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FOREWORD

This doctoral thesis is presented in the form of a thesis by compilation. The research conducted

during the doctoral program resulted in four conference papers published in peer-reviewed venues,

two conference papers currently submitted, three journal papers submitted to peer-reviewed

journals, and one additional journal paper in preparation. The content of these papers was

adapted where needed to fit the overall structure and continuity of the thesis. Although the

integrated chapters remain faithful to the core contributions of the original papers, limited

modifications were introduced to ensure consistency of presentation, terminology, and formatting

within the École de technologie supérieure thesis template. Hyperlinks to the original published,

submitted, or in-preparation papers, together with their associated replication packages when

available, are provided in the header of each corresponding chapter and are summarized in

Table 1 of the general introduction.

While each paper addresses a particular dimension of the broader research problem, the

contributions are strongly interconnected and together form the scientific foundation of this

thesis. To provide a unified manuscript, the compiled papers are framed by a general introduction,

intermediate chapter transitions where appropriate, and a general discussion and conclusion that

synthesize the contributions, discuss their limitations, and identify future research directions.

Generative artificial intelligence tools were used in a limited and assistive capacity during the

preparation of this thesis. GPT-5.4 Thinking and Claude Sonnet 4.6 were used to support the

revision and improvement of parts of the written text. Claude Opus 4.6 was also used to assist in

improving portions of the code included in the replication packages. In all cases, the author

carefully reviewed, verified, and validated the resulting text and code before inclusion in the

thesis or submission for publication.
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Optimisation de l’effort de revue par les pairs dans les environnements DevOps : une
étude empirique fondée sur les traces de merge requests

Samah KANSAB

RÉSUMÉ

La revue par les pairs constitue une étape centrale des flux de travail DevOps modernes, où les

changements logiciels sont examinés avant leur intégration au moyen de mécanismes tels que

les merge requests (MRs). Bien que les travaux antérieurs aient étudié la revue par les pairs sous

plusieurs angles, l’effort de revue est encore souvent approximé par des mesures temporelles

qui confondent le travail de revue proprement dit avec les temps d’attente, la disponibilité des

réviseurs et les contraintes organisationnelles. Cette thèse étudie l’effort de revue par les pairs

comme un phénomène de processus logiciel plutôt que comme un simple indicateur temporel, et

examine comment il peut être mieux caractérisé, analysé et optimisé dans les environnements

DevOps.

La thèse adopte une approche empirique fondée sur des traces de MRs recueillies auprès

de deux partenaires industriels (Kaloom et TELUS) ainsi que dans des projets open source

GitLab. Elle établit les traces de MRs comme un instrument d’observabilité qui capture non

seulement l’activité de revue, mais aussi les perturbations environnementales, les transitions

technologiques, les priorités organisationnelles et les interactions entre automatisation et humains.

Elle introduit la quantité de changements réalisés après soumission comme un indicateur d’effort

indépendant du temps, montre qu’il capture une dimension distincte du travail induit par la revue

et le prédit dès la création de la MR avec une AUC atteignant 0,88. Elle examine comment

l’effort et la qualité de la revue varient selon les types de MRs (développement, configuration,

documentation), en mettant en évidence le profil particulier des changements de configuration et

l’effet amplificateur de la présence de bogues. Elle définit une taxonomie des déviations de flux

de travail, montre qu’elles touchent jusqu’à 37% des MRs industrielles, les détecte avec une

précision atteignant 91% et démontre leur impact sur l’analyse de l’effort. Elle étend ensuite

l’analyse en amont, en reliant l’effort de revue aux pratiques d’estimation des tâches, puis en

aval, en reliant les décisions de revue aux résultats CI/CD et en prédisant les MRs pouvant être

auto-approuvées de manière sûre avec une AUC supérieure à 0,82. Enfin, elle présente RevMine,

un outil assisté par grand modèle de langage pour la collecte et l’analyse reproductibles des

données du pipeline DevOps sur GitHub et GitLab, intégrant les données de planification de

type Kanban, les données de revue par les pairs et les données de livraison CI/CD dans un

même flux d’analyse transversal, et opérationnalisant ainsi la chaîne complète amont–revue–aval

étudiée dans les chapitres précédents.

À travers ces contributions, la thèse soutient que l’effort de revue par les pairs est un construit

multi-dimensionnel qu’aucun indicateur unique ne peut capturer adéquatement, et que son

optimisation est un problème de calibration plutôt que de minimisation : l’effort doit être réduit

là où il s’avère non nécessaire et préservé là où il est sous-investi. En reliant la planification

en amont, l’étape de revue elle-même et les résultats de livraison en aval, la thèse fournit des



X

fondements empiriques, des artefacts méthodologiques et un support outillé pour interpréter et

gérer l’effort de revue par les pairs dans les contextes DevOps.

Mots-clés: Revue par les pairs, Merge requests, Effort de revue, DevOps, Amélioration des

processus logiciels, Génie logiciel empirique



Toward the Optimization of Peer Review Effort in DevOps: An Empirical Investigation
Using Merge Request Traces

Samah KANSAB

ABSTRACT

Peer review is a central stage of modern DevOps workflows, where software changes are

examined before integration through mechanisms such as merge requests (MRs). Although

prior research has studied peer review from several angles, review effort is still commonly

approximated by temporal measures that conflate review work with waiting time, reviewer

availability, and organizational urgency. This thesis studies peer review effort as a software

process phenomenon rather than a purely temporal indicator, and investigates how it can be

better characterized, analyzed, and optimized in DevOps environments.

The thesis follows an empirical approach based on MR traces from two industrial partners

(Kaloom and TELUS) and open-source GitLab projects. It establishes MR traces as an

observability instrument that captures review activity together with environmental disruption,

technological transitions, organizational priorities, and automation–human interactions. It

introduces the amount of post-submission change as a time-independent effort indicator, shows

that it captures a distinct dimension of review work, and predicts it at MR creation time with

an AUC of up to 0.88. It examines how review effort and quality vary across development,

configuration, and documentation MRs, highlighting the specific profile of configuration changes

and the amplifying effect of bug presence. It defines a taxonomy of workflow deviations,

shows that they affect up to 37% of industrial MRs, detects them with up to 91% accuracy,

and demonstrates their impact on effort analysis. It then extends the analysis upstream, by

linking review effort to task estimation, and downstream, by relating review decisions to CI/CD

outcomes and predicting safely self-approvable MRs with an AUC above 0.82. Finally, it

presents RevMine, an LLM-assisted tool for reproducible DevOps-pipeline data collection and

analysis across GitHub and GitLab, which integrates Kanban-style planning data, peer review

data, and CI/CD delivery data into a single cross-stage workflow and thereby operationalizes the

full upstream–review–downstream chain studied in the preceding chapters.

Across these contributions, the thesis argues that peer review effort is a multi-dimensional

construct that no single indicator captures adequately, and that its optimization is a calibration

problem rather than a minimization one: effort should be reduced where evidence shows it is

unnecessary and preserved where it is under-invested. By connecting upstream planning, the

review stage itself, and downstream delivery outcomes, the thesis provides empirical foundations,

methodological artifacts, and tooling support to interpret and manage peer review effort in

DevOps settings.

Keywords: Peer review, Merge requests, Review effort, DevOps, Software process improvement,

Empirical software engineering
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INTRODUCTION

Context and motivation

Software Process Improvement (SPI) aims to improve how software is planned, developed,

validated, and delivered, with goals such as higher software quality, faster and more stable delivery

cycles, and more effective use of engineering resources. These goals are increasingly pursued

through DevOps, which integrates development and operations and supports continuous delivery

through automation and feedback Humble & Farley (2010); Riungu-Kalliosaari, Mäkinen,

Lwakatare, Tiihonen & Männistö (2016); Brown, Forsgren, Humble, Kersten & Kim (2016).

Although automation plays a central role in DevOps workflows, some stages still rely heavily on

human judgment, and peer review is one of the most prominent among them.

Peer review examines a proposed software change before its integration into the main codebase.

On platforms such as GitLab, it is commonly conducted through Merge Requests (MRs), in

which reviewers inspect changes, provide comments, request revisions, and decide whether

the change is ready to be merged. Prior work has shown that peer review contributes to both

technical and collaborative outcomes, including improved readability (Bavota & Russo, 2015),

reduced defect proneness (McIntosh, Kamei, Adams & Hassan, 2014), and stronger knowledge

sharing among developers (Bacchelli & Bird, 2013). Positioned between change submission

and integration, peer review also matters for broader SPI objectives such as workflow efficiency

and delivery reliability (Badampudi, Unterkalmsteiner & Britto, 2023; Wang & Wu, 2022). Its

practical importance is reflected in industrial adoption: a 2022 survey reported that 84% of

surveyed technology companies had a defined peer review process in place (TrustRadius, 2022).

Software engineering research has examined peer review from many perspectives, including

reviewer assignment, review participation, review-comment usefulness, and timing-related

aspects such as time to first comment (Bacchelli & Bird, 2013; Thongtanunam, McIntosh,
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Hassan & Iida, 2015, 2017b; Kononenko, Baysal & Godfrey, 2016; Rahman, Stallings & Williams,

2018; Hasan, Macedo, Tian, Adams & Ding, 2023). Among these directions, peer review effort

has received increasing attention because review is not cost-free: it consumes developer time,

can delay integration, and competes with other activities in fast-paced DevOps settings Olewicki,

Habchi & Adams (2024b); Chen, Rigby & Nagappan (2022). Better understanding this effort

can support more efficient reviewer allocation, earlier identification of changes likely to require

substantial follow-up work, and more informed trade-offs between review thoroughness and

delivery constraints Chouchen & Ouni (2024); Yang et al. (2025). Existing work has largely

operationalized peer review effort through temporal measures such as review duration or

completion time and has studied factors influencing this temporal view, including review

prioritization and early outcome prediction (Chouchen, Ouni, Olongo & Mkaouer, 2023; Zhang,

Yu, Gousios & Rastogi, 2022; Maddila et al., 2023; Huang, Jia, Zhou, Hong & Chen, 2020;

Fan, Xia, Lo & Li, 2018; Saini & Britto, 2021; Islam, Ahmed, Shahriyar, Iqbal & Uddin, 2022).

While useful, these measures provide only an indirect view of peer review effort.

Problem statement

The main problem addressed by this thesis is that peer review effort in DevOps workflows still

lacks established metrics and robust analytical methods beyond time-based indicators to support

its effective characterization and optimization. Although peer review itself has been extensively

studied, the effort it generates remains poorly understood for the following specific reasons.

First, time reflects the pace of peer review, but not the work generated by review itself. Review

completion time is shaped not only by corrective activity, but also by reviewer availability,

prioritization, waiting periods, and organizational context (Olewicki et al., 2024b; Yu, Wang,

Filkov, Devanbu & Vasilescu, 2015). In industrial settings, deadlines, workload, and informal

communication outside the review tool may accelerate completion without reducing actual

effort (Maddila et al., 2023; Ebert, Castor, Novielli & Serebrenik, 2021). In open-source
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settings, timelines may likewise diverge from revision effort because of reviewer availability,

workload, and project-specific priorities (Yu et al., 2015; Zhang et al., 2022; Khatoonabadi,

Abdellatif, Costa & Shihab, 2024). Time-based indicators therefore provide only a partial and

potentially confounded view of peer review effort across development contexts (Zhang et al.,

2022; Kononenko et al., 2016; Pascarella, Spadini, Palomba, Bruntink & Bacchelli, 2018).

Although no single universally accepted metric exists for peer review effort, a more direct

perspective can be obtained by examining the corrective work performed after initial submission.

In response to review requests, authors may revise implementation, configuration, or documentation

before integration (Fregnan, Petrulio & Bacchelli, 2022). While such post-submission changes

do not capture peer review effort exhaustively, they provide an observable manifestation of

review-related work and a useful complement to time-based indicators. Prior work also

suggests that review practices vary across artifact types, meaning that peer review should not be

analyzed uniformly across all MRs (Nejati, Alfadel & McIntosh, 2023; Spadini, Aniche, Storey,

Bruntink & Bacchelli, 2018).

A related challenge is that not all MRs follow the same review workflow. In industrial repositories,

some MRs are created for urgent reversions, library updates, temporary coordination purposes,

or incomplete work. Such cases do not reflect the standard review–revise–approve–merge

process expected for a planned MR in a typical sprint-based software development workflow in

the same way as regular MRs. When analyzed together with standard MRs, they may distort

effort measures and bias comparisons across MR categories. A rigorous analysis of peer review

effort must therefore account for such workflow deviations.

Peer review effort should also not be studied in isolation from the surrounding software process.

Upstream planning and task estimation may influence the corrective work later required during

review, while downstream delivery outcomes, including CI/CD results, may provide additional

evidence about the adequacy of review decisions. Studying peer review effort in relation to
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these preceding and following activities supports a broader SPI perspective and enables a more

process-oriented understanding of review work in DevOps environments.

Together, these gaps restrict the ability of both practitioners and researchers to understand when

peer review effort is necessary, when it becomes excessive, and how it can be managed more

effectively to support integration quality and process efficiency.

Objectives

The main objective of this thesis is to contribute to the understanding and optimization of peer

review effort by establishing the empirical, methodological, and practical foundations required

to analyze it within DevOps workflows.

The specific objectives of this thesis are:

• O1. Establish baselines, metrics, and categorization approaches for analyzing peer review

effort beyond time-based indicators.

• O2. Optimize peer review effort by identifying situations in which the level of review effort

can be reduced or better adapted to the characteristics and risk of the change.

• O3. Investigate peer review as a workflow stage embedded in the broader DevOps process,

including its relationships with upstream planning activities and downstream delivery

outcomes.

• O4. Develop reusable methodological and tool support to enable reproducible peer review

analytics and facilitate transfer to practice.

Approach and methodology

This thesis follows an empirical, process-oriented approach grounded in peer review traces

collected from three complementary contexts: two industrial settings, through our collaborations

with Kaloom and TELUS, and a set of open-source GitLab projects. Together, these contexts
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provide a broad empirical basis for studying peer review in environments where software changes

are continuously submitted, reviewed, and integrated through Git-based DevOps workflows.

Across the contribution chapters, the thesis combines quantitative analysis, qualitative assessment

of review content, and tool construction. Quantitative analyses are used to compare distributions,

study relationships among variables, and develop predictive models. Qualitative analyses are

used to complement the quantitative perspective through review-quality grading and comment

coding. Tool construction is used to operationalize the resulting methodology into reusable

support for continuous MR data collection and analysis.

Each chapter operationalizes one or several of the specific objectives above by deriving metrics

from MR traces, applying appropriate analytical methods, and interpreting the results from a SPI

perspective. The final tooling contribution integrates these elements into a reusable workflow

for researchers and industrial partners.

Contributions

This thesis makes the following contributions:

• C1. A method for leveraging MR traces as an observability instrument for DevOps process

behavior. This contribution provides the empirical foundation of the thesis by showing that

MR traces capture not only peer review activity, but also broader signals of environmental

disruption, technological transition, organizational prioritization, and review-interaction

dynamics that shape workflow behavior. [O1, O3]

• C2. A metric for measuring peer review effort based on the amount of post-submission

changes, independent of review time. Grounded in the perspective established in C1, this

contribution shows that post-submission changes capture a distinct dimension of review effort,

affect a substantial proportion of MRs, and can be predicted early with strong performance,

reaching an AUC of up to 0.88. [O1]
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• C3. An analysis of the variation of peer review effort and quality across merge request types

(development, configuration, and documentation), including the amplifying effect of bug

presence. Building on C2, this contribution finds that configuration-related MRs generally

receive less peer review effort than development MRs, while exhibiting distinct engagement

and self-management patterns as well as stronger bug-related increases in review intensity

and quality. [O1, O2]

• C4. A taxonomy and automated detection method for MR workflow deviations, enabling

deviation-aware peer review effort analysis. This contribution shows that deviations are

frequent, affecting up to 37% of MRs, and can be detected with up to 91% accuracy using

few-shot learning. It also shows that deviations alter both the interpretation of the effort

measures introduced in C2 and the ranking of influential predictive factors, with impacts that

vary across the MR categories defined in C3. [O2]

• C5. An analysis linking upstream task estimation conditions to downstream peer review effort

in industrial DevOps workflows. Extending the core effort-analysis perspective established

in C2–C4, this contribution shows that a non-trivial share of downstream review burden can

be traced back to upstream estimation inaccuracies, particularly underestimation in small

tasks. [O3]

• C6. A predictive model for recommending safe self-approval of MRs at creation time, based

on their relationship to CI/CD delivery reliability. As a downstream complement to C5, this

contribution shows that self-approval is not uniformly associated with higher delivery risk

and that creation-time recommendation models can identify MRs that are likely to be safely

self-approvable with an AUC above 0.82. [O2, O3]

• C7. A mechanism for continuous and reproducible DevOps-pipeline data collection and

analysis across Git-based platforms, implemented as the RevMine tool. Integrating the

methodological and practical needs identified across C1–C6, this contribution operationalizes

the thesis workflow into a reproducible tool that covers the three pipeline stages studied in the
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DATA SOURCES — RAW MR TRACES, TASK LOGS, AND CI/CD RECORDS

GitLab
Open Source
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MR Traces as a Process
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Effort metrics Prediction
models
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taxonomy
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MR Deviations: Identification
and Impact on Effort
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cleaner effort estimates

C4

Bias-corrected effort estimates
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Planning and estimation related to effort
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RevMine
Operationalization of reproducible
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C7

Post-Review Context

Review decisions and CI/CD outcomes

C6

Output/input

Contribution

Data source

Figure 1 Overview of the thesis framework and its main contributions (C1–C7)

thesis — Kanban-style planning, peer review, and CI/CD delivery — and exposes cross-stage

joins (issue → MR → pipeline) as first-class analytical primitives, supporting both empirical

research and industrial transfer. [O4]

Figure 1 summarizes the overall framework of the thesis and illustrates how these contributions

collectively support the analysis and optimization of peer review effort. Table 1 complements

this overview by summarizing the associated publications and their corresponding replication

packages for each contribution.

Thesis outline

The remainder of this thesis is organized as follows. Chapter 1 presents the industrial context

and collaboration. Chapter 2 reviews the relevant background and related work. Chapter 3

describes the shared data collection infrastructure used across the empirical chapters. Chapter 4

establishes peer review traces as an observable process signal in DevOps settings and provides
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Table 1 Traceability of thesis contributions to research papers and replication packages

C Associated Paper Title Venue / Status � �

C1 Leveraging Merge Request Data to Analyze DevOps

Practices: Insights from a Networking Software

Solution Company

Published in the 14th International Conference on Software

Engineering and Applications (SEA 2025)

� -

C2 Understanding the Amount of Changes Required for

Merge Request Acceptance: An Empirical Study

Published in the 16th IEEE International Conference on

Software Engineering and Service Science (ICSESS 2025)

� �

C3 Do SDN Configuration Changes Get Reviewed

Differently? An Empirical Study at TELUS

Published in the Empirical Software Engineering journal

(EMSE)

� �

C4 Are All Code Reviews the Same? Identifying and

Assessing the Impact of Merge Request Deviations

Published in the 41st IEEE International Conference on

Software Maintenance and Evolution (ICSME 2025);

extended to the Empirical Software Engineering journal

(EMSE)

� � �

C5 Do Size Estimates Predict Delivery? An Empirical

Analysis of Task Estimation in Industrial DevOps

Accepted in the 42nd IEEE International Conference on

Software Maintenance and Evolution (ICSME 2026)

� �

C6 Towards Risk-Aware Peer Review Effort Reduction in

Industrial DevOps

Target the 49nd IEEE International Conference on Software

Engineering (ICSE 2027), to be extended to a journal

� �

C7 RevMine: An LLM-Assisted Tool for Code Review

Mining and Analysis Across Git Platforms

Published in the 35th IEEE International Conference

on Collaborative Advances in Software and Computing

(CASCON 2025); extended to the Empirical Software

Engineering journal (EMSE)

� � �

the empirical foundation for the thesis (C1). Chapter 5 defines and validates the amount of

changes required to complete peer review as a time-independent measure of peer review effort

and presents predictive models for identifying MRs likely to require substantial post-submission

changes (C2). Chapter 6 examines how peer review effort, engagement, and review quality

vary across development, configuration, and documentation MRs, including the effect of bug

presence (C3). Chapter 7 characterizes MR deviations and analyzes their impact on effort

measurement and cross-type comparisons (C4). Chapter 8 studies the relationship between

upstream planning quality and peer review effort (C5). Chapter 9 connects peer review decisions

to downstream CI/CD reliability (C6). Chapter 10 presents RevMine as a tooling contribution

that operationalizes the analytical pipeline proposed in this thesis and extends it across the full

DevOps pipeline by integrating Kanban-style planning data and CI/CD delivery data alongside

peer review data (C7). Finally, Chapter 10.10 provides a global discussion, consolidated threats

to validity, and overall conclusions.



CHAPTER 1

INDUSTRIAL CONTEXT AND RESEARCH COLLABORATION

1.1 Introduction

This thesis was conducted in close collaboration with two industrial partners, Kaloom and

TELUS, within a broader collaborative research project on Software-Defined Networking (SDN),

DevOps, and process improvement. These partnerships were essential to the thesis for two main

reasons. First, they provided access to realistic industrial DevOps environments in which peer

review, planning, integration, and delivery activities are performed under operational constraints.

Second, they enabled a continuous exchange between academic analysis and industrial practice,

ensuring that the research questions, metrics, and interpretations remained grounded in real

organizational needs.

Beyond data access, the collaboration also shaped the way the research was conducted. The

empirical studies reported in this thesis were discussed regularly with industrial stakeholders

through recurring meetings, intermediate presentations, and broader project follow-up sessions

involving both academic and industrial participants. As a result, the thesis was developed not

only as an academic investigation of peer review effort, but also as part of a larger effort to

improve the understanding and analysis of SDN DevOps processes in practice. This chapter

provides the reader with the context necessary to understand the industrial setting in which the

thesis was conducted, the structure of the collaborative project to which it contributed, and the

interaction model that sustained the partnership throughout the research.

1.2 Industrial Partners

1.2.1 Kaloom

Kaloom is a Canadian company operating in the field of Software-Defined Networking. Its main

technological focus in the context of this project is the Kaloom Software Defined Fabric (KSDF),
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Figure 1.1 Kaloom company logo

an infrastructure designed to enable data centre providers to deploy and operate data centres that

are more powerful, more flexible, and less costly than traditional data centre architectures.

From the perspective of this thesis, Kaloom provides a particularly relevant setting for studying

DevOps process traces because its development activities involve large-scale software and

infrastructure engineering, frequent integration activity, and a substantial use of GitLab-based

workflows. These characteristics make it an especially suitable context for studying MRs not only

as review artifacts, but also as process traces that reflect coordination, branch usage, automation,

and workflow variation.

Kaloom was particularly important for the early parts of this thesis concerned with MR process

observability and workflow deviations. Its repositories offered a rich and diverse industrial

environment in which non-standard MR workflows could be observed and analyzed in practice.

The breadth of projects and technical groups involved also made it possible to examine MR

traces across heterogeneous industrial development contexts.

1.2.2 TELUS

Figure 1.2 TELUS company logo
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TELUS is a major Canadian telecommunications company whose collaboration in this research

project centered on SDN-enabled service delivery and automation. The industrial context

considered in this thesis involves a Network-as-a-Service solution based on SD-WAN, with the

broader objective of maximizing the use of cloud computing.

A central environment in this collaboration is the TINAA ecosystem, short for TELUS Intelligent

Network Analytics and Automation. TINAA is an SDN solution developed to support in-house

engineering activities and to facilitate the realization and operation of TELUS’s current and

future services. These services include, among others, the transmission of internet traffic, mobile

telephone calls, and cable television programs. In this context, software and configuration

artifacts are directly tied to operational network behavior, which makes the TELUS environment

especially relevant for studying peer review in configuration-intensive SDN settings.

For this thesis, TELUS was particularly important for the analyses related to artifact-sensitive

reviewing — especially the comparison of configuration, development, and documentation

MRs. Because TELUS operates in an SDN environment where configuration artifacts are

central to service realization and operation, its repositories provided a strong industrial basis for

examining how peer review effort and quality vary across MR types. The TELUS context was

also important for the study of upstream planning conditions, since task histories and workflow

transitions could be reconstructed from GitLab issue and Kanban traces.

1.3 Global Collaborative Research Context

1.3.1 Project Structure and Work Packages

The work reported in this thesis was carried out within a larger collaborative project structured

around four institutions — École de Technologie Supérieure (ÉTS), McMaster University, and

Queen’s University on the academic side, alongside Kaloom and TELUS as the industrial

partners. The project was organized around four work packages, each addressing a distinct

dimension of SDN DevOps research:
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1. WP1 — Process Capture: Develop a framework for capturing SDN DevOps processes.

2. WP2 — Measurement and Analysis: Develop support for measurement and analysis of

SDN DevOps processes.

3. WP3 — Infrastructure Support: Provide DevOps support for SDN infrastructure.

4. WP4 — Application Support: Provide DevOps support for SDN applications.

This thesis is primarily situated within Work Package 2 (WP2): Measurement and Analysis

of SDN DevOps Processes. The goal of WP2 was to develop techniques and tools to assess

software processes using criteria related to a company’s broader corporate objectives. In

particular, WP2 focused on two central criteria: (i) the time required to deliver a new or updated

service, and (ii) the number of defects found during use of the software by customers or end

users.

To support these objectives, WP2 aimed to work closely with the industrial partners in order to

determine which elements of the process have the strongest impact on these criteria and how they

can be improved most effectively. The work package therefore emphasized the identification

of actionable process elements, the definition of relevant metrics, the extraction of data from

DevOps tools, the computation of process indicators, and the development of methods to analyze

and communicate these indicators to different stakeholders.

1.3.2 WP2 Activities and Their Alignment with the Thesis

More specifically, WP2 was organized around the following activities:

1. Definition of process metrics.

2. Extraction of data from DevOps tools.

3. Computation of process metrics.

4. Methods to support the analysis of process metrics.

5. Methods to communicate process metrics and make them actionable.

The contributions of this thesis align directly with these activities. Table 1.1 summarizes how

each thesis contribution maps onto the WP2 activities described above.
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Table 1.1 Alignment between thesis contributions and WP2 activities (A.n)

Thesis contribution WP2 activity
MR traces as an observability instrument for DevOps

process behavior

A.2 — Extraction of data from DevOps tools

Amount of post-submission changes as a time-independent

peer review effort metric

A.1 — Definition of process metrics

A.3 — Computation of process metrics

Variation of peer review effort and quality across MR

types, including the effect of bug presence

A.4 — Methods to support metric analysis

Taxonomy and automated detection of MR workflow

deviations for deviation-aware effort analysis

A.1 — Definition of process metrics

A.4 — Methods to support metric analysis

Linking upstream task estimation conditions to

downstream peer review effort

A.4 — Methods to support metric analysis

A.5 — Methods to communicate metrics

Predictive model for safe MR self-approval based on

CI/CD delivery reliability

A.5 — Methods to communicate metrics

RevMine: LLM-assisted tool for reproducible DevOps-

pipeline data collection and analysis (Kanban, peer review,

CI/CD) across Git-based platforms

A.2 — Extraction of data from DevOps tools

A.5 — Methods to communicate metrics

1.4 Collaboration Model with the Industrial Partners

The collaboration with Kaloom and TELUS was not limited to repository access or periodic

validation of results. Instead, it followed a continuous and structured interaction model intended

to maintain close alignment between the academic work and industrial priorities throughout the

full duration of the research.

At the operational level, bi-weekly meetings were organized with the industrial partners to

present research progress, discuss intermediate findings, validate assumptions, and refine the

next steps of the work. These regular meetings played an important role throughout the thesis.

They made it possible to continuously confront analytical results with industrial interpretation,

to ensure that the selected metrics remained meaningful in practice, and to adapt the research

focus when necessary based on partner feedback.

In addition to these recurring meetings, the broader collaborative project included face-to-face

meetings twice per year with the full set of academic and industrial participants, including

collaborators from McMaster University and Queen’s University. These meetings provided a

higher-level forum to present the overall advancement of the project, discuss the progress of
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the different work packages, and coordinate research directions across institutions and partners.

They also supported cross-fertilization between the different parts of the project by allowing

each work package to situate its findings within the broader SDN DevOps research program.

This collaboration model was important for the thesis in several ways. First, it ensured that the

research remained strongly grounded in industrial practice rather than developing independently

of real operational concerns. Second, it facilitated access to domain knowledge needed to

interpret process traces and repository behavior correctly — particularly for SDN-specific

configuration artifacts and TINAA workflow conventions at TELUS. Third, it enabled iterative

validation of metrics, assumptions, and findings rather than limiting industrial involvement to

the beginning or end of the research cycle.

1.5 Role of the Thesis Within the Collaboration

Within the broader collaborative project, this thesis contributed mainly to the measurement

and analysis dimension represented by WP2. Its role was to help define, extract, compute, and

analyze process-related information derived from GitLab traces in order to better understand

how SDN DevOps processes operate in practice and how they may be improved.

This role is directly reflected in the thesis’s seven contributions. The work on MR traces as an

observability foundation aligns with the objective of capturing relevant process signals from

operational repositories. The work on peer review effort metrics aligns with the objective of

defining and computing meaningful, time-independent indicators. The analyses of MR types

and workflow deviations contribute to understanding which contextual factors influence the

interpretation of these indicators. The connections to upstream planning and downstream

CI/CD outcomes extend this effort toward actionable process analysis that can inform industrial

decision-making.

In this sense, the thesis does not stand apart from the collaborative project but rather forms

one of its analytical pillars. It contributes empirical methods and findings intended to help

identify where process inefficiencies emerge, how they can be characterized more precisely, and
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how measurement can support more informed process improvement decisions in SDN DevOps

environments.

1.6 Conclusion

This chapter presented the industrial context in which the thesis was conducted. It introduced

Kaloom and TELUS as the two industrial partners whose SDN-oriented DevOps environments

provided the empirical basis for much of the work. It situated the thesis within the broader

collaborative research project and more specifically within WP2 on the measurement and analysis

of SDN DevOps processes. It also presented a mapping between the thesis’s seven contributions

and the five WP2 activities, showing how each contribution serves a concrete analytical role

within the project.

Finally, the chapter described the collaboration model that sustained the research throughout its

duration, including bi-weekly operational meetings with industrial partners and twice-yearly

face-to-face meetings involving all academic and industrial participants. Together, these

interactions ensured that the thesis remained closely connected to practical industrial concerns

while contributing rigorous empirical analysis to the broader SDN DevOps research program.





CHAPTER 2

BACKGROUND & RELATED WORK

2.1 Introduction

This thesis studies peer review effort as a software process phenomenon in DevOps environments.

It examines peer review not only as a local quality assurance activity, but also as a rich process

trace through which broader development behavior can be observed. In this perspective, prior

work is relevant along several complementary dimensions: the role of peer review mechanisms

in modern development workflows, the factors that shape peer review dynamics and effort, the

quality and usefulness of review feedback, the influence of artifact type on review behavior, the

treatment of workflow deviations, the role of planning and estimation in software workflows, the

relation between peer review and downstream delivery contexts, and the tool support available

for mining and analyzing review data.

This chapter reviews that literature and positions the thesis accordingly. Rather than organizing

the discussion by individual chapter contributions, we synthesize prior work into five broader

themes that collectively motivate the thesis’s research questions.

2.2 Peer Review Mechanisms, Dynamics, and Effort

2.2.1 Peer Review in Modern DevOps Workflows

Peer review mechanisms play a central role in modern software development by structuring how

proposed changes are discussed, revised, and integrated. In Git-based workflows, this process is

commonly supported through MRs or Pull Requests (PRs), while Gerrit offers a more centralized,

commit-oriented review model. These mechanisms provide a shared space for submitting

changes, requesting feedback, discussing design or implementation issues, and deciding whether

a change should be integrated into the main codebase. They also serve as an entry point for

automation, including static analysis, testing, and bot-assisted review support (Tufano, Pascarella,
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Tufano, Poshyvanyk & Bavota, 2021). As a result, peer review traces record not only a quality

gate, but also a rich sequence of interactions between contributors, branches, automation, and

process decisions.

Several studies have treated peer review as an important unit of analysis in software engineering.

