Annotation-based Topic Detection) algonthm.

The semantic aggregation of metadata content repository offers
a foundation for an interest-bazed diztal hibrary of semantic
miming activifies, such as search discover and smart
notfications.

Table 1 shows the compansen with mest known text nuimmg
algonthms {e.z., AlchemyAFl, DBpedia, Wikimeta, Open
Calais, Brtext, AIDA  TextRaror) and a new algonthm SMESE

relztionships represented as triplets. with many atbibutes including  kevword exbachon,
i e
s s

Fig 10 Funme woedsi: Semantic Topics Ecosystem Leamnins-based Literature Assistant Review
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concept exfrachon It was noted that SMESE alponthms
suppeost more attributes than any other alzonthms.

In fuhwe work, the focus will be to generate leaming-based
Iiterature review ennichment and abstract of abstract STELLAR

(Semantic  Topics

Ecosystem  Leaming-based Literature

Assistant Review) assess each citation to determune her ranking
and her melusion in the final hterature assistant review. COne
zoal of this enhanced ecosystem will be to reduce reading load
by helping researcher to read only an mtelligent selechon of
documents, uning text datz munmp, machine leammg, and a
clasafication model that learn from uwsers annotated data and
detected metadata (see F1z. 10).
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Efficient Scientific Research Literature Ranking
Model based on Text and Data Mining Technique

Ronald Brisebois, Alain Abran, Apellinaire Nadembega, Philippe N techobo

Absfraci— With the rapidly incressing of the volume of
scientific publications, Mind quickly the relevant papers Tor
lilerature review (LR) aboul specific topic becomes a
challenging task for researchers and studenis. In this vein, a new
lilerature review assistant scheme (LRAS) (1) to evaluaie
scientiflic papers relevancy according to discipline and specific
topic and (2) to find papers that match a specific research topic
for LR is proposed in this work. More specifically, we propose
an approach based om text and data mining (TIDM) thai
computes paper index, called Dynamic Topic based Index (D75
Index), takes into account (i) venoes impact, (i) aothors and
their affiliated institutes impact, (iii) key findings and citations
impact and (iv) papers references impact. We also implement
efficient search protolype thal find papers according to
researcher selection parameters and his annotations. The
required researcher selection parameters are (i) the main topic
of his research, (i) description of his research, (§i) the tite and
{iv) the keywords of the paper that bhe plans to provide in the
context of his research and for which he needs to make a LH.
Based on these parameters, the engine computes the literatune
corpus radius index (LOK Imdex) of each paper. The main
contribution of LRAS search engine prototype is the fact thai
the LCE Index takes into sccount the area of mesearch. We
evaluaied our proposed scheme and the simulation resulis show
that the progosed scheme sutperforms traditional sche mes.

Index Terms—Research publications ranking, Bibliometrics,
Scientometrics, Information Retrieval, Scientific lieratone
evaluation, Reference analysis,

L INTRODUCTION

Literature review (LR} is one of the most important phases
of research. Researchers must identify the limits and
challenges about certain scientific domain. The problem is
where to find the best and most relevant papers that
guarantees o asceriain the siate of the art on that specific
domain. Certainly, the volume growth of scientific papers and
the online availability of repositories allow researchers o
discover, analyze and maintzin an updated biblicgraphy for
specific research fields. However, in eoent years, the crescent
volume of scientific papers available is becoming a problem
for researchers, who, unzble to exploit the whole literature in
a specific domain tend to follow ad-hoc approaches. In order
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to help researchers for the LR tasks, it becomes necessary to
analysa a larpe volume of papers in a fairly short time. To do
50, we need to evaluzte paper relevance according to the
scientific research domain and topic; this task refers to the
ranking process of scientific papers. Ranking the relevance of
scientific papers is an ongoing and a long-standing challenge.
Unfortunately , all the works about the scientific research
impact are focused on the researchers ranking; however, a
researcher impact is useful to rank scientific papers that he
Pproposes. Some online academic searchengines have already
implemented several indices to evaluate the scientific impact
of researchers, that is the case of the h-index and i10-index
usad in Goople Scholar for evaluating researchers” impact.
Most existing researchers” indexes computation algorithms
are based on the number of citations received by each paper
written by a researcher. For example, if a msearcher has
jpublished more papers with mom cilations, the researcher’s
h-index increases. According to [1]. there are four factors by
which it is possibla to measure the validity of scientific
resaarch: (1} number of papers, (2} impact factor of the
joumnal, (3) the number and order of authors and (4) citations
number. The number of papers speaks more about
productivity than about quality w hile impact factor repre sents
simple quantification of the data for scientific production.
Citation analysis identifies the types of citations and measures
the number of citations, salf- citations. While peer-raview and
citation-based bibliometrics indicators have become global
means of measuring research output and are playing a critical
role in this process. However, citations have been criticized
for limiting their scope within academic and neglecting the
broader societal impact of research. Using thesa four factors,
ranking the relevance of scientific papers cannot be  done
without text and data mining (TDM).

TDM can be defined as automated processing of large
amounts of structured digital textual content, for purposes of
information retriaval, extraction, interpretation, and analysis.
Indeed, due to the large corpora of data accumulated,
automated or semi-automated analysis of their contents
revedls patiems that allows establishment of fact patterns
invisible to the naked eye [2]. There are many rezsons
researchers might want to utilize TDM methods in their
research. Clark [3] sugpested. due to enocrmous grow th of the
volume of literature produced, that researchers should apply
text mining technique to enrich the content and to parform the
systematic review of literature. Indeed, mining can improve
indexing, be deployed to create relevant links, o improve the
reading ex perience. Specifically in the context of TDM, text
mining is & subfield of data mining that seeks to extract

www.ijerm.com
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valuable pew information from unstructured (or semi-
stmctured) sources. Text mining extracts information from
within those documents and aggregates the extracted pieces
owver the entire collaction of source documents 0 uncover or
derive new information. This is the preferred view of the
field that allows one to distinguish text mining from natural
language processing (NLF).

TDM technigues are widely vsed for mnking algorithms.
Ranking algorithms are defined as the procadure that search
engines use to give priority to the retumed results. Recent
years have seen increased adoption of scientometrics
techniques for assessing research impact of publications,
mresearchers, institutions, and venues; scientometric can be
defined as the science that deals with evaluation of a scientific
article refers to the finding guantitative indicators {index) of
the scientific research success; unfortunately, the field of
scientometrics focuses on analyzing the quantitative aspects
of the generation, propagation, and utilization of scientific
information. Several approaches are proposed to rank
scientific articles and measure the impact of research [1, 4-
l16]. Some approaches focused on jounal ranking [15] while
others focused on universities and mesearch institution
ranking [ 16]. Unfortunately. these approaches only consider
publication-count or focused on citation analysis (citation-
based apprmoaches); the aggregate citation statistics are used
to come up with evaluative metrics for measuring scientific
impact. They ignored the guality of anticles in term of new
contribution and scientific impact and limited the avaluation
to quantitative aspect. Despite several criticisms of citation-
based measures for impact, it is still the subject of much
scientometrics mesearch: a highly cited paper for a given
scientific research field has influenced many other
researchers; new  contribution  inclodes methods  for
evaluating research institutions. journals and researchers.
Indeed. the main approach for scientific articles ranking is the
citation analysis that is mainty the number of time that a paper
is cited: unfortunately , traditional approach does not consider
the publisher. conference or workshop elevance. In addition,
the social aspect is not taking into account; indeed, the peers’
evaluations need to be considered to measure the quality of an
article; the opinion of the scientific community of the research
field may contribute to identify the relevant anticles. Most of
these approaches meduce a citation to a singke edge bebween
the citing and cited paper and treat all the edpes equally. This
is clearly an oversimplification since all citations are not
equal and need to be considered distinctly.

According to Wan and Liu [17]. as a simple extension,
taking into account the number of time s & paper is cited in the
citing paper often does a better job of measuring the impact of
the cited paper; in order word. citations should be consider to
evaluate papers impact. The text around a citation anchor can
he usad to assess the attitude of the citing paper towards the
cited paper; for example, the citation category may define
citing paper attitude. And aggregating the attitudes of all the
citations to 8 paper can give us a quantitative measure of the
attitude of the community towards that paper. However, in
addition to citations, others aspects need o be consider such
as: (1) analyzing of social aspects of scientific research, (2)
analyzing history, (3) stnucture and progress of scientific
fields and (4) me asuring inter-disciplinary of scientific fields.

9%

For example, the ranking of scientific joumals is important
because of the signal it sends to scientists about what is
considered most vital for scientific progress. Jounal rankings
are also imporntant because they provide a filter for researchers
in the face of a rapidly growing scientific lieratume; they
provide a way to guickly identify those articles that other
researchers in a field are most likely to be familiar with.

In this paper, we propose scheme, called Literature Review
Assistant Scheme (LRAS), that allows computing the ranking
index of the relevance of scientific papers and subsequently,
allows searching papers that best match with the researcher
selection parameters. The main objective of LRAS is to assist
the researchers in the LR redaction tasks that consist to, first,
find papers which match with their research topic and
secondly. evaluate the relevance of these papers. LRAS
Proposes two Main processes:
1y The first process of LREAS allows evaluating the

melevancy of a scientific paper for a given domain and
mesearch topic; to do that, LRAS computes the paper
manking index , called Dynamic Topic based Index (DTH
Index) making uwsed of TDM technique. Indeed, to
compuie the DTh Index, LRA S considers several criteria
=such as (i) venue age and impact, (i) citation category
and polarity, {iii) suthors’ impact, {iv) authors’ institutes
impact and (v} citing document of cited document. In
contract to existing ranking algorithm. LRAS focuses on
the paper age and author social activities in terms of
researcher. Ranking algorithm also considers the number
of time a paper is cited in the same documents.

2} The second process of LELAS allows finding the scientific
papers that best march with the researchers’ topics for
their LR. Motice that the traditional search algorithms use
only the titles of papers as selaction parameter. In
contract to them, LRAS search algorithm considers (i)
the main topic of the mesearch. (i) description of the
research, (iii) the title and (iv) the keywords of the paper
that researcher plans to provide in the comtext of his
mesgarch and for which be needs to make an LR. The
LRAS search algorithm is based on TDM technigue. The
main contribution of LRAS search engine prototype is
the fact that the algorithm takes into account the area of
research.

The remainder of this paper is organized as follows.
Saction 11 presents some related work. Section 111 describes
our proposad literature review assistant scheme (LRAS) using
TDM approaches. Section [V evaluates the proposed
literature review assistant scheme (LRAS) via simulations.
Section ¥ concludes this paper.

II. RELATHDWORES

The network-based analysis is a natral and common
approach for evaluating the scientific credit of papers.
Although the number of citations has been widely used as a
metric to rank papers. recently some iterative processes such
as the well-known PageRank algorithm have been applied o
the citation networks to address this problem. In the conext of
this work, several existing approaches for scientific papers
ranking [5, &, 9-12, 14, 16-19] have been analysed.
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Bommann et al. [14, 16] proposed an web application to
measure the performance of research institutions. They used
twi indicators to perform their measurement: best paper rate
and best journal rate. Best paper rake is the proportion of the
institutional publications which belong w the 10% most
frequently cited publications in their subject area and
publication year. The hest journal mie is the proportion of
publications which an institation publishes in the most
influential journals worldwide. According to the authors, the
miost influential journals are those which are ranked in the first
quartile (top 25%) of their subject areas as ordered by the
indicator 8CTmago Journal Rank (SJR ).

Ranking researchers, journals and institotions may not
allow to evaluate the scientific papers relevancy; however,
they may be use in this scientific papers relevancy index
computation. Indeed. Mam and Bornmann [12] presented an
overyiew of methods based on cited references, and examples
of some empirical mesults from studies are presented.
according to authors, the use of a selection for the analysis of
references from the publications of specific research areas
should enable the possibility of mezsuring citation impact
target-oriented (i limited to these aras). They mentioned
that some e mpirical studies have shown that the identification
of publications with a high creative content seems possible via
the analysis of the cited mferences. For authors, cited
reference analysis indicate the great potential of the data
source. Authors also mentioned the new method, known as
citing side normalization where each individual citation
mreceives a field-specific weighting; to compuie. each citation
is divided by the particular number of references in the citing
work.

Wan and Liu [17] proposed citation-based analysis to
evaluate scientific impact of researchers in the coniext of
Author-Level-Metric, called WL-index. Indeed, they raised
the issue of the consideration of number of time that a cited
paper i= mentioned in a citing paper. According to authors, the
counting based on the binary citation melationships is not
appropriake; in & given article. some cited references appear
only once, but others appear more than once. Wl-index is a
wariant of h-index where the number of times cited paper is
mentioned is considered. Indeed, take into account the
number of times a cited paper is mentioned in citing paper is
good idea; unfortunately, their proposed contribution canmot
allow to measure s impact of paper in order to identify relevant
contribution; in addition, they do not consider the category of
citation to evaluation scientific impact of researchers.

Hassan et al. [6] proposed a new ranking algorithm for
scientific research papers, called Paper Time Ranking
Adgorithm (PTRA), that depends on three factors to rank its
results: paprer age, ciradon index and publicarion venue; they
gave priofity to each one of these parameters. Indeed. for a
given paper, they computed its weight as the sum of the age of
the conference or the joumal impact factors, the number of
citation of the paper and the age of paper. Unfortunately, they
do nit consider Author-Level-Metric and ignore the citation
category in the computation of their citation index. Also,
considering the numbser of citations is not good approach due
to the ape of paper; indeed, newspapers are penalized; they
may use the average number of citations instead on the
number of citations.

Riibio and Gulo [11] proposed recommending papers
basad on known classification models including the paper’s
content and bibliometric features. Indeed, they combined text
mining efforts and bibliometric measures to automatically
classify the relevant papers. They made use paper’: metadata
such as wyear of publicarion, ciarion number, references
number and ope of publicaion  (jowrnal conference,
workshop, erc.) (o measure the paper relevancy for specific
science field. In they approach, they applied a ML algorithm
ID3 for papers relevancy classification based on specialist
annotation. Authors mentionad that their approach combines
text mining and bibliometric; unfortunately . their approach
only used bibliometric metrics. However, making use of
machine leaming (ML) technique is good things.

Madani and Weber |5] proposed an approach that applied
bibliometrics analysis and keyw ord-based ne twork analysis o
recognize the main papers, authors, universities, and journals.
Indeed. they made use bibliometrics (quantitative approach)
analysis to find a peneral view about top aothors, journals,
universities, and countries; to find the most effective papers,
they applied the ‘eigenvector centrality’ measure. For the
patent evaluation, they extracted keywords from abstracts,
created keyword-based network that is analyzed by cluster
analysis o find groups of keywords making vse of minimom
spanning tree method. The list of limitations is: (1) anthors do
not explain how the keyword-based network is build; (2) they
use only existing method and approach; and (3) paper manual
annotated keywords (those given by suthors of papers) are
better than extracted key words.

Wang er al [10] proposed a unified ranking model of
scientific liemture, called MAEFRank, that employed the
miutual reinforceme nt relationships across networks of papers,
authors and ext feamres. More specifically, MARFRank is
proposed by incorporating the extracted text features and
constructed weighted graphs. Indeed, for the same sentence,
they extracted words and words co-occumence form title and
abstract. Then, they computad the TE-1D¥F of each word as the
weight of this word. The main limitation of this approach is
the fact that authors just consider the shstract to compute the
weight of the word.

Gulo et al. [18] proposed a solution that automatically
classifies and priontizes the relevance of scientific papers: the
solution combined text mining and ML techniques as support
to identify the most relevant literature. According to authors,
their approach allows to browse huge article collections and
quickly find the appropriate publications of particular interest
by using ML technigues. Indeed. based on previous samples
manually classified by domain experts, they applied a Maive
Bayes Classifier to get predicted articles; a human expert in a
specific domain has analyzed each one of the training sat of
publications and classified the priority of the mefernces
regarding two main criteria: relevance of the reference and
adequacy to the interested scientific domain. Then, based on
the outputs of experts, the process of automatic classifying
publications starts with a selected set of keywords that
mepresent the coniext and the area of interest. As the entire
superyised leaming algorithm, manual contnibution is highly
requirad.

To conclude, we summarize the limitations of existing
approaches for mnking the mlevance of scientific papers as
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follows:

1) they only uwse citations count; in addition. they do mot
consider the age of papers, penalizing the recent papers;

1) they do not consider the catepory and polarity of
citations;

3} they do not consider the other types of venues, such as
conferences and workshops. In addition, what about
unpublisheddocuments?

4} for those which are based on machine leaming echnigue;
they require a larpe manual contribution of specialists or
experts for the training step of the leaming model;

5) for those which are based on text analysis to identify
relevant papers; they are limiting themsalves to title and
absiract

In this paper. we propose & scheme that proposes solutions
to overcome these limitations. The proposed LRAS considers
several criteria such as venue ape and impact, citation
categery and polarity, anthors” impact, anthers’ instimtes
impact and citing document of cited document.

L LEAS: LITERATURE REVIEW ASSISTANT SCHEME

Here, we present the details of the proposed scheme, called
LRAS. Mom specifically, we present (A) the TDM process
used by LEAS to compuie the relevance ranking index that
denotes the relevancy of a scientific paper for a research topic
and (B) the TDM hased process used by LRAS to find best
papers for litkrmune review (LR) of specific research topic.