At a general level, peer-reviewed changes are associated with higher software quality, improved

readability, and lower defect proneness (McIntosh et al., 2014; Bavota & Russo, 2015; Tufano

et al., 2021). In industrial contexts, peer review is also embedded in broader DevOps workflows,

where submitted changes move through automated checks, human review, integration decisions,

and deployment-related activities. This integration makes peer review traces especially useful

for studying software process behavior rather than only review outcomes.

The present thesis builds on this view by treating MR traces as observable process data. In

contrast to work that focuses primarily on verification at the level of the reviewed change, this

thesis argues that MRs also capture broader workflow signals related to coordination, process

transitions, automation practices, and delivery conditions.

2.2.2 Time to Complete Peer Review, Efficiency, and Predictive Models

A large body of research has sought to analyze and improve the efficiency of peer review. One of

the most studied dimensions is time to complete peer review as a peer review effort proxy. Several

works developed predictive models for estimating the time needed to complete peer review and

identifying the factors associated with that metric (Chouchen et al., 2023; Maddila et al., 2023;

Hasan et al., 2023; Thongtanunam et al., 2017b; Islam et al., 2022). For example, Chouchen et al.

(2023) proposed machine learning models to predict time to complete peer review and explain its

influential factors, while Maddila et al. (2023) examined review delay and the actors that block

progress. Hasan et al. (2023) showed that shorter time-to-universal-first-response is generally

associated with faster PR completion, although bot-first responses appear less informative than

human involvement. Bosu & Carver (2014) similarly found that established developers receive

faster initial feedback, which contributes to shorter time to complete peer review.
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Other studies examined social, technical, and structural factors associated with review dynamics.

Jiang, Adams & German (2013) showed that the number of reviewers affects time to complete

peer review, while Thongtanunam et al. (2017b) investigated patch characteristics that attract

more reviewer participation. Baysal, Kononenko, Holmes & Godfrey (2016) found that both

technical and non-technical factors, such as team relationships and organizational structure,

affect time to complete peer review. Studies also explored related inefficiencies, such as

duplicate contributions (Li et al., 2020) and abandoned pull requests (Khatoonabadi, Costa,

Abdalkareem & Shihab, 2023), both of which increase wasted effort. Predictive work has further

addressed whether submitted changes are likely to be merged or abandoned, with the goal of

reducing delays or wasted review activity (Fan et al., 2018; Islam et al., 2022). Finally, Golzadeh,

Decan, Legay & Mens (2021) examined bot-generated comments and highlighted both their

utility for accelerating reviews and their limits for nuanced decision-making.

This literature establishes time to complete peer review as a useful and widely adopted proxy

for effort. However, it also exposes an important limitation: temporal measures conflate actual

review-related work with waiting time, prioritization, availability constraints, and organizational

circumstances. This thesis builds directly on this limitation by arguing that peer review effort

should not be approximated through time alone. Chapter 5 specifically extends this literature by

introducing the amount of post-submission change as a time-independent and change-oriented

indicator of peer review effort, thereby complementing the dominant temporal view found in

prior work.

2.2.3 Review Feedback Quality and Usefulness

Beyond duration and participation, prior work has also examined the quality and usefulness of

review feedback. This line of work recognizes that review value depends not only on whether

feedback is provided, but also on whether it is understandable, actionable, and relevant to the

change under review. Hasan, Iqbal, Islam, Rahman & Bosu (2021) proposed an automated

approach for assessing peer review quality, while Doğan & Tüzün (2022) studied review smells

and found that at least one smell was present in a large proportion of the reviews they analyzed.
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Yang, Xu, Zhang, Zhang & Bacchelli (2023) introduced EvaCRC, an explainable framework for

evaluating review comment quality with human-understandable justifications. Turzo & Bosu

(2024) showed that the perceived usefulness of review comments depends not only on technical

content, such as defect identification and improvement suggestions, but also on linguistic clarity

and politeness.

Predictive studies also investigated what distinguishes useful from non-useful comments.

Rahman, Roy & Kula (2017) proposed RevHelper, a model using textual features and reviewer

experience to classify review comments by usefulness. Review quality has likewise been

examined indirectly through review outcomes. Charoenwet, Thongtanunam, Pham & Treude

(2024) studied security-related comments in large review datasets and showed that such feedback

may lead to fixes, acknowledgments, or remain unresolved. Together, these studies show that

review quality cannot be reduced to comment count or comment presence alone.

This thesis builds on that motivation in Chapter 6, where peer review quality is examined not

only through quantitative measures but also through qualitative analysis of review comments

across artifact types. In doing so, it connects the literature on review dynamics with the literature

on review feedback quality and shows that both are necessary for understanding peer review

effort in context.

2.3 Artifact Sensitivity, Configuration Changes, and Industrial Contexts

2.3.1 Heterogeneity Across Artifact Types

A growing body of work shows that peer review is not uniform across all changes. Instead,

reviewers allocate attention differently depending on the artifact being modified, the perceived

risk of the change, and the nature of the work. Nejati et al. (2023) analyzed build specification

reviews and found that such changes often receive less attention than production and test code,

despite carrying substantial defect risk. Spadini et al. (2018) showed that production code tends

to receive more thorough review than test code when both are modified. Thongtanunam et al.
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(2015) found that defective files may receive less rigorous review, and that issues raised during

review often target evolvability concerns such as clarity and documentation rather than direct

defect fixing. These studies support the broader idea that review behavior is artifact-sensitive.

Research has also examined change intent as a source of heterogeneity. Wang, Bansal,

Nagappan & Philip (2019); Wang, Bansal & Nagappan (2021) studied reviews with large review

effort, operationalized through multiple iterations, and showed that certain change intents, such

as refactoring, are more likely to require substantial review effort. Their results also showed

that intent-aware predictive models can outperform models that do not consider intent explicitly.

However, their notion of effort differs from the one adopted in this thesis: they study review

iterations rather than the amount of post-submission modification, and they focus on intent

categories rather than broader process context.

The present thesis extends this artifact-sensitive perspective in several ways. First, it argues

that configuration changes deserve explicit treatment rather than being absorbed into a general

population of reviewed changes. Second, it distinguishes between configuration-dominant and

configuration-inclusive MRs, thereby recognizing that configuration-related work may appear

either as the main substance of a change or as one component of a mixed artifact change. Third,

it examines review quality and effort together rather than focusing only on timing or iteration

count. These extensions are developed mainly in Chapter 6.

2.3.2 Configuration Artifacts, IaC, and SDN Contexts

Given that both industrial partners in this thesis operate in the networking domain, configuration

artifacts receive particular attention throughout this work. The importance of configuration

artifacts has received increasing recognition in software engineering. Prior research has shown

that configuration errors are a major cause of real-world system failures (Yin et al., 2011).

Infrastructure-related artifacts have also been shown to exhibit complex faults and recurring

security issues, reinforcing the view that they should be treated as first-class software entities

rather than peripheral files (Drosos, Sotiropoulos, Alexopoulos, Mitropoulos & Su, 2024;
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Rahman, Rahman, Parnin & Williams, 2021; Dalla Palma et al., 2024). These findings are

particularly relevant in environments where configuration directly shapes system behavior.

A related line of work has begun to study review practices for configuration-centered artifacts and

Infrastructure-as-Code (IaC). Bessghaier, Ouni, Sayagh, Chouchen & Mkaouer (2025) reported

that review practices for IaC changes differ from those commonly observed for traditional

software artifacts and explicitly highlighted the scarcity of research in this area. This work is

among the closest antecedents to the present thesis. However, the current thesis extends that

line in several directions: it focuses specifically on SDN configuration changes rather than

general IaC, distinguishes configuration-dominant from configuration-inclusive MRs, combines

quantitative review dynamics with qualitative comment analysis, and further isolates bug-related

versus non-bug-related configuration changes.

The SDN context further strengthens the need for dedicated study. SDN decouples network

control logic from forwarding devices and centralizes control in software controllers (Kreutz

et al., 2014; Nunes, Mendonca, Nguyen, Obraczka & Turletti, 2014). In such systems,

configuration files do not merely tune peripheral aspects of behavior; they directly encode

routing policies, access rules, service chains, and other operationally critical behavior (Benzekki,

El Fergougui & Elbelrhiti Elalaoui, 2016). As a result, small configuration changes can have

system-wide consequences that are not proportional to diff size and that may be difficult to

validate locally. Despite these characteristics, prior SDN research has focused mainly on

architecture, protocols, and verification rather than on collaborative peer review processes

for SDN configuration changes. This thesis addresses that gap by empirically studying

configuration reviews in an industrial SDN environment and comparing them with development

and documentation reviews.

2.3.3 Industrial Review Practices and Automation

Peer review has also been widely studied in industrial settings. Bosu, Greiler & Bird (2015)

conducted a large-scale study at Microsoft and identified several factors associated with comment
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usefulness, including reviewer tenure and review scope. Jureczko, Kajda & Górecki (2020)

compared tool-assisted and over-the-shoulder review techniques and showed that tool-assisted

reviews produce higher comment volumes. AlOmar, AlRubaye, Mkaouer, Ouni & Kessentini

(2021) studied the review of refactoring changes at Xerox and reported difficulties in documenting

change intent and ensuring correct reviewer understanding. In parallel, automated review

support has become common in industrial workflows, with examples including review bots

at Samsung (Kim et al., 2022), automated analysis at Google (Sadowski, Van Gogh, Jaspan,

Soderberg & Winter, 2015), and automated support at Microsoft (Bird, Carnahan & Greiler,

2015).

Generative AI and large language models have further expanded automation possibilities in peer

review. Pornprasit & Tantithamthavorn (2024) compared fine-tuning and few-shot prompting

approaches and showed that few-shot methods can perform well in low-data settings. Haider,

Mostofa, Mosaddek, Iqbal & Ahmed (2024) showed that augmenting prompts with semantic

code metadata can significantly improve generated review comments. Jaoua, Sghaier & Sahraoui

(2025) proposed hybrid pipelines combining large language models with static analyzers, while

Tufano et al. (2022) and Li et al. (2022a) applied T5-based models to automated review

generation. These works demonstrate the promise of AI for review automation. However, they

generally assume standard review workflows and do not account for cases in which the MR

mechanism is used for atypical or non-standard purposes. This thesis complements that literature

by focusing not on automated comment generation, but on the quality of the analytical dataset

itself, which Chapter 7 addresses through the study of workflow deviations.

2.4 Workflow Deviations, Dataset Quality, and Process Observability

2.4.1 Dataset Preprocessing and Analytical Validity

Many empirical studies on peer review rely on data preprocessing to improve analytical

validity. Common practices include removing outliers, performing correlation and redundancy

analysis, filtering inactive cases, and excluding instances that do not fit a given target variable
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definition (Chouchen et al., 2023; McIntosh, Kamei, Adams & Hassan, 2016a; Fan et al., 2018;

Islam et al., 2022; Li et al., 2020; Khatoonabadi et al., 2023). Other studies focused more

directly on cleaning review-related datasets. Liu, Lin & Thongtanunam (2025) used large

language models to clean review comments, Liang et al. (2023) proposed a semantic approach

for cleaning comment-update datasets, Krutauz, Dey, Rigby & Mockus (2020) used clustering

to address multicollinearity, and Gupta & Sundaresan (2018) filtered non-actionable comments

using regular expressions. These efforts all aim to improve the quality of the data on which

analysis or automation is built.

However, most of this work treats data quality in statistical or textual terms rather than in

process terms. That is, prior studies clean data by removing noisy values, redundant predictors,

outdated comments, or non-actionable text, but they generally assume that the reviewed instances

themselves represent comparable and standard peer review cases. The possibility that some MRs

correspond to different workflow purposes rather than simply to noisy observations has received

far less attention. Even work on bot detection, such as Golzadeh et al. (2021), which provides

ground-truth data for identifying bot-generated activity, does not address the broader question

of whether an MR as a whole represents a standard review workflow. This gap is central to

Chapter 7, which extends dataset-quality research from statistical cleaning to workflow-aware

analytical validity.

2.4.2 Branch Structure, Workflow Signals, and Process Observability

Some prior work has used branch information and review workflow structure to better understand

peer review practices. Lal & Pahwa (2017) analyzed peer reviews using branches as a source of

review information, while AlOmar (2025) studied refactoring branches and their impact on time

to complete peer review, feedback patterns, and integration efficiency. Mukadam, Bird & Rigby

(2013) examined which changes are reviewed, who reviews them, how long review takes, and

what kinds of discussions occur, also using workflow and branch-related information. These

studies indicate that structural information about the review process can reveal important patterns

beyond the reviewed artifact itself.
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The thesis builds on this idea at a broader level. Rather than using MR traces solely to explain

review delay or participation, it argues in Chapter 4 that MR traces can serve as a process

observability foundation in DevOps settings. Under this view, review traces reveal signals

related to organizational priorities, branch strategies, automation, environmental disruption, and

workflow adaptation. This extends prior review-mining work by making process observability,

rather than only review performance, a central analytical goal.

2.5 Upstream Planning, Estimation, and Downstream Delivery

2.5.1 Effort Estimation in Agile and DevOps Workflows

Peer review effort does not occur in isolation from the planning conditions that precede it.

Upstream estimation practices shape how work is scoped, prioritized, and assigned before any

change reaches the review stage, and poor estimation has been shown to carry consequences that

propagate through execution workflows. Effort estimation remains a core activity in software

engineering because it influences planning, scheduling, and resource allocation (Ruk, Mahmood,

Azmi, Firdaus Mohd Azmi & Gul, 2025b). In Agile workflows, estimation is commonly

performed at the level of user stories or tasks using approaches such as T-shirt sizing, User

Story Points, Planning Poker, and the Bucket System (Mallidi & Sharma, 2021b; Poženel, Fürst,

Vavpotič & Hovelja, 2023). Parametric and data-driven approaches have also been adapted to

Agile contexts (Chakravorty, Reddy & khan, 2025; Alsaadi & Saeedi, 2022).

Several studies also investigated automated task estimation. Catak, Durdu & Omurca (2024)

proposed an NLP-based estimator for Agile requirements, William, Kumar, Chhabra & Vengatesan

(2021a) linked estimation with task allocation in distributed Agile teams, and Thukkaram

(2025) proposed MR-level effort estimation using repository and contributor features. Large

language models have also been applied to effort estimation through zero-shot and optimized

architectures (Radliński & Swacha, 2025; Miranda et al., 2024; Cheemaa et al., 2025), while

Maiga, Bilgaiyan & Sagnika (2025) showed that smaller BERT-based models may outperform

larger variants due to better generalization. Despite these advances, most work focuses on
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predicting estimates rather than on understanding how estimates behave once work enters

execution workflows.

The literature also highlights recurring limitations of estimation practices, including subjectivity,

anchoring effects, inconsistent team calibration, and the misuse of estimates as rigid commitments

(Mallidi & Sharma, 2021a; Sahni; Poženel et al., 2023; Sandeep, Sánchez-Gordón, Colomo-

Palacios & Kristiansen, 2022; Mateen & Malik, 2023). More broadly, software tasks are

inherently uncertain (Albrecht & Gaffney, 1983), and temporal estimates may create pressure

that prioritizes speed over quality (Goswami & Urminsky, 2020; Kim et al., 2021; Arifin,

Daengdej & Khanh, 2017). Related work on Kanban workflows also informs this perspective.

Ahmad, Markkula & Oivo (2013) showed that empirical Kanban studies emphasize flow metrics

such as lead time, cycle time, and throughput, while giving less attention to estimation accuracy

or underestimation. Weflen, MacKenzie & Rivero (2022) proposed a probabilistic model for

lead time estimation in Agile Kanban projects, again emphasizing forecasting rather than the

behavioral consequences of estimates during execution.

This thesis extends such work in Chapter 8 by examining how task estimates and planning

conditions relate to observed peer review effort and workflow outcomes, connecting upstream

estimation behavior to downstream review activity rather than treating them as independent

concerns.

2.5.2 Review Decisions and Downstream Delivery Reliability

The consequences of peer review decisions extend beyond the review stage itself. Once a

change is approved and integrated, its quality and the rigor of the review process that preceded

it have downstream implications for delivery pipelines, build stability, and system reliability.

Several studies have examined the relationship between review practices and software quality

outcomes. McIntosh et al. (2014) showed that inadequate review coverage is associated with

higher post-release defect density, while Bavota & Russo (2015) found that review-related
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metrics are among the strongest predictors of code quality. Bosu et al. (2015) observed that

more experienced reviewers tend to produce feedback that leads to fewer downstream defects.

These findings motivate the perspective adopted in Chapter 9, which connects specific review

decisions — including self-approval patterns and review scope — to CI/CD pipeline reliability.

Rather than treating review quality as an outcome in itself, this chapter treats it as a predictor of

downstream delivery conditions, thereby closing the loop from upstream planning through peer

review to delivery.

2.6 Tool Support for Peer Review Mining and Analysis

2.6.1 Existing Repository Mining Tools

Several tools have been developed to support software repository mining and peer review

analysis, each addressing a subset of the capabilities required for end-to-end empirical research.

PyDriller (Spadini et al., 2018) is a widely used Python framework for mining Git repositories

at the commit level. It provides access to commit metadata, file diffs, and author information, but

operates entirely at the local Git level and does not interface with the GitHub or GitLab REST

APIs — meaning it cannot collect PR/MR metadata, reviewer assignments, discussion threads,

or inline review comments. GH Archive provides a historical log of public GitHub event

streams but is read-only, covers GitHub exclusively, and requires substantial post-processing

to extract review-specific data. GrimoireLab is a comprehensive DevOps analytics platform

that aggregates data from multiple sources including GitHub, GitLab, Jira, and Slack, but its

configuration complexity, focus on aggregate dashboard metrics, and lack of researcher-oriented

filtering make it poorly suited for fine-grained, reproducible empirical studies. Boa (Dyer,

Nguyen, Rajan & Nguyen, 2013) is a domain-specific language and infrastructure for large-scale

mining of open-source repositories, but it is limited to historical snapshots and does not support

real-time or interactive data collection. Perceval, part of the GrimoireLab ecosystem, provides

lower-level data fetching from multiple backends but lacks a unified analysis layer and requires

significant scripting to produce research-ready datasets.
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Crucially, none of these tools provides a natural language interface, an LLM-assisted interaction

layer, or automatic metric dependency inference. As a result, researchers using any of these

tools must still invest substantial effort in scripting, configuration, and data transformation before

analysis can begin. Table 2.1 summarizes this comparison across five key capabilities that a

peer review mining tool designed for empirical research should provide.

Table 2.1 Comparison of software repository mining tools across key capabilities

relevant to empirical peer review research. � = fully supported; � = not supported;

∼= partial support

Tool
Multi-

Platform
Analysis
Engine

NL
Interface

LLM-
Assisted No-

Code
PyDriller (Spadini

et al., 2018)

� � � � �

GH Archive � � � � �

GrimoireLab � ∼ � � �

Boa (Dyer et al.,
2013)

� ∼ � � �

Perceval � � � � �

RevMine (ours) � � � � �

2.6.2 RevMine as a Complementary Layer

RevMine addresses all five dimensions simultaneously, positioning itself as a complementary

layer that unifies data collection, transformation, visual exploration, and LLM-assisted interaction

into a single reproducible pipeline. Unlike existing tools that require researchers to write custom

extraction scripts for each study, RevMine allows users to express their intent in natural language

and receive a validated, executable data collection plan in return — reducing both the technical

barrier and the risk of inconsistent implementations across studies. Chapter 10 presents RevMine

in full and evaluates it against the capabilities summarized in Table 2.1.
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2.7 Conclusion & Positioning of the Thesis

Taken together, prior work provides a strong basis for studying peer review dynamics, review

quality, artifact-sensitive review behavior, configuration-centered engineering, industrial review

practice, dataset cleaning, and effort estimation. However, the existing literature remains

fragmented in three important ways.

First, peer review is still predominantly studied as an isolated activity centered on timing,

participation, or comment usefulness, without fully exploiting MR traces as broader process

signals, and effort is still approximated mainly through temporal measures even though time

may reflect waiting and organizational constraints rather than review-generated work alone.

Second, while artifact sensitivity is acknowledged, configuration changes remain underexplored

— especially in SDN environments — and data-cleaning research rarely addresses the possibility

that some reviewed instances correspond to different workflow purposes rather than simply to

noisy observations. Third, planning and estimation research has seldom been connected to peer

review effort, the downstream delivery implications of review decisions remain underexplored

within the same analytical framework, and tool support for reproducible end-to-end peer review

analysis remains limited.

This thesis addresses these gaps through seven connected contributions. It establishes MR

traces as a process observability foundation, introduces the amount of post-submission change

as a time-independent indicator of peer review effort, examines how effort and review quality

vary across MR types, studies workflow deviations and their analytical impact, relates upstream

planning to peer review effort, connects review decisions to downstream delivery reliability, and

provides RevMine as tooling support for reproducible peer review analytics. In this way, the

thesis contributes not only to understanding peer review itself, but also to understanding how

peer review effort should be interpreted within the broader software process.





CHAPTER 3

DATA COLLECTION

3.1 Introduction

This thesis relies on repository mining to study peer review effort and its surrounding software

process context in DevOps environments. Because the thesis addresses several complementary

questions—including peer review observability, effort measurement, artifact-sensitive review

behavior, workflow deviations, upstream planning, and downstream process conditions—it

draws on multiple datasets collected from both industrial and open-source GitLab repositories.

Rather than treating these datasets as isolated chapter-specific resources, this chapter presents

them as parts of a common data collection strategy centered on GitLab development traces.

Across the thesis, the main source of empirical evidence is the history of GitLab artifacts and

events associated with MRs and issues. Since our industrial partners use GitLab and the MR

mechanism as part of their peer review workflow, these traces provide a rich basis for analysis.

They include review-related information such as MR metadata, commits, discussions, notes,

reviewers, file changes, and diffs, as well as planning-related information such as issues, labels,

assignments, workflow states, and issue histories. Together, these records offer a longitudinal and

fine-grained view of how work is proposed, reviewed, revised, and advanced in both industrial

and open-source DevOps settings.

Although each empirical chapter emphasizes the dataset that is most directly aligned with its

objective, the broader data collection infrastructure is shared across the thesis. For example, the

effort-oriented analyses are primarily reported on open-source projects because the proposed

effort measure is first established in that setting, the artifact-type analyses are emphasized on

the TELUS dataset because configuration-related reviewing is especially central there, and the

deviation analyses are emphasized on the Kaloom dataset because workflow deviations were

first prominently observed in that context. Nevertheless, the studies are not strictly isolated by

dataset, and several chapters draw on additional datasets for replication, contrast, or validation.



32

3.2 Data Sources and Collection Infrastructure

To support the different empirical studies of the thesis, we rely on custom extraction tooling

built on top of the GitLab API. A first version of this infrastructure was initially developed by

Legault (2022), and later extended into a custom MR data extraction tool tailored to the needs of

this thesis. The tool uses GitLab API endpoints to collect MR-related information, including

metadata, commits, discussions, notes, and file modifications.1 2 3 4 5 In studies that require

linking reviewed changes to planning artifacts, the same infrastructure is also used to extract

issue-level data and to establish associations between MRs and the issues they address.6 To

support transparency and reuse, the MR extraction tool is publicly available.7

The data collection strategy is intentionally broad. It supports the extraction of:

• MR metadata, such as identifiers, authors, creation dates, closure dates, and merge dates;

• commit-level information, including commit messages, code changes, and diffs;

• peer review artifacts, such as comments, discussions, notes, reviewers, and approvals;

• file-level change information, including additions, deletions, and touched files;

• issue-level information, such as titles, descriptions, labels, assignments, and state transitions;

• issue and workflow histories, enabling the reconstruction of task lifecycles in planning and

execution environments.

These extracted traces form the empirical basis of the thesis and enable the study of peer review

as both a local review activity and a broader software process phenomenon. For each repository,

we retain the raw extracted data and derive case-specific metrics afterward, depending on the

1 https://docs.gitlab.com/ee/api/merge_requests.html

2 https://docs.gitlab.com/api/merge_requests/

3 https://docs.gitlab.com/api/commits/

4 https://docs.gitlab.com/api/discussions/

5 https://docs.gitlab.com/api/notes/

6 https://docs.gitlab.com/ee/api/issues.html

7 https://gitlab.com/ets-devops/merge-requests/mr-analysis-tool
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objectives of the chapter. This strategy avoids repeated extraction and recomputation, which are

both time- and resource-consuming, while ensuring consistency across studies.

3.3 Industrial MR Datasets

A large part of the thesis is grounded in industrial GitLab repositories obtained through

collaborations with Kaloom and TELUS. These industrial datasets provide access to realistic

DevOps environments in which MRs are regularly created, reviewed, revised, and integrated

under operational constraints.

3.3.1 Kaloom Dataset

The first industrial dataset supports the thesis’s contributions on MR traces as a process

observability foundation and on workflow deviations. Using the custom GitLab extraction tool,

we collected MR data from multiple projects belonging to five major technical groups of our

industrial partner Kaloom. The extracted data includes MR identifiers, creation and closure

dates, commits, discussions, notes, reviewers, and file modifications. This dataset was designed

to support the analysis of broader workflow signals observable through MR traces, including the

effects of process changes, branch usage, review interaction patterns, and non-standard review

workflows presented as deviations.

The studied projects are grouped into five major technical areas: Management Plane (MP),

Control Plane (CP), Data Plane (DP), FPGA, and Platform (PF). Together, these groups aggregate

116 underlying sub-projects (20 in MP, 31 in CP, 16 in DP, 19 in FPGA, and 30 in PF) and

cover a broad range of software and infrastructure responsibilities, including management of

communication with the fabric, orchestration of packet and frame paths, forwarding behavior,

reprogrammable hardware, and low-level platform management. This diversity is valuable for

studying MRs as process traces across heterogeneous industrial development contexts.

Table 3.1 summarizes the main repository and change-profile characteristics of the Kaloom

dataset using the same set of common metrics later used for the TELUS and open-source datasets.
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Table 3.1 Repository characteristics and change profile of

the studied Kaloom repositories

Repo #MRs #Com Avg. ppl/MR Add. Del. Churn #Files
CP 8,396 17.3k 1.05 895k 450k 1.35M 7,733

DP 7,416 18.2k 1.07 1.11M 471k 1.58M 5,341

FPGA 735 4.09k 1.10 298k 150k 448k 4,876

MP 6,344 19.5k 1.04 1.21M 522k 1.73M 6,078

PF 4,004 6.99k 1.03 229k 109k 338k 1,895

Total 26,895 66.0k 1.06 3.74M 1.70M 5.44M 25,923

#Com: total number of commits.

Avg. ppl/MR: average number of contributors per MR.

Churn: additions + deletions aggregated over all MRs.

3.3.2 TELUS Dataset

Our second industrial dataset comes from TELUS and is used primarily for the thesis’s analyses of

artifact-sensitive peer review behavior, especially in a configuration-intensive SDN environment.

For these studies, we collected data from five projects belonging to the TINAA GitLab group,

an internal SDN software ecosystem maintained by TELUS. The selected projects were chosen

in collaboration with engineering leads to ensure that they represent realistic and configuration-

intensive development scenarios. They are central to the SDN platform’s control and automation

layers and follow modern DevOps practices, including regular peer review, automated testing,

and continuous integration.

This dataset contains 8,495 MRs. For each MR, we extracted core metadata, commit-level

information, review artifacts, and associated issue information. More specifically, the dataset

includes MR identifiers, authors, creation and merge dates, commit messages, changed files,

diffs, inline comments, discussions, reviewers, issue titles, issue descriptions, and labels. These

traces provide the empirical basis for studying how peer review effort and quality vary across

configuration, development, and documentation MRs, as well as for analyzing bug-related versus

non-bug-related configuration changes.

An important methodological advantage of this dataset is that the selected projects share the

same organizational setting, time window, GitLab-based workflow, and engineering policies.
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Table 3.2 Repository characteristics and change profile of the

studied TELUS repositories

Repo #MRs #Com Avg. ppl/MR Add. Del. Churn #Files
NetApps 5,811 37.5k 2.78 3.51M 1.82M 5.33M 5,446

Platform 1,115 9.04k 2.11 846k 440k 1.29M 2,749

Infrastructure 363 1.11k 2.05 32.1k 17.7k 49.8k 787

CDAF 1,014 7.25k 2.25 1.01M 454k 1.46M 2,304

CNE-IP 192 1.01k 1.38 168k 83.2k 251k 647

Total 8,495 55.9k 2.54 4.25M 2.81M 8.38M 11,933

#Com: total number of commits.

Avg. ppl/MR: average number of contributors per MR.

Churn: additions + deletions aggregated over all MRs.

This consistency supports fair cross-project comparisons by reducing variability that could

otherwise arise from differences in tooling, governance, or review procedure.

Table 3.2 summarizes the main repository and change-profile characteristics of the TELUS

dataset using the same common metrics as in the Kaloom and open-source summaries.

3.4 Open-Source MR Datasets

To complement the industrial setting and improve the breadth of empirical observations, the

thesis also uses open-source GitLab repositories. These repositories are particularly important

for validating findings related to peer review effort beyond the industrial context and for studying

MRs in projects with large review histories.

For the effort-oriented study of Chapter 5 and generalisability investigation, we collected MR data

from four open-source GitLab projects with more than 3,000 MRs: Inkscape, Omnibus-GitLab,

GitLab Runner, and Gitaly. These projects were selected because they provide sufficiently large

MR histories and represent mature GitLab-based development workflows. Using the GitLab API,

we extracted data related to MRs, commits, code changes, discussions, and review comments.

The collected dataset is also available through the replication package.8

8 https://figshare.com/s/632a15054ffb881ae72d
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Table 3.3 Repository characteristics and change profile of

the studied open-source repositories

Repo #MRs #Com Avg. ppl/MR Add. Del. Churn #Files
GT 5,138 2,800 1.00 165k 92.8k 258k 8,164

OB 4,688 3,282 1.00 89.4k 62.8k 152k 6,761

GR 2,499 1,482 1.00 47.9k 41.7k 89.6k 3,106

Ink 3,643 1,689 1.00 102k 70.0k 172k 5,131

Total 15,968 9,253 1.00 405k 267k 672k 23,162

#Com: total number of commits.

Avg. ppl/MR: average number of contributors per MR.

Churn: additions + deletions aggregated over all MRs.

GT = Gitaly, OB = Omnibus-GitLab, GR = GitLab Runner, Ink =

Inkscape.

These open-source projects play two main roles in the thesis. First, they support the study of

amount of post-submission change as a time-independent indicator of peer review effort by

providing diverse, MR-rich repositories outside the industrial setting. Second, they provide a

basis for validating the broader applicability of effort-related findings that are initially observed

in industrial contexts. In later analyses, these repositories are also reused as a validation context

alongside the industrial datasets when appropriate.

Table 3.3 summarizes the main repository and change-profile characteristics of the open-source

dataset using the same common metrics as in the industrial summaries.

3.5 Issue and Workflow History Data for Upstream Planning Analysis

The thesis also examines how upstream planning conditions relate to peer review effort. For

this purpose, we collected issue-centered workflow data from TELUS GitLab repositories in

order to reconstruct task lifecycles in a Kanban-based DevOps environment. In addition to issue

snapshots, we extracted users and complete issue histories, including assignment changes, state

transitions, size updates, and movements across Kanban columns.

This event-history perspective is important because current issue snapshots do not preserve the

sequence of workflow changes through which a task progresses. At TELUS, workflow stages

are represented using status labels such as Status::To Do, Status::In Progress, and
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Status::In Review. By mining these historical changes, we can reconstruct task timelines

and compute variables such as lead time, workflow exposure, execution duration, and waiting

duration. After preprocessing, the final issue dataset contains 13,419 issues from 137 industrial

projects, providing a large-scale and fine-grained view of task execution in practice.

This issue-history dataset supports the thesis’s contribution on upstream planning and effort.

More specifically, it enables the study of how task-level planning and estimation conditions

relate to the effort later observed during peer review.

3.6 Role of the Collected Datasets in the Thesis

Although the thesis relies on multiple datasets, they are all collected through a unified

methodological perspective: the use of GitLab-based process traces to study how work is

planned, reviewed, revised, and advanced in DevOps environments. The different datasets

therefore play complementary roles.

The Kaloom dataset primarily supports the study of MR traces as a process observability

foundation and the analysis of workflow deviations. The TELUS dataset primarily supports

the study of artifact-sensitive peer review behavior, especially in configuration-intensive SDN

projects. The open-source MR datasets primarily support effort-oriented analyses and help

assess the broader relevance of selected findings outside the industrial setting. Finally, the

issue and workflow-history dataset supports the study of upstream planning conditions and task

execution dynamics.

At the same time, these roles are not exclusive. Several findings are contrasted, replicated, or

interpreted across more than one dataset. The main analyses reported in a chapter therefore

reflect the dataset that best motivates the corresponding contribution, but the broader empirical

strategy remains multi-dataset throughout the thesis.

Together, these datasets allow the thesis to connect peer review effort to its surrounding process

context rather than analyzing peer review in isolation. This multi-dataset strategy is essential
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to the thesis’s central objective, namely, to understand peer review effort as a software process

phenomenon in DevOps environments.

3.7 Conclusion

This chapter presented the data collection foundations of the thesis. Using custom extraction

tooling built on the GitLab API, we collected MR-, issue-, and workflow-related traces from

both industrial and open-source repositories. These datasets provide detailed information

about changes, discussions, revisions, review activity, and task progression, thereby enabling

the thesis’s empirical analyses across several complementary contributions. In the following

chapters, these datasets are used to examine MR traces as process signals, to characterize peer

review effort beyond time-based measures, to study differences across MR types and workflow

deviations, and to relate peer review effort to planning and execution conditions.
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Preamble

This chapter studies whether MR traces can reveal more than review activity alone. Using

26,895 MRs from 116 sub-projects grouped into five technical groups at an industrial networking

software company, we analyze four dimensions: environmental disruption (the COVID-19 shift

to remote work), internal technological transition (the OpenShift migration), organizational

priorities (branch management), and review interaction dynamics (bot versus human first

comments). The findings show that MR traces make workplace change, process transitions,

release prioritization, and automation-human interaction empirically visible, establishing MR

data as an observability foundation for the effort-oriented analyses developed later in this thesis.

This chapter is adapted from the paper published at SEA 2025. The thesis version revises the

introduction, conclusion, and overall framing to align the chapter with the objectives of this

thesis. Figures are kept identical in content to those of the original paper, but their graphical

quality has been improved for the thesis version.

4.1 Introduction

Peer review data provides a valuable empirical basis for studying software processes in DevOps

environments. In Git-based platforms, each MR produces a structured and timestamped record of

a proposed change, including its submission, review interactions, revisions, automation activity,

and final outcome. Because MRs are positioned between change preparation and integration,
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their traces do not only describe peer review activity itself. They may also reflect broader process

conditions, such as work prioritization, technological transitions, organizational constraints, and

the interaction between human reviewers and automation.

This perspective is central to this thesis. As argued in the general introduction, peer review

effort cannot be fully understood if review is treated as an isolated event. The work required

during review may be shaped by upstream conditions, while review decisions may influence

downstream integration and delivery behavior. Before studying peer review effort in detail,

it is therefore necessary to establish whether MR traces can serve as a reliable observability

instrument for analyzing software process behavior more broadly.

Prior research has used peer review data to study topics such as review latency, reviewer

assignment, merge prediction, and comment usefulness (Hasan et al., 2023; Chouchen et al.,

2023; Maddila et al., 2023; Islam et al., 2022). These studies have provided important insights

into peer review as a technical and collaborative activity. However, less attention has been given

to the broader process information embedded in MR traces, particularly their ability to reveal

how teams respond to disruptions, adapt to internal process changes, encode organizational

priorities, and coordinate human and automated review activity over time.

This chapter addresses this gap by examining whether MR traces capture process signals beyond

peer review itself. We conduct a large-scale empirical study on Kaloom projects grouped

into five technical groups at an industrial networking software company specializing in 5G

and cloud-edge fabric technologies (see Section 3.3.1). The analysis considers four forms of

process variation: an external disruption caused by the COVID-19 transition to remote work, an

internal technological transition through the migration to OpenShift, organizational prioritization

reflected in branch management practices, and local review interaction dynamics involving

human and bot comments.

The results show that MR traces capture meaningful signals across these four dimensions. The

COVID-19 transition is reflected in changes in working patterns, including increased activity

outside regular hours. The OpenShift migration appears through temporary instability in review



41

and change-size indicators. Branch-level analysis shows that stable branches receive prioritized

treatment, reflecting release-management concerns. Finally, first-comment dynamics reveal that

bots accelerate initial responses, while human comments remain more strongly associated with

review progression. Together, these findings establish MR traces as a foundation for the later

chapters, where peer review effort is analyzed as part of a broader DevOps process rather than

as an isolated review outcome.

The main contributions of this chapter are:

• an empirical demonstration that MR traces reveal the effects of external disruption on

software work, using the COVID-19 transition to remote work as a natural experiment;

• evidence that internal technological transitions, such as a migration to OpenShift, are visible

through review behavior and workflow-stability indicators over time;

• an analysis showing that branch management practices encode organizational release priorities,

with stable branches receiving prioritized review treatment;

• a characterization of human-versus-automated first-comment dynamics in MR reviews,

showing that bots accelerate initial response while human comments remain the main drivers

of review progression.

4.2 Study Design

In this chapter, we aim to establish the broader observability role of peer review traces by

examining whether data extracted from MRs can reveal meaningful signals beyond the peer

review process itself. To achieve this objective, we design an empirical study structured around

four research questions, each targeting a distinct dimension of DevOps process behavior as

reflected in MR traces. Together, these questions allow us to assess whether peer review data can

capture the effects of environmental disruption, internal technological transition, organizational

prioritization, and local review interaction dynamics.
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4.2.1 Research Questions

The chapter is guided by the following four research questions:

RQ1 How have environmental changes, specifically the shift from office-based work to

remote work during the COVID-19 pandemic, impacted workplace dynamics and

productivity? This question examines whether MR traces reflect changes in collaboration

structure, work rhythm, and review effort across the transition to remote work. To address

it, we analyze temporal variations in MR activity, collaboration-related indicators, and

effort-related measures before, during, and after the disruption period.

RQ2 Has the migration to OpenShift technology affected different aspects of the organization

development process? This question investigates whether a planned technological

transition becomes visible in peer review traces. More specifically, we study how the

OpenShift migration influenced MR volume, review efficiency, and workflow-related

characteristics over the course of the transition.

RQ3 How are different types of GitLab branches used and managed in an industrial

DevOps environment? This question focuses on branch management practices as a

reflection of organizational priorities. We analyze how different branch categories are

handled in the MR process, with particular attention to prioritization patterns, review

speed, and the role of branch types in structuring development activity.

RQ4 To what extent does the origin of the first comment—bot or human—influence the

time to complete peer review? This question examines the role of early interaction in

review progression. More specifically, we assess whether the source of the first comment

is associated with differences in time to complete peer review, and we study the relative

influence of automated feedback, human intervention, and additional contextual factors

on review efficiency.
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4.2.2 Metric Extraction

This study relies on MR data collected from an industrial GitLab environment, as described

in Section 3.3.1. After collecting the raw MR data, we extract a set of derived metrics used to

characterize the different dimensions of the study. Some of these metrics are directly available

from the GitLab platform, whereas others must be computed from raw event data. For example,

the time to complete peer review is derived as the elapsed time between MR creation and MR

closure, since this measure is not directly provided by the GitLab API. Because the four research

questions address different process phenomena, they do not rely on exactly the same subsets of

metrics. Instead, each question is analyzed using the metrics that are most relevant to its specific

objective.

In total, we extract 24 metrics, summarized in Table 4.1. These metrics span three complementary

dimensions:

• the MR dimension, which includes metrics describing the properties and temporal progression

of individual MRs;

• the project dimension, which captures contextual information about the project in which the

MR occurs;

• the developer dimension, which includes characteristics related to contributors involved in

the review process.

These metrics provide a structured view of peer review traces and make it possible to analyze

the four research questions from multiple process perspectives. As shown in Table 4.1, not all

metrics are used in every research question; instead, each question relies on the subset of metrics

most appropriate to its analytical objective.

4.2.3 Analysis Strategy

The analytical strategy varies according to the objective of each research question, but follows

a common overall logic. First, the data is filtered and organized according to the temporal or

contextual dimensions relevant to the question under study. In particular, for questions involving
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Table 4.1 Metrics extracted from MR traces and used across the four research questions

Metric Description Justification for use
Week of creation ‡ The calendar week in which the MR was

created.

Used to aggregate MR activity over time and compare

weekly patterns across the COVID-19 disruption period.

Sprint of creation † The development sprint in which the MR

was created.

Used to analyze process evolution according to the

organization’s three-week development cycle during the

OpenShift migration.

Week of closure ‡ The calendar week in which the MR was

closed.

Used to examine weekly completion patterns and changes

in closure activity over time.

Time to complete peer

review ‡ † ∗★
The elapsed time between MR creation and

MR closure.

Used as a core indicator of review progression and effort

across all four research questions.

Hour of creation ‡ The hour of the day at which the MR was

opened.

Used to study daily work rhythm and detect shifts in work

timing.

Hour of closure ‡ The hour of the day at which the MR was

closed.

Used to assess whether completion activity moved outside

normal work schedules.

Presence of activity

outside regular working

hours ‡

A binary indicator showing whether the MR

includes activity outside regular working

hours.

Used to quantify the extent to which work expanded

beyond standard office hours during remote work.

MR size † ∗ The total number of modified lines,

computed as additions plus deletions in

the MR.

Used to characterize the scale of a change and compare

whether transition periods or branch types are associated

with different MR sizes.

Number of added lines † The number of lines added in the MR. Used to distinguish the growth component of change

during the migration analysis.

Number of deleted lines † The number of lines removed in the MR. Used to characterize the removal component of change

and better interpret migration-related modifications.

Source branch ∗ The branch from which the MR originates. Used to identify the development context of the change

and analyze branch management practices.

Target branch ∗ The branch toward which the MR is

directed.

Used to determine which branches receive prioritized

review and handling.

Time to first comment ∗★ The elapsed time between MR creation and

the first review comment.

Used to study early review responsiveness and the speed

of initial feedback.

Number of discussion

notes ∗

The number of discussion notes associated

with the MR.

Used as an indicator of review interaction intensity and

discussion volume.

Description length ★ The length of the textual description

provided in the MR.

Used to capture how much contextual information is

initially provided with the change request.

Whether it is the first MR

in the project ★
A binary indicator showing whether the MR

is the first one submitted in its project.

Used to control for atypical behavior associated with early

project activity.

Presence of a hashtag in

the title or description ★
A binary indicator showing whether the

“#” symbol appears in the MR title or

description.

Used to capture explicit references to issues, tickets, or

work items.

Presence of a user

mention in the title or

description ★

A binary indicator showing whether the

“@” symbol appears in the MR title or

description.

Used to capture direct mentions of collaborators and

explicit communication cues.

Number of commits at

opening ★
The number of commits included in the MR

at the time of opening.

Used to characterize the initial structural complexity of

the proposed change.

Project age ★ The number of months between project

creation and MR submission.

Used to account for project maturity when analyzing

review behavior.

Number of open MRs in

the project ★
The number of MRs already open in the

same project at the time of analysis.

Used to capture the concurrent review workload within

the project.

Number of prior merged

MRs ★
The number of previously merged MRs in

the project.

Used as an indicator of prior project activity and

accumulated integration history.

Number of previous MRs

★
The number of all previously created MRs

in the project.

Used to represent the historical review volume of the

project.

Whether the author is also

the reviewer ★
A binary indicator showing whether the MR

author is also assigned as reviewer.

Used to capture a potentially atypical review configuration

that may affect review progression.

‡ RQ1: Environmental disruption † RQ2: Internal process transition ∗ RQ3: Organizational priorities ★ RQ4: Review
interaction dynamics
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process evolution over time, we analyze MR data at the level of weeks or sprints, where a sprint

corresponds to the company’s three-week development cycle. This temporal structuring makes

it possible to compare behavior across different periods and organizational conditions.

Second, we compute descriptive and comparative indicators such as means, medians, minima,

and maxima in order to characterize trends and contrasts across conditions. Depending on the

research question, these indicators are used to study aspects such as productivity, review effort,

prioritization behavior, and interaction dynamics. For example, productivity may be reflected

by the number of MRs created and closed over time, whereas effort-related behavior may be

examined through measures such as time to complete peer review.

Finally, the specific analytical procedures used for each research question are detailed in the

corresponding sections of the chapter. This organization allows the study design to remain

coherent at the chapter level while preserving the methodological flexibility needed to address

four distinct process dimensions.

4.3 Environmental Disruptions: COVID-19 Case Study

RQ1: How have environmental changes, specifically the shift from office-based work to
remote work during the covid-19 pandemic, impacted workplace dynamics and
productivity?

Approach

To investigate the impact of COVID-19 on various aspects of the DevOps process, we conducted

a comparative analysis before and after the pandemic, focusing on the following key issues:

• Productivity: to have clearer vision, we conduct this analysis spanning the first 22 weeks of

2020. This period includes 11 weeks before and 11 weeks after the start of the pandemic-

induced lockdown, which began at week 12. We assessed team productivity by examining

the number of MRs created and ended each week before and after the COVID-19 outbreak,

including transition week 12. Tracking the number of MRs over time helps us see how fast
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development tasks are being merged and completed. More MRs created could mean that

more work is being done, indicating higher productivity. But if there’s a big decrease or

change in the number of MRs completed, it could mean there are problems or delays in the

development process. This analysis helps teams identify trends and issues in their DevOps

workflow.

• Efforts: In assessing the impact of COVID-19 on developer effort, we study time to complete

peer review on the 22 weeks, which represents the time it takes to complete a peer review.

This involved analyzing the time taken to complete peer review both before and after the

pandemic, as well as the number of successfully merged MRs. A longer time to complete

peer review suggests that collaborators spent more time reviewing, providing feedback,

and updating the code, indicating an increased effort to ensure code quality and accuracy.

Alternatively, it could indicate delays in the peer review process, resulting in a slower overall

timeline. Conversely, shorter time to complete peer review may indicate less effort (a simpler

MR) in the review process, or they may reflect the prioritization of the work, necessitating a

quicker completion. Therefore, as supported by previous research Chouchen et al. (2023);

Maddila et al. (2023); Baysal et al. (2016); Jiang et al. (2013), we consider the time to

complete peer review as a proxy to analyze the effort to complete the review process.

• Temporal Autonomy: With the transition to remote work, individuals have gained greater

flexibility in their work schedules, allowing them to work during nights, weekends, or holidays.

In this phase, we examine the impact of COVID-19 on developers’ temporal autonomy by

analyzing their activity on MRs before 8 a.m. and after 5 p.m. This includes actions such

as creating or ending MRs, reviewing, and committing. For each week, we calculate the

percentage of these activities occurring outside regular working hours compared to the total

number of activities throughout the entire day. This analysis includes all data to study the

persistence of the pandemic’s impact on developers’ habits years after the pandemic.
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Figure 4.1 Number of MR created and ended per week from week 1 to 22

Figure 4.2 Mean time to complete peer review by week for MR opening and closing from

week 1 to 22

Results

Despite the onset of the COVID-19 pandemic, the productivity of the teams of the studied

company, as measured by the weekly number of MRs created and closed, remained relatively
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stable. Figure 4.1 illustrates this trend, showing that there was no significant change in the

volume of MRs despite the onset of the pandemic. Specifically, there were 125 MRs created

in week 11 (the last week of work in the office), which decreased slightly to 96 in week 12, a

decrease of 23.2%. Similarly, the number of MRs closed decreased slightly from 109 in week 11

to 93 in week 12, a decrease of 14.68%. Regarding week 13 (the first week after the restriction

decision), we observe that the number of MRs created is the same as in week 12. We also notice

that the number of MRs closed exceeds the number of MRs created in this week. However, we

observe this pattern (number of closed MRs exceeding the number of created MRs) in other

weeks prior to COVID-19, such as weeks 4, 9, and 10, indicating that this is not solely the impact

of COVID-19. These results suggest that, contrary to expectations, the COVID-19 pandemic did

not have a significant impact on the productivity levels of the teams when measure based on

their MR activity.

Note: The first week of the year 2020 is empty. Because on this week, no developers have created

(open) or end (close) any MR while it was January holidays.

Contrary to our initial findings, we observe a significant increase in time to complete peer

review with the onset of COVID-19. This indicates either greater effort or more delays during

the review process by team members during this period.. As shown in Figure 4.2, the mean time

to complete peer review for MRs created in week 10 jump from about 3.47 days to about 9.95

and 7.92 days in weeks 11 and 12, respectively, coinciding with the transition to remote work.

This trend is similar to that observed in week 2 (after the January holidays), confirming the

impact of COVID-19 on the time to complete peer review of MRs created in weeks 11 and 12.

Regarding the average time to complete peer review of closed MRs, those closed in week 13

have an average of about 16.44 days, which is the greater average of the year. These values may

explain the two spikes in MR creation observed in weeks 11 and 12. These results help explain

the first finding, since it takes more effort to create and close the same number of MRs for the

same level of productivity.
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Figure 4.3 The distribution of the percentage of out of regular working hours activities by

week before and after COVID-19

Figure 4.4 The distribution of the percentage of weekend activities by week before and

after COVID-19

As shown in table 4.2, activities on MRs outside regular working hours (8 a.m. to 5 p.m.) and

on weekends nearly doubled after the pandemic, with up to 70.48% of activities occurring

outside regular working hours. As shown in Figure 4.3, there was a notable variation in the

percentage of activities done before and after COVID-19. Table 4.2 shows that the mean and

median percentages of weekly activities outside regular working hours were 38.50% and 39.45%,

respectively, before the pandemic, which increased to 54.56% and 55.91% after the pandemic.

Similarly, weekend activities increased significantly, with the median rising from 3.37% to

7.14%, as shown in Figure 4.4. This pattern clearly illustrates the impact of COVID-19 on
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developers’ temporal autonomy. Working remotely allowed developers more flexibility, not

being restricted to the 8 a.m. to 5 p.m. schedule, a trend that has persisted even after the

pandemic.

Table 4.2 Out of regular hours (ORH) and weekend statistics activities before and after

COVID-19

Period #MRs Pattern Mean % Median % Min % Max %

before COVID-19 8.8k
ORH 38.50 39.45 10.52 58.53

Weekends 4.49 3.37 0 17.74

after COVID-19 17.94k
ORH 54.56 55.91 34.72 70.48

Weekends 7.95 7.14 0 25.28

4.4 Internal Process Transitions: OpenShift Migration Case Study

RQ2: Has there been any impact of the process changes, specifically the migration to
openshift technology, on different aspect of the organization?

Approach

To study the impact of the migration to OpenShift, we categorize MRs into two groups: those

created specifically for the OpenShift migration, targeting a dedicated branch, and other MRs

created during the same period of the migration but not related to OpenShift. Considering

company’s three-week sprint cycle, we study three aspects:

• Efforts:We examine the time to complete peer review of MRs, which reflects the effort spent

by teams to integrate OpenShift, compared to the effort of completing the other MR group.

• Change Magnitude: We assess the MR size, represented by the number of added and

deleted lines, to indicate the magnitude of changes introduced to the code. We also compare

the number of lines added versus deleted to determine whether developers are primarily

adding new code or correcting existing code (by deleting and replacing lines of code).
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Figure 4.5 Mean time to complete peer review by sprint for OpenShift and other MRs in

the migration period

Figure 4.6 Mean size by sprint for OpenShift and other MRs in the migration period

Results

Our results show an inverse relationship between the time to complete peer review of MRs for

OpenShift and other MRs during the first eight sprints, as shown in Figure 4.5. When significant

effort was spent on OpenShift integration, the time to complete peer review for other MRs

increased, suggesting that the focus on OpenShift integration was causing delays in other areas.
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Beginning in the eighth sprint, the times to complete peer review for both categories began to

converge and vary similarly, eventually converging in the final sprint. This trend suggests that

developers initially put extra effort into learning and integrating OpenShift, but as they became

more familiar with the technology, the time required for OpenShift MRs converged with the

time to complete peer review required for other MRs.

The MR sizes for OpenShift initially were smaller than other MRs but increased as developers

gained expertise. As shown in Figure 4.6, until Sprint 8, we observe that MR sizes for OpenShift

are smaller compared to others, except for Sprint 6, indicating that developers were slowly

integrating new changes into the software. This gradual integration resulted in smaller MR

sizes for OpenShift compared to other projects. Starting in Sprint 8, MR sizes for OpenShift

begin to increase, becoming larger than other MRs except for Sprint 13. This trend suggests that

developers have become more skilled at integrating and reviewing larger chunks of code related

to OpenShift.

a) Openshift MRs b) Other MRs

Figure 4.7 Comparison of additions and deletions per MR in Ocp and other MRs

We observe distinct patterns in the nature of MRs for OpenShift and other MRs. For other MRs,

86.97% involve more additions (64.49%) or equal additions and deletions (22.48%), indicating

that these MRs are primarily for adding new code or modifying existing code during the review

process. Only 13.03% of other MRs involve more deletions than additions. In contrast, 22.61%
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of OpenShift MRs involve more deletions than additions, indicating a focus on removing obsolete

code. In addition, 52.43% of OpenShift MRs involve more additions, reflecting the integration

of new technology and the introduction of new code. In addition, 24.88% of OpenShift MRs

involve equal numbers of additions and deletions, indicating significant rework during the

peer review process. Such dynamics highlight that modifying the existed code (in 47.57% of

OpenShift MRs) can impact code stability, that is considered as an indicator to the product

(software) stability Staron et al. (2013).

4.5 Organizational Priorities: Branch Traces

RQ3: How are different types of gitlab branches used and managed in an industrial
devops environment?

Approach

To analyze the used branch categories using MR data at the studied company, we begin by

understanding the company’s organization, which operates on a yearly basis divided into

seventeen three-week sprints, from Monday to Sunday. GitLab’s branch structure remains

consistent over the years, with the following categorization:

• Main branch (Master): serves as the primary development branch that remains consistent

over time, acting as the base for daily development activities and the integration of new

features for the latest and greatest product version.

• Stable branches: are dedicated to fix bugs and stabilize code quality for a planned release.

Stable branches are branched out upon feature complete milestone of a planned release to

distinguish between future releases development on master/main and the planned release bug

fixes. Different planned releases and their corresponding bug fixes and patch releases are

published and released from these stable branches.
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• Temporary branches: are created for short-term development tasks or special initiatives,

such as feature experiments or significant transitions like the migration to OpenShift, these

branches are intended for limited use and are merged or discarded once the task is completed.

Note: As shown in Figure 4.9, the number of MRs on the main branch (master) (23K) is always

larger than the number of MRs on other branches (1.4K) and stable branches (1.9K), as the

daily work is done on the master branch.

Analyzing MRs:

• Effort and Change Magnitude: analyze the effort and the size of MRs similarly to the

previous RQs.

• Collaboration Aspects: analyze the attention received by developers on MRs on different

branches, looking at the time to receive the first comment on the MR and the number of

discussion notes (messages) required to complete the review process.

By structuring our methodology in this manner, we ensure a comprehensive analysis of the

branches, focusing on both the effort and the collaboration required for each category.

Results

Although the MR size distribution of stable and master branches are very similar, we observe

that the review process on the stable branch are completed faster than those on the master and

other branches. As shown in Figure 4.11, the MR size on the other branch category is larger

than on the stable and master branches, which have almost the same distribution. Despite the

larger size of MRs on the other and master branches, Figure 4.10 demonstrates that MRs on the

stable branch are merged or closed more quickly. Table 4.3 further highlights this point, showing

that the mean and median times to complete peer review on the stable branch are three times

shorter than those on the master and other branches. This indicates that developers prioritize

completing MRs on the stable branch, which is related to the publication of new releases and

may indicate the presence of bugs that could impact the delivery of the new version.
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a) Other b) Master

c) Stable

Figure 4.8 Distribution of #notes by branch

Figure 4.9 Weekly MRs for master, stable, and other branches

As shown in Table 4.3, the stable branch receives the first comment on MRs more quickly, with

mean times that are 2.81 and 2.01 times faster than those of the master and other branches,
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Figure 4.10 Time to complete peer review distribution across branches

Figure 4.11 MR size distribution across branches

respectively. This is further illustrated in Figure 4.12, which shows the distribution of time to first

comment, where the stable branch consistently has shorter times compared to the other branches.

Additionally, Figure 4.8 displays the distribution of the number of notes (comments) per MR.

For the master and other branches, the largest distributions have 2 notes (23.5% and 20.8%,

respectively), which then decrease, indicating fewer MRs with more notes. In contrast, the stable

branch shows a different pattern, with the largest group (18.3%) having 5 notes, followed by

12.4% of MRs having 6 notes. This indicates that MRs on the stable branch are more frequently

discussed than those on the master and other branches. These observations confirm that MRs on
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Figure 4.12 Time to first comment distribution across branches

the stable branch receive more attention from team members, who respond quickly and engage

in more thorough discussions. This increased attention likely helps to prevent issues or bugs

during the delivery process.

Table 4.3 Statistics for master, stable, and other branches

Branch Length Time to Complete Peer

Review Mean

Time to Complete Peer

Review Median

First Comment

Mean

First Comment

Median

master 23,574 6,606.12 508.36 1,391.01 12.43

stable 1,923 2,988.93 118.62 494.79 0.16

other 1,467 6,481.96 227.75 997.07 10.94
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4.6 Peer Review Dynamics: MR Completion Analysis

RQ4: To what extent does the origin of the first comment—bot or human—impact the
time to complete peer review?

Approach

Data Preparation

• Data collection: Similarly to Hasan et al. (2023), we gathered data for each MR, including

the discussions surrounding each MR. The collected metrics, indicated by a star (★), are

detailed in Table 4.1.

• Label First Comments: In GitLab, each comment has a "System" parameter indicating

whether it was made by a bot or not. We ran an algorithm through the MR data to determine

the time between the first comment and the creation of the MR, and label each comment

accordingly.

• Define Comment Categories: Unlike Hasan et al. (2023), who used the BoDeGha tool

developed by Golzadeh et al. (2021) to classify comments on GitHub, we leveraged the GitLab

API, which directly tags system-generated comments. We categorized comments into three

types: (1) Bot-generated comments, which provide automated feedback such as "Pipeline

failed: check logs for details", helping enforce technical standards; (2) Human comments,

offering contextual feedback like "This function could be optimized for readability", which

directly impacts code quality; and (3) Bot-labeled but human-driven comments, where

system-generated messages, such as "Approved this MR", reflect human decisions despite

being tagged as bot comments. Table 4.4 provides further details on these categories.

Data Analysis

• Time to First Comment Speed: Analyze the time to receive the first comment compared to

the overall time to complete peer review. This step considers the first comment, whether by a

human or a bot.
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• Bot vs. Human Comment Comparison: Compare the speedness of time-to-first-

human-comment, time-to-first-extended-human-comment, and time-to-first-bot-comment to

understand how bots and human reviewers interact during peer review.

• Time to Complete Peer Review Analysis: Explain the time to complete peer review on

GitLab involves the following:

- Construct a regression model to examine the correlation between collected metrics

(including time to first comment by bot and human metrics) and the time to complete

peer review. Similarly to Zhang et al. (2021), we train a mixed-effects linear regression

model to explain time to complete peer review. A mixed-effects regression model is

appropriate as it accounts for fixed effects (MR characteristics impacting time to complete

peer review) and random effects (project-specific variations), enabling generalizable

insights while minimizing project structure biases.

We train a single global model using data from the five Kaloom technical groups, as

they yield similar results, allowing for a more concise presentation. Our model achieves

an RMSE of 0.65 and MAE of 0.46, which indicate strong performance given the high

variance of our dependent variable.

- Conduct an ANOVA Type-II analysis to identify statistically significant features that

explain the variance in time to complete peer review, similarly to prior studies Hasan

et al. (2023); Kuznetsova, Brockhoff & Christensen (2017). This method evaluates

the importance of independent variables without assuming interactions, filtering non-

significant features and identifying key predictors using Chi-square (Chisq1 = 0.05)

statistics for robust analysis.

- Study the impact of key metrics on time to complete peer review using Accumulated

Local Effects (ALE) plots, similarly to the approach taken by Khatoonabadi et al. (2023).

A negative impact indicates shorter time to complete peer review probability, while

positive implies longer time to complete peer review probability

1 Chi-square statistic: measures how well the independent variables explain variability in the dependent

variable



60

Table 4.4 Definition of used categories in this RQ

Term Definition
Comment A comment in an MR chat in Gitlab

Human response A comment given in an MR by a human (but not the MR author)

Bot comment A comment given in an MR by a bot

Bot but human

comment

A suspicious comment, written by a bot but attributable to a human

Human-first MR An MR whose the first comment is given by a human (not the author

of the MR)

Bot-first MR An MR whose the first comment is given by a bot

Bot-but-human-first

MR

An MR whose the first comment is a Bot but human comment

Time to first comment The time in minute from the MR creation to the first comment

Time to first human

comment

The time in minute from the MR creation to the first human comment

Time to first bot

comment

The time in minute from the MR creation to the first bot comment

Results

Time to first comment analysis across projects shows generally fast response times, with median

values ranging from 4.46 to 23.78 minutes, as shown in Table 4.5. Notably, the FPGA group

shows the slowest response times, possibly due to hardware compatibility considerations

impacting the interactions on GitLab. This observation suggests the need for deeper investigation

into the specific hardware factors impacting response dynamics within this group. Additionally,

the median time to complete peer review confirms this finding, showing a significant increase

for the FPGA group, exceeding 2600 minutes compared to less than 1200 minutes for the other

groups. In other projects, the median time to first comment is faster than 11.44 minutes. For

example, in the CP group, the median time to first comment is 9.90 minutes, while the median

time to complete peer review is 5304.06 minutes, indicating quick initial feedback compared

to the total time required to complete MRs. However, the mean time and standard deviation,

which reach 1992.88 and 13955.30 minutes respectively, indicate the presence of outliers that

can delay the first comment.
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Table 4.5 Time-to-first-comment (TFC) and time to complete peer review (minutes)

Project Time to Complete Peer Review TFC
Avg Mdn Std Avg Mdn Std

mp 3222.95 312.11 17032.33 717.32 11.44 3865.66

cp 5304.06 5304.06 37724.09 980.60 9.90 6132.76

dp 7690.85 1110.44 49330.31 1992.88 10.51 9096.11

fpga 20505.23 2674.39 54782.82 3992.92 23.30 13955.30

pf 6290.53 202.02 31095.99 1102.52 4.46 8470.01

Table 4.6 Proportion of bot-first vs human-first MR comments

Project % True Bot-First % Bot-But-Human-First %True Human- First
mp 42.73% 39.70% 17.58%

cp 59.21% 31.80% 8.99%

dp 66.61% 18.22% 15.17%

fpga 69.77% 17.17% 13.06%

pf 52.55% 39.88% 7.56%

We observe that bot-generated comments dominate the initial interaction in the MR process

and are faster compared to human comments. As shown in Table 4.6, up to 69.77% of the

initial comments are attributed to bots, with an additional 39.88% of comments initially made

by humans but marked as bot. In contrast, human-authored comments are a minority, ranging

from 7.56% to 17.58% across the projects studied. Regarding time to have the first comment,

analysing Table 4.8, we observe that humans take significantly more time to post a comment than

bots. While the median time to first human comment for all groups ranges from 212.49 minutes

for MP project to 1611.87 minutes for FPGA project, the global time to first comment ranges

from 4.45 minutes for PF to 23.78 minutes for FPGA, which is posted by bots. We observe

the same pattern when analysing the average and the standard deviation. This comparison

highlights the efficiency of the bots in initiating peer reviews in a timely manner, and highlight

their prevalence in accelerating the development workflow and team integration.

As shown in Table 4.7, the time to first human response is the most influential, explaining 93.97%

of the variance in time to complete peer review, indicating that faster human intervention to

review the changes can statistically impact the overall time to complete peer review of an MR.

The number of commits open at the time of the MR, explaining 4.66% of the variance, also plays

a crucial role in determining time to complete peer review, likely due to the increased complexity
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and larger size of the changes, resulting in more review requirements. When the commenter is

the author of the MR, the variance of the time to complete peer review is impacted by 0.60%,

suggesting that when authors review their own work, the process is accelerated. The number of

previous MRs contributes 0.40% to the time to complete peer review variance, reflecting the

importance of team experience in expediting reviews. Description length contributes 0.24%

of the variance, highlighting the importance of clear documentation. In addition, time to first

bot response, while less influential (0.12%), shows that early bot interactions can help initiate

the review process. Our interpretation is confirmed by the ALE findings indicated in Figure

4.13. Overall, these findings highlight that both human and automated responses, along with

detailed documentation and reviewer experience, are critical to managing the efficiency of the

peer review process.