A, Ihmamic Topic based Index (DT Index | compurasion
Process

As mentioned above, most of existing ranking approaches
focus on measuring the influence of a scientific paper based
on the citations analysis. In contract to these approaches,
LRAS computes the DTh Index that denotes the paper
relev ancy according to a specific research domain and topic:
that is why this index is called dynamic topic based.

Mome specifically, the DTh index is also computed as a
weighted sum of the values that denote the importance of the
different inpuis considered. The DTb index is computed using
a number of additional feature s:

I}  Key findings and peer citations index (see equation 1),

2} Venue index (see equation 2 o &),

3} Document references index (see equation 7 to §),

4} Authors and their affilisted institue s {see equation 9 o
12).

In contrast to existing ranking approaches, the LEAS is not
limited to journal-level metrics; it also considers conference
proceedings and workshop metrics; making LEAS, a scheme
basad also on venue-leve l metric.

In the rest of this section, we show how the different
concepts are used to compute the DTh Index (see equation
13).

1) Paper relevance according ro researchers ' key
Sndings and peer cilarions
The Key Findings are the annotations in regards to
important findings in the paper. Indeed, previous researchers
who have aleady analy zed the paper have provided
annotations called key findings. These key findings ame

a8

identified and analyred by the TDM approach. The TDM
analysis consists in classifying the key findings into three
calegorias:
1} Veryrelevaru: indicates that the paper is very relevant
and adequate for the LR,
1} Adeguare: indicates that the paper is not relevant, but
may be the focus of attention, if possible.
3} Naor relevans: indicates that the paper is not relevant and
not adequate for the search.
Let:
1} Car_ammor be the category of a key finding:
2} ¥ be the ape of a paperd;
3} X be the publication date of d;
For example: for a paper published in 2000, ¥ =16 and
X= 20000
The key findings index of paper  is computed as follows:

KeyFindingsindex { d , Car_Annoc Y ) =
r-i

S (¥ =iy Nb(d,Car _Anmoe, (X +¥ -i1)) D

F!

where Nbid.Cat_Annot¥) denotes the number of times the
kev findings Cai_Annot= “very relevant” are detected in
paper  at year Z.

The concept behind the computation of the key findings
index is 0 pive more imporance to the more recent
annotations insiead of simply counting the nomber of
considered key findings. This places more emphasis on
recently published papers.

2} Paper relevance gaecording 1o venue

The venoe type is important in the ranking of scientific
papers. The intent i= o consider not only papers from
academic jourmals, but also papers from other ty pes of venoes,
such as conference proceedings and workshops., as well as
unpublished papers such as research epons. In LRAS, four
types of venue areconsidered:
1y Joumal
2y Conference proceedings
3) Workshop
4)  Unpublished.

Here, the venpe types are ordered according to their
impontance in the researcher’s opinion. For exampls: a
researcher may consider that a journal paper is more
important than a conference proceadings paper: thus, jourmal
is first and conference is second. To compuie the venue
impact, LRA 5 evaluates the similarity bebween (1) the venue
topic and the papers main topic and (2) the venoe name and
the papers title. The similarity matching of the paper’s main
topic (we assumed that the mesearch topic of the paper is
known in advance) with the venue's topics (where paper dis
published or presentad) is computed as follow s:

sim_ topic (Td Tv) = ax ( J— gram{Td Tv)) o

1a[1=]

where Td and Tv denote the main topic of paper J and the
main topic of venue v, respectively .
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name {where paper d is published or presented) is computed
as follows:

sim_ name( Nd, Nv) = ax | f— gram(Nd, Nv)) 3

sa[1a]

where ¥ and Vv denode the title of document o and the name
of venue v, espectively.
Thus, the venue v impact for a specific paper d is given by:

Venuelmpaa (d,v) =

age _venuelv)+avg _ mum _ pubiv)
av 4
+rev _numiv)+ win + freglv)

L]

+sim _ topic (Td . Tv ) + sim _ name(Nd . Nv)

whaere

® gge wvenue(vjdenctes the age of venue v,

® avg num_pijv) denotes the number of publications per
yedr,

» rev_numiv) denotes the number of reviewers per submitted
paper.

» avg_subyv) denotes the average number of submitted
PApers per year,

® gvg_acciv)denotes the average number of accepted papers
per year.

» freqyv) denotes the frequency of publication per year.

To take into account the ty pe of venue, aweight is assigned
to each of them according to its order and the couple (Vinit,
Wunit), where:

# Vinit is an initial v alue and
» Wunit is the difference in weight batween two consecutive
types of venue.

Forexample: a venue type with order § will have the weight:

VinpeWeighriv) = Vinit + (@ + 1) =Vuniz ) (5}

whaere () is the number of types of venue. Hare, () is equal to 4.
Finally, the venue-based index of paper o is computed as
follows:

Venuelndex (d, v) =
(&}
VivpeWeight(v) = Venuelmpass (d . v)

A1 Paper relevance according o aurhors and rtheir
affiliared insriwres
Until now, a number of different indicators have been
proposad for evaluating the scientific impact of a scientist or a
mesearcher, most of which are variants and revisions of h-
index. However, h-index is limited to number of citations
without considering the author's social personality in terms of
peer award, for example. As was done for the venue index,
LARS computes the paper relevance based on the authors and

their affiliated institutes.
Lat:
1y Td be the main topic of paper a; we assumed that the
research topic of the paper is known in advance;
7} &;be an author.
The author g; influence on the relevance of paper  is
computed as follows:

Anthordmpact | o . a, ) =
nb _ cited (Td }l nb_ jour(Td)
nb_ pubiTd) nb_ pub(Td) 7
nb _award (Td , a )+ nb _jour(Td I}
nb _ award (Td 1)

where:

# nh_ciredyTd) denotes the number of publications of author
ajcited on the topic Td,

nh_pubyTd) denotes the number of publications of q; on the
topic Td,

nb_jourTd ) denote s the number of joumal publications by
ajon the topic Tdl,

nb_awar(Td a;) denotes the number of awards of a; on the
topic Td,

nb_jourTal) denotes the number of publications which
;s affilizted msumte publishes in the most influential
Journals worldwide on the topic Td,

nb_awar{Td ;) denotes the number of awards of a's
affiliated institute on the topic Td.

The author index for paper d is computed as follows:

Awhorlndex(d ) =

A
Y (A+1-i)% Aufporimpaci(d,a)  ®
i=1

Al
where A denotes the number of authors of paper d. The idea is
to give more importance o top authors; the first aothor
therefore has greater weight than the second author.

4} Paper relevance according ro documenr references

The paper’s interaction with other papers on the topic is
measured. Two groups of papers are defined: Citing
documents and Cited documents.

For a better understanding, ket o be a considered paper; a
citing document is a document that cited the document d.
while & cited document is a document cited by the paper 4.
Mote that the number of cited documents is static while the
numbrer of citing documents may increase with time. These
twio lerms amre important for the evaluation of document
relevance. Fig. | illustrates the two terms according to the
publication date.
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Fig. 1: Nusiration of a paper efernc documents

The paper's relevance based on citations includes three
operands; the computation of paper's relevancy according o
the mferences is based on the assumptions that (1) relevant
papers very often cite relevant papers and () relevant papers
ame those that are frequently cited.

+ Number of citing documents of paper 4 according
o its age; it is computed a5 follows:

Citinglmpactid } =

F-l

S (¥—i)x nb _citing (i+1) el

F!

where mb_ciring(i) denote the number of citing documents
with ape i and ¥ denotes the age of the document d. In
addition, Ciringlmpact (d) gives mome importance (o recant
citations.
¢ Averape number of times a paper d is mentioned in
citing documents; it is computed as follows:

CitingAvglmpaci(d ) =
r

S nb_time_citing(d.D,) an

I

PxY

whera nb_rime_ciring{d, Dy}, danotas the number of timas tha
document d is cited in the citing document I}, F is the total
number of documents citing d and ¥ is the age of the
document d.
# Number of citing documents of paper Iy (a ciled
document of paper d) according to the paper Dyape;
it is computed asfollows:

CiredCiringAvglmpaciid ) =

ped 1 11)
nb_citing(D,) (
3||' nb _citing( D, >5 !_
nz | age(Dy) J
where L denotes the set of documents cited in d, agey i)
denotes the age of document Iy and nb_ciringy k) denotas the
number of times document Dyiscited.

Finally, the relevancy of paper d based on refernces is
computed as follows:

Referencesindexid ) = Cired CitingA velmpac (d )
+CiringAvglmpacnd } + Ciringlmpact (d ) (12)

100

5) DTh index compurarion based on the previous
compured index
Ax mentioned above, the DTb index is a weighted sum of
the computed values for different features tha impact the
relevance of a paper.
Let the couple {Init, Unit} where:
# Init is an initial value, and
» Unit is the difference in weight between bwo
consecutive aspacts.
Init and Unit allow to assign different importance to each
features. The DTh imdex of paper d is compuied as follows:

DT index { &, BF, VW A4 KF ) =

Val(BF  d) + Val (VN ,d )+ Val (A, d ) + Val (KF, J)
3

(it + (Unie < k) )

(13}

where

Val (RF , d} = Inir = Referenceindex(d )
Val (VN ,d )= Init + (Unir = 1) < Venuelnderid )

Val (AA, d} =1 Inii + (Unit = 2) ) = Amhorindeid )

Val(KF ,d) = {Irir + (Uit = 3)) = KeypFindingsinderid, Car_ Annce, ¥)

B. Papers corpus for lieramre review selection process
To identify an LR corpus, the selection parameters are

c]assi!’né‘mmuﬁaﬁ {see Table 1):

2. Salection-basad

3. Sor-based.

Table 1: STELLAR clasification of szlection parameters
Evaluation-based | Selection-hased Saori-hased
Main Topic (MaT) | Discipline MLTC ('¥rs, %)
Keywonds (KeW) Langmages Number of

References (<=}
Title (TiT) LCR Index Researcher
Threshold Annotations (RA)

Deescription {DeC)

Each class of the selection parameters is used for specific
step on the selection process.

Selection based parameters are used to filter the  papers
repository in order to reduce the number of papers for the next
steps; that allow to save computation cost. Sort based
parametars are used to salect the final list of papers for LR

Evaluation-based parameters are used to compute the
literature corpus radius (LCR) index. First, the value of each
evaluation-based parameter is compuied by determining the
similarity of each evaluation-based selection with a
predefined section of the document. The similarity matching
value is in the range [(0,1] where | means the most similar
while () means the least similar. Next, based on the similarity
matching value (e.g., the predefined waight of each of them),
the LCR index is computed. Fig. 2 shows the process of LR
corpus selection based on ressarcher’s selection parameters
and annotations.
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Indeed, the first step allows salecting a preliminary corpus
of papers (Cp) based on esearcher discipline and lanpuape.
Then, based on the evaluation-based parameters, the LCR
Index of each paper of the set of preliminary corpus of papers
is computed. Then, based on the LCR Index threshold, the
corpus of papers {C1) is selected; C) epresants the subset of
Cowhem the LCR Indax of papers is greater or aqual to LCR
Index threshold. Finally, basad on the sort based parameters
researcher and LCR Index, LRAS identifies the final corpus
of papers (Cz) that will be used forthe LR; Czis a subset of Cy.

¥
Filter papers database
by [hscipline and Language
Conpus of
papers {0}
Compute LCR Index
using Evaluation-hased paramelers
Filter corpus Cuo
by LCR Index threshold
Cormpus of
i papers (L1}
Select papers from C1 e LR
using Sort-based parameters
Compus of
I papers (L2

S
@
\ )

Fig. 2: Literature corpus radius { LCR) selection process

The step 1 and 3 can be performed by simply SOQL request
to the database using papers metadata discipline and language
for step 1 and LCR Index for siep 3; in the rest of this section,
the details of step 2 and 4 are given.

1) Srep 2 of LR corpus selecrion {LCRIndex
ORI ion )

As the DTb Index, LCR Index computation is based on
various features that match the researcher evaluation based
selection parameters. For each feature, LRAS compuies the
similarity matching and performs weighted sum of these
similarity values to obtain the LCR Index.

For each paper, equations (14) to (16) compute the
simnilarity of paper with the researcher’s maim topic whils
equations (17) to (18) compute the similarity of each paper
with the msearcher selection parameters in terms of
keywords. Equations (19) to (20) compute the similarity
matching of each docwment with the BS paramerters “Titde™
while equations {21) to (23) compute the similarity matching

101

of each document with the RS parameters “Description™.
Finally, equation {24} allows computing the LCR Index.

« Similariry marching of a researcher main ropic with the
ropics exracied from paper absiract

The similarity matching with the researcher main topic is
computed from the abstracts. The abstract of each is recordad
in the “ABSTRACT™ metadata provided by the publisher.
The similarity matching computation makes use of this
metadata as input to determine the papes’s similarity with the
researcher-defined maintopic.

Let a be the paper and Ad the abstract of 4. Mext, based on
the fopic detection algorithm, called BM-Scalasble
Annotation-basad Topic Detection (BM-SATD), the topics of
paper d are detected from Ad; we assume that BM-SATD
exists. Thus, using paper’s abstract as input, BM-SATD
detects their topics.

Let:

Tz be the topic detecied in the abstract of paper o;

MT be the main topic provided as the researcher salection
parameters and n be the number of terms of MT = (w,
W, ..., Win oo Wall

SimMarch_MaT(MT,d) be the function that evaluates the
similarity of MT with the paper d abstract; note that the
terms of MT are ordered.

First, the i-gram of MT is calculated:

1y
2)

3

Fli— gram, MT  Ad )=
il #)
¥ nb(wy, W Wena )

k=]

(14)

whare nb{wg, Wis, ..., Wi} i5 the number of times that the
i-gram {(We, Wesl, -.., Wisi1) appear in Ad (the abstract of
paper 4.

Mext, the weight of the researcher’s main topic for paper 4 is
computed using the following equation:

w_ Mar(MT ,d)= % i= fii— gram, MT .Ad)

=1

(15)

To obtain & similarity value between 0 and 1, normalization
is applied Let Max_Mal' be the largest value of

w_MalTyMT d} among =all the considered papers.
SimMatch_MaT(MT.d) is computedby:
w_ Mar(MT ,d)
SimMarch_ MarMT dy—— (1&)

Max _ Mar

» Similariry marching of researcher keywords with paper
keywords
The similarity matching based on the researcher keywords
is computed using the paper kaywords. The key words of each
paper are recorded in the “EEYWORDS™ metadata provided
by the publisher.
Lat:
1} Kd be the sar of kaywords of paper
2} KW be the set of keywords provided in the researcher
salection parameters;

www.ijrm.com



International Journal of Engineering Research And Management (LTERM)
ISSN: 2349- 2058, Volume-04, Issue-02, February 2017

Efficient Scientific Research Likerature Ranking Moedel based on Texi and Data Mining Techniquoe

3 SimMarch_KeWy KW, Kd) be the function that computes
the similarity matching of KW with Kd.
First, the weight of KW according to paper d keywords Kd
is compuied as follows:

w_KeW(KW,d)=|KW 1 Kd| ()

To obtain & similarity value between 0 and 1, normalization
is applied; the SimMatch_KeW (KW .d) is computed as:

w_KeW (KW _d)
SimMarch_ KeW (KW _d) = (18)
W

o Similariyy maiching of researcher s research fitle with
paper rirle
Before the similarity matching computation, the researcher
titke and paper titles are pre-processed. The objective of the
pre-processing is to filter noise in order to obtain suitable text
for performing the analy sis. This consists in stemming, phrase
extraction, part-of-speech fillering and removal of stop-
words. Mome  specifically, it includes the following

Ope rations:

1} Segmentation: the process of dividing a given document
into sentences.

2} Swp-words removal: Stop-words ae  frequently
ocourring words (eg. ‘3’ and ‘the’) that impart no
meaning and penerate noise. They are predefined and
stored in an array. Mote that the removal of stop-words
follows specific rules. For example, in “prediction of
mbiliny”, removal of the stop-word "of ™ changes the
exprassion to "mobility prediction”.

3}  Tokenization: the input text is separated into tokens.

4)  Punctuation marks: the spaces and word terminators ane
identified and treated as word breaking characiers.

5} Word semming: each word is converted into its root
form by removing its prefix and suffix for comparizon
with other words.

The output of the pre-processing is the set of erms.
Let:

1} Td be the set of terms of the title of paperd;

2} TThe the set of terms of the researcher selection title;

3 SimMarch_TiTyTT,Td) be the function that evaluaies the
similarity matching of TT with Td.

First, the weight of TT sccording to the paper d titlke Td is
computed as follows:

w_TiT(IT,d)} - nax | i - gramiTT,Td) ) (19)
sell.u]

where m denotes the number of terms of TT (m=|TT]).
Indeed. w_TiTiTT.d} is the largest number of sequential
terms of TT that appears in Td. To obtain a similarity value
between 0O and 1, normalization s applied The
SimMatch_TiTUTT,d) is computed as follows:

w_Til(IT.,d)
SimMarch_ T (TT.d)m —————— (200
m

1oz

o Similarity marchking af the researcher”’ research
descriprion with paper absracr
The similarity matching of the researcher research
description is performed using the paper abstract. To do this,
the researcher description is semantically compared to the
paper abstract in order to measure the similarity level. This
similarity matching of a researcher description make s use of
WordMet::Similarity, described in [ 20], which implements six
measures of similarity and three measures of elaedness.
Saveral terms may be semantically the same.
Lat:
13 5 be the researcher description of the research topic as
the selection;
2y 5 bethe number of erms of D% = (b, 12, ... b -, L3
3y be the Literature Corpus where the papasrs are of the
same discipline;
4y SimMarch_[DeCyI)5,d) be the function that evaluaies the
similarity matching of 3§ with a paper abstract Ad.
First, the semantic similarity of each term in D8 with those
inAd is determined on the basis of the semantic TF-1CF (term
frequency — inverse corpus frequency b as follows:

[ c |
SemSim_T(p.d)=TF @ .d)=Mgera. o | 2D
4 i )

where C, TF(r,,d)and JCF (1,, C) denote the preliminary
corpus of papers selected based on discipline and language,
the number of occumences of t; in paper o and the number of
papers in the corpus C where |; appears.