Figure 4.13 Impact of the most important features on time to complete peer review.
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Table 4.7 Statistical analysis of features significantly impacting time to complete peer

review

Feature Pr(>Chisq) Percent
Description Length 5.326583e-03 0.2392008

#Previous MRs 3.103913e-04 0.4006646

Author as Reviewer 9.726386e-06 0.6026754

Time to First Human Comment 0.000000e+00 93.9714120

Time to First Bot Comment 4.705515e-02 0.1214756

#Commits 8.465914e-35 4.6645716

Table 4.8 Statistical analysis of the groups. Time-to-first-human-comment (TFHC),

time-to-first-bot-but-human-comment (TFBHC), and

time-to-first-human-extended-comment (TFHEC) are given in minutes

Project TFHC TFBHC TFHEC
Avg Mdn Std Avg Mdn Std Avg Mdn Std

mp 2119.36 212.49 6316.11 690.25 27.81 3084.69 1098.49 42.75 4342.47

cp 4332.32 898.17 16319.31 1491.97 52.14 9686.19 2124.11 78.49 11627.50

dp 6820.87 1357.65 48153.05 2123.68 102.08 10758.76 3865.75 338.37 31395.66

fpga 14111.06 1611.87 40686.73 6381.94 166.59 19846.10 9113.04 921.73 30288.99

pf 4255.92 234.71 13388.22 1161.34 32.30 5099.09 1741.74 40.65 7810.81

4.7 Discussion

The analyses in this chapter support the central claim that MR traces can serve as an observability

foundation for DevOps processes. However, this claim should be interpreted carefully. The

purpose of the chapter is not to argue that COVID-19, the OpenShift migration, branch

management, or bot comments are important only as isolated cases. Rather, these cases are

used as representative examples of broader process phenomena: external disruptions, internal

technological transitions, organizational prioritization mechanisms, and human–automation

interaction patterns. Together, they show that MR traces can reveal how software teams adapt

when their normal development conditions change.

The COVID-19 case illustrates this point particularly well. At Kaloom, the transition to remote

work occurred rapidly and disrupted a largely office-based work routine. This sudden change

created an adaptation period that became visible in MR traces, especially through changes in

working-time patterns and activity outside regular hours. However, the same event would not

necessarily produce the same signal in every organization. For example, TELUS already had



64

distributed and partially hybrid work practices before the pandemic. In such a context, the

transition to remote work may have introduced less behavioral novelty in the MR workflow.

Therefore, the absence of a strong COVID-19 signal in another company would not imply

that the organization was unaffected; it may simply indicate that the pre-event baseline was

already closer to the post-event working mode. MR traces should therefore be understood as

instruments for detecting departures from routine behavior, rather than as universal measures of

organizational disruption.

A similar interpretation applies to the OpenShift migration. The migration is not important only

because it concerns OpenShift specifically, but because it represents an internal technological

transition that temporarily changed development and review conditions. In this case, MR traces

captured a period of instability followed by gradual stabilization. This suggests that MR-based

observability can help identify adaptation periods during internal process or technology changes.

However, such signals are easier to detect when the transition is sufficiently concentrated in time

and scope. More gradual or distributed changes may be harder to observe without additional

contextual information about when and where the transition occurred.

The branch-prioritization analysis further shows that MR traces can reveal organizational

priorities embedded in workflow behavior. Faster handling of stable-branch MRs indicates

that some changes receive prioritized treatment, likely because of their relationship to release

management. Nevertheless, MR traces expose the presence of this prioritization more directly

than its exact cause. Such patterns may result from explicit branch policies, release-management

rules, maintainer authority, or informal coordination practices. For this reason, MR traces are

especially useful for detecting where prioritization occurs, while complementary sources such

as branch policies, release documentation, or practitioner interviews may be needed to explain

why it occurs.

The analysis of bot-initiated and human-initiated comments also illustrates the value and limits

of MR traces. In the studied context, bot comments mainly corresponded to automated feedback

such as CI reports, linting, or templated messages, making the distinction between bots and
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humans relatively clear. The results show that bots accelerate initial responses, while human

comments remain more strongly associated with review progression. However, this distinction

may become less stable as LLM-based review agents are integrated into DevOps workflows.

Future studies may need to distinguish between different types of automated comments, such as

mechanical feedback, summarization, and substantive LLM-generated review feedback, rather

than treating all bot comments as a single category.

Overall, these findings refine rather than weaken the observability claim. MR traces do not

provide a complete representation of the software process, since some review and coordination

activities occur outside the MR platform through direct messages, meetings, or informal

discussions. However, they provide a rich, longitudinal, and low-intrusion record of process

behavior at scale. The four analyses presented in this chapter show that the same type of data can

reveal meaningful signals across different forms of process variation: external disruption, internal

transition, organizational prioritization, and human–automation interaction. This establishes

MR traces as a defensible empirical foundation for the remaining chapters, where peer review

effort is analyzed not as an isolated review outcome, but as part of a broader DevOps process.

4.8 Implications

4.8.1 Implications for our industrial partners

Beyond the scope of this chapter, these results suggest practical value for our industrial partners

and for software teams more broadly. The systematic analysis of MR traces can help teams

assess how development activity responds to organizational or environmental change, identify

prioritization patterns in workflow management, and better understand the complementary roles

of automation and human collaboration in peer review. More specifically, industrial partners

can leverage MR-based analytics to monitor the impact of process transitions, such as tooling

migrations or the adoption of new CI/CD infrastructure, on review behavior and workflow

stability. They can also use branch-level indicators to make release-prioritization practices

empirically observable and to validate that stable branches are receiving the expected degree
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of review attention. Finally, automated first-comment detection can help teams calibrate the

balance between bot-driven and human-driven review activity, ensuring that bots accelerate

review initiation without substituting for the substantive review progression that still depends on

human reviewers.

4.8.2 Implications for researchers

For researchers, the findings of this chapter position MR traces as a methodological instrument

that extends well beyond the study of peer review activity alone. By showing that MR data

make environmental disruptions, internal technological transitions, organizational priorities,

and automation–human interaction dynamics empirically observable, this chapter broadens

the empirical scope in which MR-based studies can be legitimately conducted. Researchers

investigating DevOps, software process improvement, or socio-technical change in software

organizations can therefore treat MR traces as a longitudinal, low-intrusion observation channel

that complements traditional sources such as surveys or interviews, while avoiding recall bias

and retrospective reconstruction. The four observability dimensions examined in this chapter

(environmental, internal-technological, organizational, and interactional) can also be reused as a

framing template for future empirical studies that aim to analyze software processes from MR

data rather than from review activity in isolation.

The results also raise methodological considerations for future empirical work. First, because MR

traces reflect both technical activity and contextual change, empirical studies that aggregate MRs

over long periods without accounting for such contextual shifts (e.g., remote-work transitions,

infrastructure migrations, or release-management policies) may conflate distinct regimes of

behavior and produce results that are harder to interpret or replicate. Explicitly segmenting

longitudinal MR datasets around documented contextual events is therefore a research practice

that this chapter supports empirically. Second, the distinction between bot-initiated and human-

initiated review activity suggests that automated comments should be systematically identified

and reported in peer review studies, as their presence can inflate surface-level activity metrics

without reflecting substantive reviewer engagement. Failing to do so risks overestimating human
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reviewer involvement in automated pipelines and may bias comparative analyses across projects

or organizations with different automation practices.

4.9 Threats to Validity

Internal Validity Threats: These threats are related to how we calculated our metrics.

We ensured that our metrics are defined according to established literature and that our

implementation scripts are accurate. However, despite these precautions, there is always a

possibility of implementation errors. We took steps to verify the correctness of our data and the

accuracy of our scripts, but we cannot completely rule out the occurrence of errors.

External Validity Threats: These threats concern the generalizability of our findings beyond

the studied company. Our conclusions are drawn from a single industrial setting, and DevOps

practices can differ significantly across organizations due to factors such as company size, industry

domain, development culture, and tooling preferences. Furthermore, different companies

experience unique events—such as organizational restructurings, policy shifts, or external

disruptions—that may impact their DevOps processes in ways that our MR-based analysis may or

may not fully capture. For instance, major process shifts (e.g., adoption of new CI/CD pipelines,

teams restructuring, or external regulatory changes) could alter MR dynamics in ways that are

not directly observable in our dataset. Additionally, the metrics we used may need adaptation or

extension to analyze different organizational contexts effectively. Other peer review mechanisms,

such as Gerrit or GitHub pull requests, have structural differences in review workflows, reviewer

roles, and decision-making processes compared to GitLab’s MR system. This means that while

our results provide valuable insights into GitLab-based workflows, they may not fully translate

to companies using other platforms.

4.10 Conclusion

In this chapter, we examined whether data extracted from MR traces can support the analysis

of software process phenomena beyond the peer review process itself. Through an empirical
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study of 26.7k MRs collected from an industrial networking software company, we showed that

peer review traces capture meaningful signals related to multiple dimensions of DevOps process

behavior, including environmental disruption, internal technological transition, organizational

prioritization, and local review interaction dynamics. These results establish that MR traces

constitute a rich and expressive source of process information rather than a narrow source of

review metrics alone.

This foundation motivates the remainder of the thesis. Having established that MR traces provide

a valid and expressive source of broader process information, the next chapter builds on this basis

to examine peer review effort more directly through a time-independent perspective centered on

rework.
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Preamble

This chapter proposes the amount of changes required to complete peer review —

the number of lines added and deleted after MR creation — as a time-independent

indicator of peer review effort. Using four open-source GitLab projects, we find that

post-submission change affects up to 73% of MRs (18% on industrial data), is not

correlated with time to complete peer review or reviewer count, and can be predicted

at MR creation with an AUC of up to 0.88. Complexity, author experience, and textual

features are the most consistent drivers of high-change MRs.

This chapter is adapted from the paper published at ICSESS 2025. The thesis version

revises the introduction, conclusion, and overall framing to align the chapter with the

objectives of this thesis.

5.1 Introduction

As established in the previous chapter, MR traces provide a valuable empirical basis for observing

DevOps process behavior. The analyses in that chapter showed that review activity can reveal

changes in the development process by capturing how practitioners interact with MRs and how

reviews progress under different conditions. However, because this activity also reflects the

effort required to complete peer review, it must be interpreted through appropriate metrics.
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Building on this need for clearer effort measurement, this chapter focuses on the effort required

to move an MR from submission to acceptance.

Measuring peer review effort is important because it reflects the work, coordination, and

adjustment needed after a change is submitted. However, effort is difficult to capture with a

single indicator. Much of the existing literature has approached peer review effort through

temporal measures, such as time to complete peer review, time to first comment, and related

latency indicators (Chouchen et al., 2023; Zhang et al., 2022; Maddila et al., 2023; Huang

et al., 2020; Hasan et al., 2023; Thongtanunam et al., 2017b; Fan et al., 2018; Saini & Britto,

2021; Islam et al., 2022). These measures are useful for understanding review duration and

responsiveness, but they do not isolate the work generated by the review process itself. An MR

may remain open for a long time while requiring little corrective work, whereas another may be

revised extensively in a short time because it receives immediate attention.

This chapter therefore studies peer review effort through a time-independent indicator: the

amount of changes required to complete peer review. We define this measure as the sum of lines

added and removed across all commits made after MR creation. Conceptually, it captures the

volume of post-submission modification performed before acceptance and therefore reflects the

corrective or adjustment work that follows the initial submission. This perspective complements

latency-based indicators by focusing on what changes during review, rather than how long the

review takes.

The closest related studies have used the number of review iterations or patchsets as indicators

of review rework (Wang et al., 2019, 2021). However, iteration counts do not capture the

magnitude of the revisions they contain: one iteration may introduce only a few changed lines,

whereas another may involve substantial modification. By measuring the actual amount of

post-submission change, this chapter provides a more direct view of review-induced work.

This chapter pursues three objectives. First, it characterizes how frequently and how substantially

MRs are modified after submission. Second, it examines whether post-submission change

captures an effort dimension distinct from time-based and participation-based indicators. Third,
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it develops predictive models to identify, at MR creation time, MRs that are likely to require

substantial post-submission work. This perspective is valuable both analytically and practically:

it broadens the empirical understanding of peer review effort beyond time and may support

earlier identification of review-intensive MRs.

Using four open-source GitLab projects (Section 3.4), we find that post-submission change is

common, affecting up to 73% of MRs before acceptance. The measure is not correlated with

time to complete peer review or with the number of involved practitioners, indicating that it

captures a distinct dimension of peer review effort. Predictive models achieve an AUC of up

to 0.88 when classifying MRs according to the amount of changes required to complete peer

review. Feature analysis further shows that complexity-related metrics are the most consistent

drivers of high-change MRs, while experience, text, and historical features also contribute to

explaining this form of effort.

The main contributions of this chapter are:

• the definition of the amount of changes required to complete peer review as a time-independent

indicator of peer review effort, measured as the sum of lines added and removed across

post-submission commits;

• empirical evidence that this measure captures an effort dimension distinct from time-based

and participation-based indicators, and therefore complements existing views of peer review

effort;

• predictive models that identify, at MR creation time, MRs likely to require substantial

post-submission work, together with an analysis of the features that drive this form of effort.

5.2 Study Design

In this chapter, we examine peer review effort through a time-independent perspective based on

the amount of changes required to complete peer review. The objective is not only to characterize

how much post-submission change MRs typically undergo, but also to determine whether this

dimension of effort is distinct from conventional time-based indicators and whether it can be
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identified early. To achieve this objective, we design an empirical study structured around

three research questions. Together, these questions allow us to characterize the distribution of

post-submission change, evaluate the predictive performance of machine learning models, and

identify the factors most strongly associated with high-change MRs.

The study relies on MR data collected from four open-source GitLab projects, as described in

Section 3.4. Based on this collected data, we extract a set of derived metrics to characterize

different dimensions of the MR, its context, and its review process. Because the three research

questions pursue different objectives, they do not rely on exactly the same analytical procedures.

Instead, each question is addressed using the subset of metrics and analysis techniques most

appropriate to its purpose.

5.2.1 Research Questions

The chapter is guided by the following three research questions:

RQ1 What is the amount of changes required to complete peer review? This question

explores how much code is typically changed before an MR is accepted, and how this

effort correlates with known review process metrics like time to complete peer review and

reviewer participation (Chouchen et al., 2023; Thongtanunam et al., 2017b). While prior

studies have focused on timing and involvement to assess review quality (Wang et al., 2019;

Maddila et al., 2023), the extent of changes required during review remains underexplored.

Since more changes often imply more effort from both authors and reviewers, this metric

offers a valuable lens for understanding review challenges. We analyze its distribution and

assess whether it aligns with or differs from traditional review metrics.

RQ2 How effectively can machine learning models classify MRs according to the amount of

changes required to complete peer review? This question investigates whether MRs can

be classified according to their amount of post-submission change before acceptance, with

the objective of identifying a predictive model suitable for early detection of high-change

cases. Being able to anticipate MRs likely to require substantial revision may support
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better planning and earlier intervention during the review process. As in prior predictive

studies of peer review behavior, this requires robust models with sufficiently strong

performance and stability. This question therefore evaluates the effectiveness of different

machine learning models for this classification task.

RQ3 Which factors most strongly impact the amount of changes required to complete

peer review? This question examines the factors associated with higher post-submission

change. Identifying such factors is useful both analytically and practically. Analytically, it

helps explain what drives this form of effort. Practically, it may support the definition of

better review practices and earlier risk awareness for MRs likely to require substantial

revision. This question therefore studies the importance and impact of the different feature

dimensions used in the predictive setting.

5.2.2 Metric Extraction

To support these three research questions, we collect a total of 33 metrics spanning seven

dimensions: Text, Collaboration, Experience, History, Branching, Date, and Complexity. These

dimensions are intended to capture complementary aspects of MRs, including their textual

properties, collaboration patterns, author and reviewer background, historical activity, branch

context, temporal context, and change-related complexity.

Some of these metrics are directly available from the GitLab platform, whereas others are

derived from raw MR and commit data. Together, they provide a multi-dimensional view of the

conditions in which post-submission change occurs. The full list of metrics, their definitions,

and the associated hypotheses are presented in Table 5.1. Since the three research questions do

not pursue the same analytical goal, the role of these metrics differs across the chapter. Their

specific use is therefore detailed in the corresponding approach subsection of each research

question.
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Table 5.1 List of collected metrics

Metric Description Dimension Hypothesis
Hashtag in Title/Description True if the description or title contains a hashtag

Text

Text-related metrics may provide additional information
about the MR, helping practitioners identify MRs likely

requiring large amounts of changes.
At-Tag in Title/Description True if the description or title contains an at-tag
Description Length Length of the description of the MR
Title Length Length of the title of the MR

Number of Commits Total number of commits

Collaboration

A higher number of commits may indicate incremental
changes, which can increase the number of changes

required for accepting MRs.
Number of Unique Committers Number of unique committers involved
Mean Time Between Commits Average time between commits
Number of Discussions Number of comments left by authors

Minor Authors Number of authors who created the MR and contributed
less than 5% of changes in historical MRs

Experience
Experience may affect the quality of submitted code,
potentially requiring more changes for acceptance.

Major Authors Number of authors who created the MR and contributed
more than 5% of changes in historical MRs

Approved Fast Integrations Number of historical MRs where changes exceeded 200
per hour

History

A higher number of fast integrations may indicate efficient
collaboration and a streamlined review process, potentially
affecting the number of required changes.

Historical Opened MRs Number of historical MRs that remain open
MRs Without Discussion Number of historical MRs without discussion
Mean Approval Time (Normalized) Mean approval time normalized by the number of changes

in historical MRs
Mean Discussions Without Bots
(Normalized)

Mean number of discussions without bots normalized by
number of changes in historical MRs

Self-Approved MRs Number of historical MRs where the creator was the
integrator

Mean MR Size (Historical) Mean size of historical MRs (initial size before creation +
accepted changes)

Mean Changes per MR (Historical) Mean number of changes for historical MRs

Source Branch Workload Number of prior MRs on the same source branch

Branching

A higher number of prior MRs on the same source branch
may indicate more active development history, potentially
increasing required changes.

Source Branch In Progress Number of prior MRs still open on the same source branch
Source Branch Delay Mean approval time normalized by changes of prior MRs

on the same source branch
Target Branch Workload Number of MRs with the same target branch
Target Branch In Progress Number of prior MRs still open on the same target branch
Target Branch Delay Mean approval time normalized by changes of prior MRs

on the same target branch

Delta Time Time between the creation of the project and the MR
Date

Longer delta times may indicate more mature projects,
potentially affecting the review process and number of
required changes.

MR Creation Date Date of creation of the MR

Number of File Types Number of file types included in the MR

Complexity

We suggest that more complex code and changes lead to a
higher number of required changes for accepting MRs.

Number of Initial Files Number of initial files included in an MR
Initial MR Size Initial size of the MR (added + deleted lines before

creation)
Churn Addition Number of initial lines added
Churn Deletion Number of initial lines deleted
Change Entropy Distribution of changes among initial files in prior MRs

5.2.3 Correlation and Redundancy Analysis

Because collinearity between features can affect the interpretability and stability of machine

learning models (Tantithamthavorn, McIntosh, Hassan & Matsumoto, 2016b; Cito, Dillig, Kim,

Murali & Chandra, 2021), we perform correlation and redundancy analysis before building

the predictive models. Following prior work (Jiarpakdee, Tantithamthavorn & Hassan, 2019;

Tantithamthavorn & Hassan, 2018), this step is applied separately to each dataset in order to

reduce feature collinearity while preserving representative information.
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First, we compute Spearman correlations between metrics and use a threshold of 70% to identify

strongly correlated feature pairs (McIntosh et al., 2014; Lee et al., 2020). We then apply

dissimilarity dendrogram clustering and retain one metric from each correlated group when the

dissimilarity is below 0.3. For example, in the GitLab-runner project, we retain the number of

historical opened MRs, which captures similar information to its branch-specific counterpart

(Figure 5.1).

Second, we perform redundancy analysis based on 𝑅2 in order to identify features that can be

largely explained by the others. Following prior work, we exclude features whose variance can

be explained at a level greater than 90% (Tantithamthavorn, Hassan & Matsumoto, 2018; Lee

et al., 2020). This two-step process helps reduce feature overlap and improves the interpretability

of the predictive analysis.

a) Dissimilarity correlation dendrogram of the

GitLab-runner project

b) Dissimilarity correlation dendrogram of the

GitLab-runner project after removing correlated

metrics

Figure 5.1 Dissimilarity dendrograms used in the correlation analysis

5.2.4 Effort Labeling and Noise Reduction

To support the predictive analyses, we transform the effort measure into a binary outcome

by discretizing MRs into large-change and small-change classes. This transformation is

performed using median-based discretization, which is appropriate here because the objective is

to distinguish MRs requiring relatively high or low amounts of post-submission change.
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Because discretization may introduce noise that can affect model performance and interpretation

(Rajbahadur, Wang, Kamei & Hassan, 2019), we apply an additional noise reduction step.

Following prior work, we optimize this process using the Area Under the ROC Curve (AUC),

which is considered a stable and reliable evaluation metric for binary classification (Huang & Ling,

2005; Mossman, 1994; Halimu, Kasem & Newaz, 2019). Importantly, noise removal is applied

only to the training set, while the test and validation sets remain unchanged in order to preserve

the integrity of the evaluation procedure. The median thresholds used for discretization are

computed from the full dataset and are reported in Table 5.2.

Table 5.2 Summary of changes required for accepting MRs across studied projects. The

MR counts reported here correspond to the dataset snapshot used for the predictive analyses

of this chapter, after filtering out MRs with missing change histories; the canonical

per-project profile of the open-source dataset is reported in Section 3.4

Project Number of MRs Min Median Mean Max
Omnibus 7,217 0 14 95 5,695

GitLab Runner 4,417 0 25 197 18,492

Inkscape 6,003 0 20 189 12,727

Gitaly 6,000 0 44 199 12,685

5.2.5 Analysis Strategy

The analysis strategy varies according to the objective of each research question, but follows

a common overall logic. First, we operationalize peer review effort through the amount of

post-submission change required before acceptance, defined in this chapter as the sum of lines

added and removed across commits made after MR creation. This measure serves as the

dependent variable of the study.

For RQ1, we use descriptive and comparative analyses to characterize the distribution of this

measure and examine its relationship with selected review-related indicators. For RQ2, we

formulate a classification task that separates merge requests according to their amount of

post-submission change and compare the predictive performance of several machine learning

models. For RQ3, we analyze the importance and effect of the different feature dimensions in

order to identify the factors most strongly associated with higher-change merge requests.
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The methodological details of these analyses are presented in the corresponding approach section

of each research question. This organization keeps the study design coherent at the chapter

level while allowing each research question to use the most suitable analytical procedure for its

objective.

5.3 Understanding Amount of Changes Required to Complete Peer Review

RQ1: What is the amount of changes required to complete peer review?

Approach

In this study, we define the amount of changes required to complete peer review as the total

number of added and deleted lines (i.e., additions + deletions) in all commits made after the MR

is created. We only consider commits that are committed after the MR creation, regardless of

their authored date, since authored commits are not visible until they are committed. At the

time of MR creation—our threshold—only committed changes are available and included in our

analysis.

We analyze the distribution of the amount of changes across MRs and examine its correlation

with key review metrics such as time to complete peer review, number of reviewers, committers,

commenters, and total comments.

We use the Spearman correlation between different metrics Spearman (1961), using the following

interpretation:

• Very High Correlation, if 0.9 < |𝑟 | ≤ 1

• High Correlation, if 0.7 < |𝑟 | ≤ 0.9

• Moderate Correlation, if 0.5 < |𝑟 | ≤ 0.7

• Low Correlation, if 0.3 < |𝑟 | ≤ 0.5

• Negligible Correlation, if 0 ≤ |𝑟 | ≤ 0.3
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Note that we focus on the correlation between the amount of changes required to complete

peer review and two key review metrics: peer time to complete peer review and number of

reviewers, as these have been widely studied in prior work. A strong correlation may suggest

that findings related to time to complete peer review and reviewer count could also apply to the

amount of changes. Otherwise, if the correlation is weak, it implies that prior conclusions may

not generalize, and a separate analysis of the amount of changes is necessary.

Results

66%, 66%, 68% and 73% of the analyzed MRs require an amount of changes during the peer

review process for Omnibus, GitLab Runner, Gitaly, and Inkscape, respectively.. The density

distribution in Figure 5.2 highlights a concentration of MRs with an amount of changes in the

1–200 range, with an average of 38% across all projects. Among the MRs that require changes,

up to 28% involve at least 200 lines of code being modified during the review process. In

addition, we observe that certain MRs exhibit more than 1,000 changed lines across all projects.

For instance, within the Omnibus (OB) project, out of 7,217 MRs, 4,739 require changes after

submission. Among these, 2,861 involve a change size between 1–200 lines, while 1,878 require

at least 200 lines of changes. Notably, 76 MRs within this group show an amount of changes

exceeding 1,000 lines—reaching up to 5,695, as shown in Table 1. These findings underscore

the importance of managing the amount of changes required to complete peer review, as it not

only increases the size and complexity of an MR but also raises the risk of errors, redundancy,

and communication challenges. It can further strain contributors, especially when working

under tight deadlines.

The number of additions and deletions are highly correlated across all studied projects,

with Spearman correlation coefficients exceeding 0.9. Specifically, we observe values of

0.97, 0.96, 0.96, and 0.92 for the Omnibus, GitLab Runner, Inkscape, and Gitaly projects,

respectively—indicating a strong association between added and deleted lines of code. These

results suggest that most changes within MRs involve modifications to existing code, rather

than purely new additions or removals. This dynamic emphasizes that the amount of changes
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required to complete peer review may affect code stability, which is often considered an indicator

of overall software product stability Staron et al. (2013).

We observe low and negligible correlations between the amount of changes required to complete

peer review and both peer time to complete peer review and the number of people involved in

the MR. The Spearman correlation values between peer time to complete peer review and the

amount of changes are 44%, 42%, 47%, and 48% for the Omnibus, GitLab Runner, Inkscape,

and Gitaly projects, respectively. This suggests that the time taken to complete a peer review is

not strongly related to the size of the code changes made during the process.

In contrast, the correlation between the amount of changes and the number of comments is

notably higher—71%, 67%, 64%, and 67% for Omnibus, GitLab Runner, Inkscape, and Gitaly,

respectively—indicating that developers often need to review, comment on, and revise code

within the same limited time frame.

The Spearman correlation between the number of contributors and the amount of changes is

low—20%, 19%, 29%, and 19% for the four projects—suggesting no meaningful relationship

between how many people are involved and the size of the changes required. For example, in the

Inkscape project, an MR with 1,200 lines of changes involves only three contributors, while a

change-free MR involves ten. Similarly, in GitLab Runner, an MR with about 7,500 lines of

changes involves six reviewers, whereas one with 2,500 changes involves 13 contributors. These

observations reinforce the conclusion that the amount of changes required to complete peer

review is largely independent of the number of collaborators involved.
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a) Omnibus b) GitLab-runner

c) Inkscape d) Gitaly

Figure 5.2 Distribution of MRs by the amount of changes required to complete peer

review in four projects

5.4 Predicting Amount of Changes Required to Complete Peer Review

RQ2: How effective are machine learning models at classifying the amount of changes
required to complete peer review?

Approach

To evaluate the effectiveness of machine learning (ML) models in classifying the amount of

changes required to complete peer review, we conduct a comparative analysis involving four
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distinct classifiers: K nearest neighbor (KNN), Classification and Regression Trees (CART),

Random Forest (RF), and Logistic Regression (LR), which have been used in previous studies

(Rajbahadur, Wang, Kamei & Hassan, 2017; Rajbahadur et al., 2019; Jiarpakdee et al., 2019).

Our approach is structured as follows:

• Model Training: To explain the amount of changes required to complete peer review,

we evaluate four different classifiers K nearest neighbor, random forest, decision tree, and

logistic regression. We use the 100 out-of-sample bootstrap technique similar to prior studies

(Rajbahadur et al., 2017; Tantithamthavorn et al., 2016b) for obtaining statistically robust

results and conclusions. We generate the samples for both training and testing sets in each

iteration, while we use the validation set for all the bootstraps samples. We ensure that we

have 10 data points for each feature to train the model (e.g. if we have 20 features so we need

at least 200 MRs).

• Performance Evaluation: To evaluate our model, we divided the data set into training and

test sets, with 80% of the data in the training set and 20% of the data in the validation set.

The validation set consists of the most recent MRs in terms of creation date. For evaluation

metrics, we use the commonly used metrics in the literature (Rajbahadur et al., 2019; Gong,

Rajbahadur, Hassan & Jiang, 2021; Tantithamthavorn et al., 2018; Zimmermann & Nagappan,

2008), which are Accuracy (ACC), Precision (PRC), Recall (RCL), Brier Score (BS), Area

Under Curve (AUC), F-measure (FM), and Mathew’s Correlation Coefficient (MCC). We

generate 100 bootstrap samples for each metric, resulting in 100 values for each sample for

the and 100 values for each sample for the validation.

• Classifier Ranking: We rank all ML regressors performance for both test and validation

using Scott-Knott Effect Size Difference (ESD) Test 1, which clusters distributions into

statistically distinct ranks.

• Statistical Difference: To identify subtle differences in performance between two classifiers

when their performance is closely matched, we use the Anova test with a significance level

of p-value = 0.05. This statistical test compares the distributions of a given metric. If

the resulting p-value is less than 0.05, we interpret it as indicating a significant difference

1 https://cran.r-project.org/web/packages/ScottKnottESD/
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between the distributions. Conversely, if the p-value is greater than 0.05, we conclude that

there is no statistically significant difference between them.

Next, we assess the importance of each metric dimension in the best-performing model by

iteratively removing one dimension at a time and retraining the model on 100 bootstrap samples.

We compare the median performance (across bootstraps) of each reduced model to that of

the full-feature model to determine the impact of each dimension. Statistical significance is

evaluated using ANOVA to identify meaningful performance differences, providing insight into

each dimension’s contribution to classification accuracy.

• Model Training: By iteratively removing one dimension at a time, we train the model on 100

bootstrap samples. The comparative analysis of the model performance, taking into account

the removal of metric dimensions, allows the ranking of the importance of the dimensions.

• Impact: we consider the impact of removing one dimension on the baseline model (model

with all features) as the median of 100 bootstraps of the model without dimension on the

median of the 100 bootstraps of the baseline model.

• Statistical Difference: similarly to the previous step, we use ANOVA test to measure the

statistical distribution significance between the performance metrics, providing valuable

insight into the contribution of each dimension in the classification accuracy.

Results

Across all projects studied, the Random Forest (RF) classifier shows the best performance on

67% of the measured metrics when evaluated on test datasets. As shown in the Figure 5.3,

particularly on the GR, GT, and Ink projects, random forest outperforms other classifiers in all

metrics except recall where Classification and Regression Trees (CART) occurs as the top-1

classifier. However, for the OB project, RF outperforms other classifiers only in precision, with

CART outperforming in all other metrics. Interestingly, when RF doesn’t take the top 1 position,

its performance metrics closely align with CART, suggesting a subtle difference between these

two classifiers.
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The good performance of our models are consistent on the validation datasets, whereas RF

achieves the best performance in 96% of the measured metrics, as shown in Figure 5.4. This

consistency confirms the reliability of our model in classifying unseen MRs based on the amount

of changes required to complete peer review. In our comparative analysis of classifiers, RF

classifier achieves the first rank with an AUC range from 0.84 and 0.88, except for the recall

metric for the GT and OB projects, where CART performs best. However, in both case studies, RF

outperforms the other classifiers in all other metrics. To evaluate the significance of performance

differences between RF and other classifiers, we perform ANOVA test. The results presented in

table 5.3 indicate a significant difference in the distribution of 100 bootstrapped performances

between RF and other classifiers for all case studies, underscoring that RF consistently achieves

significantly better results compared to the other classifiers.

Our analysis shows that excluding any metric dimension results in a significant decrease in

performance across all projects studied, suggesting that all the used dimensions are relevant in

the classification of MRs based on their amount of changes. Figure 5.5 illustrates that using the

random forest classifier identified as the best model for amount of changes classification, the

removal of various metric dimensions results in a consistent decrease in performance across all

studied projects. When examining the impact, as shown in Figure 5.6, we find that removing any

metric dimension negatively impacts all the metrics, except for the GR project. In the case of

the GR project, only the removal of the complexity dimension results in a negative impact on

the model, whereas the removal of other dimensions yields a positive impact.

Table 5.3 Anova test of RF with other classifiers (p-value)

Clf 1-MSE Precision Recall AUC MCC ACC F1

OB

CART 1.2e-20 1.4e-04 1.3e-45 1.0e-20 5.4e-20 1.2e-20 4.8e-25
LR 5.1e-78 1.2e-60 4.1e-64 1.2e-77 1.7e-77 5.1e-78 3.0e-89
KNN 1.1e-193 2.6e-173 2.4e-138 4.2e-194 3.4e-194 1.1e-193 1.2e-178

GR

CART 5.6e-20 8.7e-38 5.3e-05 1.4e-18 2.2e-20 5.6e-20 2.8e-15
LR 4.9e-92 8.6e-60 2.4e-87 1.9e-94 1.1e-90 4.9e-92 1.8e-91
KNN 1.2e-157 7.9e-146 6.2e-116 2.0e-157 4.2e-158 1.2e-157 1.1e-149

GT

CART 3.1e-23 7.3e-45 5.9e-04 2.7e-25 2.7e-24 3.1e-23 4.4e-19
LR 2.4e-110 1.4e-56 3.4e-114 6.4e-110 5.0e-109 2.4e-110 2.1e-108
KNN 1.5e-172 1.9e-155 1.6e-117 1.5e-173 4.1e-173 1.5e-172 2.6e-162

Ink

CART 3.1e-30 1.4e-62 5.3e-07 3.0e-24 5.7e-31 3.1e-30 1.6e-23
LR 1.3e-149 5.6e-97 3.2e-142 1.6e-153 2.4e-145 1.3e-149 2.0e-150
KNN 7.9e-183 1.8e-163 2.3e-124 3.3e-180 6.4e-183 7.9e-183 1.7e-169
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a) OB b) GR

c) Ink d) Gt

Figure 5.3 Comparative multi box plots for performance distribution on test datasets

RQ3: What are the most important features that influence the amount of changes
required to complete peer review?

Approach

In this step, we use Random Forest Classifier (RF), that shows the best performance in RQ2, to

study the factors that impact the peer review metrics. To do so, we follow these steps:

• Perform permutation analysis: this technique is used to assess the statistical significance

of feature importance by comparing actual model performance with random permutations in

the dataset independent metrics, providing a robust method for identifying key factors that

explain the dependent variable. We apply permutation analysis on each of 100 generated

bootstraps using validation dataset to assess the feature importance.
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a) OB b) GR

c) Ink d) GT

Figure 5.4 Comparative multi box plots for performance distribution on validation

datasets

• Rank the features across all 100 bootstrap samples: Similarly to the performance ranking,

we rank features by their importance while accounting for variability of ranks across different

samples using Scott-Knott Effect Size Difference (ESD) Test.

• Analyze associations between metrics and the amount of changes: Using Accumulated

Local Effects (ALE) plots (Figure 5.8), we explore the relationships between independent

variables and the amount of changes required to complete peer review, in order to understand

their impact on the classification outcome. Following the approach of Khatoonabadi et al.

(2023), we exclude feature values exceeding the 99th percentile in each project to reduce the

influence of outliers. Each subplot in Figures 5.8 shows the marginal impact of a specific

metric (x-axis) on the predicted probability of requiring a large number of changes (y-axis).

A decreasing ALE value suggests a higher likelihood of a small amount of changes, while an
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a) OB b) GR

c) Ink d) GT

Figure 5.5 Comparative multi box plots for performance distribution when removing

metric dimensions

increasing ALE value indicates a higher probability of a large amount of changes for the

given MR.

Results

Our analysis shows that complexity metrics are the two most important factors influencing the

amount of changes required to complete peer review. As illustrated in Figure 5.7, for all the

studied projects, the number of initial files, followed by the initial size of the MR, rank as the

first and second most important features, respectively. As shown in Figure 5.8, the increasing

number of initial files implies a larger amount of changes. We suggest that a higher number of

initial files in an MR indicates a more complex change during peer review, especially if those
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a) OB b) GR

c) Ink d) GT

Figure 5.6 Comparative multi bar chart for performance distribution when removing

metric dimensions

Note: The bars marked with an asterisk (*) indicate significant impact using the Anova test.

The horizontal line helps to differentiate the positive and negative impacts.

files are interdependent. Interdependency in this context indicates that a change in one file

requires updates in all related files, thereby increasing the amount of changes. For example,

changing an attribute in a configuration file requires updates in all associated files, increasing the

number of lines of code to change. At the same time, except the GR project, we observe that a

larger initial size of an MR tends to correspond to a smaller amount of changes required during

the peer review process. This pattern suggests that in some cases, MRs with large initial sizes

indicate that necessary changes are being made early on, before the MR is created. Examples of

such purposes include adding documentation, changing branches, or improving modularity by

splitting existing code into multiple files. These actions involve significant amount of the lines
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a) OB b) GR

c) Ink d) GT

Figure 5.7 SK-ESD feature importance ranks

of code modified before the MR is created, but typically do not require code changes during

the review. Conversely, smaller initial MRs may indicate the addition of new configurations or

features. Such an introduction often requires extensive code changes for integration into the

main codebase, resulting in the need for more review and larger amount of changes.

Author experience metrics also have a significant impact on amount of changes required to

complete peer review, consistently ranking in the top-3 or top-4 in 3/4 of studied projects. Figure

5.7 shows that the number of major authors ranks as the third most important feature for OB

and Ink projects, and fifth for GR projects. As shown in Figure 5.8, the impact of this metric

is negative for all projects, suggesting that having more major authors, who typically have

experience with the project, is associated with smaller amount of changes. We interpret this

by experienced authors contribute code that requires fewer adjustments or revisions during the

review process. In the other hand, we observe that the number of minor authors ranks third
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in importance for GR, GT, and OB projects, and fourth for the Ink project. In all the studied

projects, the impact of the number of minor authors on the classification of amount of changes

is consistently negative. This implies that the presence of minor authors tends to result in

smaller amount of changes. We suggest that collaboration between major and minor authors may

represent effective mentorship and knowledge transfer within the team. Experienced authors

guiding less experienced contributors can result in code that require less changes, highlighting

the positive impact of such collaborative dynamics on peer review.

Text-related metrics consistently rank among the top five most important features across all

projects. As shown in Figure 5.7, description length ranks third in Ink, fourth in OB, and fifth

in GT. Figure 5.8 shows its consistently positive impact, suggesting that longer descriptions

are associated with larger code changes. This likely reflects submissions requiring major

revisions—such as new features or services—before merging. For instance, in GT, an MR

introducing distributed reads had a 3997-character description and 2995 lines of code changed2,

while another with no description simply fixed a typo with zero changes3.

Title length is also important, ranking in the top five for GR, OB, and GT. However, its impact

varies—positive in half the projects and negative in the rest—suggesting that titling practices

differ by context.

Tag-related metrics also appear in the top five for OB and GT. The presence of an "@ tag"

generally correlates with fewer changes in 3 out of 4 projects, possibly because tagged individuals

focus the review on their area of responsibility. In contrast, hashtags show project-specific

effects. Their meaning varies—from technical tags like #bugfix or #feature to communication

tags like #teamA—which may explain their inconsistent impact on change size.

Historical metrics also show an impact on amount of changes in two projects. Figure 5.7 shows

that for the Ink project, the workload (number of MRs) on the source and target branches impacts

the amount of changes. The positive impact of these metrics suggests that an increased workload

2 https://gitlab.com/gitlab-org/gitaly/-/merge_requests/2738

3 https://gitlab.com/gitlab-org/gitaly/-/merge_requests/4422
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can potentially reduce code quality by having more to-do tasks, which results in large amount of

changes. For the GT project, the average amount of changes required to complete peer review for

historical MRs ranks in the top five. We suggest that the skill level of the individuals involved in

the project requires more changes to produce the required quality of code. In addition, we suggest

that this observation may be related to the nature of the project, which involves substantial MRs

such as new feature additions or updates, that can require more changes.

5.5 Discussion

The contribution of this chapter is to position the amount of changes required to complete peer

review as a distinct dimension of peer review effort, rather than as a replacement for time-based

measures. Time to complete peer review captures the duration of the review process, but it is

affected by waiting time, prioritization, reviewer availability, and organizational constraints. By

contrast, post-submission change captures the observable modifications made after an MR is

submitted. This makes it useful for studying the work generated during review, but it should be

interpreted as a measure of the scale of review-induced rework, not as a complete measure of its

cognitive or technical difficulty.

This distinction is important because the same amount of changed lines may represent different

levels of effort. A small semantic correction can require more reasoning than a large formatting

change, while a large mechanical refactoring may inflate the metric without corresponding to

high review difficulty. The amount of post-submission change should therefore be understood

as one effort dimension among others. Its value lies in complementing temporal indicators by

capturing what changed during review, while time-based measures capture how long the review

process took.

The interpretation of this measure may also evolve with the increasing use of AI and LLM-based

coding assistants. The definition of effort used in this chapter assumes that post-submission

changes largely reflect work performed by practitioners in response to review. However, when

an LLM generates part of the revision, the same change volume may correspond to less direct
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human implementation effort. Conversely, AI support may encourage reviewers or authors to

make larger revisions because producing them becomes easier. In both cases, the relationship

between changed lines and human effort becomes less stable. This does not invalidate the

measure, but it means that future studies should interpret post-submission change in light of the

development context, especially whether revisions are mainly human-written, AI-assisted, or

AI-generated.

This point is particularly important when comparing open-source and industrial settings. In

the studied open-source projects, post-submission change affects up to 73% of MRs, whereas

in the industrial datasets only 18% at industrial projects required observable post-submission

changes. This difference does not necessarily mean that industrial MRs require less effort. Some

review-related work may happen before MR creation, through internal discussions, self-review,

pair work, CI checks, or informal coordination. Industrial teams may also rely more heavily on

pre-validation practices, which reduce the amount of change visible after submission. Therefore,

the absence of post-submission changes should not automatically be interpreted as the absence

of review effort.

At the same time, low post-submission change rates can have different meanings. They may

indicate that MRs are well prepared before review and can be accepted with little additional work.

They may also indicate that reviews are lighter and that some issues are not corrected before

integration. The amount-of-change measure cannot distinguish between these explanations

on its own, because they differ mainly in what happens before MR submission or after merge.

This observation motivates the broader process-oriented perspective developed in the remaining

chapters, especially the analyses that relate peer review decisions to MR types, workflow

deviations, upstream planning, and downstream CI/CD outcomes.

Overall, the amount of post-submission change is not a perfect proxy for peer review effort,

and it should not be used as a standalone measure of review cost. Its contribution is more

specific: it captures a distinct, frequent, and early-identifiable dimension of review-induced

work. The empirical results show that this dimension is different from time to complete peer
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review and from participation-based indicators, and that it can be predicted at MR creation

time with an AUC of up to 0.88. These findings support the use of change-based effort as one

complementary view of peer review effort, to be interpreted together with temporal measures,

MR-type stratification, deviation-aware filtering, and upstream and downstream process signals.

5.6 Implications

5.6.1 Implications for our industrial partners

Although this chapter uses open-source GitLab projects for its empirical analysis, the findings

carry practical implications for our industrial partners. First, the independence between post-

submission change and time to complete peer review suggests that industrial teams should not

rely on review duration alone when monitoring peer review effort; complementing time-based

dashboards with a change-based indicator provides a more complete view of the work that

reviews actually generate. Second, the predictive results show that MRs likely to require

substantial post-submission change can be identified at creation time with good accuracy, which

enables earlier planning decisions such as prioritizing reviewer attention toward high-change

candidates, alerting authors to potential rework needs, or scheduling additional review capacity

for changes that are predicted to evolve significantly during review. Finally, the feature analysis

highlights complexity, author experience, and textual characteristics of the submission as the

most consistent drivers of high-change MRs, which can help industrial partners focus their

process-improvement efforts on the factors with the strongest practical impact on review-related

rework.

5.6.2 Implications for researchers

For researchers, the main implication of this chapter is methodological: peer review effort should

not be approximated by a single temporal indicator. The amount of changes required to complete

peer review captures a dimension of review-generated work that is largely independent of time

to complete peer review and of the number of reviewers, which means that these measures
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are not interchangeable proxies of the same underlying construct. Future empirical studies on

peer review effort should therefore either report both time-based and change-based indicators

explicitly, or motivate their choice in terms of the specific aspect of review effort they aim to

analyze. Treating change-based and time-based effort as complementary rather than substitute

constructs can reduce the risk of inconsistent findings across studies that rely on different

operationalizations of the same concept.

The predictive results also carry implications for the design of future peer review studies. The

fact that MRs likely to require substantial post-submission change can be identified at creation

time with an AUC of up to 0.88 suggests that creation-time features provide a usable signal

for early-intervention studies, such as reviewer recommendation, effort-aware prioritization, or

controlled experiments on review workload allocation. The consistency of complexity, author

experience, and textual features as dominant drivers across contexts provides a candidate baseline

feature set that other empirical studies can adopt and compare against, supporting replication

and cross-project comparison. Finally, because the observed rates of high-change MRs differ

substantially between open-source and industrial settings, researchers should avoid generalizing

effort-related findings across contexts without explicitly reporting these base rates and, where

possible, stratifying their analyses accordingly.

5.7 Threats to Validity

Internal validity threats: These may stem from implementation errors and model choices.

We reduced such risks by using established metric definitions, widely adopted classifiers, 100-

bootstrapping for reliability, and well-known Python packages (e.g., Scikit-learn). Nonetheless,

unnoticed errors and context-specific result variations remain possible.

External validity threats: These concern the generalizability of our findings. peer review

metrics based on the amount of changes can vary across project types and team structures. To

mitigate this, we analyzed over 23.6K reviews across multiple projects and dimensions. However,

expanding the feature set or studying other platforms (e.g., Gerrit) could improve coverage.
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5.8 Conclusion

In this chapter, we examined peer review effort through a time-independent perspective based on

the amount of changes required to complete peer review. The objective was to move beyond

temporal approximations of effort and to study a measure that more directly reflects the corrective

and adjustment work performed before an MR reaches acceptance. From a software process

improvement perspective, such a measure is important because it captures a dimension of review

effort that may remain invisible when effort is inferred only through time to complete peer

review.

Having established a time-independent view of effort, the thesis now turns to an important

source of variation in that effort: the type of MR being reviewed. The next chapter therefore

examines how peer review effort and review behavior differ across categories of MRs, with

particular attention to development, configuration, and documentation changes.
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a) OB

b) GR

Figure 5.8 Feature importance impact on the classification

model (1/2)
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c) Ink

d) GT

Figure 5.8 Feature importance impact on the classification

model (2/2)



CHAPTER 6

DO SDN CONFIGURATION CHANGES GET REVIEWED DIFFERENTLY? AN
EMPIRICAL STUDY AT TELUS

Samah Kansab1 , Henri Aïdasso1 , Francis Bordeleau1 , Ali Tizghadam2

1 Department of Software Engineering and IT, École de Technologie Supérieure,

1100 Notre-Dame Ouest, Montréal, Québec, Canada H3C 1K3
2 TELUS, 25 York St, Toronto, Ontario, Canada M5J 2V5

Paper Published in the Empirical Software Engineering Journal on June 2026

Preamble

Peer review effort is not uniform across all MRs. This chapter examines how review

activity, engagement, timeline, and quality differ across development, configuration, and

documentation MRs at our industrial partner TELUS, and how bug presence modulates

these patterns. Configuration-dominant MRs receive less review attention than development

MRs, while configuration-inclusive MRs attract more; both configuration types involve more

self-management. Bug presence amplifies review intensity and quality for configuration

MRs. Replicating the analysis on open-source projects confirms the main patterns beyond the

industrial context.

This chapter is adapted from a paper under second-round review at EMSE. The thesis version

revises the introduction, conclusion, and overall framing to align the chapter with the objectives

of this thesis.

6.1 Introduction

The previous chapter showed that peer review effort cannot be adequately understood through

time to complete peer review alone. By introducing the amount of post-submission change as

a time-independent indicator, it established that peer review effort includes a corrective-work

dimension that remains partly invisible in temporal measures. However, measuring effort more

directly raises a further question: is this effort distributed uniformly across all MRs, or does it

vary according to the type of change being reviewed? Answering this question is essential for
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software process improvement, because treating all MRs as a homogeneous population may

hide meaningful differences in review needs, reviewer engagement, and process outcomes.

This issue is particularly important in modern DevOps environments, where software evolution

depends not only on source code, but also on configuration artifacts that control building,

deployment, orchestration, and runtime behavior. CI/CD pipelines, infrastructure-as-code

practices, and container orchestration platforms have increased the operational importance of

configuration files. In systems relying on tools such as Helm, Kubernetes manifests, deployment

descriptors, or pipeline definitions, critical behavior is often encoded in configuration rather than

in traditional source code alone. As a result, configuration MRs may have significant operational

impact even when they appear small or syntactically simple.

This challenge is especially salient in our industrial context. Our industrial partners operate in

environments shaped by Software-Defined Networking (SDN), where system behavior depends

heavily on the correctness and evolution of configuration. SDN decouples the control and

data planes to enable programmable network management, but this flexibility also makes

configurations central to traffic flow, security policies, service interactions, and deployment

conditions (Kreutz et al., 2014; Liu, Kibalya, Santhosh Kumar & Zhang, 2021). In such settings,

configuration cannot be treated as a marginal subtype of development work. It represents a

distinct category of change whose review may require specific expertise, attention, and process

support.

At the same time, configuration changes may not receive review attention proportional to

their operational importance. Compared with development changes, configuration files are

often shorter, less structured, less supported by dedicated testing infrastructure, and sometimes

perceived as secondary to source code. In SDN systems, reviewers may also need to reason

about both networking concepts and configuration-specific semantics. These characteristics

suggest that configuration MRs may exhibit review patterns that differ from development or

documentation MRs, and that analyzing all MRs together may obscure important differences.
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Motivated by this observation, this chapter examines peer review effort and review quality

across three major categories of MRs: development, configuration, and documentation. This

comparison is necessary to determine whether different types of changes require different levels

of reviewer attention, review strategies, or process support. In the progression of the thesis, this

chapter therefore moves from measuring peer review effort more directly to identifying where

this effort is concentrated, where it may be insufficient, and whether a uniform review process is

appropriate across all MR types.

Although configuration review is especially important in our SDN-oriented industrial context, its

relevance extends beyond this domain. The broader adoption of deployment descriptors, service

configuration, infrastructure templates, and CI/CD artifacts has made configuration changes

increasingly visible across many software ecosystems. For this reason, this chapter also extends

the analysis to open-source GitLab projects. This extension helps assess whether the review

patterns observed in the industrial context are specific to SDN-centered environments or reflect

a broader phenomenon in pipeline- and infrastructure-intensive software development.

This chapter empirically investigates these questions using MRs from TELUS, a major Canadian

telecommunications company that uses GitLab for collaborative development and peer review.

MRs are classified according to the proportion and nature of changed files into four groups:

configuration-dominant MRs, where configuration files represent more than 50% of changed

files; configuration-inclusive MRs, where configuration files are present but not dominant;

development MRs; and documentation MRs. Within the configuration-related groups, we further

distinguish bug-related from non-bug-related MRs to examine whether corrective changes

receive different review attention.

To capture the multidimensional nature of peer review, the chapter adopts a mixed-methods

design combining quantitative and qualitative analyses. Quantitatively, we evaluate twelve

metrics across four dimensions: activity, engagement, timeline, and approval. Qualitatively, we

assess review comment quality using a four-level rating scale and analyze comments according

to four cognitive attributes: Emotion, Suggestion, Evaluation, and Question (Yang et al., 2023).



100

This combined perspective makes it possible to examine not only how much review activity

occurs, but also how reviewers engage with changes and what kind of feedback they provide.

The findings show that configuration-dominant MRs receive significantly less review activity

and participation than development MRs, while configuration-inclusive MRs display higher

engagement and are reviewed more intensively than both development and documentation

MRs. Across both configuration categories, reviewers also engage more frequently in self-

approval, self-assignment, and self-integration than for development MRs, suggesting more

ownership-driven review practices. Bug presence further modulates this profile: bug-related

configuration MRs attract more reviewers, receive more comments, take longer to complete

peer review, and exhibit higher-quality feedback. The open-source analysis confirms the distinct

profile of configuration-inclusive MRs, while also showing context-specific differences in how

configuration-dominant changes are reviewed.

The main contributions of this chapter are:

• a taxonomy for categorizing MRs into development, documentation, configuration-dominant,

and configuration-inclusive changes;

• empirical evidence that configuration MRs occupy a distinct review profile, differing from

both development and documentation MRs in review activity, engagement, timeline, and

self-management practices;

• evidence that bug presence modulates both the intensity and quality of configuration review,

showing that reviewer attention is not distributed uniformly across configuration work;

• an extension of the analysis to open-source GitLab projects, supported by a replication toolkit,

showing that configuration review is not limited to a single industrial context but reflects a

broader software engineering concern.

6.2 Study Design

In this chapter, we investigate whether peer review effort and review quality vary according

to the type of MR under review. Building on the previous chapter, which established a time-
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independent perspective on peer review effort, the objective here is to determine whether that

effort is distributed uniformly across MR categories or whether different types of changes exhibit

distinct review patterns. To address this question, we design a mixed-methods study combining

quantitative and qualitative analyses of merge requests.

The study relies on MR and issue data collected from TELUS, as described in Section 3.3.2.

To support the comparison across merge request categories, we first enrich MRs with issue

information and bug-related labels, then classify them into configuration, development, and

documentation categories. We thereafter analyze the peer review process through two

complementary lenses. The quantitative analysis compares review activity, engagement,

timeline, and approval-related metrics across MR categories. The qualitative analysis examines

the quality and cognitive characteristics of review comments in a statistically representative

sample.

6.2.1 Research Questions

The chapter is guided by the following four research questions:

RQ1 What are the key quantitative differences in the peer review process between

configuration MRs and those related to development or documentation? This

question examines whether MR categories differ in terms of review activity, engagement,

timeline, and approval behavior. Since the previous chapter showed that peer review effort

should not be reduced to a single temporal measure, it becomes important to determine

whether different categories of changes also exhibit different process profiles. Comparing

configuration, development, and documentation MRs helps identify whether a uniform

review process is appropriate across all change types or whether more differentiated review

practices are needed.

RQ2 How does the quality of peer review vary between configuration MRs and those

related to development and documentation? Quantitative differences alone do not fully

characterize the review process. Two MR categories may receive comparable amounts of
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activity while still differing in the depth, usefulness, or cognitive nature of the feedback

they attract. This question therefore examines whether configuration-related MRs receive

review comments of similar quality to those observed in development and documentation

reviews.

RQ3 What are the differences in the peer review process between bug-related and non-bug-

related configuration MRs? Bug-related changes often represent more urgent or more

operationally sensitive work than routine updates. Investigating whether bug presence

changes reviewer attention, engagement, or time to complete peer review is important for

understanding whether configuration review effort is shaped not only by artifact type, but

also by the purpose of the change.

RQ4 How does the quality of peer review differ between bug-related and non-bug-related

configuration MRs? If bug-related configuration MRs receive more reviewer attention, it

is also important to determine whether this attention translates into qualitatively different

feedback. This question therefore examines whether bug presence is associated with

deeper, more technical, or otherwise different forms of peer review feedback.

6.2.2 Data Mapping and Enrichment

To support the analyses in this chapter, we first enrich the MR data with issue associations and

bug-related labels.

6.2.2.1 Associating MRs and Issues

Each MR is expected to be associated with a relevant issue that describes the underlying task,

bug, or feature request. To determine these associations, we follow a bi-directional parsing

strategy using MR and issue metadata.
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Forward Matching (MR to Issue). We examine each MR’s title, description, and commit

messages for references to issue identifiers. These references may appear in two common

formats:

• Short reference: #IssueID (e.g., closes #1 indicating closure of issue 1)

• Full URL reference: https://<gitlab>/issues/#IssueID

When a reference is detected, we match it against the issue dataset and extract the corresponding

issue metadata.

Reverse Matching (Issue to MR). To improve recall, we also parse issue titles and descriptions

and search for references to specific MRs (e.g., MR links or MR IDs). This additional step

helps uncover associations that may have been initiated from the issue side, such as follow-up

development MRs mentioned by stakeholders.

Label Enrichment. Once MR/issue associations are determined, we enrich the MR metadata

with the labels (e.g., bug, enhancement, performance) attached to the associated issues.

These labels provide essential context for downstream classification and analysis, including bug

identification and MR type categorization.

6.2.2.2 Identifying MRs with Bug

To confidently identify bug-related MRs, we employ a multi-stage classification strategy

combining label-based matching, linked issue analysis, and a keyword-based heuristic validated

through manual inspection.

Label-Based Classification. If an MR is explicitly labelled as bug, it is directly classified as

bug-related. Similarly, if the MR is linked to an issue labelled as bug, we inherit this label and

classify the MR as bug-related. As a result, this classification is valid for 80% of the MRs.

Heuristic-Based Classification. Approximately 20% of MRs in our dataset are neither

labelled nor linked to any issue. To classify these unlabelled MRs, we apply a keyword-based

heuristic inspired by prior research in defect and bug-fix identification Wang et al. (2021); Tian,
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Lawall & Lo (2012); Kim, Zimmermann, Whitehead Jr & Zeller (2007); Lukins, Kraft & Etzkorn

(2008); Marcus, Sergeyev, Rajlich & Maletic (2004); Jiang et al. (2025); Tufano, Pantiuchina,

Watson, Bavota & Poshyvanyk (2019a); Avula & Mondal (2024). We compiled and refined a

list of commonly used bug-related terms from these studies and further validated them with our

industrial collaborators.

The following keywords are used to identify bug-related MRs:

• Core terms: fix, bug, resolved, solve, debug, bugfix, problem, error, defect,

mistake, correct, fault

• Expanded terms: broken, failure, regression, patch, hotfix, workaround

We consider an unlabelled MR to be bug-related if any of these keywords appear in at least

one of the following MR’s fields: title, description, if not, we alos look at the associated

commit messages. This heuristic enables us to identify remaining likely bug-fixing MRs that

lack formal annotations.

Manual Validation. To validate the accuracy of this approach, we randomly sampled 50

previously unlabelled MRs that were classified as bug-related by our heuristic. Manual

inspection by two researchers, with disagreements resolved through discussion, confirmed that

46/50 (92%) were correctly classified. Given 𝑛 = 50, this estimate should be interpreted as a

sanity check rather than a precise measurement: under a binomial model, the corresponding

95% confidence interval is approximately 92% ± 8% (i.e., ∼ [84%, 100%]), and the worst-case

margin of error at 𝑛 = 50 is about ±14% when the true proportion is near 0.5. Overall, this result

provides additional confidence that our keyword-based heuristic reliably captures bug-fix intent

when explicit labels or issue links are unavailable.To also validate the inverse case, we applied

the same procedure to 50 previously unlabelled MRs classified as non-bug-related and found

that 47/50 (94%) were indeed not bug-fix related (95% CI ≈ 94% ± 7%). Overall, these checks

increase confidence that our keyword-based heuristic captures bug-fix intent when explicit MR

labels or reliable issue links are unavailable.

The complete classification workflow is illustrated in Figure 6.1.
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Table 6.1 Overview of the number of MRs per category

Category Config Non-Config
config-d config-i dev doc

Total MRs 2,613 (49%) 2,699 (51%) 2,797 (87%) 386 (13%)

Bug-related MRs 695 (26%) 1,341 (49%) – –

Overall 5,312 (62%) 3,183 (38%)

config-d: configuration-dominant; config-i: configuration-inclusive; dev: development; doc:

documentation.

Table 6.2 Summary of most frequent file extensions, configuration file types, and

DevOps/configuration tools per repository group

Repository Group Top Extensions Touched Top Config File Types Tools Detected
NetApps py (1635), tsx (556), ts (465),

json (240), yaml (230)

json (240), yaml (230),

xml (216), yml (46),

dockerfile (36)

Docker, docker compose,
GitLab CI, Helm, OpenShift

Platform py (834), yaml (667), yml (220),

sh (152), json (123)

yaml (667), yml (220),

json (123), dockerfile (40),

tpl (37)

Docker, docker compose,
GitLab CI, Helm, OpenShift

Infrastructure tf (406), yaml (165),

tfvars (102), dockerfile (24),

py (9)

tf (406), yaml (165),

tfvars (102), dockerfile (24),

json (7)

Docker, docker compose,
GitLab CI, Helm, Kustomize,
OpenShift, Terraform

CDAF xml (644), py (402), yaml (174),

tsx (163), java (105)

xml (644), yaml (174), yml (94),

json (66), properties (25)

Docker, docker compose,
GitHub Actions, GitLab CI,
Helm, OpenShift, Terraform

CNE-IP noext (127), py (126),

json (75), tsx (52), pyc (49)

json (75), yaml (19), yml (15),

cfg (5), dockerfile (2)

Ansible, Docker, docker
compose, GitLab CI, Helm,
OpenShift

6.2.3 MR Categorization

To refine our analysis, we filtered the dataset to focus on specific types of MRs, as summarized

in Table 6.1. Our goal is to distinguish between configuration, development, and documentation-

related MRs, as well as configuration-related MRs that include other types of changes. The

classification criteria were defined in collaboration with domain experts at our industrial partner

and are described below.

6.2.3.1 Identifying Configuration MRs

We used three heuristics to identify MRs that modify configuration files:
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• File Extensions: Files with configuration-specific extensions, including cfg, toml,

ini, json, yml, yaml, eslintrc, prettierrc, dockerfile, npmrc, gitattributes,

dockerignore, helmignore, flake8, srl, and gotmpl, are identified based on internal

conventions.

• File Naming: Files with common code extensions (e.g., .py) but named exactlyconfig.[ext]

(e.g., config.py) are considered configuration files.

• Folder Naming: Files located within directories explicitly named config/ (without suffixes

or prefixes) were also classified as configuration files (e.g., project/config/file.py).

If at least one configuration file is present, the MR is considered configuration-related. For each

configuration-related MR, we calculated the ratio of changed configuration files to all changed

files. Then, we further distinguished:

• Configuration-dominant (config-d) MRs: A ratio ≥ 50% of changed files are configuration

files

• Configuration-inclusive (config-i) MRs: A ratio < 50% of changed files are configuration

files

Our classification method relies on the dominant file type ratio to ensure consistency across

projects. We define configuration-dominant MRs using a ≥50% threshold because it provides an

intuitive and interpretable boundary: configuration files constitute the majority of the modified

artifacts in the MR, which aligns with our objective of separating MRs where configuration

is likely the primary focus from those where it is mixed with other changes. To ensure that

this operational choice does not drive the conclusions, we performed a sensitivity analysis by

repeating the main comparisons with alternative thresholds (40%, 45%, 55%, and 60%), and

we observed the same overall trends; these robustness results are now reported in the revised

manuscript.

While churn-based classification (based on the number of lines changed) is a valid alternative,

it introduces interpretability challenges. For example, a single-line configuration change may

carry significant impact and demand extensive review, especially in critical projects. An MR
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may include only two lines of configuration changes and ten lines of documentation changes, yet

the review discussion may focus almost entirely on the configuration aspect. To explore this

dimension, we analyzed configuration churn as a complementary signal. We found that 35%

of configuration-related MRs involved more than 50% configuration churn, and that 51.44%

of configuration-related MRs modified at least 40% of their content as configuration churn,

highlighting the frequent involvement of configuration artifacts in SDN changes. At the same

time, configuration file edits are often incremental in terms of lines: 49.02% of MRs involve initial

configuration changes below 10% of total churn, and 89.8% exhibit configuration rework below

10%. This partial alignment between churn-based and file-ratio-based views provides supporting

evidence for our chosen approach while also illustrating why churn alone can understate the

importance of configuration changes. Nonetheless, we acknowledge the limitations of any

single proxy and plan to explore more comprehensive churn- and semantics-aware classification

strategies in future work.