Maxt, the semantic similarity of DS to the paper shstract is
computed as follows:

SemSim_ DeC{DS . d) -ZSMS&H_ Tis,.d) 22)

To obtain a similarity value between 0 and |, normalzation
is applied. The SimMatch_DeC(D5.d) is computed as:

SemSim_ DeCUDS, 4
SimMaich _ DeClDE  djm———— (23)
Max _ eC

where Mo [DeC  denotes the larpest  wvalue of
SemSim_DeCi(DS,dy among all the papers in C (ie,
preliminary corpus of papers selected based on discipline and
language).

» LOK Index comprrarion

Omnce the similarity matching of eachevaluation-based
selection is done, the LCR index can be computed. An LCR

index value is within the range [0,1] where () means the least
sirnilar while 1 is the most similar. Note that the LCR index is
a waighted sum of the computed value of each selection.
Lat:
I} 'W_init be an initialvalue
2} W_unit be the difference inweight between two
consecutive types of RS parametars.
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The LCR index of & paper J of literature corpus C is
computed as follows:

LCR index | o, MT KW . TT D5 ) =

| Val (D5, d) = Val (TT, ) + Vad (KW, d) + Val(MT, 4} Pl (24

1-
| W _init = (W _unir=i))
LN =]

whera:
Wl (D5, )= W _ imir = Simbarch _ DeC' (05, 4)
Vel (TT,d ) = | W _inir + (W _ unir 1) b= SimMarch _ TiT{IT, d)

Val { KW, d b= (W _inis+ (W _unir =2} ) = SimMarch _ KW ( KW, d)
Vol (MT, d ) AW _ imir + (W_ wmir = 3) } = SimMarch _ Mol (MT . d)

2) Srep 4 of LR corpus seleaion: MLTC, Number of
rgferances amd “To be included in the LR™
This sub-section describes how LRAS takes into sccount

the researcher’s requirements in terms of MLTC (Mdix of the
Literature Temporal Cov erage (Yrs, %), number of references
and the spacific annotmation “To be inclnded in the LR”. The
MLTC allows the researcher to includa a certain percantaga
of papers whose age is greater than a given age (Yrs).

The idea here is to be able 1o include very relevant papers
that are out of date. To take into account both the MLTC and
the number of reference s without prioritizing either of tham, a
specific algorithm is needead, which is given by the following
pseudo-code. In this pseudo-coda, C; denotes the preliminary
corpus of papers selected based on discipline, language and
LCR Threshold while Cy denotes the final corpus of papers for
the LR.

Mew C)=1&
0ld_Cy=
e

IF (N =Lengtj of Al_Cy}
For the next documnent in All_C,
IE[(AZ0) AND (B = 0)]
If | {mext documentpublication age =y} |
Add pext document to Mew_Cp; A=A-1
Elsa If [ {naxt document publication aga ¥ |
Add pext document to Odd_Cy; B=B-1
Else
E[(A=0) AND (B #0)]
Audd next document o Old_C,; B=B-1
Else
K[AzMAND(B=0]
If | {pext document publication age <y} |
Add next document to Mew _Cy; A=A-1
Else
Mew_C1= All_ Ty
Ce=New C; |1 0ld T,

First, a list {in descending order) is created based on the
LCR index applied to C; where the papers tagged “To be
mclhoded in the LR are at the top due to their prierity; lat
AL Cy be this list Lat MLTC {x,¥) with its number of

103

selections equal N: this means the researcher expects to have
at most N documents, with & maximum of (Fx % (ie..

N
(100 —x } ) that are at most ¥ years old, and including all
100

the papers tagged “Tio be inclnded in the LR Note that the
latter papers have priority.

Mew_C;is defined as a sub-list of C) in which the paper
age is less than or equal to ¥, and Old_C) contains papers

N
= rbe the length of New_Cy and
[

older than y. Let A =

N
B = — ={100-x }be the length of Old_C.
{{Ei]

Mote that, when the number of papers in All Ty is less
than M, all the documents are considered affinity matches for
the LR; in that casa, the MLTC salection is ignored.

Howaver, when there are notenough papers whose age is
less than or equal to v to satisfy the MLTC selection, a new
MLTC is provided in order to reach the number A. But if the
researcher requires the MLTC selection to be met, some
papers are removed from Mew_C, in ordar to meat the
selected MLTC(x,¥).

1f an “OF.” has been used between the esearcher sort-based
selection” parameters, the LR corpus will be defined as the
union of the subsets of papers provided by the MLTC process
and the sub:ets of papers that are tagged “To be included in
the LE.™.

Fig. 3 presents the LRAS prototype for LR corpus
salection.

BTELLAR

Fearind s e

vt Lo e b Cadr

Fig. 3: LR corpus selaction prototype

I¥. PERFORMAMNCE EVALUATION

For the performance evaluation, we only measure the
ranking relevance of papers. As comparison lerms, we use the
schemes described in [6] and [11], which are efemed to as
PTRA and IDGE.

For the datasets harvest ring, LRAS prototype implemants
a crawler engine as [&]. This crawler consists of two main
parts; antomator and extractor. The main function of the
automator is b0 retrieves search result from well-known
scientific paper search engines: reseachGate, Academia,
Sciencelirect, Scopus, Google scholar, Cieseerx and IEEE
XKplore. The extractor ex tracts the useful information from the
retumead pages by the automator. This information’s can  he
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summarized as: the tithe of the paper, the abstract of paper. the
year of publication, the paper citation index. the venue of
publication, the venue age and type, suthor award, author
affiliation institute and venuwe impact. For each paper, the
downloaded bibliographic files were parsed to exitract the
metadata.

Unfortunately. some information does not exist, such as,
the venue age and type, author award. author affiliation
institute and venoe impact. To solve it; first, LRAS automator
used the search engines mentioned above and Google with
advance search.

For the simulations, 2,000 scientific papers wemre used.
The papers dealt with various research topics in Computer
Science. Two sub-domains were chosen, each with 1,000
papers: { 1) antificial intelligence and (2) information sy stems.
In the context of these simulations, the sub-domains are
treated as domains. Here, a scenario was defined as a sat of
two simulator runs, one on each domain dataset. For the
simulator run parameters, the metadata of one paper in the
dataset (discipline, language, titke. topic, keywords and
ahstract) wene used as the researcher salection parameters.

Two performance criteria were wused b0 assess the
relevancy of the papers for the researchers:

1} Accuracy: the percentage of true classifications
I} Precision: the percentage of the classified items that are
relevant.

Considering the sets of melevant papers (REL) and non-
mrlevant papers, (MREL), true mlevant (TR) denotes the
papers classified as REL when they really are, while false
relevant (FR) denote the papers classified as REL when they
are not Thus, with the same logic, the papers classified as
MREL can be true non-relevant (TN} or false non-relevant
(FN). Accuracy (denoted by a) and precision (denoted by p)
were computed as follows for each scenario:

TR+FR TR

L ————— -

TR+ FR+TN +FN TR+ FR

To identify TR, FR, TN and FN for each scenario, a target
paper was chosen for the domain; next, the metadata of this
tarpet paper were usaed as the researcher selection parameters
and the references papers in the output set of the prototy pes
were compared to the cited papers of the target paper.
Through this companson, TR. FR, TN and FN were defined.
Let a;;be the accuracy of the scenario # of the dataset j and
piybe the precision of the scenario #* of the dataset j; the
average accuracy (densted by Avg a;) and the averape
precision (denoted by Ave b ame defined as follow s:

o
Z d Z P
Avg_p, = =0
n n

whaere I} denotes the number of datasats.

Fig. 4 shows the average accuracy for the three different
scenarios (LRAS, ID3 and FTRA): the horizontal axis
mepresents the sequence number of the simulation scenario
and the vertical axis represents the average accuracy of the
associsted scenario. It is observed that LRAS (in red)
performs better than ID3 (in green) and PTRA (in bBlua):

105

LRAS has an average accuracy of 0.91 per scenario while
13, has an average of .60 per scenario. The average relative
improvement in accuracy (defined as [Aveg a of LRAS —
Ave aof ID3]) of LRAS in comparison to 103 is 0.32 (32%:)
per sCenario.
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Fig. 4: Average accuracy Vs Scenario sequence number

Fig. 5 shows the averape precision for the same scenarios
of Fig. 4: the x Axis represents the simulations scenario
sequence number while the Y axis mepresents the average
precision of the associated scenario. LRAS performs better
than 103 and PTRA. LEAS produced an average precision of
056 per scenario while 103, the best among the two works
used for comparison, has an average of 0.65 per scenario. The
average relative improvement in precision{defined as |Avg_p
of LRAS=Ave pof ID3]) of LRAS in comparison to 1D3 is
031 (31%:) per scenario.
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Fig. 5: Average precision Vs Scenario sequence number

V. CONCLUSION

In this paper. we have introduced a new scheme, which is
called literature review assistant scheme (LEAS) for (1)
ranking the relevance of scientific papers and (2) find the
relevant papers that best match with the research topic,
description and keywords of the researche rs or students. More
specificalty, based on TDM technique, LRAS compuied
paper relevance index, called Dynamic Topic based  Index
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(Th Index), taking into account (i) venues impact, (ii)
authors and their affiliated institutes impact, (i) key findings
and citations impact and (iv) papers references impact. To
select the papers for the lierature eview, LEAS used the
LCR Index ; LRAS computed the LCR Index basad on TDM
technique and using (i} the main topic of his esearch, (ii)
description of his research, (iii) the title and (iv ) the keywords
of the paper that be plans to provide in the context of his
mesearch and for which he needs to make a literature review .
The main contribution of LRAS searchengine prototype is the
fact that the algorithm takes into account the area of research.
‘We evaluated, via simulations, LRAS and compared it
against wo recent related schemes proposed in [6] and [11].
The simulation resnlts demonstrated that LEAS achieved
better accuracy and precision regandless of the sequence
number of the simulation scenario. For example, in
comparison o 103 proposed in [11]. LRAS yielded an
average melative improvement in accuracy of 32% per
scenario and an average relative improvement in precision of
31%. This superior performance might be attributable to the
use of additional bibliometric metadata to evaluate the
relevancy of papers.
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Abstract.

In the process of literature review writing, researchers need fo search and read several papers o fSnd those which are
relevant fo their research. This paper proposes an assisted literature review protofype (STELLAR — Semantic Topics Ecosys-
tem Leamime-based Literstore Assistant Feview) based on (1) text and datz mining models that leam fom ressarchess” an-
notated dats and tic enriched metadata, (2) machine leaming models (MLM) and (3) a semantic metadata ecosystem
(SMESE) (i) to discover papers and recommend relevant of them for a specific topic using ranking algorithm and (ii) to iden-
tify papers according o researchers’ selections parameters and his snnetations. Motdce that SMESE is our prototype that se-
mantically harvests papers from different sources.

Specifically, STELLAR allows to:

1. Identify the relevant papers from SMESE thanks to the computaton of & new ranking index {called, DTb
Index) based on paper's semantic and contexnal metadats such as discipline, topic, vemne, authors in order
to dafine the Literature Corpus of 3 specific topic or ares of research.
Define the Literature Corpus Fadins making nse of value of the similarity between each paper and a spacific
research area topic, title and descripdon (called LCE. Index).
Aszcist the ressarcher in refining the list of papers relevant for the literamare review. To namrow down the
search for relevant papers, many views and relationships of the list of candidate papers are made availsble.

Usimg varons types of datzsets and a simnlation protonpes, the STELLAR performance was evalusted and compared
to two existing approaches.

Kevwords: assisted literature review; literature review, machine lesming, literature review enrichment, semantc topic
detection, text and data mining.

(=

[

L
1. INTRODUCTION ar a LR for a PhD thesis, smdents find it difficult to
With the evolving, interdisciplnary and digital produce a literature review (LE).
nature of research, there are more and more scientific To obtain a mamual IR, the researchers mmast

publications; which increases enormously the velume dedicate to searching for hiterature will vary accord-
of scientific papers. However, the huge volume of ing to their research topic; which 15 very labor inten-
seientific publicatons available 15 becommg an 1ssue sive. For instance, Gall et al {Gall, Borg, & Gall,
for researchers (Boote & Beue, 2005; Mayr, Scham- 1996) estunate that a decent LE for a dissertation
bhorst, Larsen, Schaer, & Mutschke, 2014): grven that takes three to six months to complete. Fesearchers
their fime 15 limufed it 15 becoming imposzible for also have to stay aware of newly published papers on
researchers to read and carefully evaluate every pub- related topics to produce a meammngful LR, In (Carlos
lication within their own specialized field Whether a & Thiage, 2013; Gulo, Rubio, Tabassum, & Prado,
short review as an assignment m a Master s program, 2015), authors claim that an LR must address a re-
LISEISE &« 2017
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search guestion and identfy primary sources and
refarences. An ideal LE should retrieve all relevant
papers for inclusion and exclude all irelevant papers
(Carlos & Thiago, 2015; Gulo ef al | 2015).

In the context of scientific research the ranking
algorithms for papers evaluation are referred to as
scientometrics or biblhometrics (Beel et al, 2013;
Boromann, Stefamer, Anegon, & Mutz, 2014, 2015;
Cataldi, Th Caro, & Schifsnella, 2016; Dong,
Johnson, & Chawla, 2016; Franceschim  Maisane, &
Mastrogiacomo, 2015; Hasson, Lu, 8 Hassoon, 2014;
Madani & Weber, 2015; Marx & Bommann 2016;
MASIC & BEGIC, 2016; Packalen & Bhattacharya,
2015; Robio & Gulo, 2016; Wan & Lm, 2014; Wang
et al., 2014; Zhang, Zhang & Hu 2015). According
to literature, semantic metadata can be extracted from
papers using text and data minmg (TDM) alzonthmes
while machine learming medels (MLM)} leamn from
papers and researchers’ annotated papers 1n order to
1denfify relevant papers for a specific topic and re-
search field.

In this wiew, this paper proposes a new ecosys-
tem prototype called STELLAFR (Semante Topics
Ecosystem Leaming-based Literature Assistant Re-
view), that defines and bwlds an assisted hterature
review (ALR). The ALF is designed to reduce the
load of searching and reading of papers by pointing
the researcher to a recommended selection of docu-
ments. To do that, STELLAR. computes the ranking
index called Dynamuc Topic based Index (DTh Index)
that evaluates the relevancy of each harvested paper.
The DTh Index allows identifving the relevant papers
for a specific research area, discipline, topic, fitle and
deseriphon. To compute the DTh Index, STELLAR
makes use of paper’s contextual and semantic
metadata related to (1} paper’s vemue, (2) paper’s
authors and thewr affiliation mstitates, (3) paper’s
references and (4) paper’s citations analyzis. Specifi-
cally, STELLAF. papers relevance ranking algorithm
constders several papers’ features such as venue age,
type and impact, citafions category and polanty, re-
searchers’ annotated datz, authors’ impact and their

LISRISE
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affiliation mstitute. To asmist the researcher, STEL-
LAR selects the papers from SMESE, ordered ac-
cording to thewr relevance thanks to DTh Index, for
the hferature corpus defimtion that should be use to
build the hterature review. The selection process
takes into account the researcher’s (1) researcher dis-
cipline and language, (2} researcher mam topie, (3)
ks research fitle and (4} lis research descriphion
Indeed STELLAR computes the htersture corpus
radius index (LCE Index) that represents the similar-
ity between researcher’s selection parameters and
each paper located in SMESE. To give a visual rep-
resentation. this sumlanty 15 called radms where the
center of circle is the researcher’s selection parame-
ters; more a paper matches with researcher’s selection
parameters, more 1ts LCE Index tends to be equal to
zero and move 1t gets closer to the center of the cirele.

MNotice that the prototype of STELLAR has bean
mnplemented using our software ecosystem descnbed
m SMESE (Brsebois, Abran & Nadembega
Unpubliched results) and SMESE V3 (Brsebos,
Abran, Madembega, & N'techobo, Unpublizhed
results). SMESE allows controlling the access of the
sources and harvesting scientfic papers while
SMESE V3 allows emnichmg the harvested papers
metzdata in term of topies.

The remamder of this paper 15 crgamzed as fol-
lows. Section 2 presents some related work while
Section 3 describes the proposed ecosystem (STEL-
LAR) mult-platfoom architectwral model Secton 4
describes STELLAF processes to compute DTh In-
dex and LCR Index based on MIM and TDM con-
cepts. Section 5 evaluates the STELLAR algorithms
via simmlations and shows the STELLAR prototype
for LCR representation. Section 6 concludes ths pa-
per and miroduces the fuhure work.