6.2.3.2 Identifying Documentation MRs

Documentation MRs are identified using file extensions commonly used for textual and visual

documentation. These include:

• Textual formats: md, mdx, rst, mjml, txt, docx

• Media formats: png, jpg, ico, svg, gif

An MR is classified as documentation-related if over 50% of its modified files are in standard

documentation formats (e.g., .md, .rst, .txt). This classification excludes inline documentation

embedded within source code. While in our context, such comments are common, they primarily

serve as localized annotations and do not typically represent formal documentation practices.

Furthermore, the projects under study systematically separate documentation into standalone

files.
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6.2.3.3 Identifying Development MRs

Any MR that do not meet the criteria for configuration or documentation is classified as

development-related. These typically involve changes to application logic, test code, or

infrastructure scripts. We confirmed with project maintainers that development work is generally

done in file types not captured by the configuration or documentation filters. MRs with less than

50% documentation files, and no configuration files, fall into this category.

This classification system ensures that we capture meaningful differences in review behavior

across distinct artifact types, supporting a fair and relevant comparative analysis of review

activity, engagement, and quality.

Extract MR labels MR labelled as Bug Find associated
issue(s) labels

No

Bug MR

 Issue labelled as bug Bug keywords
filter

No

Bug keyword in title or
description

Commit keywords
filter

Non-bug MR

No

Commit with bug
keyword

No

Yes

Yes Yes

Yes

Figure 6.1 Bug identification flow diagram

6.2.3.3.1 Classification validation and rationale

Because our MR categorisation is automated, we added an explicit validation step to ensure

the labels are consistent with the underlying file changes. Concretely, we implemented a set of

Python verification tests (invariant checks, similar in spirit to unit tests) that re-scan each MR

after classification and confirm that the assigned label matches the observed diff content. For

example, the tests verify that every MR labelled as configuration-related modifies at least one

file matched by our configuration-file heuristics, and that the computed configuration-file ratio

(used to separate config-d and config-i) is consistent with the category assignment. To further
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contextualize the artifacts involved, we also report the most frequent file extensions observed in

the studied projects in Table 6.2.

6.2.4 Analysis Strategy

6.2.4.1 Quantitative Analysis

Metrics Extraction. We extracted 15 metrics essential for comparing the review process

across different types of MRs, reported in Table 6.3. For example, the time to complete peer

review—defined as the duration between MR creation and closure (either merged or closed)—is

not directly available from the GitLab API and must be computed manually. The extracted

metrics are categorized into four key dimensions as follows:

• Activity: Captures the volume and nature of review activity, such as the number of comments

and the extent of rework.

• Engagement: Measures the degree of participation in the review process, including the

number of committers, reviewers, and collaborators.

• Timeline: Reflects the duration of the review process, including the time to first review and

time to completion.

• Approval: Assesses the review outcome, including whether the MR was approved, and

whether it was self-managed (i.e., self-approved, self-merged, or self-assigned).

Metrics Analysis. To examine differences across MR types—such as configuration versus

development or documentation, and bug-related versus non-bug-related—we apply statistical

tests to compare the extracted metrics.

First, we assess the distribution of each metric using the Shapiro-Wilk test Shapiro, Wilk & Chen

(1968), which is widely regarded as one of the most powerful and reliable tests for normality

in small to moderate-sized samples Razali, Wah et al. (2011); Kitchenham et al. (2017). Our

results confirmed that the majority of metrics are not normally distributed (𝛼 = 0.05).
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Given the non-parametric nature of the data, we choose the Mann-Whitney U test as our primary

statistical test. The Mann-Whitney U test is especially appropriate for comparing independent

samples where the goal is to determine whether one distribution tends to have larger or smaller

values than another.

Following the approach of (Thongtanunam et al., 2015), we use a one-tailed Mann–Whitney

U test at a significance level of 𝛼 = 0.05 to determine whether differences between groups

are statistically significant and, if so, in which direction (e.g., whether configuration MRs tend

to receive more or less review activity than development MRs). To complement statistical

significance with practical relevance, we report an effect size using the rank-biserial correlation

(𝑟rb) Radliński (2024); Fister (2007), derived from the U statistic, where the sign indicates the

direction (positive values mean higher values in the first group) and the magnitude indicates the

strength of the difference. We interpret |𝑟rb | using standard thresholds: negligible (< 0.147),

small ([0.147, 0.33)), medium ([0.33, 0.474)), and large (≥ 0.474).

6.2.4.2 Qualitative Analysis

Review Collection. To assess the quality of review comments (or simply review in the following),

we collect all discussion comments associated with each MR along with the list of participating

reviewers’ metadata. We filter out comments authored by the MR’s author to focus exclusively

on feedback provided by external reviewers. This ensures that we analyze only MRs that undergo

an actual peer review process, rather than internal notes or self-commentary.

We further refine the dataset by excluding automated system-generated messages, which are

flagged by the GitLab API using the attribute system=true. Examples include boilerplate

notifications such as "approved this MR" or "enabled an automatic merge when the pipeline

for...". This step ensures that the dataset includes only substantive, manually written reviewer

comments relevant to our analysis.

Review Sample Selection. Manually analyzing all reviews is impractical. So, following prior

work Thongtanunam et al. (2015); Beller, Bacchelli, Zaidman & Juergens (2014), we follow a
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Table 6.3 Review-process metrics grouped by analysis dimensions (D)

D Metric (definition) Rationale
A

ct
iv

it
y

#Comments: total discussion comments on the MR. Proxy for discussion intensity and review effort.

#Reviewer comments: comments authored by human

reviewers (excluding bots).

Captures peer feedback directly tied to review quality.

MR size: initial churn (additions + deletions) before

review iterations.

Baseline change magnitude; often relates to review load.

#Additions: lines added before review iterations. Measures introduced content (implementation / integration

surface).

#Deletions: lines deleted before review iterations. Measures removed/replaced content (refactoring or

corrective removal).

Rework size: churn introduced after MR creation during

review iterations.

Captures revisions needed to satisfy review feedback.

E
n
g
ag

e.

#Committers: distinct contributors who pushed commits

to the MR.

Indicates coordination breadth and shared ownership.

#Reviewers: distinct reviewers participating in the review

(e.g., commenting/approving).

More reviewers can increase scrutiny and defect detection.

#Collaborators: distinct non-author participants

contributing to the discussion.

Reflects cross-role involvement beyond the core review.

T
im

el
in

e Time to complete: hours from MR creation to

merge/close.

Measures end-to-end review turnaround and potential

bottlenecks.

Time to first review: hours from creation to the first

review comment.

Early feedback is typically associated with faster resolution.

A
p
p
ro

v
al

Approved: MR received at least one formal approval

(binary).

Captures compliance with approval gates.

Self-approved: author approved their own MR (binary). May weaken independent peer validation.

Self-merged: author merged their own MR (binary). Indicates reduced separation of duties / process exceptions.

Self-assigned: author assigned the MR to themselves

(binary).

Proxy for autonomy and reviewer availability constraints.

statistically grounded sampling strategy to select a representative subset of reviews for manual

annotation.

We compute the required sample size using the standard formula for estimating a proportion

within a finite population:

𝑠 =
𝑧2 · 𝑝 · (1 − 𝑝)

𝑐2
(6.1)

where 𝑧 is the Z-score corresponding to the desired confidence level (1.96 for 95%), 𝑝 is the

estimated population proportion (set to 0.5 for maximum variability), and 𝑐 is the margin of

error (set to 0.05).
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Because the review population is finite, we apply the finite population correction as follows:

𝑠𝑠 =
𝑠 · 𝑃

𝑃 + 𝑠 − 1
(6.2)

where 𝑃 is the total number of reviews. We round the result to the nearest whole number,

resulting in a final sample size of 375 reviews.

Annotation Process and Validation. The first two authors manually annotated the 375 sampled

reviews, representing the 14,206 reviews. Each review is independently assessed according

to predefined criteria for review quality and content attributes, detailed in the next sections.

To ensure consistency and domain relevance, we validate the annotations through iterative

discussions with industrial collaborators.

We measure inter-rater reliability using Cohen’s kappa coefficient, which yields a value of

0.95—indicating almost perfect agreement. This result supports the reliability of the manual

annotation and the validity of the qualitative analysis.

Review Quality Analysis. To analyze the quality of reviews, we characterize and assign a grade

to each review. We consider four grades for the review quality:

• Poor: This grade represents the lowest quality of review. Comments in this category are

often unhelpful, lacking detail, unprofessional, or irrelevant to the changes being reviewed.

• Fair: This grade indicates a review of moderate quality. The comments may be somewhat

useful but still lack depth or specificity. The review is helpful but does not provide a

comprehensive evaluation of the changes.

• Good: This grade reflects a solid, reliable review. Comments are generally detailed, accurate,

and relevant, providing constructive feedback that the author can use to improve the code.

• Excellent: This grade represents the highest quality of review. Comments are thorough,

insightful, and demonstrate a strong understanding of the code and its context. The feedback

is highly relevant, well-structured, and offers valuable suggestions for improvement.
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For review comment characterization, we consider the same four attributes used by (Yang

et al., 2023), who apply the data triangulation method Thurmond (2001) based on authoritative

documents, academic literature, and real-world examples to effectively define the following

attributes that characterize reviews:

• Emotion: Reviews should evaluate the code itself rather than address the author personally.

For example, instead of saying, "You missed adding feature Y in function X," a more

appropriate comment would be, "Function X is missing feature Y."

• Question: Reviewers can ask questions to clarify unclear parts of the code or to gain

new knowledge. For example, a reviewer might ask, "Can you explain why you chose this

approach for handling error X?" to understand the rationale and ensure the robustness of the

solution, or to gain more knowledge on the used method.

• Evaluation: Reviews should assess the code’s weaknesses and identify areas for validation,

improvement, or removal. For instance, a reviewer might note, "The current implementation

of function Y introduces a performance bottleneck. Consider optimizing it or using an

alternative method."

• Suggestion: Reviewers are expected to offer suggestions for solving problems or making

improvements during the review process. For example, "Consider refactoring this section of

the code to improve readability and maintainability by splitting it into smaller functions."

The reviews are blindly evaluated (i.e., without seeing the types of MRs) during the manual

annotation. Then, we validate the review categorization with our industrial collaborators through

regular meetings and discussions, ensuring that the manual annotations align with their practices

and expectations, to improve the practical significance of our analysis.
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6.3 Results

6.3.1 Quantitative analysis of configuration vs. non-configuration MRs

RQ1: What are the key quantitative differences in the review process between
configuration MRs and those related to development and documentation

To answer RQ1, we compare review-process and review-activity metrics across MR types

(configuration-dominant, configuration-inclusive, development, and documentation), as defined

in Section 6.2.3. We report descriptive statistics and assess between-group differences using

non-parametric tests (Mann–Whitney U for pairwise comparisons) together with effect sizes,

since the metric distributions are non-normal. The complete list of metrics is provided in

Table 6.3, and the statistical procedures are detailed in Section 6.2.4.1.

6.3.1.1 Configuration vs Development

Configuration-dominant MRs exhibit significantly lower review activity than development MRs

(p-value<0.001), while configuration-inclusive MRs show significantly higher activity. Table 6.4

indicates that configuration-dominant MRs are significantly smaller than development MRs

(lower MR size and additions) and tend to include relatively more deletions, suggesting that

they more often adjust, remove, or rectify existing settings rather than introduce substantial new

functionality Kansab, Sayagh, Bordeleau & Tizghadam (2025d); Staron et al. (2013). Consistent

with this change profile, configuration-dominant MRs receive fewer comments (overall and from

reviewers) and require less rework (in lines of code) than development MRs. This aligns with the

nature of configuration-dominant changes, which are frequently narrow and parameter-centric

(e.g., updating a value such as db_port = 5432), and can be validated by a small set of

specialists with limited need for extended discussion or iterative revisions.

In contrast, configuration-inclusive MRs typically combine configuration updates with surrounding

implementation and validation work (e.g., code adaptations, tests, and integration changes

required to make the configuration effective). Such MRs therefore affect a broader set of artifacts
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Table 6.4 One-tailed Mann–Whitney U test results comparing configuration and

development MRs

Dimension Metric config-d vs. dev config-i vs. dev

Activity
#Comments config-d < dev *** config-i > dev ***
#Reviewer’s comments config-d < dev *** config-i > dev ***

MR size config-d < dev *** config-i > dev ***
#Additions config-d < dev *** config-i > dev ***
#Deletions config-d > dev *** config-i > dev ***
Rework size config-d < dev *** config-i > dev ***

Engagement
#Committers config-d > dev *** config-i > dev ***
#Reviewers config-d < dev *** config-i > dev *

#Collaborators config-d < dev *** config-i > dev ***

Timeline
Time to complete peer review config-d < dev *** config-i > dev ***
Time to first review config-d < dev *** config-i > dev ***

Approval

Approved config-d < dev *** config-i > dev ***

Self-Approved config-d > dev *** config-i > dev ***

Self-Merged config-d > dev *** config-i > dev **

Self-Assigned config-d > dev *** config-i > dev ***

config-d: configuration-dominant; config-i: configuration-inclusive; dev: development.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

and stakeholders, creating more coordination needs and more opportunities for reviewers to

provide feedback anchored in executable code and tests. This broader scope plausibly explains

why configuration-inclusive MRs show significantly higher churn and review activity (larger MR

size, more additions/deletions, more comments, and more iterations) compared to development

MRs.

Configuration-dominant MRs receive less attention from reviewers compared to development

and configuration-inclusive MRs. Table 6.4 shows that both configuration-dominant and

configuration-inclusive MRs involve significantly more committers than development MRs (p-

value<0.001), suggesting that configuration work often requires coordinated contributions across

multiple components (e.g., updating configuration alongside dependent scripts, templates,
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or validation assets). However, configuration-dominant MRs attract significantly fewer

reviewers and collaborators than development MRs (p-value<0.001), which is consistent

with a specialization effect where configuration changes are owned and assessed by a narrower

set of domain experts. Configuration-inclusive MRs attract slightly more reviewers than

development MRs (p-value<0.05), likely because their mixed nature increases relevance to

more stakeholders; nevertheless, reviewer engagement may still not scale proportionally with

the number of committers because end-to-end review remains constrained by the need for

SDN/configuration expertise.

Interestingly, configuration-dominant MRs are reviewed and receive their first comment more

quickly than development MRs, as shown in Table 6.4. This faster feedback is consistent with

configuration-dominant MRs involving fewer participants and minimal rework, which reduces

coordination overhead and keeps the discussion scope narrow, thereby accelerating both first

response and time to complete peer review. In contrast, configuration-inclusive MRs take

significantly longer to receive initial feedback and to complete review, plausibly because they

combine configuration with development and documentation updates; this broader scope requires

aligning reviewers across multiple concerns (configuration, code, and tests) and typically triggers

additional clarification and validation cycles that prolong the time to complete peer review.

Both configuration-dominant and configuration-inclusive MRs receive fewer approvals and

are more self-managed compared to development MRs. Table 6.4 shows that configuration-

inclusive MRs are significantly more likely to be approved than development MRs (p-value

<0.001), whereas configuration-dominant MRs receive fewer approvals. At the same time, both

configuration categories are significantly more self-assigned, self-approved, and self-integrated

than development MRs (p-value <0.01), indicating a stronger tendency toward self-management.

This pattern suggests that configuration work is often ownership-driven: authors who implement

configuration changes may also hold the required operational context and permissions to progress

the MR, reducing reliance on external decision-makers and potentially contributing to shorter

review cycles. The higher approval likelihood for configuration-inclusive MRs may further

reflect that mixed changes provide richer supporting context (e.g., associated code changes
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Table 6.5 One-tailed Mann–Whitney U test results comparing configuration and

documentation MRs

Dimension Metric config-d vs. doc config-i vs. doc

Activity
#Comments config-d > doc *** config-i > doc ***
#Reviewer’s comments config-d > doc ** config-i > doc ***
MR size config-d < doc *** config-i > doc ***

#Additions config-d < doc *** config-i > doc ***
#Deletions config-d > doc *** config-i > doc ***
Rework size config-d > doc *** config-i > doc ***

Engagement
#Committers config-d > doc *** config-i > doc ***

#Reviewers config-d > doc *** config-i > doc ***
#Collaborators config-d > doc * config-i > doc ***

Timeline
Time to complete peer review config-d > doc *** config-i > doc ***

Time to first review config-d > doc ** config-i > doc ***

Approval

Approved config-d > doc *** config-i > doc ***

Self-Approved config-d > doc *** config-i > doc ***
Self-Merged config-d > doc config-i < doc ***
Self-Assigned config-d > doc *** config-i > doc ***

config-d: configuration-dominant; config-i: configuration-inclusive; doc: documentation.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

and tests), making the intent and validation of the change more explicit and therefore easier to

approve than configuration-only updates.

6.3.1.2 Configuration vs Documentation

Contrary to our initial findings, both configuration-dominant and configuration-inclusive MRs

exhibit higher review activity and engagement than documentation MRs. Table 6.5 shows that

configuration-dominant MRs are significantly smaller than documentation MRs in terms of initial

MR size and additions, while exhibiting relatively higher deletions; configuration-inclusive

MRs, in contrast, show significantly larger MR size, additions, and deletions, consistent with our

earlier comparisons against development MRs. Despite these size differences, both configuration
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categories receive significantly more comments, require significantly more rework, and involve

significantly more committers and reviewers than documentation MRs (all p-values <0.001).

While the increase in collaborators for configuration-inclusive MRs is smaller, it remains

statistically significant (p-value <0.05). Overall, these results indicate that configuration-related

MRs trigger richer discussion and more iterative refinement than documentation changes. This

aligns with the operational role of configuration in SDN systems: even small configuration edits

can alter runtime behavior, policy enforcement, and service correctness, thereby demanding

careful scrutiny, clarification, and validation. Documentation updates, by comparison, are

typically lower risk and easier to assess locally, which plausibly explains their lower discussion

volume and rework.

Documentation MRs require less time compared to both configuration-dominant MRs and

configuration-inclusive MRs. As detailed in Table 6.5, both types of configuration MRs take

significantly longer to receive the first review (p-value <0.01) and to complete the review process

compared to documentation MRs (p-value <0.001). This difference is consistent with the fact

that documentation changes are often validated by inspection and have limited downstream

operational impact on the software, whereas configuration changes in SDN settings can require

additional checks and coordination (e.g., confirming policy intent and interactions or validating

deployment effects), which may delay first feedback and prolong review completion even when

the churn is small.

As shown in Table 6.5, configuration-dominant and configuration-inclusive MRs tend to receive

more approvals but involve greater self-management compared to documentation MRs. In

particular, both configuration categories are significantly more likely to be self-approved and

self-assigned than documentation MRs, indicating a stronger tendency toward author-driven

progression, while still receiving more approvals overall. An exception appears for self-merging:

configuration-dominant MRs do not differ significantly from documentation MRs, whereas

configuration-inclusive MRs are significantly less frequently self-merged. This pattern is

consistent with configuration changes being operationally sensitive—thus requiring stronger

gatekeeping through approvals—while also demanding specialized context that authors often
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hold, leading to more self-management. The lower self-merge rate for configuration-inclusive

MRs further aligns with their broader scope (mixing configuration with code and tests) and

higher integration risk, which may require a more formal integration step than is typical for

documentation updates.

6.3.2 Qualitative analysis of configuration vs. non-configuration MRs

RQ2: How does the quality of reviews vary between configuration MRs and those related
to development and documentation

To answer RQ2, we assess review quality through a manual qualitative annotation of a stratified

sample of MR review discussions (Section 6.2.4.2). Each sampled review is assigned a quality

grade on a four-level scale (Poor, Fair, Good, Excellent), and we additionally code the presence of

review attributes (Emotion, Question, Evaluation, Suggestion) following the adopted framework.

We report grade and attribute distributions per MR type; details on sampling, annotator training,

and agreement are provided in Section 6.2.4.2.

6.3.2.1 Configuration vs. Development

Figure 6.2 shows that both development and configuration-related MRs can receive high-quality

reviews, but configuration-dominant MRs exhibit a noticeably less favorable distribution.

Development reviews are largely rated as Excellent (54.5%), with additional reviews rated Good

(9.1%), while the remaining reviews are Fair (31.8%) or Poor (4.5%). Configuration-dominant

MRs present a more mixed distribution, with fewer Excellent reviews (34.8%) and a substantially

higher share of Fair (26.1%) and Poor (15.2%) reviews. In contrast, configuration-inclusive

MRs show a stronger grade distribution than configuration-dominant MRs, with 46.5% Excellent

and 27.1% Good (73.6% combined), and lower Poor ratings (7.1%). Overall, these results

suggest that the drop in perceived review quality is most pronounced when MRs are dominated

by configuration artifacts.
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a) Development b) Documentation

c) Configuration-dominant d) Configuration-inclusive

Figure 6.2 Distribution of review grades for different types of MRs

To better understand how review feedback differs, Figure 6.3 compares the presence of review

attributes. Development reviews frequently include Suggestion (52.4%) and Evaluation (42.9%),

and less frequently include Question (19.0%). Configuration-inclusive reviews closely mirror

this structure: Suggestion appears in 52.3% of reviews and Evaluation in 49.7%, while Question

is slightly higher (22.6%). By contrast, configuration-dominant reviews show a markedly
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a) Development b) Documentation

c) Configuration-dominant d) Configuration-inclusive

Figure 6.3 Distribution of review attributes for different types of MRs

reduced presence of interactive and improvement-oriented feedback: Question is rare (5.4%),

and Suggestion is effectively absent in our coded sample (Figure 6.3c), while Evaluation

remains moderate (48.9%). This pattern indicates that configuration-dominant reviews are

more often limited to validation/assessment, with fewer clarifying exchanges and fewer concrete

improvement proposals.

To address the risk of conflating configuration and development feedback in mixed MRs, we

further inspected the annotated review threads for configuration-inclusive MRs and assessed

whether comments target configuration changes or non-configuration (development) changes.

We selected a representative sample of configuration-inclusive MRs to analyse similarly to

the steps followed in 6.2.4.2. We found that approximately 71% of the review comments in

configuration-inclusive MRs are oriented toward the development part of the change, with

limited feedback on the configuration portion. This finding suggests that the higher observed
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review grades for configuration-inclusive MRs may partially reflect well-established code-review

practices applied to development changes, rather than configuration-specific scrutiny.

6.3.2.2 Configuration vs. Documentation

Documentation reviews (Figure 6.2) show intermediate quality compared to the two

configuration categories: 43.8% of reviews are rated Excellent and 25.0% Good, while

18.8% are Fair and 12.5% Poor. Configuration-dominant reviews remain less favorable than

documentation reviews, with a higher Poor share (15.2% vs. 12.5%) and a lower combined

Good+Excellent proportion (58.7% vs. 68.8%). Configuration-inclusive reviews are rated more

positively than documentation reviews overall (73.6% Good+Excellent vs. 68.8%) and show

fewer Poor reviews (7.1% vs. 12.5%).

The attribute distributions in Figure 6.3 help clarify these differences. Documentation reviews

include Suggestion in 38.5% of cases and Evaluation in 53.8%, while Question remains relatively

limited (15.4%). Configuration-dominant reviews are comparable in Evaluation (48.9%) but

exhibit substantially fewer Questions (5.4%) and near-absent Suggestions, suggesting less

interactive review exchanges and fewer concrete proposals. Configuration-inclusive reviews

again resemble a development-like feedback profile, with higher Suggestion (52.3%) than

documentation and a similar level of Evaluation (49.7%), while maintaining a relatively higher

presence of Questions (22.6%). Taken together, these results indicate that documentation reviews

provide structured assessment, but configuration-dominant reviews are the most likely to lack

actionable suggestions and clarifying dialogue.

To ground these patterns concretely, we provide representative review excerpts for each MR

type (anonymized and rephrased to preserve confidentiality). A typical development review

(often rated Good/Excellent, which together account for 63.6% of development grades) includes

actionable, improvement-oriented feedback, e.g., “Please add a unit test for the timeout branch

and handle the null case explicitly to avoid silent failures.” (Suggestion/Evaluation). This aligns

with the high Suggestion presence (52.4%) observed in development reviews. In contrast, a
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typical configuration-dominant review—where Fair and Poor grades are more prevalent than in

any other MR type (26.1% and 15.2%, respectively)—is validation-oriented and less interactive,

e.g., “This update changes rule precedence and will alter the effective traffic match for this

policy.” (Evaluation only), consistent with the near-zero Suggestion and 5.4% Question rates

for this category. Configuration-inclusive reviews are frequently rated Good/Excellent (73.6%

combined) and exhibit attribute distributions similar to development reviews. However, as

reported above, approximately 71% of their review comments target the development portion of

the change, e.g., “Add an integration test for the new controller logic; ensure defaults remain

unchanged.” (Suggestion/Evaluation; dev-focused). Documentation reviews offer structured but

lightweight guidance, with moderate Suggestion (38.5%) and higher Evaluation (53.8%), e.g.,

“Please align terminology with the rest of the guide and add a short command/output example for

verification.” (Suggestion/Evaluation).

6.3.3 Quantitative analysis of bug vs. non-bug configuration MRs

RQ3: What are the differences in the review process between bug-related and
non-bug-related configuration MRs

To answer RQ3, we split configuration-related MRs into bug-associated and non-bug MRs

using the bug-identification workflow described in Section 6.2.2.2 (labels when available,

complemented by validated heuristics). We then repeat the same quantitative comparisons as in

RQ1 on the two subsets (bug vs non-bug), using the same metrics, statistical tests, and effect

sizes to ensure consistency.

Configuration bug-related MRs exhibit significantly higher review activity than configuration

non-bug MRs (p-value <0.001). As shown in Table 6.6, both configuration-dominant and

configuration-inclusive bug-related MRs have significantly lower initial MR size and additions

than their non-bug counterparts, while exhibiting significantly higher deletions. This pattern

is consistent with bug-fixing work, which often focuses on removing or reverting problematic

logic rather than introducing new functionality. Importantly, both configuration-dominant and
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Table 6.6 One-tailed Mann–Whitney U test results comparing bug-related and

non-bug-related configuration MRs

Dimension Metric config-d config-i

Activity
#Comments non-bug < bug *** non-bug < bug ***

#Reviewer’s comments non-bug < bug *** non-bug < bug ***
MR size non-bug > bug *** non-bug > bug ***

#Additions non-bug > bug *** non-bug > bug ***

#Deletions non-bug < bug *** non-bug < bug ***
Rework size non-bug < bug *** non-bug < bug ***

Engagement
#Committers non-bug < bug *** non-bug < bug ***
#Reviewers non-bug < bug *** non-bug < bug ***
#Collaborators non-bug < bug * non-bug < bug ***

Timeline
Time to complete peer review non-bug < bug *** non-bug < bug ***
Time to first review non-bug < bug ** non-bug < bug ***

Approval

Approved non-bug < bug *** non-bug < bug ***
Self-Approved non-bug < bug *** non-bug < bug ***

Self-Merged non-bug > bug * non-bug > bug

Self-Assigned non-bug < bug ** non-bug < bug ***

config-d: configuration-dominant; config-i: configuration-inclusive.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

configuration-inclusive bug-related MRs receive significantly more comments overall and more

reviewer comments in particular. They also require significantly more rework during review,

indicating that addressing defects typically involves additional iterations to refine the fix and

ensure correctness.

A plausible explanation is that bug reports provide an explicit problem statement and a concrete

failure scenario, which encourages reviewers to (i) validate the root cause, (ii) scrutinize whether

the proposed changes fully resolve the issue, and (iii) reason about potential side effects in

configuration-sensitive runtime behavior. This naturally increases discussion volume and drives

additional rework before approval.
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As shown in Table 6.6, configuration bug-related MRs tend to have significantly higher

review engagement compared to configuration non-bug-related MRs. For both configuration-

dominant and configuration-inclusive MRs, the presence of a bug leads to significantly increased

engagement from a greater number of committers (p-value<0.001), indicating that bugs prompt

a higher level of collaborative effort to resolve issues. Similarly, the higher number of reviewers

for both types of configuration bug-related MRs suggests that bugs necessitate more thorough

scrutiny from diverse perspectives (p-value<0.001). Additionally, the increased number of

collaborators involved in discussions (p-value<0.05) reflects the broader range of expertise

required to effectively handle and review bug-related issues. Bug-related work is often triage-

driven and cross-cutting; it tends to mobilize additional contributors and reviewers because

diagnosing and validating fixes may require operational knowledge, historical context, and

independent confirmation before deployment.

Configuration bug-related MRs take longer to complete peer review compared to configuration

non-bug-related MRs. Table 6.6 shows that both configuration-dominant bug-related and

configuration-inclusive bug-related MRs require significantly more time to get the first review

compared to non-bug-related MRs (p-value <0.01). This longer first-review time suggests that

collaborators need more time to understand the bug context before commenting, which can

also contribute to increased time to complete peer review Hasan et al. (2023). Effectively,

these MRs also take longer to complete peer review, aligning with our previous observations.

These findings indicate that configuration bug-related MRs often involve more discussions,

collaborations, and modifications, resulting in increased effort and extended time to complete

peer review. Compared to routine changes, bug fixes typically require additional sensemaking

(reproducing/understanding the failure) and stronger validation, which delays first feedback and

extends completion due to iterative confirmation and risk mitigation.

The analysis of the approval dimension, as shown in Table 6.6, reveals that configuration

bug-related MRs are significantly more likely to be approved compared to configuration

non-bug-related MRs. Specifically, both configuration-dominant and configuration-inclusive

bug-related MRs tend to receive significantly more approvals—including self-approvals and
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self-assignments—when compared to non-bug-related MRs. This suggests that the presence

of a bug increases the urgency and perceived importance of the MR, leading to higher rates

of approval. However, these bug-related configuration MRs are less likely to be self-merged,

especially configuration-dominant MRs (p-value<0.05), indicating that although authors may

approve their own fixes, the final merge is more often performed by another collaborator.

Bug-related configuration changes may follow stricter release discipline: approvals increase due

to urgency, while self-merging decreases because teams may require an independent integrator

to reduce risk before deploying a bug fix that can affect production behavior.

6.3.4 Qualitative analysis of bug vs. non-bug configuration MRs

RQ4: How does the quality of reviews differ between bug-related and non-bug-related
configuration MRs

To answer RQ4, we compare the qualitative review outcomes between bug-associated and non-

bug configuration MRs using the same annotation scheme as in RQ2. Specifically, we analyze

differences in the distribution of review quality grades (Poor to Excellent) and the presence

of review attributes (Emotion, Question, Evaluation, Suggestion) across the two bug-related

subsets. The qualitative framework and coding procedure are described in Section 6.2.4.2.

Interestingly, configuration-dominant bug-related MRs exhibit a remarkable 79% of reviews

rated as good or excellent, with no poor reviews at all. As shown in Figure 6.4, in configuration-

dominant non-bug-related MRs (Figure 6.4a), the reviews are relatively mixed, with 36.4% rated

as excellent, 25.0% as good, 22.7% as fair, and 15.9% as poor. This indicates that while the

majority of reviews are positive, there is still a significant portion that reflects fair to poor quality,

suggesting some inconsistency in the review process. In contrast, configuration-dominant MRs

that are related to a bug (Figure 6.4b) show a much more positive distribution. A notable 57.9%

of reviews are rated as excellent, with an equal 21.1% rated as good and fair. In addition, none

of these reviews are rated as poor. This stark improvement in review grades suggests that the
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a) Non-bug b) Bug

Figure 6.4 Distribution of review grades for configuration-dominant bug-related and

non-bug-related MRs

a) Non-bug b) Bug

Figure 6.5 Distribution of review grades for configuration-inclusive bug-related and

non-bug-related MRs
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presence of a bug in the configuration MR may lead to more thorough and higher-quality reviews,

as reviewers likely focus more intently on identifying and resolving the issue.

Configuration-dominant bug-related MRs lead to more thorough evaluations and a stronger

focus on technical accuracy, compared to the more balanced but less focused reviews of

non-bug-related MRs. As shown in Figure 6.6, in non-bug-related MRs (Figure 6.6a), there is

a balanced distribution across most attributes, with emotions and evaluations being the most

prominent. Specifically, 56.8% of reviews include emotions, and 56.8% focus on evaluations,

reflecting a mix of technical assessment and personal feedback, potentially due to less urgency

or criticality in the review. However, suggestions and questions are less frequently included,

with only 36.4% of reviews offering suggestions and 18.2% raising clarifying questions. This

could indicate that reviews are less focused on improvement and understanding when no bugs

are present. In contrast, bug-related MRs (Figure 6.6b) demonstrate a stronger emphasis on

evaluations and questions. A significant 78.9% of reviews include evaluations, highlighting the

reviewers’ increased scrutiny of the code’s functionality to ensure bugs are properly addressed.

The inclusion of questions rises to 26.3%, indicating a greater need for clarification and deeper

understanding in the context of bug-related reviews. Suggestions are present in 42.1% of these

reviews, showing increased efforts to provide constructive feedback in the presence of a bug.

Interestingly, emotion-based comments drop to 36.8% in bug-related MRs, suggesting that

reviewers may prioritize technical accuracy and problem-solving over emotional tone when

addressing bugs, reflecting the seriousness of the task.

To validate that our “bug” labels correspond to truly bug-fixing discussions, we manually

inspected the review comments and estimated the share that explicitly refers to corrective actions

(e.g., fixing incorrect behavior, resolving errors, addressing failures, or proposing a concrete

patch). Using this criterion, approximately 65% of configuration-inclusive comments and 62%

of configuration-dominant comments were clearly bug-fix oriented. This provides additional

confidence that the MRs labeled as bug-related are not merely tagged as “bug” administratively,

but are predominantly discussed as defect-resolution work in the review threads, supporting the

validity of our bug/non-bug categorization. Importantly, this qualitative confirmation aligns
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with our quantitative results: when reviews explicitly focus on bug resolution, they also tend to

be more rigorous and consistently higher-quality, reinforcing our observation that review quality

improves in the presence of bugs.

a) Non-bug b) Bug

Figure 6.6 Distribution of review attributes for configuration-dominant bug-related and

non-bug-related MRs

a) Non-bug b) Bug

Figure 6.7 Distribution of review attributes for configuration-inclusive bug-related and

non-bug-related MRs

The analysis of review grades highlights similarities in review quality between configuration-

inclusive MRs related and non-related to bugs. When no bugs are present (Figure 6.5a), the

reviews are predominantly well done, with 46.9% rated as excellent and 28.9% as good, resulting

in a combined 75.8% of reviews being favorable. However, there are still some challenges,

with 18% of reviews rated as fair and a smaller portion, 6.2%, rated as poor. This suggests

that, in the absence of bugs, configuration-inclusive MRs tend to receive higher quality reviews,

although there is still room for improvement. When bugs are involved (Figure 6.5b), the review
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distribution shifts slightly but remains largely similar to non-bug-related MRs. The proportion

of excellent reviews decreases slightly to 39.3%, while good reviews remain steady at 28.6%.

The percentage of fair reviews increases to 25%, and poor reviews see a modest rise to 7.1%.

This slight shift indicates that configuration-inclusive MRs tend to receive strong feedback even

when bugs are present, though the review process becomes slightly more challenging. Overall,

the reviews consistently fall within the good or excellent categories, demonstrating robust review

quality despite the added complexity of bugs.

As shown in Figure 6.7, for configuration-inclusive MRs, the distribution across all attributes

remains consistent regardless of the presence of a bug, except the question attribute. For

both bug-related and non-bug-related MRs, the suggestion and evaluation attributes are nearly

equal, with 51.6% and 49.2% for suggestions and evaluations in non-bug-related MRs, and

53.6% and 50% for bug-related MRs, respectively. This suggests that the presence of a bug

does not significantly influence the focus on these attributes, possibly because both types of

changes demand careful assessment and constructive feedback, irrespective of the bug’s presence.

Similarly, the emotion attribute shows close values between non-bug-related and bug-related

MRs, with 51.6% and 46.4%, respectively. This indicates that reviewers maintain a similar level

of emotional engagement, whether a bug is present. However, a notable difference is observed

in the question attribute. Surprisingly, the number of questions decreases sharply from 25.8% in

non-bug-related MRs to just 7.1% in bug-related MRs. This suggests that the presence of a bug

may lead reviewers to focus more on understanding how the issue at hand has been resolved

rather than seeking additional clarification in this type of MRs, especially when MRs involve

many types of changes.

To illustrate the patterns concretely, we provide representative review excerpts for each subset.

In configuration-dominant bug-related MRs, where 79% of reviews are rated good or excellent,

comments tend to be technically focused and grounded in validation, e.g., “This change

fixes the incorrect match condition; with the updated rule precedence, the policy now selects

the expected traffic class.” (Evaluation). In configuration-dominant non-bug-related MRs,

where review quality is more variable (15.9% rated poor, compared to 0% for bug-related),
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Table 6.7 Overview of the number of MRs per category for Omnibus

Category Config Non-Config
config-d config-i dev doc

Total MRs 1,573 (44%) 1,939 (56%) 1,190 (49%) 1,232 (51%)

Bug-related MRs 786 (49%) 917 (47%) – –

Overall 3,512 (64%) 2,422 (36%)

config-d: configuration-dominant; config-i: configuration-inclusive; dev: development; doc:

documentation.

comments are more likely to lack explicit validation criteria, e.g., “The update changes the policy

behavior, but the discussion does not clarify the expected outcome or the validation evidence.”

(Evaluation). For configuration-inclusive MRs, review attributes remain stable regardless of

bug presence, and comments often retain a development-oriented character, e.g., “The fix looks

correct; please add an integration test for the regression path while keeping defaults unchanged.”

(Suggestion/Evaluation). This consistency aligns with the stable distribution of suggestions and

evaluations observed for this subset, although the notable decrease in questions for bug-related

configuration-inclusive MRs (from 25.8% to 7.1%) suggests that reviewers shift from seeking

clarification to validating the resolution when a known defect is present.

6.4 Discussion

To evaluate whether our findings extend beyond the SDN and industrial context, we replicated

our methodology on two open-source projects: GitLab Omnibus1 (the package manager and

deployment toolchain for GitLab, rich in configuration files), and GitLab Runner2 (an execution

agent for GitLab CI/CD pipelines, heavily relying on configuration and automation scripts).

Since both projects show similar trends, we focus our discussion on the results from Omnibus,

summarized in Table 6.7. Detailed results for GitLab Runner are available in our replication

package.

1 https://gitlab.com/gitlab-org/omnibus-gitlab

2 https://gitlab.com/gitlab-org/gitlab-runner
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Table 6.8 Omnibus: Differences in review activity, engagement, timeline, and

self-management between configuration and development MRs (Mann–Whitney U,

one-tailed)

Dimension Metric config-d vs. dev config-i vs. dev

Activity
#Comments config-d < dev * config-i > dev ***
#Reviewer’s comments config-d > dev config-i > dev ***

MR size config-d < dev *** config-i > dev ***

#Additions config-d < dev *** config-i > dev ***

#Deletions config-d < dev *** config-i > dev ***
Rework size config-d < dev * config-i > dev ***

Engagement
#Committers config-d > dev config-i > dev ***

#Reviewers config-d < dev *** config-i < dev *

#Collaborators config-d < dev ** config-i > dev **

Timeline
Time to complete peer review config-d < dev *** config-i > dev ***
Time to first review config-d < dev *** config-i > dev ***

Approval

Approved config-d > dev config-i < dev

Self-Approved config-d > dev *** config-i > dev **

Self-Merged config-d > dev ** config-i > dev **

Self-Assigned config-d > dev *** config-i > dev ***

config-d: configuration-dominant; config-i: configuration-inclusive; dev: development.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

Comparison with Development MRs. Table 6.8 shows both converging and diverging

patterns compared to TELUS. Consistent with our industrial results, configuration-inclusive

MRs in Omnibus exhibit significantly higher review activity and rework than development

MRs. The same direction also holds for initial MR size and additions, whereas deletions differ:

development MRs contain more deletions than configuration-dominant MRs. This reaffirms that

the complexity introduced by mixed-type changes tends to induce deeper reviewer engagement.

However, configuration-dominant MRs in Omnibus show less consistency in engagement. While

they receive fewer comments and involve less rework (similar to TELUS), they sometimes elicit

more reviewer comments than expected, potentially reflecting different norms or expectations in

open-source review culture.
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Table 6.9 Omnibus: Differences in review activity, engagement, timeline, and

self-management between configuration and documentation MRs (Mann–Whitney U,

one-tailed)

Dimension Metric config-d vs. doc config-i vs. doc

Activity
#Comments config-d < doc ** config-i > doc ***

#Reviewer’s comments config-d > doc config-i < doc *

MR size config-d < doc *** config-i > doc ***

#Additions config-d < doc *** config-i > doc ***

#Deletions config-d > doc *** config-i > doc ***

Rework size config-d < doc *** config-i > doc ***

Engagement
#Committers config-d > doc config-i > doc ***

#Reviewers config-d > doc config-i < doc ***

#Collaborators config-d < doc *** config-i > doc

Timeline
Time to complete peer review config-d > doc ** config-i > doc ***
Time to first review config-d > doc ** config-i > doc ***

Approval

Approved config-d > doc config-i < doc *

Self-Approved config-d > doc * config-i < doc *

Self-Merged config-d > doc ** config-i > doc *

Self-Assigned config-d > doc *** config-i > doc ***

config-d: configuration-dominant; config-i: configuration-inclusive; doc: documentation.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

Comparison with Documentation MRs. As shown in Table 6.9, we observe the same

directional patterns for initial MR size, additions, and deletions. Configuration-inclusive MRs

again exhibit significantly higher review activity than documentation MRs, reinforcing that mixed

changes (configuration combined with code and/or tests) consistently attract more scrutiny and

iterative feedback than documentation-only updates, regardless of project context. Interestingly,

configuration-dominant MRs in Omnibus are not always marginalized in reviews, as they were

at TELUS. In some cases, they attract comparable or even more attention than documentation

MRs in terms of time to complete peer review or reviewer count. This could be attributed to the

lack of formalized review roles and more distributed ownership in open-source development,

which can blur traditional hierarchies in review participation.
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Comparison of Bug and Non-Bug Configuration MRs. As shown in Table 6.10, we observe

the same patterns as in TELUS for initial MR size, additions, and deletions. However, in

Omnibus, bug-related configuration MRs tend to involve less rework and lower committer

engagement than non-bug MRs. This contrast is most pronounced for configuration-inclusive

MRs, where non-bug MRs attract more collaborators and trigger more extensive revisions. A

plausible explanation is that many non-bug, mixed-type changes align with ongoing feature work

or broader refactoring and integration efforts, which naturally invite more collective iteration. In

comparison, bug-fixing MRs are often narrower in scope, handled by fewer contributors, and

aimed at quickly restoring correct behavior, which can limit both collaboration and rework.

Table 6.10 Omnibus: Differences between bug-related and non-bug configuration MRs in

review activity, engagement, timeline, and self-management (Mann–Whitney U, one-tailed)

Dimension Metric config-d config-i

Activity
#Comments non-bug < bug *** non-bug < bug ***

#Reviewer’s comments non-bug < bug *** non-bug < bug ***

MR size non-bug > bug *** non-bug > bug ***
#Additions non-bug > bug *** non-bug > bug ***

#Deletions non-bug < bug *** non-bug < bug ***

Rework size non-bug > bug *** non-bug > bug ***

Engagement
#Committers non-bug > bug *** non-bug > bug ***

#Reviewers non-bug < bug *** non-bug < bug ***

#Collaborators non-bug < bug * non-bug < bug ***

Timeline
Time to complete peer review non-bug < bug *** non-bug < bug ***

Time to first review non-bug < bug ** non-bug < bug ***

Approval

Approved non-bug < bug *** non-bug < bug ***

Self-Approved non-bug > bug *** non-bug > bug ***

Self-Merged non-bug < bug * non-bug > bug

Self-Assigned non-bug < bug ** non-bug < bug ***

config-d: configuration-dominant; config-i: configuration-inclusive.

Statistical significance: * p< 0.05, ** p< 0.01, *** p< 0.001.

Effect size: normal = negligible, italic = small, underline = medium, bold = large.

Review Quality Comparison. Beyond activity metrics, we analyze the quality of review

comments across project types, as shown in Figures 6.8 and 6.9. Omnibus results reinforce
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a) Development b) Documentation

c) Configuration-dominant d) Configuration-inclusive

Figure 6.8 Omnibus: Distribution of review quality grades across MR types

(development, documentation, configuration-dominant, configuration-inclusive)

TELUS trends: configuration-dominant and documentation MRs are more frequently rated as

Poor or Fair, while configuration-inclusive MRs show a more balanced quality distribution.

Notably, bug-related MRs, although receiving more review engagement, do not consistently

exhibit higher quality. As shown in Figures 6.10 and 6.11, for configuration-dominant bug-related
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a) Development b) Documentation

c) Configuration-dominant d) Configuration-inclusive

Figure 6.9 Omnibus: Distribution of review attributes (Emotion, Question, Evaluation,

Suggestion) across MR types

MRs in Omnibus, Poor grades still dominate (58.3%), and Excellent grades are absent. In

contrast, configuration-inclusive bug-related MRs display slightly better quality, with higher

proportions of Fair and Excellent grades.

Moreover, Figures 6.12 and 6.13 show that review attributes like suggestion and question are

more frequent in bug-related MRs, especially in configuration-inclusive ones, reaffirming that

bug fixes stimulate deeper review reasoning. These results also reflect a more interactive feedback

style in open-source settings (e.g., Omnibus), where Question attributes are more prevalent

compared to TELUS. This suggests differences in communication dynamics—open-source

reviewers may engage more dialogically, while industry reviews lean toward formal evaluation.

General Trends. Across both comparisons, self-management remains a dominant theme in

Omnibus as in TELUS. Configuration-dominant MRs are more likely to be self-approved,
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a) Non-bug b) Bug

Figure 6.10 Omnibus: Review quality grades for bug-related vs. non-bug

configuration-dominant MRs

a) Non-bug b) Bug

Figure 6.11 Omnibus: Review quality grades for bug-related vs. non-bug

configuration-inclusive MRs
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a) Non-bug b) Bug

Figure 6.12 Omnibus: Review attributes for bug-related vs. non-bug

configuration-dominant MRs

a) Non-bug b) Bug

Figure 6.13 Omnibus: Review attributes for bug-related vs. non-bug

configuration-inclusive MRs

self-merged, and self-assigned, suggesting a broader trend where contributors with expertise

over configuration components take greater ownership, regardless of project type.

Overall, these findings suggest that while the exact level of review attention to configuration

MRs may vary across contexts, the fundamental dynamics—such as the link between complexity

and engagement, quality limitations in configuration review, or the self-managed nature of

configuration work—persist across industrial and open-source settings. Omnibus and GitLab

Runner provide meaningful contrasts that strengthen the external validity of our methodology.

Their diversity of contributors, lack of formal review roles, and community-driven development
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practices highlight how organizational structure can modulate review behaviors, while still

reflecting shared challenges around reviewing configuration-intensive changes.

6.5 Implications

6.5.1 Implications for our industrial partners

Our study reveals important patterns in how configuration-related MRs are reviewed compared

to development and documentation MRs, especially in the context of SDN systems. This section

translates these patterns into actionable recommendations for our industrial partners (TELUS in

particular) and, by extension, for practitioners in similar configuration-intensive environments.

1. Enforce peer review for configuration-dominant changes (policy + tooling). Configuration-

dominant MRs receive fewer reviewer comments and are often self-approved, indicating limited

external scrutiny. TELUS can operationalize this by (i) defining a CODEOWNERS-style

ownership rule for high-impact configuration paths (e.g., policy/ACL/service-chain/controller

templates) to automatically request at least one independent reviewer, and (ii) adding a merge

policy in GitLab that blocks merging when a configuration file is touched unless the required

approvals are obtained. This ensures that even small diffs in semantics-bearing configuration

receive external validation.

2. Increase reviewer diversity via routing rules (process + training). We observed lower

reviewer engagement and higher self-management in configuration MRs, despite configuration

work often requiring cross-team expertise (network, infrastructure, security). TELUS can

implement reviewer routing by mapping configuration folders to reviewer pools (e.g., networking

for routing/policies, security for ACLs/segmentation, platform for templates/orchestration) and

using automatic reviewer assignment. A short internal training or “review playbook” can further

align expectations by illustrating common misconfiguration failure modes and what reviewers

should verify.
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3. Establish configuration-specific review checklists and validation gates (standardization +

automation). To reduce ad-hoc reviewing, TELUS can attach a configuration checklist to MRs

that touch configuration (e.g., verify policy precedence/defaults, confirm intended blast radius,

ensure staging validation evidence, check backward compatibility of templates). This can be

operationalized by (i) MR templates that require authors to fill “intent + impact + validation”

fields, and (ii) CI jobs that run configuration linters/validators or policy tests when relevant files

change, providing reviewers with objective signals beyond the diff.

4. Monitor review effectiveness beyond activity metrics (measurement + feedback loop).

Larger configuration-inclusive MRs attract more comments and reviewers, but higher activity

does not always imply higher review quality. TELUS can operationalize effectiveness monitoring

by tracking outcome-oriented indicators such as post-merge incidents, rollbacks, hotfixes, or

reopened MRs, and linking them to MR characteristics (e.g., self-managed vs. externally

reviewed, config-d vs. config-i). This enables managers to identify where reviews are active but

ineffective, and to target policy updates or coaching accordingly.

5. Transferable tooling for configuration recognition. Many repositories lack explicit labelling

of configuration-related MRs, which could nevertheless help improve the review process by

enabling teams to route such MRs through tailored review workflows and assign specialized

reviewers. Our heuristic-based classification—leveraging file extensions, folder names, and

file-type ratios—can be integrated into CI/CD pipelines, for example, to automatically detect

configuration-heavy MRs. The same pipeline can be reused by any industrial partner that

operates on Git-based review platforms.

6. Recognizing the growing role of configuration. Configuration is no longer a peripheral

concern; it is integral to system behavior and deployment reliability in modern DevOps processes.

Our findings highlight that treating configuration MRs as equivalent to development MRs may

obscure meaningful differences. Industrial partners should therefore consider disaggregating

review metrics (e.g., time to complete peer review or comment frequency) by MR type to avoid

misleading interpretations and to design more precise process interventions.
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6.5.2 Implications for researchers

For researchers, the main implication of this chapter is that peer review should not be analyzed

as a uniform process across all MRs. The observed differences in review activity, engagement,

timeline, and quality across development, configuration, and documentation MRs indicate that

aggregate analyses that pool all MR types risk masking category-specific patterns and producing

conclusions that do not hold uniformly across artifact types. Future empirical studies on peer

review effort or quality should therefore stratify their analyses by MR type, or explicitly report

the composition of their MR population, so that their findings can be interpreted and replicated

in contexts with different type distributions. The heuristic-based classification used in this

chapter (relying on file extensions, folder patterns, and file-type ratios) also provides a reusable

operational definition that other studies can adopt to identify configuration and documentation

MRs in datasets that lack explicit labels.

The results further suggest that configuration changes deserve a more prominent place in the

empirical peer review research agenda. Configuration-dominant MRs show distinct engagement

and self-management patterns that are not reducible to those of development MRs, while the

amplifying effect of bug presence on configuration-related review intensity and quality highlights

the importance of interaction effects between MR type and change context. Studies that examine

configuration changes in isolation from development changes, or that ignore the moderating role

of bugs, may therefore miss an important part of the picture. Methodologically, this supports the

inclusion of MR-type features and bug-presence indicators in regression and predictive models

of peer review, and motivates future research on reviewer assignment and review guidelines that

are adapted to configuration-specific review needs. Finally, the consistency of the main patterns

across industrial and open-source contexts indicates that cross-context replication is feasible

when MR-type classification is applied consistently, supporting future comparative studies of

peer review across organizational settings.
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6.6 Threats to Validity

Internal Validity. The accuracy of our findings depends on the quality and completeness of

the data extracted from GitLab. While we ensured that the projects selected are central to

the company’s configuration activity, this remains a potential limitation. Furthermore, certain

factors—such as reviewer experience, domain expertise, or familiarity with SDN—may introduce

bias into how reviews are conducted and interpreted.

External Validity. The industrial part of this study is based on MRs collected from TELUS’s

internal GitLab repositories, which may not fully represent practices in other organizations

or SDN deployments. Differences in tooling, team structure, or process maturity may limit

the generalizability of our conclusions. To mitigate this, we replicated our analysis on two

open-source projects, observing similar patterns and reinforcing the broader applicability of our

findings.

Construct Validity. The metrics used to assess reviewer engagement, quality, and self-

management may not capture all dimensions of the review process. For instance, factors such

as reviewer-author relationship, or the semantic depth of comments are not directly measured.

Nevertheless, we rely on established metrics from prior work to ensure comparability and

consistency. Our heuristics for classifying MRs (e.g., as configuration-dominant or bug-related)

were defined and validated in collaboration with our industrial partner, enhancing their domain

relevance. However, these heuristics may not transfer perfectly to all open-source contexts due

to differences in project structure or naming conventions. Since we lacked direct feedback from

open-source contributors, we manually validated our annotations by closely inspecting MR

titles, descriptions, labels, and file changes to ensure consistency and minimize misclassification.

Finally, the manual validation of our bug-identification heuristic relied on a random sample of 50

MRs; while this provides a sanity check of the heuristic, the resulting estimate has uncertainty

due to sample size (e.g., the worst-case margin of error at 𝑛 = 50 is approximately ±14% when

the true proportion is near 0.5).
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6.7 Conclusion

In conclusion, this study highlights the challenges and inefficiencies associated with reviewing

configuration files, particularly in the context of SDN. Drawing on data from our industrial

partner’s GitLab MRs, our analyses—both quantitative and qualitative—indicate that configuration-

dominant MRs tend to attract less review activity and participation compared to development

MRs, yet exhibit higher review quality when bugs are present. Configuration-inclusive MRs, on

the other hand, demonstrate greater engagement and higher-quality reviews, mirroring trends

observed in development MRs. In comparison to documentation MRs, both configuration-

dominant and configuration-inclusive MRs show stronger review participation, higher quality,

but more self-managed review process. These findings highlight the need for tailored review

practices for configuration files to ensure thorough and effective evaluations. Our insights offer

practical guidance for improving review processes and provide valuable tools for practitioners to

better manage and assess configuration-related MRs in industrial projects, aligning them more

effectively with development and other types of changes.
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Preamble

This chapter investigates MRs that do not follow the expected peer review workflow — what

we refer to as deviations — and their impact on empirical peer review analysis. We identify

seven recurrent deviation categories, show that they account for up to 37% of industrial MRs,

and demonstrate that few-shot learning can detect them with up to 91% accuracy. Excluding

deviations from predictive models of peer review effort substantially changes feature-importance

rankings for both time-based and change-based effort measures. Deviations are distributed

unevenly across configuration, development, and documentation MRs, and their analytical

impact differs across MR types.

This chapter is adapted from a paper published at ICSME 2025 and extended for the Empirical

Software Engineering journal (EMSE). The thesis version additionally revises the introduction,

conclusion, and overall framing to align the chapter with the objectives of this thesis. Content

that overlaps with earlier chapters, such as the MR categorization strategy already presented in

Chapter 6, has been removed from this chapter to avoid duplication.

7.1 Introduction

The previous chapters established two foundations for analyzing peer review effort in this thesis.

First, Chapter 5 showed that peer review effort should not be measured only through time to

complete peer review, and introduced the amount of post-submission change as a complementary,
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time-independent indicator of review-induced work. Second, Chapter 6 showed that peer review

effort and review quality are not uniform across MR types, since configuration, development,

and documentation MRs exhibit distinct review characteristics. Together, these chapters show

that effort analysis requires both appropriate metrics and finer-grained categorization of the

changes under review.

However, these analyses also rely on an important assumption: that the studied MRs broadly

correspond to comparable peer review situations. This assumption does not always hold in

practice. In industrial repositories, some MRs are created for purposes such as code cleaning,

work in progress, reversions, bulk maintenance tasks, build or configuration adjustments, or

temporary coordination. These MRs may bypass, compress, or otherwise depart from the

expected review workflow. In this chapter, we refer to such cases as deviations, because they

depart from the intended peer review process and may distort the interpretation of peer review

activity.

This distinction is important because the thesis studies peer review effort through observable MR

traces. If deviations are analyzed together with regular peer review cases without distinction,

effort-related measures may become difficult to interpret. An MR created for a library update,

a build adjustment, a revert, or an incomplete intermediate step may exhibit review patterns,

revision activity, and completion dynamics that differ substantially from those of a standard

peer-reviewed change. These cases may therefore inflate or suppress time-based and change-

based effort measures, alter participation and approval patterns, and bias comparisons across

MR categories. From a software process improvement perspective, such bias is problematic

because it may lead researchers and practitioners to draw misleading conclusions about where

review effort is concentrated and where process optimization is needed.

Deviations may appear similar to outliers or extreme observations, but they represent a different

analytical challenge. Outliers are statistical anomalies that differ strongly from typical metric

values and are commonly detected through methods such as Local Outlier Factor, Isolation

Forest, or One-Class SVM Cheng, Zou & Dong (2019); Chen et al. (2016); Mourão-Miranda
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et al. (2011). Extremes correspond to the smallest or largest values within a metric distribution

and are often identified through threshold- or percentile-based filtering Cais & Pícha (2014);

Rajbahadur et al. (2019). Deviations, by contrast, are not defined mainly by unusual numerical

values, but by departures from the expected workflow structure of peer review. They may

involve little recorded review interaction while still being operationally meaningful. Conversely,

some regular MRs may also show little visible review activity when discussions occur outside

the platform. Purely statistical filtering is therefore insufficient; deviations require contextual

reasoning about MR intent, author behavior, and review engagement.

This chapter extends the thesis from measuring and categorizing peer review effort to validating

the conditions under which such measurement remains meaningful. It investigates deviations as

workflow phenomena that must be identified before effort indicators and MR-type comparisons

can be interpreted reliably. More specifically, the chapter pursues five objectives: to characterize

common forms of deviations in industrial MR workflows, to examine whether deviation detection

can be automated, to analyze how deviations affect predictive modeling based on time to

complete peer review, to examine whether the same effect appears when effort is measured

through the amount of post-submission change, and to determine whether deviations are

distributed differently across MR types.

Across six research questions, we find that workflow deviations are recurrent, accounting

for up to 37.02% of MRs in the studied industrial repositories. They organize into seven

categories: Library Update, Build or Configuration Adjustments, Code Cleaning, Revert

Commits, Experimental or Work in Progress, Huge Changes, and Empty Change Set. A few-shot

learning approach detects deviations with up to 91% accuracy, making deviation-aware analytics

feasible at scale. When deviations are excluded from predictive models of time to complete

peer review, model performance is generally preserved or improved, while feature-importance

rankings shift substantially. The same pattern extends to predictive models of the amount of

changes required to complete peer review, confirming that the bias introduced by deviations is

not limited to temporal measures. Moreover, deviations are not uniformly distributed across MR

types: configuration MRs are dominated by procedural deviations such as Library Update and
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Build or Configuration Adjustments, whereas development MRs exhibit a more heterogeneous

profile including Code Cleaning, Experimental or Work in Progress, and Revert Commits.

Consistently, the analytical effect of excluding deviations differs between configuration and

development MRs, especially when effort is measured through post-submission change.

The main contributions of this chapter are:

• a taxonomy of seven workflow-deviation categories in industrial MR repositories, together

with an empirical characterization showing that deviations account for a substantial and

recurrent share of MR traffic;

• an AI-based detection approach using few-shot learning that reaches up to 91% accuracy,

substantially reducing the manual effort required to identify deviation cases at scale;

• evidence that including deviations biases both time-based and change-based predictive

models of peer review effort, affecting model interpretation more strongly than raw predictive

performance;

• a characterization of how deviations are distributed across configuration, development, and

documentation MRs, showing that procedural deviations concentrate in configuration work

while development deviations are more heterogeneous;

• evidence that the analytical impact of deviations differs across MR types, indicating that

deviation-aware analysis must itself be adapted to the type of artifact under review.

7.2 Study Design

This chapter examines workflow deviations in MRs and their implications for peer review effort

analysis. While the previous chapter showed that peer review effort and review quality vary

across configuration, development, and documentation MRs, those comparisons still assume

that the analyzed cases broadly reflect standard peer review situations. In practice, however,

some MRs are created for purposes such as reversions, mechanical maintenance, temporary

coordination, or incomplete work, and therefore do not follow the expected review-oriented

workflow in the same way as regular cases. As a result, deviations may influence both how peer

review effort is measured and how differences across MR types are interpreted. This chapter
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therefore investigates deviations not only as workflow phenomena in their own right, but also as

a potential source of bias in empirical peer review analysis.

7.2.1 Research Questions

The chapter is guided by the following six research questions:

RQ1 What are the common types of deviations in the MR review process? Before deviations

can be accounted for analytically, it is necessary to understand what forms they take in

practice. MRs may depart from the intended peer review workflow for different reasons,

and these reasons are unlikely to be captured adequately through a single generic label.

Identifying recurring deviation categories is therefore essential for characterizing how

teams use the MR mechanism beyond standard peer review cases and for establishing a

foundation for the subsequent analyses of this chapter.

RQ2 To what extent can AI automate the detection of deviation cases in MRs? Once

deviation categories are identified, manually detecting them at scale becomes impractical,

especially in large industrial repositories. Since deviation recognition depends on

contextual interpretation rather than on simple threshold-based rules, it is important to

examine whether AI-based approaches can support this task reliably. Automating deviation

detection is necessary both to reduce manual effort and to enable deviation-aware peer

review analytics on large datasets.

RQ3 What is the impact of excluding MR deviations on the performance and interpretation

of models predicting time to complete peer review? Many studies approximate peer

review effort through temporal measures such as time to complete peer review. If deviations

systematically differ from regular MRs in their workflow structure, then including them in

predictive models may distort both model performance and the interpretation of influential

factors. This question therefore examines whether deviation filtering changes conclusions

drawn from a commonly used time-based view of peer review effort.
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RQ4 What is the impact of excluding MR deviations on the performance and interpretation

of models predicting the amount of changes required to complete peer review? The

impact of deviations cannot be fully assessed through time-based measures alone. As

established in Chapter 5, amount of changes required to complete peer review captures

a distinct and more change-oriented dimension of peer review effort. It is therefore

necessary to determine whether deviations bias effort analysis only when effort is viewed

temporally or whether they also affect effort when it is measured through the amount of

changes required to complete peer review.

RQ5 How are MR deviations distributed across configuration, development, and documen-

tation MRs? Although deviations may be common overall, they may not be uniformly

distributed across MR types. Configuration, development, and documentation MRs

differ in purpose, technical content, and expected review scrutiny. Some deviation

categories may therefore be concentrated in specific types of MRs. Examining this

distribution is important for avoiding overly general interpretations of review practice and

for understanding whether deviations are tied to particular artifact contexts rather than to

peer review activity in general.

RQ6 Does the impact of deviations on peer review effort differ across configuration and

development MRs? Even if deviations affect peer review effort analysis overall, their

impact may not be uniform across MR types. Because configuration and development

MRs differ in technical nature and review expectations, the same deviation category may

not carry the same meaning or produce the same analytical effect in each context. This

question therefore investigates whether deviation-aware analysis should itself be adapted

to the type of artifact under review.

7.2.2 Analysis Strategy

The analysis strategy of this chapter is organized at the level of the individual research questions

rather than through a single global analytical pipeline. This choice is appropriate because the
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chapter addresses several complementary objectives: identifying and characterizing workflow

deviations, establishing whether they are empirically distinct from regular MRs, evaluating the

feasibility of their automated detection, and examining their consequences for peer review effort

analysis. Each objective requires different forms of evidence, distinct preparation steps, and

different analytical procedures.

Accordingly, RQ1 focuses on the empirical identification and categorization of deviations in MR

workflows. RQ2 then evaluates whether deviation cases can be detected automatically using

AI-based classification approaches. RQ3 investigates the impact of deviations on predictive

analyses based on time to complete peer review, while RQ4 extends this analysis to amount of

changes required to complete peer review. RQ5 examines how deviations are distributed across

configuration, development, and documentation MRs, and RQ6 finally evaluates whether their

analytical effect differs depending on the MR type under review.

The study relies on MR traces collected from the five Kaloom technical groups, as described

in Section 3.3.1. These traces include information related to MR metadata, changed files,

textual descriptions, review interaction, and process outcomes. They are used to characterize

deviations, support their detection, compare deviation and regular MRs, and assess the analytical

consequences of deviation inclusion or exclusion for peer review effort. Since each research

question addresses a distinct aspect of the problem, the corresponding data preparation steps,

metrics, and analysis procedures are presented within the approach of each research question

rather than through a shared methodological subsection.