L BELATED WORKS
The related works anzlby=is focuses on two re-
search sub domain of scientific assisted literature
Teview:
1 Machine learming medals
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1. FRankmg of scientific papers
MIMs are mmeh exploited by screntific papers
relevance rankmg algonthms.

1.1. Machine learning models

To extract hidden knowladge form the scianhfic
papers, literzfure recommends making use of text and
data ruming techmque. Indeed, TDM 15 a sub domain
of artificial intelbgence (A} which uses machme
learmng models to perform buman tasks m terms of
text analysis. A MIM explores the defimbon and
study of algonthms that can learn from and make
predictions on data. In the context of TDM, MILM is
used mainty for document’s metadata enrichment and
literature 1eview refinement in the aszsted hierature
review (ALR) process. For exanple, in the scienhific
text summanzation, two main MIM trends are iden-
tified-

1. Supervised systems that rely on MLM
algonthms trained on pre-exstng
document- surmmary pairs.
properties and heunstes denved from
the text. The unsupervized summan-
zahon methods (He et al, 2013} are
mainly based on the weight of words
in sentences, as well as the sentence
position in a document.

Carlos and Thiago (Carles & Thiago, 2015) de-
veloped 2 supervised MILM-based solution for fest
mimng scientific aticles wsmg the B language m
“Enowledge Extraction and Machine L earmunz" based
on secial netwrork analysis, topic models and bipartite
graph approaches. Indeed. they defined a bipartite
graph between documents and topies that makes use of
the Latent Chrichlet Allocation topie model.

1.1. Ranking of scientific papers

Two means of quantitatively evaluating scien-
tific research cutput are discussed m the Literature:
pear-review and citation-based hibliometrics indica-
tors. The mam limitation of citsbons-based ap-
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proaches have been criticized for having a scope lim-
ited to academia (Marx & Boronmann 2016).

Citation analysis 15 widely used to measure im-
pact of sciemhific papers. Scienhfic paper ranking
should also depend on the vemnue, the location of pub-
lication, the year, the author and the citafion index.
Some works in the field of scientific impact evaluation
(Bormmann et al | 2014, 2015; Cataldi et al | 2016;
Zhang et al., 2015) address the ranking of universities,
mstitutions and research teams. For instance, ML
Zhang ef al {Zhang et al., 2013) propose a method to
discover and rank collzborative research teams.

For thus research, many existing approaches for
sclentific paper rankmg have been evaluated (Bom-
mann ef al., 2014, 2015; Gulo et al, 2015; Hasson et
al, 2014; Madam & Weber, 2016; Marx & Bornmann
2016; Rubio & Gulo, 2016; Wan & Lm, 2014; Wang
et al., 2014). They suffer from a number of hmitations:

1. Most exishing approaches focus on the re-
searcher index or jowmnal index to evalu-
ate scienhfic research impact, ignonng
the papers mdex.

1. Most only use the cfations count; do not
consider the age of papers.

1. Do not take mto account the Social Level
Metric, and the polarity of citations.

iv. They do not consider the other types of
wvemues, such as conference proceedmgs,
workshops or unpublished documents.

w. Several approaches make use of MLM but
with large manual contnbubion.

A companson of two approaches proposed in the
literature for scientific paper ranking 15 presented m
Table 1: PTEA (Hasson et al., 2014) and ID3 (Rabio
& Gulo, 2016).

1. PTFA: Hasson et al. (Hasson et al, 2014)
propose a raoking algonthm, called Paper
Time Fanking Algorithm (PTEA)

i, ID3: Rabio and Gulo (Fibio & Gulo, 20146)
propose recommending papers based on
known models, meluding the paper’s con-
tent and bibliomeinc features.
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It can be seen from Table 1 that in ranking and
1dentifying relevant contributions, nerther of these two
approaches takes into account author impact, erfation
category, venue impact, authors’ institutes or citing
documents (the sz nghtmest columms).

Table 1. The PTREA and ID} approaches for rank-

ing papers

|

Approaches "
A
ai&ii‘aisﬂi

3. STELLAR MULTI-PLATFORM ARCHI-
TECTURAL MODEL
In this section, an overview of the STELLAR

(Semantic Topies Ecosystenn Learmng-based Litera-
ture Aszisted Review) architectwral model and 1=
prototype based on SMESE 15 presented The three
main processes of STELLAR are:

1 Dhscovery ALR

i, Search & Rafina ATR

. Assist & Fecommend ALF.

3.1. Worldlows of aszizted literature reviews
An ALF process, as illustrated in Fig. 1, should
allow using MLM for automated actvities. In addi-
tion, it alerts the researchers about new relevant pa-
pers, or related publications. Fig. 1 shows that
STELLAR. assists researchers to:
1. Discover or find relevant papers for his re-
search topic,
n. Search or refine his search parameters,
w. Evaluate exafing cited papers.
In the rest of this section, the STELLAR proto-
type 15 described in more detal
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3.1 Overview of the STELLAR prototype of an
assisted Hterature review

A LR has to be systematic: if should assess each
paper to deternine its rankmg and whether or not 1t 1=
worth inchidmz in the LR One of the avms of an ALR
15 to reduce the readng load by enabling the re-
searcher to read only relevant papers. The STELLAR
prototype (see Fig. 1) uses as mputs:

1. A universal research document repository
(URDE) that 1s made posaible thanks to
SMESE architecture.

. The enriched metadata of papers such as
researchers’ annotations.

STELLAR MIM algorithm learns from re-
searchers” annotated papers and the URDE papers’
metadata to recommend relevant papers for a specific
research field and topac.
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Fig. 1: Workflow of an assisted hiterature review

STELLAR first version prototype (STELLAR
V1) archutechwe consists to fowr main parts as pre-
sented in Fig. 2:

A Search & Fefine ALR (Block A in the
middle)
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B. Assist & recommend ATFR (Block B at the
top-night)

C. Discover ALF. Enowledge (Block C at the
bottom)

D. Semantic Metadata Eonchments Software
Ecosystem — SMESE V3; see (Brizebois,
Abran, Nadembega, ef al, Unpublished
results) (top-left m Fig. 2 — see also Fig. 4).

STELLAM - Samurtis Topics Eocoystam Lasming Sand Lsaaturs Asssind fvies - V1

Fig. I: STELLAF. - Semantic Topics Ecosystem
Learning-based Literature Assisted Review”

3.3. SEARCH & REFINE ALR

The Search & Refine ATR (block A in Appendi
A) consists of seven steps. The first step, called
Identify, Refine & Notify ALR allows idenhifying
and refining the researcher selection (FS) metadata
These metadata are classified mto two categones:
Document Common Metadata section (top part of
Table 2) and Researcher Annotations section (bottom
part of Table 2). The second step is Discover Rele-
vant Literature & Manage Personal Metadata that
allows measuring the paper relevancy making use of
the dynamic topic based index (DTh mdex); DTh
index 1s computed making used of TDM approach
The third step, called Evaluate, Organize & Index
the Relevant Literature, allows selecting the rele-
vant papers that matches with the researcher re-
qurement for lus ALE. In confrast to Literature Cor-
pus which denotes all the papers of a specific research
topic, the ALR Corpus denctes only the papers of a

! See Appendix A for a more readable version of Fig. 2.

LTSRISE

Vohame 3, issue 1, April — 2017. IS5N 2380-8128

Literature Corpus which meets ES metadatz for an
AIR The next step, called Forich & Summarize the
Literature Review makes use of TDM and MILM
approaches: to extract papers’ subject, to detect pa-
pers’ cifation category en polanty, to extract papers’
citation text and to performed abstract conformity. All
these ennchments form the enriched metadata of paper
that may be used fo provide acowrate summanzation
Syuthesize & Clusterize the ALR Structure & Ci-
tations step mms to synthesize and crgamze the rel-
evant documents mbo chisters related to the LCE index
whale Generate & Visualize the ALK step auns to
generate and visualize recommended papers in the
Literature Corpus. Finally, Metadata-based Litera-
ture & Rezearch Alert: allows detecting new rele-
vant papers or new metadata related to the ATF.

Table X. Researcher selection (RS) metadata

Num- Mletadata Diescription
her
A. Document Common Metadata

1 Dhisci- Salection of the dizciplme
pline related to the ATR

2 Main The mam topic is one of the
Tapic most important metadata for

buldmng the ALE. It shouald
be as specific as possible.

3 Litera- It 1s the main concept that
fure makes 1t poszible to refine the
Corpus  selection of research docu-
Fadivs  ments to be nchuded m the

ALR

4 Eeay- The researcher has to identify
words keywords representative of

the ATF.

5 Har- Diate of document harvestmg
vesting
Diate

[ Crea- Date of document creation
tion
Diata
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3.4, ASSIST & RECOMMEND ALR

Assist & recommend ALR (block B m Appendix
A) represents the STELLER core that allows refiming
the ALFE through two sets of steps (51 and 52). It
consists of the STELLAR. MIM engines (engme 1 to
5) designed to identify a specific corpus, evaluate
papers relevancy or define learmng models. The Lit-
erafure Corpus contains all the papers regardless of
thewr LCR index and the type of selection metadata
(Le., BSs or RAs). The papers wathin corpus radius are
those located at the surface (formang a disc) of a circle
with the specific corpus radius — see Fig. 3.

Based on the defimifions above, the Corpus Ra-
dms may be defined as the delimter of the Literzhwre
Corpus sugpested to the researcher for the ALR on the
basis of the researcher’s selections and annotations.
The E5 selection critena are the researcher’s metadata
whale the FA selection entenia consist of notes, tags
and key findmps.

T Title Title of the ATR

g MLTC - MITC is crucial to building
Mixof  and refining the ALR Ithas
Litera-  two indicators:
ture 1 - Number of vears coversd
Temp. by the search
Cow. 2 - Percentage of documents
(Yrs, %  outside ime-range to be m-

)] chided m ATR.

9 De- Abnief descnption of the re-
SCTip- search project of the ATR.
tion

10 Lan- The researcher has to choose
guages  the language of the papers.

11 b of The number of references that
Fafer- the ALR should consider.
ances

B. Researcher Annotation: Metadata

12 Eey Findings The Key Findimgs are
annotations regarding
important findings i the
document identified by
the researcher.

13 Free Tag= The researcher may
place tags on a docu-
ment in order to re-
member some mfior-
mation about it.

14 Persomal The researcher may at-

Motes tach notes to a decument
mm order to b ber
relatrve information.
These notes can be used
by STELLAR or the
researcher to help speci-
fythe ALR

15 Pre-defined  These are predefined

Tags metadata to help the

researcher. Examples:
Fead To be read, To be
inchided m the ATR.

Fig. 3: Sowrces used to build the suggested list of
A1 R papers?

To illustrate, consider the papers m the corpus
radius called “Papers relevant to ALR™ (disk wath
blae dots at the top of Fig. 3): all the papers within the

LISRISE
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gray disc are whose LCR index is less than or equal to
2; in thes case, the LCR threshold 15 set at 2.

3.5, Discover ALK Knowledge

The Dhscover ALR Enowledge' (Block C m
Appendix A) has two mam featmwes First, it allows
umvelling the content of the AIR discoverning the
papers harvested by SMESE and to explore the
metadata generated by STELLAR MIM algonthms.
Secondly, it analyses the references of manual LR in
order to evaluate thew relevance according to the
research topie.

More specifically, the first feature “Evaluate L™
consists in an assisted evaluation of an already pub-
lished LR To evaluate an emstng LR this feature
compares the exasting LR to the one from STELLAR s
MIM to quantify their simdlarity.

The tags created by the researchers are used to
enrich the AT R metadata. The process ‘Discove ALR
Enowledze’ makes it possible to dnll down through
different types of visualization of the corpus.

3.6. Semantic Metadata Enrichment: Software
Ecosystem SMESE 13

The SMESE V3 platform presented i Fiz. 4
(Briseboas, Abran, Madembega, et al, Unpublished
results) 15 our semantic metadata ennchment software
ecosystem for metadata ageregation and ennchment n
order fo create a semantic master metadata catalogue
(SMMC). Notice that SMESE V3 meludes SMESE
V1 featores; SMESE V3 checks continwously the
aceess to the sources of scientific papers and analyses
the data shuchwes m order to adapt the harvestimg
algorithms. SMESE V3 also analyses the papers texts
taking mio account the documents ceganization and
extracts the paper’s research topics.

The SMESE V3 plaiform allows ennichment
from different sources including linked open data
SMESE V3 is used by STELLAR to build 1= URDE
(1ts base repository of harvested avalable papers at a
given time 1.

ginesring
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| Sermastic Wetadats Enrchmants bofwane Loowvssn |LMESE 1]

Fig. 4 SMESE V3 - Semantic Metadata Ermichments
Software Ecosystem®

4. STELL AR PROCESSES DESCRIPTION

In this sechon the MLM approach used by
STELLAR to define 1fs core of processes 1s presented.
The core of STELLAR processes consists of five
engines located in the blec B (51 and 52) of the ar-
chifectoral modal of STEILAR Fig. 5 shows these
five engimes of the core of STELLAR processes and
the inferaction between them fo assist researchers for
thewr ALR corpus selection. From now m this paper,
the following terms are used mterchangeably: docu-
ment, paper and scientific paper.

Each one of these five core engines for STEL-
LAR processes is deseribed i detail in the following
sub-zections. Indeed, using as inputs the URDE that
and researcher selection (RS), the ALR radius com-
putation engine (engine #1) computes the LCR mdex.
Mext, using as mputs the ALE Corpus and the training
models bult by researchars, ALR Machine Learning
engine (engine #2) provides the ALK learming model
used by the Mulnlevel-based Relevant ALR Corpus
{engine #3). Indeed. when 2 new paper 1s harvests by
SMESE, the Multilevel-based Relevant ALE. Corpus
of STELLAR computes the DTh Index that measures
the relevancy of this paper and saves this DTh Index as
new enriched metadata of the paper. The ALR Refine
& Recommendation engine (engine #4) suggests the
ALR references list to the researchers and assists them

* Ses Appendix C for & more readable version of Fig. 4
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to refine this list while the ALR Corpus Radins Ana-
Iytical engine (engine #5) bwlds dynamue graphical
representations of the quanttative and qualitatrve
metadata about selected ALF. corpus.

In
“an bar estnd pap e
fivan DR LT
s L : =
N‘!uﬂr--lrlu-dhhw ALK ALS: Lostsing
cp = 4
e

Fogme 8¢

T T ——
(Engie =1

| —— . P

L L] ALE Eefee & Eecommronditeg ALR Coogon P Al nial
Engue =4 Eigar =7

'—

Fig. #: Interoperabality of the core engines of
STELLAR processes

In the rest of the sechion, we focus on the first
four engines.

4.1. Multilevel-based relevant ALE Corpus

Vohime 3, issue 1, Aprl — 2017, ISSH 2380-8128

are selected by researcher who requests the ATR
selects documents for the AT R corpus when the re-
searcher has not requested a personal or collaborative
index. The DTh index 15 a weighted sum of the values
that denote the importance of the different imputs
considered.

4.2, ALR radius computation

ATR radius computztion 15 used to select the
relevant papers to be included in the AR according
to the researcher selection (FS) and researcher ammo-
tations (FAs). The main factor of the ALE radms
computation 15 the LCE. Index LCE mdex computa-
tion 15 defined as a sub-algorithm of the semantie ATR
selection search that identifies the ALR corpus ac-
cording to the BS and RAs defined m Fig. 5; in other
word, LCE Index measures the sipularity between a
paper, considerng its text and its metadata, and the BS
and FAs parameters. To identify an ALR corpus as
shown in the Step 1 of Fig. 5, the selection parameters
(FA and RS) are classified mto thme categones (see
Table 3).

In the following Fiz. 6. the ALR selechon search
using the three categonies of selechion parameters iz
explained in detail

Table 3. STELLAF. classfication of re-
searcher’s selection (RS) and annotations (FAs) pa-
rameters

The mmltlevel-based relevant ALR. Corpus (In Evaluation-bazed Selection-baszed Sort-based
Step 0 and 2) is presented here. It 15 used to evaluate iz Topie Dhsciphine Literature Corpus
the relevancy of a paper based on a number of scien- Fadius (LCR)
tometric measurements. The measuwrement of rele- Eeywords Lanpuages Mix of the Liter-
vance 15 refered as the ATR Index. Three types of ature Temporal
ALR Index are defined in STELLAR: personal, col- Coverage
laborative and dynamuc topie-based (DTh). With the MLTC)
personal index the ALF. corpus can be restricted to Title Diocument Fa-  Number of Ref-
documents tagged by the researcher as “To be in- searcher ATno- EncEs
chided m the ATE" while collaboratrve index restricts tations
the ALF corpus to the documents tagged as “To be Description
included in the ATLR" by the others researchers who
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Fig. 6: Steps in a semantic ALR corpus selection
saarch

A Discipline and language researcher selections

Siep

In step A in Fig. 6, volume of documents to be
constdered may be reduced, based on: disciplne se-
lection and language selection.

Let DC be the chosen discipline, let L be the
given language, let DISCIFLINE be the metadata that
records the discipline of the documents in URDE, let
LANGUAGE be the metadata that mecords the lan-
guage of the documents m URDE and let Dis-
clan_Corpus(DC LG be the set of documents in the
language LG that are in the discipline DC. Dhis-
cLan_Corpus(DC LG) is obtained as follows:

Diselan_Corpus{DC, LG} = [select in URDR the

Documents where

Volime 3, issue 1, April — 2017, ISSN 2380-8122

DISCIPLINE is "DC” and LANGUAGE iz "LG"J

Thiz query to the URDE. extracts only papers m
the sperified disciplne and language. Lat C) be the
corpus of papers obtained m step A
B. LCR index computation step

Baszed on the set of papers selected in step A the
LCR index is computed in step B making wse of the
evaluation-based selections (see Table 3). The LCE
index computation step consists of five sub-steps as
follows:

i Similarity matching of researcher main
topic with topics extracted from docu-
ment ahstracts

This sub-step process, the topic detection ML
model called BM-5calable Annofation-based Topic
Detecion  (BM-3ATD)  (Brisebms,  Abran
Madembega, et al, Unpublished results) 15 used
BM-SATD combmes semantc relafions between
termys with co-ccowrence relations across the decu-

Here, the simwlarity matching iz based on the
n-gram zpproach where the value n 15 used as the
weight (Bertin, Afanassova, Sugimoto, & Lamviers,
2016): when the 1-gram expression m the ressarcher
mzam fopic parameter is found in the zbstact, the
weight i 15 associated with this expression.

Makmng use of the weight i, of each paper p of the
set Cy, the normalization of #, MNij) 15 performed in
arder that M{i,) value be between 0 and 1. Let MT, be
the Nii,) of the paper p.

ii. Similarity matching of researcher
keyword: with decument keywords

The weight j. of the smmlanty matching of the
researcher keywords parameter associated to paper p
15 the mamber kevwords of paper p that are found in
the set of researcher keywords parameter.

Making use of the weight j, of each paper p of the
set C;, the normalisation of j, Nij) 15 performed in
arder that Nij,) value be between () and 1. Let K; be
the N{j,) of the paper p.

LISRISE & 2017
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i, Similarity matching of researcher title

with decument titles

The researcher fifle and papers ftles are
pre-processed to filter noase. This consists in stem-
ming, phrase extraction part-of-speech filtering and
removal of stop-words. Mext, based on the ferms ob-
tamed, the maxivmm n-gram of the researcher title
which 15 met m the paper p title is used as the title
selection mmpact value k..

Making use of the value k, of each paper p of the
sat ), the normalisation of k. Mik.) 15 performed m
order that Mik,) value be between 0 and 1. Let Tp be
the Mik.) of the paper p.

iv.Similarity matching of researcher re-
search topic description with docu-

ment abstracts

The valie [, of The smulanty matching of re-
searcher research topie desenphton is semanteally
compared with the paper p abstact using Weord-
Net::Spmlanty (Pedersen, Patwardhan & Michelizzi
2004).

Making use of the value [, of each paper p of the
set O, the normalization of [, MN{l,) is performed m
ovder that M(1) value be between () and 1. Lat D, be
the M(l.) of the paper p.

v. LCK index computation

Finally, when the simalarity matching of each
evaluation-based selection has been completed
through sub-steps 1 to 4, the LCR mdex within the
[0,1] range can be computed. Mote that the LCE m-
dex 15 a weighted sum of the computed value of each
evaluation-based selection. The difference mn weight
between two consecutive evaluaiion-based selections

{12, o andor)1sa predefined constant value.

LCR  Indexip) = (N
(o, 0 MT )+, o K )+ (o w T )+ (a, 2 D)
a oo s,

7
htip:

W
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vi Literature Corpus Radins (LCR) thresh-
old selection step

In this step, a set of documents 15 sorfed or se-
lected accordmg LCE mdex value. For example, a
researcher may mdicate that the LCF. threshold 1s 0.7,
the output wall then be a subset of corpus C whose
LCE index is greater than or equal to 0.7. Let C: be
the corpus of documents obtamed in step C.

vii. MLTC AND Number of referemces
AND “To be included in the ALR™ step

MITC 15 the Mix Literature Temporal Coverage.
Let MLTC (x, v) wath its mumber of sslechons equal
M: this means the researcher expects to have at mest

N documents, with a maxdmum of (IM-x)% (Le,
T

N
lﬂﬂxtlﬂf}—x}) that are at most y years old, and

inchidmgz all the documents tagged “To be included
in the ATR" Mote that the latter document= have
prionty.

Furst, 2 list (in descending coder) 15 created based
on the LCE index applied to corpus C; where the
documents tagged “To be meluded i the ATR™ are at
the top due to their prionty.

Let Al Cybe thus st Mew_C; is defined as a
sub-list of C; in which the document age is less than
or equal to y, and Old_C; contams documents older
tham y.

N
Lat A=ﬁ:(_‘rbe the length of Mew_C; and

T
B= lgox[lﬂﬂ—x:b be the lenzth of 0ld_C; To
take mto account the three zelechions made n
sub-step D).

MNote that, when the number of documents
All Cy 15 less than M, all the documents are consid-
ered affinity matches for the ALE: in that case, the
MLTC selection 1s 1znored.

However, when there are not enough documents
whose age 15 less than or equal to ¥ to sahsfy the

01
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MILTC selection, 2 new MLTC is prowided in order to
reach the number 4. But if the researcher requures the
MITC zelection to be met, some documents are re-
moved from Mew_C; in order fo meet the selected
MLTCx, v).

If an “0OR" has been placed between the re-
searcher salections, the LR corpus will be defined as
the umon of the C2 subsets provided by the MLTC
process, the Number of references process and the “To
be included in the ATR” tags.

4.3, ALE Alachine Learning

ALR Machine Learmng (Step 2 of Fig 3) for
semantic ALR selection is the mam process of
STELLAR It is a supervised MLM that makes use of
2 traimng set in order to provide the leaming model

For the rest of this sub-sechon, crfed document

denotes the paper cited by another paper while the
citng document denotes the paper citing another pa-
peer

4.3.1. Section recognition learning model

The section recognition leaming model n
STELLAR allows to identify each section of a paper
in crder to know the section of each sentence. Indeed,
knowing the section in which a senfence appears may
change its context. For example, citations in the “Fe-
lated Work™ sechion do not cany the same weight as
those in the “Discussion’ section in terms of identify-
Ing existing papers m a specific domain. To perform
automatic section detection, manual training model 15
used

4.3.1, Citations-based learning model
A citations-based learmng model has been designed
to wdentify and extract citahons 1 documents. Ths
learming model is divided as follows (see Table 4):
A Citation style leamning model based on citation
style
B.Cifation classification leaming model based on
rhetorical categones, cue phrases.

Vohmme 3, issue 1, Aprl —2017. ISSN 2380-8128

A cue phrase is the phrase that often ocows m a
certain rhetonical category. In the case of citation
classificahon, the verb plays the main role. Fe-
searchers are asked to read and daetect the cue phrases
associated with each cration polanity and category;
thos makes 1t possible to bunld a traning mode] of cue
phrases and their classifications, which 1= mtegrated
inte the “Training Model™.

Table 4: Citations-based learning modal

A Citation style learning model

Style marker Description

Numeneal The syntax of this crfation style i=

the number between brackets.

Textual Thes ertation style: (-names of au-

thors=, year) or < names of au-
theors = (year).

Personalizafion Ths style 15 based on the set of

texts that refer to cited papers.
B.Citation classification model

e b s Deseriut:

Relavant According to the chng docu-
ment, the crted document 1=
relevant.

Problem Thke cted document presents
the issues that led to the re-
search.

Uses The cited document proposes a
solution that 15 used mn the cxt-
ing document.

Extension The cited document proposes a
solution that 15 extended by the
ciing document.

Companson The cited document proposes a

solution that 15 compared with
the citing document selution in
terms of performance.

Mext, based on semanhic similarifies, any rhe-
torical category that was not detected mammally 1=
detected automatically and added to the model. The
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polanty model is proposed in order to indicate whethar
the cifation is posifive or negative.

4.3.3. Text-based learning model
To define the text-based learming model text
categories have been predefined as follows: problem,
sohation and results. As in the citation-based leaming
model, rhetorical expressions are detected by means of
cue phrases. The text-based learming model is orga-
nized as follows:
1. The cue phrase leaming model contaimng a
List of cue phrases {CPs): problem CP, so-
lutton CP and resalt CP.
2. The thematic learming model (TRs):
a. Problem leaming model: kst of problem
rhetorical expressions (P_TE)
b. Sclution learming model: list of solufion
rhetorical expressions (5_TE)
c. Result learmmng model: hst of result rhetor-
ical expressions (R_TE).

4.4. ALR Refine & Recommendation MLAL
Making use of the relevant and enriched papers
identified automatically by STELLAR and contained
into ALR Corpus according to the RS and BAs, the
recommended selechons parameters are provided fo a
researcher. Thiz MIM engine recommends three dif-
farent aspects of the ATR selection s shown m Fig 7.
In other word, this enpine suggests new ES
paramefers fo the researchers in order to maxmum the
relevant papers for lns ALR

— Fouras mursd Fagar
T 10k A 7 Rl
Fromviks A8 Lhi

—

Arcavrresd s Hea

[Rrrape e &
snmeding o LR

Y

Vszrerard N ool MTLL
1 e s ot AR
Damiy

Fig. 7: Refinement & Recommendation MLA*

4 See Appendix D for a more readable version of Fig. 7
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5. STELLAR PERFORMANCE EVALUATION
THROUGH SIMULATIONS

This section presents an evaluation of the per-
formance of the STELLAFR protobype through a
mumber of simulations to the identification and rank-
ing of relevant papers.

5.1. Dataszets
Two datasets were used for the simulations:
1. A dataset harvested from databases
. A baseline dataset.

5.1.1. Dataset harvested from databases

Far the stmulations, 2 000 scientific papers were
collected from databases such as Science Direct and
Scopus. The papers dealt with vanous research topics
m Computer Science. Two sub-domams were chosen,
each wrth 1,000 papers: (1) Artificial Infellizence, and
(2) Information Systems. For these simulations, the
sub-domains are freated as domains. The other
metadata were collected as bibliographuc references.

For each paper, the downloaded bibliograpluc
files were parsed to extract the metadata and were
imput mto the SMESE V3 platform with the paper
itself Here, a scenario was defined as a set of two
simulator runs, one on each domain dataset. For the
simulator nin parameters, the metadata of one paper in
the dataset (disciphne, lanpuage. title, topic, keywords
and abstract) were used as the BS and BA parameters.

5.1.1. Baseline dataset

Far the present study, we had already produced a
manual ALFR that is listed mn the References section.
The baseline dataset consisted of 58 papers dealing
with both generzl and specific fopics within the do-
mam Here, a scenario was defined as one simmlator
nm where the 58 papers constitated the dataset For
the smmlater nin parameters, the metadata of the
present study (disciphne, language, fitle, topic, key-
words and abstract) were used as the RS and R4 pa-
rameters.
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£.2. Performance criteria
As in (Ribio & Gulo, 2016), two performance
criteria were used to assess the relevancy of the papers
for the resaarchers:
1. Accwracy: the percentage of true classifi-
cahions
1. Precision: the percentage of the classified
itemns that are relevant
Conzsidenng the sets of relevant papers (REL)
and non-relevant papers, (NEEL), true relevant (TR)
denotes the papers classified as REL when they really
are, while false relevant (FE) denocte the papers clas-
sified as REL when they are not. Thus, with the same
loge, the papers classified as NEEL can be true
non-relevant (TN} or false non-relevant (FIN).
Accuracy, denoted by a, was computed as fol-
lowrs for each scenano:

~ TR 4 FR
“TTR+FR+TN +FN

Precision, dencted by p, was computed as fol-
lows for each scenario:

R
P=TrR+rR

To identify TR, FR, TN and FN for each sce-
narno, a target paper was chosen for the domain; next,
the metadata of this target paper were used as the
selection parameters and the references papers from
the cutput set were compared to the cited papers of the
target paper. Through this compansen, TR, FR, TH
and FI were defined Let a; be the accuracy of the
scenario i of the dataset j; the average accuracy is
defined as follows:

E?:i @
Avg g, =—F——

Simdlarly, the precision of the scenano i of the
dataset j 15 defined as:

E'?—'. =

i

Avg =

LISRISE
Ity e i srise com
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where D) denotes the number of datasets.

£.3. Related ranking approache: for comparizon
purposes

There are two other works on scienfific paper
ranking-

= PTRA (Hasson et al | 2014)
= ID3 (Rabio & Gulo, 2016).

PTRA and ID3 are desenbed in section 2.1 Ta-
ble 5 presents a summary of the critena taken mto
account by each ranking approach: the bottom hne of
Table 5 hsts all the critena used in the STELLAFR
rankmng approach.

Table 5, Cntena taken mto account m three paper
rankmng approaches

k |
o i 1iy i
SRRERERE
XERRENRER
] P iiifl
PTRA (Msas sl 214 X X X
10 [Prishia & Ohulo, 30§ X x x X
ATELLAZ X x X X x X X £ X X

The performance of the STELLAFR approach was
compared against the performance of FTRA (Hasson
et al., 2014) and ID3 (Fibio & Gulo, 2016) on the
same datasets and scenanos. In the previous Table 7, 1t
is observed that for ranking a cited paper as relevant,
STELLAFR considers more criteria, such as vemme age,
citation, authors” impact, ete.

5.4. Analysis of the simulation results

Thus section presents the analy=is of the simmla-
tion results m terms of papers’ relevancy for the two
datasets.

£.4.1, Simulation using the dataset harvested from
databases

Fig. & shows the average accwracy for the three
different simmlations (STELLAR ID3 and PTRA).
The horizontal aws represents the saquence number of
the simmlation scenarios and the vertical axs repre-
sents the average accuracy of the associated scenano.

017
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It 15 observed that STELLAR performs better
than ID3 (in preen) and PTRA (in blue): STELLAR
has an average accuracy of 0.9] per scenano while
ID3 has an average of .60 per scenarno. The average
relative improvement in accwracy (defined as [Avg_a

of STELLAR ~ Avz_a of ID3]) of STELLAR in
comparison to ID3 is 0.32 (32%).

g b o
[T
07 |
e —— e, P N |
1% 05 |
lEpr—e oy
[FLIS
02 emitam .
o} m ——
FTRA —s—
1 2 | 5 6 7 8 9% 1
Seenario sequence number

Fig. §: Average accuwracy vs Scenano sequence num-
ber — Harvested from datzbases

Fig. 9 showrs the average precision for the same
scenanos of Fig. 8. The x-axis represents the simula-
tlons scenario sequence mumber while the y-axs rep-
resents the average precimon of the associated sece-
nario. STELLAR performed better than ID3 and
PTRA: it produced an average precision of (.96 per
seenano while D3, the better of the two approaches
used for companson, had an average of 0.65 per sce-
nano. The average relative improvement (defined as

[Avg_p of STELLAR ~ Avg p of ID3]) of STEL-
LAR in compansen fo ID3 1s 0.31 (31%:) per scenano.

In both simmlations and enteria, STELLAR
cutperformed ID3 and PTRA. Ths performance mught
be attnbutable to the use of additional bibhometne
metadata.

Vohime 3, issue 1, April — 2017, ISSN 2380-8128
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Fig, 9: Average precision vs Scenario sequence mum-
ber — Harvested from databases

£.4.1, Simulation using the baseline datazet

Table 6 presents the accuracy and precision when
the list of papers m the baselme dataset (Le., the ref-
erences cited m this paper) 15 used as the dataset for
simulations with the three ranking approaches.

Table 6, Summary of performance criteria (acouracy
and precision) using the baseline dataset

Approaches Avg a (%) | Ave p (%)
i I T 77.16
2014)

ID3 (Ribio & Gulo,
=, 5398 4197
STELL AR 76.09 68.73

1. STELLAR produced an average accuracy
(Avg_a) of 76.09% while ID'3 produced an
accuracy of 53.98%. The relative im-
provement in accuracy of STELLAR as
compared to ID3 15 22 11%.
1. STELLAR produced an average precision
(Avg_p) of 68.73% wihile ID3 produced a
precision of 41.97%. The relative im-
provement in precision of STELLAR as
compared to D3 1s 26.76%.
Mote that all the smmlafions are based on limited
datasets, and should be extended later to larger da-
tasets.
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5.5, STELLAR prototype

This section presents a number of STELLAR s
input screens. It can be seen that the radius of the paper
at the top of the hst 15 0.0: mdead this is the target
paper. Fiz. 10 represents the timeline of a docu-
ment-based lhferature corpus radins, with the hon-
zonfal axs mdicating the year of pubhcation (here,
from 2011 to 2016).

BTELLAR
P P PR @

Tiommstins Coteal Bt " - o iy Dt

W am |
Y

Fig. 10: Timeline of a Document-based Literature
Corpus Radms (LCR)

The radius denotes the temporal distance from
the document at center to the cited documents and to
side represent mmltiple documents—hera, 20 to 33
documents.

6. CONCLUSION AND FUTURE WORK

This paper has proposed an assisted lhiterature
review (ALR) prototype, called STELLAR (Semantic
Topics Ecosystem Leaming-based Literature Assis-
tant Review). STELLAR 1s based oo machine learning
medel (MLM) and a semantic metadata ecosystem
(SMESE) to identfy, rank and recommend relevant
papers for an ALF. according to researchers’ selection
parameters and annotzfions. Using text and data
mimmng (TDM) techniques, MIM and a classificafion
model, STELLAR assists the researcher o search
relevant papers that meet his selection of parameters.

Volume 3, issue 1, April — 2017. ISSN 2380-8128

The leaming models applied by STELLAF use re-
searchers’ annotated (RA) data and semantic enniched
metadata as traimng data. STELLAFR also recom-
mends selechon parameters to researcher in order to
refine the search.

The STELLAR prototype is based on SMESE
V3, desenbed in (Brisebois, Abran, Nadembega, etal,
Unpublished result=). The conimbutions of STELLAR
mchude:

1. MIM demigned to semanhcally harvest a
Unrversal Research Documents Reposito-
1y;

1. Enhancement of Literature Corpus Fadms,
which compute the distance from each pa-
per to the center of the Literature Corpus;

111, ML that help the researcher discover, find
and refine the list of papers recommendead
for mehasion.

The performance of the STELLAR prototype has
been evaluated through a comparison against a base-
line mamal LR wsing 3 oumber of sinmlations. In
terms of acouracy, the STELLAFR. AR provided an
average accuacy of (.91 per scenane whle ID3 pro-
vided an average of (.60 per scenano. In terms of
precision, STELLAR produced an average of .96 per
scenario while ID3 had an average of 0.65 per sce-
nario. In companson to ID3, STELLAR vielded an
average relative improvement in acowacy of 32% per
seenario and an average relative improvement in pre-
cision of 31%.

As STELLAR fatwre work (Le, STELLAR V2),
the next contrbution will focus on “Abstract of Ab-
stracts summarnization (AcA)” i order to extend
STELLAF. More specifically, papers’ abstracts will
be used as mput for our scientific paper summanzation
techmique to generate the Acf. STELLAR V2 wall
allow enhanemg the SMESE V3 prototype to harvest
semantic metadata from more different sowrces as TV
gmdes, radio chamnel schedule, books, mmusic and
other events calendar and create triplets to enriching
metadata.

LISEISE © 2017
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Appendix A: STELLAR - Semantic Topics Ecosystem Learning-based Literature Assisted Review - V1

LISRISE © 2017

L jsrise com

PE- 24

STELLAR — Semantic Topics Ecosystem Learning-based Literature Assisted Review - V1
AL Earpus Identificatian .
: ebaciaey accarding to fae
H MLR Adfimigy Masch A bor Salsting Computation Engine
i i AIEST
r— Bhultibevel-basad ALR Rading B e
: K ALR Maching B " rrae
i ALR Engine Learning Engice = Enging =
i -——ﬂ—l—l—l—-‘ -
i ALR Semantic ALR Corpus Radius
i L] mrw;::u:lbl P | Enrichments Engine Analytical Engirs
= 3
freww
= Ieantity, Rafine & Notily el A, SN Envich & Sumimarive o Generate & Visualize
T ALR'S RS Literature & Manage & Imdex Relevant s Clustering ALR AL
i Personal Metadata Literature [RA&) Atructure & Citabons
Metadata-haved 0
SEARCH & Litersture & (=)
R A . Research Alors
S
| R | P ASCWER BLA Jr— ] ™= .
| : ] . %“:‘ HHCWLEDGE S *
| i::'ﬂrnm\' [—— bt :-1'_"._?"'- .
| e — 1 alll vagpass ey wgEweal’)
| it eafavance | e L e
Hevpniiey Do, Croovion Gobr P, | {0 e e
e S - J—
B | e TR E’ e o
[P Mt P g P i ﬂl!lﬁnl’iuu'ﬂhu ;
PO g e el ] j — 3
— o =
A b A -
2 b inchedncin 1
P Armr Pt




443

International Joumsal of Scientific Research in Informestion Systermns and Engineening
Volmme 3, issue 1, Aprl — 2017, ISSN 2380-8128

Appendix B: Fig. 3 - Sources used to build the suggested list of ALR papers
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Appendix C: Fig. 4 - SMESE V3 - Semantic Metadata Enrichments Software Ecosystem

SMESE V3 - Semantic Metadata Enrichments Software Ecosystem
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A Semantic Metadata Enrichments Software Ecosystem EH
Context ofthe thesis

Research Motivations:
1. Very Limited Interoperabkility in existing Digital Library (DL).
2. Limited capabilities in Autematic Cataloguing
(based on non-annotated metadata).
3. Limited capabilities in Topic, Sentiment and Emotion Extractions.
4. Very Limited Assisted Literature Reviews for scientific papers.
(no focus on researchers annotations and research metadata).

Research Goals:
1. Proposal of a unified metadata model and mapping ontologies applied to DL.
2. Harvesting and semantic aggregation of metadata regardless of the sources.
3. Semantic enrichments of metadata by text analysis:
1. hidden topics,
2. sentiment and emotions.
4. Assistresearchers in the evaluation of scientific papers relevancy, semantic similarity
and ranking by topic or area of knowledge.
T

A Semantic Metadata Enrichments Software Ecosystem EH
Overview of the thesis [1/2)
CET e
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Overview of the thesis (2/2)
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SIS LITERATLRE RIS e .
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ST ETE
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..... - ﬁ _1 Savraric raiariometioy
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1. Introduction

A Semantic Metadata Enrichments Software Ecosystem
its Prototypes for Digital Libraries, Metadata Enrichments and Assisted Literature Reviews

m

Context of the thesis [Motivations and Goals)
COwerview of thethesis

5. Future Works & Questions

. . 1. Software Ecosystemn Model
2. Literature Reviews 2. Semantic Metadata Enrichments
3. AssistedLitersture Reviews
. 1. Software Ecosystem Model [SMESE W1}
3. Major Research Themes 2. Semantic Metadats Enrichments [SMESE W3}
3. AssistedLiterature Reviews [STELLAR V1)
. . 1. Published articles related tothis thesis
4. Research Contributions 2. Software Ecosystem Models [SMESE V1)
3. Semantic Metadata Enrichments [SMESE W3)
4. Assisted Literature Reviews [STELLAR V1)
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A Semantic Metadata Enrichments Software Ecosystem EE
Literature Review Papers Distribution
Wepen AN G I Mol ME Mes 0 e mod M0 mu |ma mu oml ms wm
Software Ecosystem Models | ! F] oW u ¥
Semantic Metadata Enrichments 1 1 1 1 1 [ ] B [ "
Assisted Literature Reviews | 1 1 1 1 1 1 2 PR T T T
Relevant papers N

Refererce Papers Temporal Coverage Referencs Papers Distribution

5N L
. &
- ‘;\
, g
: = & T =
n Ml & = 3 Ll
| - R
: . T T e |

A Semantic Metadata Enrichments Software Ecosystem EH
1. Software Ecosystem Models: Related work limitations
Main drawbacks of SECO-based [Software Ecosystems) related to Digital B Metodamn

; . T
Library (DL):
1. Do not offer a unified and interoperable DL metadata model.

2. No architecture that simultaneously takes into account
semantic metadata enrichments applied to many ecosystems.
[ostem ]

3. No internal or external
enrichments using a semantic
model.

Number| Model |Characteristics
SECO [intemal and extemal developers
| SECO |Evaluative common technological platioem |
SECO | Controbed cantral pan
| SECO |Enable outside contribusions and exiensions |
SECO |Variability-enabled architecture
| SECO |Shared core assets |
SECO Auvtomated and tool-supparted product derivation
| SECO |Dutside contributions included in the main platform |
SECO [Social network and IoT integration

4. Do not propose a multi-domain
ontology and thesaurus
for semantic enrichment process.

SO - Betwws Brzapaie
leSrorctall., 2004

Chratiar Dopdicr Laforlory NEVIS
kokarra Koplor Uricnily e, Ao

D B~ ® B ok DR =
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A Semantic Metadata Enrichments Software Ecosystem m
2. Semantic Metadata Enrichments: Semantic Information Retrieval
Semanticinformation retrieval (SIR) models and their characteristics
* Keywords
*» Classifications
J5IR Medel i}“’ fi » Sentiments
M * Fmotions
| |
udchamy AP [(hite Fawew. alchammyag com) X K| X X X cmmPts
| Beipedia Spotioht (hhpeciigitu comidbpedia-spotiht x
Wikimatn (Wipaiave w3.ong 200 1 iewdsdaWikimasls) x
|wmwnquam [Tt A i i Oy Lo LA ) X X
Cipaart Clain. (elip v cpieicalaie com) XX X
|'|'um|.kniyw hitpaMona-arakypsr-demoumyblusmbonell) XX
Zemanin (hEpFaww zemanta comi) x
FRieoepiet hip e necepbia adf) XX
Apacta Stanbel hipeUelnnbol apsches.org] x
| B ot ot it v x| |x
Mloacsdl patrl (hepeciimaricet. e o Mot Ao bt ] X
Hiylen (hiptaylen com’ K|X|X
MDA [hifipcifsansaable mit edsmda’) x
|ww [liptwiber.crg) X
Tasames (g bwwer Moo o) X
| Synaskatch (mpireadinac. comismesketch) E
Tonsapd (hitp:VSoneapd comf) XX

A Semantic Metadata Enrichment Software Ecosystem m
2. Semantic Metadata Enrichments: Example of related works

1. Hidden topics detection

Works | Text size Approaches Semantic | | Topic correlation | Machine Learning
[Dang ot al,, 2016) sho  |Dynamic Bayesian networks Na Mo b
(Cigaman al al., 2016) | short  |Formal concapt anatysi (FCA) [ Mo Mo
[Sayyadi & Raschid, 2013) long | Graph analysis methods Mo Mo Mo
(Salating & Motta, 2016) | long  |Graph snalysis methods [ Mo Mo
[P. Chan et al,, 20186) long | Probabdistic and graph analysis methods Mo Mo Mo
[Hurtado ot al, 2016) | lang |Sentence-level association ruke mining Mo Mo Mo
(C. Zhang et al., 2016) lang Probabdistic and graph analysis mathods ] Mo Mo

2. Sentiment and emotion detection

Waorks Text granularity Approaches Semantic Valence Emotion
(Cho et al, 2014) Dotumnent  |Keyword spotting X
(B ot al., 2012) Documant StalisticalLeaming based mathods X X
(Lei at al., 2014) Phrase or clause |Laxical affinity X
(Anusha & Sandhya, 2015) Document StatisticalLeaming based methods X X
(Cambria of al., 2015) Dotument Staftistical/Leaming based mathods X X
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A Semantic Metadata Enrichment Software Ecosystem EH
2. Semantic Metadata Enrichments: Example of related works

1. Hidden topics detection

Works |Tmme[ Approaches ] Semantic ]T-upiccmelatlan Machine Learning
1

[Dang ot al,, 2016) - —
Wmaam_l 2018 | " Based on simple keyword extraction from text.

[Sayyadi & Raschid, 2013 * Limited co-occurrence onalysis.
(Salatino & Motta, 2016) | »  Existing approaches focus mainky on detecting topics or frequent co-occurrence

{F. Chen et al., 2016) relations. Not focusing on latent modeling and large text.

fiaiados ol 21618 Many works do not include machine learning to find new topics automaticallby.

[C. Zhang e al., 2016) = X X |
 IN— — 1

2. Sentiment and emotion detection

Works | w painly use terms and frequency, pre-defined patternsand sentiment shifters {+ or -).
(Che et al, 2014) Maost of the recent contributions are interms of valence (positive or negative opinion).
(Bacetal. 2012} | w npg not combine sentiment and emotion analysis.
(Lei et al, 2014) * Do not take large text documents, they are sentence-based.

(Anusha & Sandhya, ,
(Carmbria ot al, 2015 * Do not allow human input.

A Semantic Metadata Enrichment Software Ecosystem EIS-
3. Assisted Literature Beviews: Related work limitations

1. Many papers related to Literature Review don’t use
important related metadata

2,
* Research domain ﬁ ’;;.9“ &
* Research specific topic S §-§£§£ﬁ f@ﬁﬁé*\f
3 3

* Research title Approaches & 6‘? w“‘@
* Research description PTRA (Hasson et al, 2014) x| x X
* Matching keywords ID3 (Rbio & Gulo, 2016) x| x[x|x
* Notes from researchers FTRA Hassonetsl 2014
. N e - Coll=ge of Education of Pure Scence,
2. Evaluation of scientific papers relevance do not take into account: Basre University, Basre, irsq
* Venue {publisher or conference) impact D3: Riibio and Guls, 2016
. . Brtifick e vl Coi e S Laborarbos
* Authors daffiliation and awards :u:,- ofa:rr;er..:irg EHT{TMM il

Portw
* Distinction between co-authors and their order as co-authors =

3. Specificlstructural organization of papers|requires other method of text summarization.
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A Semantic Metadata Enrichments Software Ecosystem m
its Prototypes for Digital Libraries, Metadata Enrichments and Assisted Literature Reviews

. 1. Context of the thesis [Motivations and Goals)
1. Introduction 3. Overview of thethesiz
1. Software Ecosystem Model
2. Semantic Metadata Enrichments
3. Assisted Litersture Reviews

2. Literature Reviews

. 1. Software Ecosystem Model [SMESE V1)
3. Major Research Themes 2. Semantic Metzdata Enrichments [SMESE W3}
3. AssistedLiterature Reviews [STELLAR W1}

. . 1. Publizhed articles related tothis thesis
4. Research Contributions 2. Software Ecosystem Models [SMESE V1)
3. Semantic Metadata Enrichments [SMESE V3)
4. Assisted Literature Reviews [STELLAR W1)

5. Future Works & Questions

A Semantic Metadata Enrichments Software Ecosystem m
1. Software Ecosystem Model: master-catalogue contents classification

Unified Metadata model (DL):
EXTRACT of the METADATA MODEL of the SMESE's Master Catalogue

~ Lalendani Lontenti Dotumenti ® ALRg Ploved Bewards
1. Entity =214 * inberests = Awdio Books = Googhe Doc = Tiire = gty * Lirterature
= Libvory = Books = FPaint = Topss ® dorolisban = Movies
2. Metadata =1,548 - = Corogrophic Mat, = POF T ——— " ke
- * Rewards * Cifatisns * Powerpoist * Ereferences * - Mol
3. CrcrssWalli[?ntDIclgyJ =16 * TWihoanel = Comics * Speeodiheer ¢ Aanctotons Prosdects .
[using Protégé) . = {ompes = Word . v Financial Ersoae
- R * anga s Cjects * Groceies = Onling
4. International Library ST u Nacraforms fvents s Obiwct  © Hoahwore . Phicol
Standards = = libeary = Miovies (DVD) = Cinemgs Bep. = Workof At = Notwo! Heolth 5 o
- - - * Orgonietions = ioeic (DY = Expositions J » Phormaty Subjects
5. Semarnticrelationship = * Fersnel ® hskcal Portitions © Libér Spiits Perioni * Eaftwore * Genoses
- . ® (M Bosks = News * Antor * Mindhiaps
6. EasEdIanEuagE' = Fhotos fimoge] = Nobifcatoes = Author Peblivations = Onioiopes
& Fresr & Pregs Conference ° Criebnty " ArTicles .
® Leriah " Shsws * Moikian  ® Eedecotion Pragross WibSet
= Snungy = Spectockes = FPolpcks  * Foct Sheets = Homewonk Help
* Videos * Theoters * Frodwcer ¢ Questioni/dsiwes * Toeth
- & TV Shows & Snger & Manyal ]
. * Sudests ¢ Monographs Wk
= Lhser = Mewsktiers * Comcepls
= PoeCond = Expresmiong
* Poisers * Manfestotions
= Frocesdings -
= Thesh
.
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A Semantic Metadata Enrichments Software Ecosystem m
1. Software Ecosystem Model: Harvesting & Metadata Aggregation (1,/2)

Example of Book's Ontology included in SMESE (26 ontology domains) N S

o ™ — L by
v Eyternal enrichments Ontology-LOD-FRBR hased allowto create semantic relotionships.
v External enrichments Ontology-LOD-FRBR hased allowto create a spoce to novigate o mesh network of contents

s T =t — 1 - — gl

Busiler =
Linked Open Dets [LOD)

VSO
Bock (=) - '-'“::: f;f;—F*
e,
= =

Ao kol Vo, 2007) ERBR

[Functional Reguirements for
Bibliographic Records)

A Semantic Metadata Enrichments Software Ecosystem m
1. Software Ecosystem Model: Harvesting & Metadata Aggregation (2/2)

Ontologies, LOD |Linked Open data) and FRER
[Fu nctional Requirements for BibliographicRec Drds]
have been used together to implement the
SMESE and STELLAR prototypes.

= - ==
] e -
A - -
= e L
e b -
e =
.- JE——t
.- =
=S — e
= = o L]
= e 8
B [
e ey
3 = - a
e (R VS R A
Lilm e
"
.-
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2. Semantic Metadata Enrichments

A Semantic Metadata Enrichments Software Ecosystem

m

= Bin Tuatal Tanal
) | Mms | %% | Cossemn Barsented
1. Extension of the topic modeling with semantic information ' R i
using words co-occurrence relations. , |t pwwmegentn |y | o | asewsa| e
. i . * ::__.__,,\““" s LR amaees | e
2. Definition of the latent co-occurrence relations between N (P Y IR
) o
two terms are measured from anisolated term-term o |mptmmnaii | | (g v arese
perspective. N e L I T
P R AT | 1Paped | nTe1en
3. Use of MLMs, semanticrelations and sentiment lexicon to s ol ssaes| seses
detect topics and sentiments in large documents. e | b v | v | e
" lul|  eaz| wan
(B r B s 213
— 1o | o | ol sema| ma
/ I alik it EEE TR0
IlI.- : //_,-" o r | e | [
LEARKING EE TR - f | s | Ert JH. 308 730
EDI\ ENGINE meciel 5 |_aes 27w 7em | 3 weT e
Hiabas ; § finishod and Be harvosting
Narndiey .

Samtmand poledty (Valomos)

Harvested documents (35 march 2017)

5127591
Harvested documents (as may 2017)

Machine Learning Models (MLM]}

A Semantic Metadata Enrichment Software Ecosystem
2. Semantic Metadata Enrichments: Machine Learning Models —Hybrid Model

iy
i
i

Supervised Unsupervised

!

Linear Non Linear Self Organizing
Maps

-

K Means
Clustering

m

NN
Separaaad Lamming Algza®ma Fal mpva carg lebdsl cameia
The SMESE and Comw Sigeitim  rbitoes ww pmmaten s et v
Clmasfoatices Freficiog o calsgmocal agst venatls
STELLAR MLMs magwaaioe Teziizieog mozeioona s e etz
. = Sapoiar Molwerk
are h\rhnd LT Mcural Mctwedk
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A Semantic Metadata Enrichment Software Ecosystem
2. Semantic Metadata Enrichments: Machine Learning Models —Hybrid Model

ETS

* Linear classification

| The hybrid model idea is:

* Ruled Based classification

: fast
s highaccuracy

to give more importance to linear classification (fast) when the metadota size increases.
| i
| ; { =.
Non Linear Self Organizing K Means
I Maps Clustering
EN  Decision | Rules- NN
Trees besed
........... I
A
The SMESE and e it i e prepbor e et ke
Cmaifoatos icirg @ calopeecal el
STELLAR MLMs i ot oo et el
n e Mcwerk
are hybrid - P

1. Imfrcduchon

2. Uiowlun: foacw

4. =o

3. Fuluec Worda & Cuotior

CorinBulicra

A Semantic Metadata Enrichments Software Ecosystem
2. Semantic Metadata Enrichments: SMESE architecture (1,2)

Semantic Metadata External &
Internal Enrichments
Synchronization Engine

Rules-based Semantic
Metadatz External
EnrichmentsEngine

ETS

User Interest-based
Gateway

Semantic
Master

Catalogue

Rules-based Semantic
Metadata Internal
EnrichmentsEngine
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A Semantic Metadata Enrichments Software Ecosystem m
2. Semantic Metadata Enrichments: SMESE architecture (2/2)
SEWIANTIC WIZTROATA ENEICHRIZNTS mnm-rm_ S N TR ST ARTERMRT

' o S

Lo =t {un
Somaric Soach Srgro H}
Sazzvey & Soige Spes (208

Mcificaticra Begiee (M)

A Semantic Metadata Enrichment Software Ecosystem m
2. Semantic Metadata Enrichments: Supervised Learning Model

Basic Supervised Learning Model

é:b ) s ) [

Featwre wector Ref: Scikit-learn
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A Semantic Metadata Enrichment Software Ecosystem m
2. Semantic Metadata Enrichments: Supervised Learning applied to SMESE V3

Feedbeck Enginnering
:D J/-‘"_h

Y

E
4
| )
7N
E

NEW
" Pragictive Pregiched
Docmmesnts
Metadata Ref: Adapted from Scikit-learn
A Semantic Metadata Enrichment Software Ecosystem m

s e Metadata vectors

* The basic metadata vector of a document d is:
* term occcurrence frequencies
* phrase cccurrence frequencies

« tf-idf of terms (words relative importance with multiple sources)
* n-gram occurrence frequencies (expressions)

* sentence length (number of word)

« weight of link between term [semantic similarity of two terms)

* tErm Co-oCCuUrrence {minimum distance between two terms)

» term sentiment valence

» others

Vid) =l#term_1, #term_2,.. #term_i,.. H#term_n)

|| 2> 2=

Ref: Adapted from Scikit-learn
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3. Assisted Literature Reviews: Manual process vs Assisted process
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A Semantic Metadata Enrichments Software Ecosystem
3. Assisted Literature Reviews: Architecture of STELLAR
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3. Assisted Literature Reviews: Papers relevant to ALR

---------- — Researcher Selection -—---—-——--—

Discipline Uhsicity ar I Algorithms are based on:
Main Topic SIELEL = v Researcher Selection (RS) and
Keywords LT T Researcher Annotations [RA)
Title _ J,’,-': -—:,..\ ® Library clasification can enhance
g;zﬁ_rrﬂwws Radius {LCR) Threshold /g o % ‘ﬂ existing thesaurus model
Languages —— l**"“':‘lzl';l'“l‘};"_‘_' . MachmeLearnmgMnc_lelsbasean
Number of References ogdlmE “j|'. miy thesaurL._ls and Dnttl_ll?glﬁi )
Harvesting Date, Cregtion Diate . 1"__ N7 e .. K a. Section recognition learning model
Mix Litergture Temporal Coverage [MLTC) T k. Citation-based learning model:

(' LCR Threshold “‘-::;'_—_ - T . . Text-based learning model:

B Papers Relevant to ALR
«-= Corpus Radius

- <" ag documents .: Docament L___ Cived decuseals
i R R u
B L — L

- _____.,___.____

A publihing date ' Publihingdate | B fane publiihing dite

Paper Timefine Relstionships

A Semantic Metadata Enrichments Software Ecosystem e
The goal is tu:r limitthe number of papers to those that are relevantand to rank them.

*» Research documents Repository represents all papers regardlessof their relevancy.

* The Literature Corpuscontains all the papers regardless.

* The papers within Corpus Rodius are those located in a circle with the specific corpus radius.

» |jterature Corpus Rodius measures the semantic relevancy of a paper accordingtothe Researcher Selection.
* Researcher Annotations consistof researcher notes, tags and key findings.
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3. Assisted Literature Reviews: Machine Learning Models
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Thesaurus and ontologies

®» Section recognitionlearming model

» Citationstyle learning model

» Citationpolarity leaming model
*» Citationcategory leaming model

* Cue phrase leaming model

Thematic learning model

: Structure of document
{Abstract, Introduction, LR, Sclution, Result, Conclusion).
: Citation inthe paper

{Numeric, textual and personalization marker).

: Positive or negative reviews.
: Category of the citation

[Relevant, Extension, Comparison, Problem and Uses).

: Rhetorical expression associated to major themes

(Subject, Verb, Word, Expression).

: Major theme inthe paper

{Problematic, Solution, Result).
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A Semantic Metadata Enrichments Software Ecosystem EH
3. Assisted Literature Reviews: ALRO ’

SR

Researchers

= Aggregation of ALR ohjects
to form a reusable Assisted
Literature Research Objects
(ALRO).

® Catalogued and identified
by a URI with ARK, so they

Assisted

can be shared, reused and Literature Review | Annotations
cited. Objects (ALRO)
® Enable the verification of
reproductibility of the
results. :%

Sources
Datasets
REE  Besres Topsurms Gop

um Ueigus Sowcurce Bl Inspired from: httgyffwww reseenchobject ong’

A Semantic Metadata Enrichments Software Ecosystem E rC
its Prototypes for Digital Libraries, Metadata Enrichments and Assisted Literature Reviews

\ 1. Context of the thesis [Motivations and Goals)
1. Introduction 2. Owerview of thethesis

1. Software EcosystemModel
Semantic Metadata Enrichments
3. AsszistedLitersture Reviews

2. Literature Reviews

[ =]

. 1. Software Ecosystem Model [SMESE W1}
3. Major Research Themes 2. Semantic Metadsts Enrichments [SMESE 3}
3. AssistedLitersture Reviews [STELLAR W1}
. . 1. Published articles related tothis thesis
4. Research Contributions 2. Software EcosystamModels [SMESE V1)
3. Semantic Metadata Enrichments [SMESE V3)
4. AssistedLiterature Reviews [STELLAR 1)

5. Future Works & Questions
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A Semantic Metadata Enrichments Software Ecosystem EIS’
1. Software Ecosystem Model: SMESEV1
¥ Gool = Proposcl of o unified izte model ond mepping ontologies ooplied to DL
=
- —
Nureiee] Model [Charscteristics | .
1 SECO |intermal aned axtemal developent = i
L Rl = : — The unified J_'neta—nmde.f
3 | SECO |Contruled coniral part H —-EE_ allowstobuilda
. | e |;“m P : — Matrix of entity-metodata:
8 | SEEO |Shaedcore assets F: v image sipeative |
T | seco A 4 and vessh 8 pischoct it H e T e Entity =214
B | SECO | Outside contributin duted in the main platiem s D> | | Metadats = 1,548
] SECO |Soclal rebwork and loT integration 2 . H CrossWalk { Dntology) =26
[T 90 | GWESE [emanic Metadata insernal Ensichments x £ ] | i international DL Standards =3
11 | BMESE [Semantic Metadata External Enrichments x = T — H Semantic relitionship [Mets) =362
12 | BMESE |User Interest Affinity Model x < ;
£ :
Software Ecosystem Model [SECO) H %
Standard Metadata
Description
A Semantic Metadata Enrichments Software Ecosystem m

Published articles related to this thesis
2. Semantic Metadata Enrichments

A Senmantic Metadata Enrichment Software Ecosystem hased on

Sentiment and Emotbon Metadata Enrichments

b g e e e T s ¢

BEA 130000 [Smdna] | 1113 5 i
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: A Semantic Metadata Enrichments Software Ecosystem ETS
: 2. Semantic Metadata Enrichments: Paperselection ’
Algorithms Positive MNegative
1 Dawvid M. Blei et al, 2003 Etent Dirichdet = Texte pilus long, version originals = +15 years
allocation (LDA] » Methode prédominant=
= Modéle predictive probabiliste
Z Eiahemn =t al, k-nemrest neishbors (K = Recent |- 5 pears) * Temps diobtention de résultats trés grand

{wery high time comiplexity]
» Juste une stude comparative
3 Dangetal, 2016 Bayesian mode * Recent |- 5 years) # Texte oot | mioro-blogzing)
# Limit of 2 festure vectors
4 Fhang Chen =t al. 2016 LDA-IG = Recent {- 5 years), Texte phes long -
= Combine LDA =t Graphes de mot cie
= Bxtension of KeyGraph
= Modéle prédictive probabifiste

5 Cigardn et al, 2016 formal conospt analysiz * Recent |- Syears) » Texhe oot | tweet]
& Cotelo ot al., 2015 - » R=cent |- 5 years) » Texte couwrt | tweset]
7T Galatino & Motts, 2016 - » Recent |- 5 years) » Extraction simple par mot-cle du bexte.
» Texte plus long » Nutilise pas les relations semantigues
» Suppose gue les mot cles sont des topic
2 Sgyyadi & Raschid, 2013  KeyGraph = Recent |- Syears), Text= plus long » Extraction simple par mot-cle du texte
= Model base sur les praphes de mot s
» Co-oocurmence des mots cie
» Similarite contextuells, Analyse de zraphe
9 Chen =tal, 2016 hierarchical latent tree = Recent |- 5 years], Text= plus long -
mecdels: | HITM] » Models base surles arbres hifrarchique des topics
10 Huwrtado =t al.,. 2016 Rule-basad * Recent |- 5 years) # Texte couwrt | sentenos-level]
* Cooorurmence des mots che » UHilisation algorithme non congu par les
-_ » Utiliser FNinformation contextuslie aUteLrs -

A Semantic Metadata Enrichments Software Ecosystem E--,:g
— 2. Semantic Metadata Enrichments: Paper selection !
Authors Algorithms Positive MNegative
1 Dewid M. Blsi =t al, 2003 ktent Dirichdst # Texte plus long, version originals ® +15 years
allocation |LDAJ » Methode prédominants
= Modéle prédictive probabiliste
2z Eighemn + raiwhboer J¥ o Dacact Jo S oseerl a Tumce Sobtantion e cheadbote tohe wond
Topics Detection
3 Dang =t
Selection criteria:
& BhansH | aroe Text
Recent except LDA whoisanolder algorithm; LDA is popular and has many publications.
Used bes techniques (graph, tree, probability and hybrid):
5 Cigarrin LDA is Graph-based and statistical
: bt LDA-IG is Hybrid | Graph-based and probabilistic based)
et KeyGraph is Graph-based
HLTM is Tree-based :
2 Sayyadi & Raschid, 2013 KeyGraph = Recent |- Syears), Texte plus long » Extraction simple par mot-cle du texte
= Model bast sur les graphes de mot cls
» Co-ooourmence des mots cle
» Similarite contextuslls, Analyse de sraphe
9 Chen =tal, 2016 hierarchical katent tree = Recent |- 5 years], Text= plus long -
models |HLTM] » Models base surles arbres higrarchigue des topics
10 Hurtado =t al,. 2016 Rule-based » Recent |- 5 years) » Texbe cowrt | sentenoe-level)]
» Cooorurmence des mots che » Utilisation algorithme non congu par les

-_ # Utiliser FNinformation contextuelie aLrteLrs -
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L : 3
- Authors
1 Choetzl, 2014

z Baoetazl.2012

2 Lsietal, 2014

¢ Anushs & Sandhva 2015)

5 Cambriz etal. 2015

& -L Chen Qi & Wang 2012;
- Ghizssietal, 2013;
- Quzn & Ren, 2014
7 Ten, Wz Theng & Chang 2012
® - Abdul-Mzgssd Dizb, &
Fiibler, 2014,

- Appal etzl, 2016; Dezsmet &
Hoste, 2013; - Minet 2l
1016; - Patal & Madiz, 2015

9 Chen =tal, 2016

A Semantic Metadata Enrichments Software Ecosystem E--,S
2. Semantic Metadata Enrichments: Papers selection !

Algorithms Pasitive

Fevword spotting » Recent |- 5 years)

+ Dictionnaire |lexicons) de sentiment

Lazrning bazad modsl  » Recent |- 5 years), Larnge Tewt
emotion-topic modal  » Modele dapprentissage |ML), emotions
(ETM-LDAY » Dictionnaire |lexicons] word-=motion

= Combinaizon de LDW =t Bayesion model

» Base sur relation semantigue
lexicon-bazed » Recent |- 5 years)

* Lexicons of cormespondance word-smotion
Lezrning besed modal  » Recent |- 5 years), Large Tewt

= Combine Machine leaming | ML) and | NLP)

Notnzms, soweczll  « Base surrelation semantigue

it Approach (AR) * Sentiment Lexicons
Lezrning besed modsl  » Recent |- de 5 ans)
TEVD » Fast

+ Recent |- de 5 ans)

% Analyss l== &motions a0 ey de sentiment
uniguement

+ Recent |- de 5 ans), emotions

+ Recent |- de 5 ans)

% Analyss l== &motions a0 ey de sentiment
uniguement

hierarchical latent = Recent {- 5 years), Large text
tree models [HLTM) * Hierarchizal Trees of topics

Negative
» Limite au positive vs. Negative
# Pas de valenoe sur les emotions

» Pas de valenoe sur les Smotions:

* Mo defintion of feature, 4 Emotions only
# Analyse b=s expressions, No \Gl=nce
» Pas de vabence sur les émotions

# Limited SVD for word-sentencs, Mo Wlenos
# Very limited Lexicons |AffactMet]

* Analyse l=x mots au few des documents

% Pax de valenos sur les smoticns

* Expressions analysis, Mo valenos

# Analyse l=x phrases au ey des documents
# Pag de walence sur les motions

P;ﬁfhurs
1 Choetzl. 2014

z Baostzl. 2012

A Semantic Metadata Enrichments Software Ecosystem E--,:s

Negative

2. Semantic Metadata Enrichments: Papers selection
Algorithms Positive
Esyword spotting » REcent |- 5 years)

» Recent |- 5 years], Large Tewt
= Modele dapprentissage |ML), emotions

» Dictionnaire |laxicons| de santiment
Lezrning bazad modal
emotion-topic modal

» Limite au positive vs. Nezative
* Pas de valenoe sur les emotions

» Pas de vabence sur les emotions

3 Lesistal. 20

4 Amueha&E3 Recent
Large text

Emotion and Sentiment

Selection criteria:

With the most used technics- Learning based

5 Czmbeiz etz] Used semantic relationships

& -L Chen O
- {Fhizzzi et 4
- Juen & R AP

Used an enriched lexicons of sentiments
ETM-LDA

7 Tan, Nz Thetew onameaors

& - Abdul-Mzgsad, Dizb &
Kiibler, 2014,

- Appel stzl, 016, Desmat &
Host=, 2013; - Nivetal,
1018; - Patel & Madia, 2016

9 Chen =tazl, 2015

» REcent |- d= 5 ans)
* Analyse les émotions au eu de sentiment
unigueEmEt

hierarchical latent + Re=cz=nt |- 5 years). Largs text
tree models [HLTIM) ® Herarchizal Trees of topics

nCs

% Analyss == phimces zu feu des documents
# Pas de valenoe sur les emotions




A Semantic Metadata Enrichments Software Ecosystem
2. Semantic Metadata Enrichments: SMESE V3 [1/3)

ETS

¥ Gool = Proposol Semontic anrichmants of metodote by tavt onolysis: hidden topic, santiment ond amotions

The contributions of SMESE V3 are:

1. Enhance the discovery of topic, sentiment and emotion metadata hidden within
the text or linked to multimedia structure using the proposed algorithms:

Approsch | Leramm Drsriplioss | Traising | Mefl | Sromastle | Tople | Domals Appreach | Lirasslarity | Appre | Tramig | Rl | The Topic =T
larity phne | ming corre- | nowibedge wch phune ning | jeuns | medding somber |
lwtion [ Leani | ¥ E T [
LI Demrat  Frobabaiads Yer C7 [ e [ -
s ot bt
| T = Y | e = = = ETM-LDA | Decemen :--0 Wes By L] Vs
LitA [ Frobabiisil || 5o ®o | moe | He | =
e L e 1 | N |
HLTS] | Docessmt | Probabilatic | Yo | Mo | o | e | Ma FElA Comligentds | Kaywo | Wew Yo | k| Ve ¥
el groghs an dorirod ol and md4
1 | B 1 ke
waln Coaliga Somamk, | T& Yes | Ye | Yes | Wes | | bused | I
b e bl I-Wonde  1-Wenlda Al B-SomWondos
s  ragh A-NRC Emotion Lekoos. - Seasford ConeXLP |B-Ciiie wmpling
Baren

EM-SAD - Scoloble Annototion-bosed Topic Detection

LD&-G: Thang Chen et al. 2016

Institute of Software, Chinese Acsdemy of Science Exijing. China
KeyGraph: HASSAN SAMADI and LOUICA RASCHID, 2013, Un. Maryand
LD Danvid M. Blei =t al, 2003, University of California, Berkeley CA, USA
HIOM: Peixian Chen et al, 2016, The Hong Kong University. Hong Kong

BM-S5EA - Semantic Sentiment and Emotion Analysis
AP \Gjrapu Anusha and Banda Sandhya, 2015
Matwri Venksts Subba Rac Engineering College
Engineering college,, Hyderabad, Indi
ETM-LD¥: Shenghum Bao et al 2012
EM Ressarch-China.

A Semantic Metadata Enrichments Software Ecosystem
2. Semantic Metadata Enrichments: BM-SATD and BM-S5EA datasets (2/3)

ETS

The contributions of SMESE V3 are:

1. Implementation of these prototypes for semantic metadata internal enrichment
including algorithms BM-SATD and BM-SSEA.

2. Dataset used for simulation and prototypes of BM-SATD and BM-SSEA

Documents number (25,000)
* Training documents number - 15,000
* Test documents number - 10,000
* Vocobulary words number - 375,000
* Cover topics number C 20
= Cover emotions number -8
®» Average topics per document o7
" Ayerage emotions per document o4
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A Semantic Metadata Enrichments Software Ecosystem EE
2. Semantic Metadata Enrichments: SMESE V3 (2/3)
1. Topics detection: BM-SSEA Algorithm |
) ey == Y Bt ~. _‘"“«
[Rp— | et | e [ | e | o ot | e | BAM-SATD prociuoes am svetare Fosl e
;}:.:- acuracy of S0% for one detected topic |8, T ey
=) I ——— 2rd 1% for ten topics [detectad]  [© .| e A1
= topics comparad to S0.25% v T |
C arl 415 [ten topics) for ay | T — 1
=w-----— | ol mma e |
Bversge acouracy ) Number of detecied 1opis
Peerage sccuracy
2. Sentiment and emotion detection : BM-SATD Algorithm o 1
Sentimenty st émations I
BM-ESEA Fexs an average acoaracy of |, 0% | — e |
— — B35 per matian #os | et
—— . wihille ETRHLDW, the et compred (£ °* | ]
- - 0 the other twd apEnoscs, or T 1
P :_ :_ - produced B9% per emotion. ::;‘ TLEL —
- N - | > .. -
Bversge acouracy Sumbser of discovered easotkons
Peerage sccurancy

A Semantic Metadata Enrichments Software Ecosystem EE
Published articles related to this thesis ’

3. Assisted Literature Reviews

Ppm—— & P TE———
AN U L Y b i, L Forbermary ST

Efficient Scientific Research Literature Ranking
Model based on Text and Data Mining Technique

Bemaid Brorbs, Vs Usess, Lpmlimsery %adrmbers, Thilppm o ks a

TEXT S BATA SINISG & MACEENE LEARNTSG MOBELS 10 BUTLD AN ASINTED
LITEEATURE KLVELS WITH BELLVANT PAFERS

o B s i g g™ Pl ¥ ks
Bt e e e o b i [ e

M B L ey o M Tk
Ersm Pt e i e, i
e
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T " Authors Algorithms Positive
1 Bornmenn etzl, 2014, 2015

z Wen & Liu, 2014

3 Hassonetzl, 2014 Pzper Time Ranking = Ranking des articles

Algorithm (PTRAY » Utifise 3 metadonness |faatune]

= Combine citation-based ot text-bamed

= Ranking des articles

= Utilise [apprentissage machine {MLM]

3 » Combine citation-based et text-based
» Utifise 4 metadonness |faatune]

sigenvactor centrality = Ranking des articles

4 Rubio & Gulo, 2016 MLM

5 Alzdani & Weber, 2018

& Wengetzl. 2014 MFFFRank » Ranking des articles
» Extraction des caracts
= Ranking des artickes

= Utilize [apprentissare machine |MLM]

7 Gulostzl. 2015 Wazive Bayes
s - I Heetal, 2013

- Fangetal, 2015

- CELEEI& DOEUN.I013

- DPremjith & A1, 3015

- (Mendoza & AL 2014
9 - PRonzzno & Szeeion, 2016

A Semantic Metadata Enrichments Software Ecosystem EIS_-
3. Assisted Literature Reviews: Paper selection

Negative

+ Ranking des institutions au lew des articles

= Muthors Ranking instead of papers
= Copie d= h-index, Citations only

* Undefined Feature

= Mot assisted

» Limits @ ranking

= Not assisted
= Limité au ranking

# [l s= limite au texte de Fabstract

# Utifize un alzo quil nS pas congu

= Not assisted

# [l s= limite au texte de Fabstract

# Feature non defini. Not assisted

= Mot assisted

# Limited randing, Undsfined Feztuns

» Resume de texte pas applicable sux artickes
scientifigues

# Pas de ranking

= Limited to summary of papers
+ No ranking

o B .Pil:n:hurs Algorithms Positive
1 Bornmznn etzl, 2014, 2013

z Wen& Lin 3014

A Semantic Metadata Enrichments Software Ecosystem EH
3. Assisted Literature Reviews: Paper selection

Negative

+ Ranking des institutions au lew des articles

# futhors Ranking instezd of papers
= Copis de h-index, Ciations only

: Hassonu| Assisted Literature Review
Selection criteria;
Recent
Including Paper Ranking
Used techniques as Citation-based, Text-based et MLM
Used more metadata (feaure) for the Ranking

PTRA uses3 metadata (fegure)

ID3 usesd metadata (feature)

4 Ribio &

5 Madani&

& Wang =t zl

+ Ranking des articles
= Utilise [apprentissage machine |MLM]

7 Guloetzl. 2015 Mzive Bayes
2 - I Heetzl, 2015

- Fangetal, 2015

- CELEEBI& DOEUNI013

- Premjith & 41,3015

- (Mendoza & AL 2014
2 - Ronzano & Bzgeion, 2016

= Mot assistad

= Limited ranking. Undefined Festure

» REswume de tewte pas applicable sux articles
scientifigues

# Pas de ranking

= Limited to summary of papers
+ No ranking
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A Semantic Metadata Enrichments Software Ecosystem EH
3. Assisted Literature Reviews: STELLAR V1 [1/3)

wure e & Suaticr

The cnntrlbutlms of STELLAR V1 are:

[ Step 1
—
—=EE
[ I T
1. STELLAR proposed a new P P ——
model and processes. | {Eneetl) |
2. New algorithms for identification and LT“‘f_i
ranking of relevant papers basedon ||~ T]'_‘ """"""""" .
multiple metadata: ALR Mack Learing H ;KE,J
(1) researcher metadata selection — —
(2) age of papers __"E';'E-w
(3) social-level metric and citation category :,;E:.,,_“_"d —t
(4) polarity to measure paper impact (Engam 3)
(5) others [—— — ——]
oo s ez I I _
mhfmf;::'::n:md.lmn I__-I Aufnrpl';a‘:;‘&:;?:uhiuﬂ ]

S A Semantic Metadata Enrichments Software Ecosystem ETS
3. Assisted Literature Reviews: STELLAR V1 {3/3)
v Goal =Assist resecrchars in the evoluction of scientific pogers relevency, semoentic similerity end renking by topic or crec of knowledge
The results of STELLAR: [2. Harvested datasets #2 (2,000 papers)

Precision :Papersclazsified asrelevant whenthey really are e |
Accurancy :Also induded papers dassified as non-relevant when they are not relevant |

oe |
o |

|1. Baseline dataset #1 (58 papersof thisthese |iterature review — Cont#3) |

,/,//f’/ ///fg‘” |
/ 82}z LLAR — 1
Approaches f-‘!/ jg'; ﬁ% T T p—
PTRA [Hasmson of al, 2014) x| x Swersge Relevancy and NOT
103 [Fubbio & Gudo, 2016) X X | K| X i - - - - - -
ETELLAR K% R % % % % E X R % E| an e
Approach Awg_a [%) | ave_p (%) o I -
FTRA [Hasson ol 81, 2014) 30,19 P al
103 (Reibio & Gulo, 2015) 5108 4187 Y S
STELLAR 76.00 573 “wro
Average Relevancy and NOT (Ave_a) of T% while D3 produced 34% ‘ —
AverageRelevancy (Avez_p) of 69% while 103 produced 42% Scrrasio soqurace number

Ewerage Relevancy
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A Semantic Metadata Enrichments Software Ecosystem EH

3. Assisted Literature Reviews: Scenario Sequence Number

o Wora & Cuoscr

The prototypes of STELLAR:

Scenario sequence number #1: (discipline_1, language, title_1, topic_1, keywords_1, abstract_1)
Scenario sequence number #2: (discipline_2, language, title_2, topic_2, keywords_2, abstract_2)

A.  Baseline dataset
ESrenario: one simulator
Runwherethe58 papers constituted the dataset #1 — Stellar Paper #3.

B. Dataset harvested from databases
* Intellgence: 1000 papers
* |Information Systems: 1000 papers

Srenario: two simulator runs (one on each domain datasset #2)
For each Scenario, different RA and RSwere used

The prototypes of STELLAR — Uniqueness Model:

Researcher Selection [RS)— User manual selection

A Semantic Metadata Enrichments Software Ecosystem EH
3. Assisted Literature Reviews: Prototypes STELLAR (1/4)

STELLAR

=
=

| Papers search results jssed on szsarcer g

gpooopeonBe

600000008 BS
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A Semantic Metadata Enrichments Software Ecosystem m
3. Assisted Literature Reviews: Prototypes STELLAR (2/4)

The prototypes of STELLAR:

Researcher Selection (R5)— A random scientific paper selection
STELLAR

Evauated-banad inction pramaten

— Papers search results jmesed on Sirst pmper seiec| LCR
— [T ——— ]

i oy e et i e i

i e gl sy s e
- -

RS —

e P e —

A

TR T R BT

e e S A e e —y

18 Brrateiat B e L ]
Ao o e 2. g Y ] T T R S B
F
L g
K

poBBBOBOES
(0000000000

Smctec-bansd IRcIon pErETET

g

[

A Semantic Metadata Enrichments Software Ecosystem
3. Assisted Literature Reviews: Prototypes STELLAR (3/4)

B

Weda & Cuolice

The prototypes of STELLAR: [Score 23

A e TR IELE B r maER Arr T B e

Researcher Selection [R5) —STELLAR PAPER #3 — As may 18 2017 | | ===
T P

Erviiin) Dol els’s Dl ales

Bt s s —rhe e T

b L  mima
- |u....-u- ey e —
b et s
. ———— - [amp—
P — B L L =TT OISR S
e Ew e e e ey e am e i T el S P by e e e el e § e e e

e L

P i el ey

B T

D e b e et

P e e 4 T r e s T e pry p gy T ey
Tl mm = i @
i S s ] P FRAT B et T i, e

e R et et o £ iy

L P e b i e

Agproach | Avg_a (%] [ vg,_p [%)

gpoopoOoGOODOOODDOODOODDBBAES

FTRA [Hasson ol 4l 2014) 0.1 T
P S ——

103 (Rikio & Gelo, 2018} 5368 | 4197

STELLAR 609 73 mem——
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T em & St

A Semantic Metadata Enrichments Software Ecosystem
3. Assisted Literature Reviews: Prototypes STELLAR (3/4)

ETS

STELLAR
Evvinhiiiu] Duirk] oo’ Dor'i|
L] e
=T T Many reasons could explaint it:
Uyt
[

The prototyp| STELLAR PAPER #3 — As may 18™" 2017

Researcher Select] Results analysis [Manual LR versus ALR):

If RE&-Mumber of references = 100, the 5B manualpaper references are part of the 100 results.
If RE&-Mumber of references =58, we observe that 13 paperswere not in the initial manual LR.

Faperswere published after this thesis manual Iiterature revien.
Papers had already been published, but they had not yet been identified manuaily.

~-~ Motice that thetop paper (LCR=2) of the results isone of this thesis published paper (2017).

Sart-buinid Sl firiter

-
—
Approach | Mg (%] Mg_p [%)
PTRA [Hasson ot al, 2014) w19 I8
103 (Fliksn & Goby, 2018} 368 4187
STELLAR TR BT

o T e 6 et e T T e ) e

g e T A e r e T et ey B ey e

Tt i e 1w

P4 e [ PR PR S e T i e

e Sy & et e P Ly i L 8 ndr ] bt 4 g e e S Sy

b i s e i Srwm
R Ao g S FER

B e T B Ty T e T et

e ¢ —

i ] 1

func Wora & Cuoscm

A Semantic Metadata Enrichments Software Ecosystem
3. Assisted Literature Reviews: Prototypes STELLAR (4/4)

M,
d

The prototypes of STELLAR:

Researcher Selection (RS)— THIS THESIS as may 18™ 2017

STELLAR

Evakmtec b BESCHN ST

N [T T ——

T Tl b RO S Te )

b i

=

h

66060O00O0O6O6R0OBR0BO0BOBAAS

gogppopoooeoopAopoODOROOAEODRRDOAOED |
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o A Semantic Metadata Enrichments Software Ecosystem

'* ====" THIS THESIS — As may 18" 2017

The Results analysis (WManual LR versus ALR):

Resear| If RS-Number of references = 250, all of the referencesappear inthe list of results.
stELLA| I RE-Number of references = 163 such asthe number of references of thethess, thereare just 12
pwanst| referenceswhichshould not have beencited; that provides an accuracy of 93%.

m,
d

In these 12 forgotten references,
4 we added4 newof the 7 papers published from thisthesis

2 hawe been published in 2017; so after the literature review

4 have been published in 2017 from thisthesis(3 werealready in the papersreference list)

2 hawe been published in 2014 and 2015; they had not been identified during papers manualsearch
4 haowe been published between 1961 and 2009; despite their relevance, there are out of date.

Inthe top 6 papers of the simulation results, 3 are the thesis published papers;
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\ 1. Context of the thesis [Motivations and Goals)
1. Introduction 2. Owerview of thethesis

1. Software Ecosystem Model

2. Semantic Metadata Enrichments
3. AssistedLiterature Reviews

2. Literature Reviews

. 1. Software Ecosystem Model [SMESE V1)
3. Major Research Themes 2. Semantic Metadats Enrichments [SMESE v3)
Assisted Litersture Reviews [STELLAR V1)
. . 1. Publishedarticles related tothis thesis
4. Research Contributions 3. Software Ecosystem Models [SMESE V1)
3. Semantic Metadata Enrichments [SMESE W3}
4. Asszisted Literature Reviews [STELLAR W1)

5. Future Works & Questions
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A Semantic Metadata Enrichment Software Ecosystem m
Future works: Enriched Multilingual Thesaurus

» Further evaluations of the BM-SSEA
(sentiment/emotion) and BM-SATD (topics)
model and algorithms with improved
prototype and datasets.

® Based on Library classification:
the goal is to enhance actual thesaurus
called BMEmoWordMod
for a new versions of BM-SSEA,
BM-SADT and an enriched thesaurus.

= Abstract of Abstracts (AoA) — L
based on a proposed scientific
paper summarization technique, | =
AoA will be used as inputs to ALR.
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Published articles related to this thesis: 7 papers
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& £
ﬁ (1) Topics, (2) Emotions and sentiments
bf A The average accuracy, Ave_acc, of multiple runs was given by:

i Yderp -"”fi
x=1 ITDI f

Ave_aocc = N

I
Where : - ———

* TD denotesthe number of tests documents
®* | denotesthe number of test terations .
. AE denotesthe accuracy of topics detection E -

AE , was computed as follows:

Where
B T mmotstes denotes the set of annotated (manual) topics for agiven document d

B T amteaes denotesthe set of detected (SMESE) topics by BM-SATDfor agiven document d

" T eoroietes DENOtES the set of annotated (manual) emaotionsentiment for a given document d

¥ T perecss dENOtEs the set of detected (SMESE) emotion/sentiment by BM-SSEA for a given document d
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