Overall, the study design follows a progressive logic. It first establishes a structured understanding

of workflow deviations, then examines the feasibility of detecting them automatically, and finally

evaluates how their presence affects the measurement and interpretation of peer review effort,

both overall and across MR types. This organization supports the broader objective of the thesis

by helping ensure that peer review effort is analyzed under workflow conditions that are both

empirically grounded and analytically interpretable.
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Figure 7.1 Our methodology

7.3 Results

To achieve our goal, we follow a rigorous methodology, as illustrated in Figure 7.1. Using the

GitLab API, we use the five Kaloom technical groups (see Section 3.3.1), as summarized in

Table 7.3. This dataset enables us to address the following RQs:

7.3.1 Identification and Characterization of MR Deviations

RQ1: What are the common types of MR deviations in the peer review process

Approach

To define and identify MR deviations, we follow these steps:

Metrics Collection

To identify MR deviations, we collect a comprehensive set of metrics designed to capture

the entire review activity, from MR creation to closure. These metrics provide insights into

various aspects of the process, including time to complete peer review, number of reviewers,
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and comment volume—factors that can signal deviations from standard workflows. Table 7.1

presents each metric along with its definition and justification, ensuring our analysis is grounded

in meaningful and relevant indicators. However, identifying fixed patterns for each deviation

type remains challenging, as many deviations initially resemble normal reviews. For instance,

a library update may involve a small change and no reviewer input, yet similar patterns can

also occur in legitimate MRs. Keywords-based methods are also insufficient, as they may

capture terms unrelated to the intended deviation categories. For example, the keyword “draft”

might appear in a title like “[Draft] Initial scaffolding for new feature X”, which clearly signals

a work-in-progress not intended for review, and thus a deviation. In contrast, a title such as

“Refactor module Y – draft ready for review” indicates that the MR, although labelled as a draft,

is actually undergoing the standard review process. To address these challenges, we rely on

in-depth manual and context-based analysis of the collected metrics, not only regex on metrics,

to accurately identify deviations.

Sample Selection

Given the impracticality of manually evaluating thousands of MRs, we adopted a representative

sampling approach based on established methodologies Thongtanunam et al. (2015). The

sample size was calculated using statistical parameters, including the total number of MRs, the

desired confidence level, the margin of error, and an estimated population proportion. Initially,

the sample size (𝑠) was determined using the formula: 𝑠 = 𝑧2·𝑝·(1−𝑝)
𝑐2 , where 𝑧 is the Z-score

for the specified confidence level (e.g., 1.96 for 95%), 𝑝 is the estimated proportion (assumed

to be 0.5 for maximum variability), and 𝑐 is the margin of error (set to 0.05 or 5%). Given

the finite MR population, a finite population correction was applied, adjusting the sample size

to 𝑠𝑠 = 𝑠·𝑃
𝑃+𝑠−1

, where 𝑃 is the total number of MRs. This correction reduces the sample size

for smaller populations, ensuring accuracy under finite conditions. The final sample size was

rounded up to the nearest whole number to achieve the desired statistical confidence. The sample

size of each project is given in Table 7.3.
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Table 7.1 Metrics for identifying MR deviations

Metric Definition Justification
Title The title of the MR Often hints at the MR’s purpose.

Description The description of the MR Provides more context to identify MR activities.

File types The list of types of MR files Specific file types (e.g., ‘.md‘ for docs) indicate MR

focus.

Code churn MR total lines of code added+removed Reflects MR complexity and review effort.

Additions Lines of code added in the MR Low or high additions may signal minor fixes or major

updates.

Deletions Lines of code removed in the MR Large deletions may indicate cleanup or isolated

adjustments.

Time to complete peer

review

Time from MR creation to merge Short reviews suggest high priority; long ones indicate

low priority.

Reviewer participation Number of reviewers involved Few or no reviewers suggest the MR is low-impact or

non-essential.

Number of commits Total commits in the MR High commits may indicate ongoing work or evolving

updates.

Number of committers Distinct contributors to the MR Multiple committers may indicate collaborative work

or task complexity.

Source branch Branch from which the MR was created Branch name may indicate experimental or feature

work.

Target branch Branch into which the MR will be merged Non-main branches suggest non-critical or work-in-

progress changes.

Commit messages Messages associated with each commit Can indicate purpose; non-technical tags suggest non-

code MRs.

Number of comments Total comments on the MR Few comments suggest the MR was not meant for

in-depth review.

Comment messages Content of comments on the MR Comments content detail the review interaction.

Labels Tags or labels assigned to the MR Labels like "documentation" or "build" indicate MR

purpose.

Number of reviewers Number of reviewers of the MR Multiple reviewers indicate the MR importance

Reviewer comments Content of reviewer comments Non-technical comments suggest procedural rather

than code-related focus.

Time to first review Time until the first reviewer engages Quick engagement suggests high-priority MRs.

Annotation Process

As shown in Figure 7.2, the annotation process for identifying and categorizing MR deviations

involves three main phases: definition, annotation, and validation. These phases are iterative

and collaborative, ensuring robustness and alignment with industrial insights. The process

is carried out by five contributors, including three researchers and two industry partners,

combining academic rigor with real-world expertise to ensure the relevance and accuracy of the

categorization.
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Definition Phase

The process begins by defining the practical use cases of the MR based on real-world scenarios

provided by our industrial partners. Concrete MR examples are analyzed to understand how the

mechanism is utilized in practice. Identified use cases are then categorized into preliminary

deviation types by grouping MRs that diverge from the standard MR process into broader

categories. Next, these preliminary categories are refined into formal deviation types through

collaborative work sessions involving the entire team. During this phase, categories are further

clarified and precisely defined to capture the nuances of each deviation. For each formal category,

structured descriptions are provided to distinguish characteristics of these deviations.

Annotation Phase

The annotation phase begins with the manual labelling of randomly selected samples, as

described in the previous section. Two researchers collaborate to annotate the samples, ensuring

consistency with predefined deviation categories and definitions, while a third researcher

supervises the process. Each MR is systematically evaluated to determine its alignment with the

identified deviation types, following the formal definitions established in the earlier phases.

Validation Phase

To validate the annotation process, a collaborative inspection phase is conducted in which all

annotated MRs are collectively reviewed by the researchers, and random instances are examined

by industrial partners. This step addresses ambiguities, refines unclear definitions, and ensures

consistency across annotators. Feedback from industrial partners is integrated throughout to

align deviation definitions with real-world practices, reinforcing the practical relevance of the

identified categories. The evaluators involved in the validation process are senior professionals

with over 20 years of experience in software development and peer review, and are also active

researchers. The validation demonstrates a high level of agreement, with Cohen’s kappa values

ranging from 0.78 to 0.95, indicating no major conflicts.
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MR Analysis

At this stage, we systematically categorize the occurrence of MR deviations across different

projects. This involves analyzing the distribution and frequency of each deviation type, assessing

their prevalence within various projects.

Results

As shown in Table 7.3, MR deviations constitute up to 37.02% of cases across seven distinct

categories in the analyzed projects (Table 7.2), each representing a deviation from standard

review practices. These deviations often indicate scenarios where a traditional, detailed peer

review may be deprioritized or streamlined. By systematically categorizing these deviations,

Table 7.2 provides a structured classification with clear definitions, enabling quick identification

and appropriate handling of MRs that do not necessitate full code scrutiny.
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Table 7.2 Deviation types and definitions

Deviation Definition
Experimental or WIP (Work in

Progress) (EOW)
MRs created for experimentation or early-stage work, often marked as drafts or WIP. These MRs are

not intended for immediate integration and usually do not require thorough review, as they serve as

test cases, placeholders, or incomplete implementations.

Code Cleaning (CC) MRs focused on removing outdated, unused, or redundant code without introducing new functionality.

These changes do not require extensive review as they do not alter logic or behavior.

Library Update (LU)) MRs that solely update the version of a dependency or library without modifying functionality.

These changes are typically automated or routine, requiring minimal review as they do not introduce

new code.

Build or Configuration Adjustments

(BOCA)
MRs that modify CI/CD configurations, build scripts, or environment settings (e.g., Docker,

Kubernetes) without impacting functional code. These changes are often minor, repetitive, and

self-contained, requiring little to no review as they do not affect software behavior or introduce

logical errors.

Revert Commits (RC) MRs created to undo previous changes, restoring the codebase to an earlier state. These changes are

typically automated and do not require extensive review, as they simply roll back prior modifications

without introducing new logic.

Huge Changes (HC) MRs involving large-scale modifications, such as re-branching, code restructuring, or bulk file

movements. These changes are often too extensive for a detailed line-by-line review, making

traditional review workflows ineffective (More than 500 commits or 10,000+ lines changed.).

Empty Change Set (ECS) MRs that contain no actual modifications, often created unintentionally or due to misconfigured

automation. These MRs do not require review, as they introduce no changes to the codebase.

Table 7.3 Descriptive statistics of the studied projects

Project Sample size %MR deviations
Management Plane (MP) 363 22.59

Control Plane (CP) 360 24.44

Data Plane (DP) 359 30.36

FPGA 246 36.59

Platform (PF) 348 37.02

We observe in Figure 7.3 that library updates account for up to 39.3% of all MR deviations,

particularly in the CP project, indicating that a significant portion of MRs are created solely for

routine dependency adjustments. Similarly, high proportions are observed in the MP project

(39. 0%), the DP project (37. 6%) and the PF project (35. 9%). Such updates, typically

involving minor version increments without impacting core functionality, do not necessitate a

formal review process, as they rarely require reviewers’ scrutiny. Explicitly, these MRs include

1-2 addition and 1-2 deletion in 64%-86% of the cases, and no review activity (comments,

assignment, or approval) for 94% -96% of the cases. This procedural use of MRs for non-critical

changes dilutes the focus of the review process, introducing bias in the related analysis.
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Figure 7.3 Percentage distribution of deviation types across projects (MP, CP, DP, PF,

FPGA)

Note: BOCA = Build or Configuration Adjustments, EOW = Experimental or Work in Progress,
CC = Code Cleaning, LU = Library Update, RC = Revert Commits, HC = Huge Changes, ECS

= Empty Change Set.

The frequency of build or configuration adjustments and code cleaning MR deviations across

projects suggests that the MR process is used for changes that do not fundamentally need formal

peer review. Build or configuration adjustments deviations are particularly prevalent in the

FPGA project, where they account for 35.6% of all MR deviations. Significant proportions are
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also observed in the DP project (22.0%), CP project (21.3%), and PF project (19.8%). The high

rate of these deviations underscores how the MR process is regularly used for configuration

tweaks and CI/CD adjustments, which are typically infrastructure-related and involve minimal

impact on the codebase’s functionality. These changes, primarily technical setup adjustments,

could often bypass the MR process without compromising code quality, freeing up review

resources for more critical modifications. This observation is proved by statistics showing that

these MRs do not benefit from review activity for 98%-100% of the cases.

Similarly, code cleaning MR deviations—reaching up to 31.7% in the MP project—reflect an

emphasis on codebase maintenance through the removal of obsolete code. Other projects also

exhibit high percentages, with PF (24.4%), DP (19.3%), and FPGA (15.6%). In these MRs, we

observe that the deletions dominant the additions in the churn, as no new code is added. While

maintaining a clean codebase is essential, these routine tasks do not require the scrutiny of a

formal review while it does not impact the code in use.

Furthermore, experimental or work-in-progress MR deviations, particularly prominent in the

FPGA project at 31.1%, represent another instance where MRs are often created without

a genuine need for review. These MRs, intended for preliminary testing or drafts, serve

primarily as placeholders and are not meant for integration. Similar trends are observed in

the CP project (12.4%) and the PF project (6.9%), indicating that MRs are frequently used to

manage exploratory changes that could be more efficiently handled in isolated test branches or

experimental environments.

In contrast, MR deviations like revert commits, huge changes, quick completion, and empty

change sets occur at lower rates (below 7.6% across projects), indicating that these are relatively

rare and unlikely to disrupt the review process. The highest occurrence of revert commits

deviations is seen in MP (7.3%) and PF (7.7%), while huge changes (HC) appear primarily in

FPGA (3.3%) and DP (1.8%). Empty change sets (ECS) remain minimal across projects, with

the highest rate at 5.3% in PF.
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7.3.2 Automated Detection of MR Deviations

RQ2: To what extent can AI automate the detection of deviation cases in MRs

Approach

To automate MR deviation detection, we compare two AI-based approaches: BERT and SetFit.

BERT is known for its high accuracy but requires extensive labeled data and computational

resources. In contrast, SetFit enables efficient classification with fewer annotations, making it a

suitable choice for scenarios with limited labeled data.

Model Training

BERT transformers

Bidirectional Encoder Representations from Transformers (BERT) is a transformer-based model

that learns contextual word representations through self-supervised pretraining on large text

corpora Devlin (2018). Following previous studies Yin, Zhao, Sun & Chen (2023); Sharma,

Chen, Fard & Lo (2022); Zhang, Cao, Wang & Liu (2023a), we fine-tune BERT for text

classification to predict the reason for each MR based on its description.

The dataset is preprocessed by encoding target labels, tokenizing text samples using BertTokenizer,

incorporating special tokens, attention masks, and padding for uniform input length. The

tokenized data is processed in batches for efficient training. The model is fine-tuned using

cross-entropy loss and the AdamW optimizer over multiple epochs.

SetFit

SetFit is a few-shot learning framework designed for text classification tasks where labelled data

is limited Tunstall et al. (2022). In our experiment, instead of training a traditional classifier,

we fine-tune a T5 large language model (LLM) to generate the deviation (or not) for each MR.
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Similar to recent works Nguyen et al. (2024); Shafikuzzaman (2024), our approach utilizes a

small labelled dataset and a few training epochs(5) to minimize computational costs. The model

processes input text sequences, learns meaningful representations, and generates predictions in

a few-shot setting. This method enables efficient classification while reducing annotation and

training overhead, making it practical for large-scale industrial datasets.

Model evaluation

To evaluate model performance, we use commonly adopted classification metrics: Accuracy:

Percentage of correct predictions out of total predictions. Recall: Ratio of correctly identified

positive cases to actual positive cases. Precision : Proportion of true positive predictions out of

all positive predictions. F1-score : Harmonic mean of precision and recall.

Model validation and Comparison

To ensure reliability and account for variability, we perform 10 bootstrap iterations for each

model, given the computational cost of training. We report the median results. For each iteration,

we split the data into training (80%) and validation (20%) sets. To rank model performance,

we use the Scott-Knott Effect Size Difference (ESD) Test1, a hierarchical clustering method

that prioritizes significant performance differences, widely used in prior studies Ouatiti, Sayagh,

Kerzazi & Hassan (2022); Rajbahadur et al. (2019); Tantithamthavorn & Hassan (2018). The

best model is then serialized to be used for the next RQ.

Results

As shown in Table 7.4, our few-shot learning approach with SetFit achieves up to 91% accuracy,

outperforming BERT fine-tuning in most cases when sufficient training instances are available.

Notably, when using 15 instances per class, SetFit consistently achieves the highest performance

across all projects. BERT fine-tuned for 5 epochs demonstrates strong performance in certain

1 https://cran.r-project.org/web/packages/ScottKnottESD/



162

cases, achieving an accuracy up tp 0.84, but still does not surpass SetFit’s top results. When

BERT is trained for only 3 epochs, its accuracy drops significantly, down to 0.53 showing the

lowest results on PF dataset, indicating that larger fine-tuning is necessary even using all the

datasets for better performance.

In addition to accuracy, we observe that SetFit at 15 instances per class achieves an average

F1-score of 0.84 across projects, whereas BERT-5 reaches 0.74. The precision scores for SetFit

(0.75 on average) also surpass those of BERT (0.65). More notably, recall values for SetFit (0.91

at 15 instances) demonstrate superior generalization compared to BERT (0.76 at 5 epochs).

Overall, SetFit with 15 instances per class and the same number of epochs as BERT ranks

highest, showing its ability to generalize well with a small labeled dataset compared to BERT.

The performance gap between SetFit and BERT increases as the number of training instances

grows, reaffirming SetFit’s robustness in few-shot learning scenarios.

Table 7.4 The median performances of each algorithm

Project Instances
SetFit (5 Epochs)

Accuracy Precision Recall F1-score

PF

5

0.600 0.550 0.650 0.600

DP 0.590 0.520 0.620 0.570

FPGA 0.500 0.450 0.550 0.500

MP 0.420 0.400 0.500 0.440

CP 0.500 0.450 0.550 0.500

PF

10

0.800 0.750 0.850 0.800

DP 0.770 0.700 0.800 0.750

FPGA 0.769 0.720 0.820 0.770

MP 0.751 0.680 0.780 0.730

CP 0.700 0.650 0.750 0.700

PF

15

0.910 0.780 0.980 0.870

DP 0.870 0.740 0.940 0.830

FPGA 0.800 0.780 0.980 0.870

MP 0.790 0.710 0.910 0.800

CP 0.900 0.730 0.930 0.820

Project Epochs
BERT

Accuracy Precision Recall F1-score

PF

3

0.530 0.280 0.530 0.360

DP 0.710 0.600 0.710 0.610

FPGA 0.660 0.435 0.660 0.520

MP 0.670 0.450 0.670 0.540

CP 0.640 0.410 0.640 0.500

PF

5

0.810 0.780 0.810 0.800

DP 0.840 0.820 0.840 0.800

FPGA 0.680 0.610 0.680 0.630

MP 0.790 0.710 0.790 0.740

CP 0.760 0.670 0.760 0.700
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7.3.3 Impact of MR Deviations on Peer Review Effort Measures

7.3.3.1 Time to Complete Peer Review

RQ3: What is the Impact of Excluding MR Deviations on Time to Complete Peer Review
Model Performance and Interpretation

Approach

To assess the impact of removing deviations on the models predicting time to complete peer

review, we compare models trained on the full set of MRs with those trained on a subset

excluding deviations. The comparison follows these steps:

Data Preparation

Data Annotation

Using the best-performing model from RQ2—SetFit with 15 instances per class—we classify

the entire dataset to determine whether each MR exhibits deviation. To ensure reliability, we

randomly sample and validate predictions with our industrial partners of the new predictions.

Metrics Collection

While the initial metrics were designed to predict deviations, this step focuses on extracting

features that explain the time to complete peer review. The selected metrics, derived from prior

studies (Chouchen et al., 2023; Hasan et al., 2023; McIntosh et al., 2016a; Thongtanunam et al.,

2017b). We ensured that all the metrics can be collected at the moment of creation of the MR.

The metrics, with their description, are summarized in Table 7.5.
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Table 7.5 Metrics for time to complete peer review prediction

Metric Description Metric Description
Delta time Time between project creation and MR creation Associated sprint The sprint ID in which the MR was created

#Committers Number of MR committers Has_Assignee Indicates whether the MR has an assigned reviewer

#Authored_Commits Number of commits authored before MR creation #Committed_commits Number of committed changes

Change churn Total number of lines added and removed in the MR Additions Number of lines added

Deletions Number of lines deleted Title length Length of the MR title

Description length Length of the MR description Is_Hashtag Indicates whether the MR description contains a hashtag

Is_AtTag Indicates whether the MR description contains an @mention Source branch MRs Number of open MRs on the same source branch

Source branch approval time Average approval time for source-branch MRs Target branch MRs Number of open MRs targeting the same branch

Target branch approval time Average approval time for target-branch MRs

#Minor contributors Number of MR contributors with less than 5% of prior changes #Major contributors Number of contributors with more than 5% of prior changes

Self-approved MRs Number of historically self-approved MRs MRs without discussion Number of historical MRs with no discussion

Avg. historical approval time Average approval time for historical MRs #Open MRs_history Number of historical open MRs

Historical MR size Average size of past MRs Historical entropy Measure of historical change diversity

#Initial files Number of files

Collinearity Analysis

To enhance model reliability and interpretability, we mitigate collinearity through correlation

and redundancy analysis, following Tantithamthavorn et al. (2016b) and Cito et al. (2021), as

well as previous studies (Jiarpakdee et al., 2019; Tantithamthavorn & Hassan, 2018). First, we

apply Spearman correlation analysis to remove highly correlated features, defining two metrics

as correlated if their coefficient exceeds 0.70, as suggested by McIntosh et al. (2014) and Lee

et al. (2020). Since correlation alone does not fully eliminate collinearity, we also perform

redundancy analysis using the 𝑅2 value to identify independent features that can be explained by

others. A threshold of 0.90 is applied, following prior work (Tantithamthavorn et al., 2018; Lee

et al., 2020), to filter out redundant features.

Model Training and Evaluation

Following Chouchen et al. (2023), we predict time to complete peer review, a key metric

balancing prediction and interpretability. We employ ExtraTrees, XGBoost, and Random Forest,

identified as top-performing algorithms in prior studies. Model performance is evaluated using

SA (Standard Accuracy), MAE (Mean Absolute Error), and MSE (Mean Squared Error). For

statistical robustness, we apply a 100 out-of-sample bootstrap technique (Rajbahadur et al.,

2017; Tantithamthavorn et al., 2016b) to ensure stable conclusions. We use feature importance

calculation for each of the 100 bootstrap samples.
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Impact Assessment

Performance

To assess the impact of removing MR deviations, we compute the ratio of the median bootstrap

performance of model without deviations to that with deviations (Rajbahadur et al., 2019). If lower

values indicate better performance, we use 1−median. For instance, if the median MSE without

deviations is 0.2 and with deviations is 0.5, the improvement factor is (1 − 0.2)/(1 − 0.5) = 1.6.

Conversely, if SA improves from 0.4 to 0.8, the improvement is 0.8/0.4 = 2 times. For

significance testing, we apply Cliff’s Delta and Wilcoxon tests between the 100 bootstrap results

for each model.

Interpretation

For each model (those with and those without deviations), we use feature importance calculation

for each of the 100 bootstrap samples, we then compute rankings per bootstrap and aggregate

them using Scott-Knott ESD to derive a single rank per model. To assess rank similarity, we

apply Kendall’s Tau (𝝉), previously used in (Rajbahadur, Wang, Oliva, Kamei & Hassan, 2021;

Bachmann & Bernstein, 2010; Akoglu, 2018). This method uses Spearman’s rank correlation to

compare the similarity between two feature importance ranks. A Tau correlation of 1 indicates

total similarity, while -1 indicates total dissimilarity. For the top-5 features, we use the Top-K

overlap method (Jaccard, 1901), as used by Rajbahadur et al. (2021), measuring intersection

divided by union for top-1, top-3, and top-5 features across iterations.

Results

Removing deviations results in significant improvements in 53.33% of cases, with a large effect

size and a p-value<0.05, indicating statistical significance. In 24.24% of cases, no measurable

impact is observed. Regarding the XGBoost algorithm, we observe improvements in 60% of the

cases across all models, except for the PF project, where MAE and SA significantly decrease by
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Table 7.6 Performance and feature importance metrics for different models

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 0.99 0.99+ 0.96++ 0.74++ 1++ 1++ 0.42* 1.02 1 1.01 0.78++ 1++ 1++ 0.42* 0.99 0.99 1 0.81++ 1++ 1++ 0.42*

DP 1.02 1.01 1++ 0.35+ 1++ 0.2 0.25 1 1 0.98++ 0.49+ 1++ 0.2 0.25 1+ 1 1 0.66++ 1++ 0.5* 0.42*

FPGA 1.01 1.01 0.98 0.67++ 1++ 0.50+ 0.42* 1.01 1 0.92 0.54+ 1++ 0.50* 0.42* 0.99 0.99 0.84 0.67++ 1++ 0.50* 0.42*

MP 1.02 1.03 1.07 0.60+ 1++ 0.50+ 0.25 1.01++ 0.99 0.99 0.55+ 1++ 0.20 0.11 1.02 1.00 0.99++ 0.71++ 1++ 0.20 0.42*

CP 1.10 1.03 2.25 0.16* 0 0.20 0.11 1.08 1.02 1 0.50+ 0 0.20 0.42* 1.11 1.02 1.09 0.66++ 0 0.20 0.42*

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .

factors of 0.99 and 0.96, respectively. This improvement is most pronounced in the CP project,

where SA performance increases up to 2.25 times, rising from 0.16 to 0.25. For ExtraTree

and Random Forest, we observe significant improvements or no negative impact in 80% and

60% of cases, respectively, while in 20% and 40% of cases, the decrease remains statistically

insignificant in 94% of the cases for both algorithms. For instance, in the MP project with

random forest, MSE improves by a factor of 1.02, decreasing from 0.22 to 0.20.

Kendall’s tau results indicate weak similarity in 6.67% of cases and moderate similarity in

40% of cases, highlighting the substantial impact of removing deviations on feature importance

rankings. As shown in Table 7.6, removing deviations impacts the interpretability of XGBoost

in three out of five projects, with the CP project experiencing the most substantial dissimilarity,

dropping to 0.16. Similarly, for ExtraTree, we observe a moderate similarity in four out of five

projects. In contrast, the feature importance rankings in Random Forest are less impacted, as all

Kendall’s tau values are strong, indicating high similarity. However, since none of these values

equal one, some features still experience minor shifts in their importance.

Regarding Top-k features commonly used in the literature, we observe weak overlap in 26.67% of

cases and small overlap in 33.33% of cases, underscoring the necessity of considering deviation

removal when analyzing the peer review process. More specifically, for Top-1 features, we

observe that the most important variable changes for all algorithms in the CP project. For

instance, in the CP project with ExtraTree, the most critical variable shifts from the number
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of files to the number of commits, which alters its interpretability. The number of files could

indicate the extent of modification, whereas the number of commits reflects the frequency of

contributions. This change can impact how review complexity is assessed.

For Top-3 features, we observe negligible overlap in 46.67% of cases and small overlap in

33.33%, indicating a substantial impact. A concrete example, in the DP project with XGBoost,

the top three features shift from title length, description length, associated sprint to number

of commits, associated sprint, number of historical open MRs, demonstrating that deviation

removal significantly influences feature selection. Similarly, for Top-5 features, we observe

negligible overlap in 33.33% of cases and small overlap in 66.67%, further emphasizing the

extensive impact across all case studies. These results reinforce the importance of considering

deviations when interpreting the peer review process.

7.3.3.2 Amount of of changes required to complete peer review

RQ4: What is the impact of excluding MR deviations on the performance and
interpretation of models predicting the amount of changes required to complete peer
review

Approach

In addition to time to complete peer review, we examine a second and complementary dimension

of peer review effort, namely the amount of changes required to complete peer review. Following

Chapter 5, this measure captures the amount of modification performed after MR creation and

before MR completion, and is calculated as the total number of lines added and deleted during

this post-submission period. Unlike time to complete peer review, which reflects the temporal

progression of the review process, this metric captures how much the submitted change had to

evolve before it became acceptable. It therefore provides a more direct view of the change effort

associated with MR completion.
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To assess the impact of deviations on this second effort dimension, we followed the same

analytical procedure used for the previous RQ. More specifically, for each project, we compared

models trained on the full set of MRs with models trained on datasets from which deviations

had been excluded. We then evaluated the impact of deviation exclusion on both predictive

performance and model interpretation. The same learning algorithms, validation procedure, and

interpretation measures were used as in the previous RQ, allowing direct comparison between

the two effort dimensions.

Results

Table 7.7 shows that deviations also affect effort analysis when effort is measured through the

amount of changes required to complete peer review. Overall, the results reveal a pattern consistent

with that observed for time to complete peer review: excluding deviations generally improves, or

at least preserves, predictive performance, while substantially altering the interpretation of the

resulting models.

Excluding deviations leads to statistically significant performance improvements in 46.67% of

cases, while 33.33% of cases show no measurable impact and only 20.00% exhibit significant

degradation. Across the 15 project–model combinations, the improvements are concentrated

primarily in MSE and MAE. For XGBoost, significant improvements are observed in 60.00% of

cases, covering PF, DP, MP, and CP. The strongest gain appears in DP, where MSE improves

by a factor of 2.96 and MAE by 1.57. ExtraTree shows the strongest overall benefit, with

significant improvements in 66.67% of cases, again led by DP, where MSE improves by 3.15

and MAE by 1.91. Random Forest presents a more mixed but still generally positive pattern,

with significant improvements in 40.00% of cases, notably in DP, MP, and CP. These results

indicate that deviations do not affect only the temporal dimension of peer review effort, but also

the amount of change required after submission before MR completion.

When considering predictive performance more broadly, excluding deviations improves or

preserves model performance in 88.89% of the evaluated cases. In several cases where
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improvements are not statistically significant, the performance ratios remain close to 1, suggesting

that removing deviations does not harm predictive accuracy. This stability is particularly visible

for Random Forest, where several results remain close to parity even when the gains are smaller

than those observed for XGBoost and ExtraTree. Only a limited number of cases show significant

degradation, and these are concentrated mainly in SA. For example, PF exhibits a decrease in

SA for ExtraTree and Random Forest, and FPGA shows a smaller negative impact for ExtraTree.

Nevertheless, the dominant trend remains positive: removing deviations generally improves the

ability of ML models to predict the amount of changes required to complete peer review, or at

minimum leaves it unaffected.

The interpretation results reveal an even stronger impact of deviations. Kendall’s Tau indicates

that feature importance rankings are consistently altered, with 93.33% of cases showing strong

shifts and the remaining 6.67% showing moderate shifts. More specifically, all but one project–

model combination yield Tau values above 0.60, demonstrating that the explanatory structure

of the models changes substantially once deviations are excluded. This impact is especially

pronounced for ExtraTree and Random Forest, where several projects reach values above 0.85,

such as MP, CP, and FPGA. These results show that even when predictive performance changes

are modest, the variables emphasized by the models can differ markedly between the full and

deviation-filtered datasets.

The Top-k analysis further confirms that excluding deviations substantially changes which

variables are identified as the most important predictors. For Top-1, we observe negligible

overlap in 93.33% of cases and complete overlap in only one case (6.67%), namely Random

Forest in FPGA. This means that in nearly all settings, the single most important predictor

changes once deviations are excluded. For Top-3, 40.00% of cases show negligible overlap and

60.00% show small overlap, with no case reaching medium or large agreement. For Top-5,

46.67% of cases show small overlap and 53.33% show medium overlap, again indicating that the

feature sets highlighted by the models remain only partially consistent across the two settings.

Thus, deviation exclusion does not merely produce minor reordering among predictors; it
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frequently changes which factors appear among the most influential drivers of the amount of

changes required to complete peer review.

Taken together, these findings confirm that the analytical impact of deviations extends beyond

time to complete peer review. Even when effort is measured through the amount of changes

required to complete peer review, deviations still affect both predictive performance and model

interpretation. This reinforces the broader argument of this RQ that deviations are not harmless

irregularities in MR analytics. Instead, they constitute a meaningful source of bias that can

distort multiple dimensions of peer review effort and lead to misleading conclusions when they

are ignored.

Overall, the results show that excluding deviations generally improves, or at least does not harm,

the prediction of the amount of changes required to complete peer review, while substantially

modifying feature importance rankings. This confirms that the impact of deviations is not

limited to time to complete peer review, but also extends to a second complementary dimension

of peer review effort.

Table 7.7 Performance and feature importance metrics for different models (MR size

prediction)

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 0.98 1.18* 1.15++ 0.64++ 0 0.50* 0.43* 1.26 1.36++ 0.90++ 0.66++ 0 0.50* 0.43* 1.00 1.00++ 0.52++ 0.68++ 0 0.20 0.43*

DP 2.96++ 1.57++ 1.74++ 0.68++ 0 0.20 0.25 3.15++ 1.91++ 0.95++ 0.75++ 0 0.50* 0.67+ 1.00++ 1.00++ 0.67++ 0.80++ 0 0.50* 0.43*

FPGA 1.09 1.11 1.02 0.75++ 0 0.50* 0.43* 1.01 1.09 0.94* 0.80++ 0 0.50* 0.43* 1.00 1.00* 0.68++ 0.92++ 1.00++ 0.50* 0.67+

MP 2.28++ 1.64++ 1.04* 0.41+ 0 0.20 0.43* 2.29++ 1.78++ 0.94++ 0.87++ 0 0.50* 0.67+ 1.00++ 1.00++ 0.57++ 0.87++ 0 0.50* 0.67+

CP 1.89++ 1.49++ 1.00 0.71++ 0 0.50* 0.67+ 2.00++ 1.66++ 0.98+ 0.94++ 0 0.50* 0.67+ 1.00++ 1.00++ 0.65++ 0.91++ 0 0.50* 0.67+

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .
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7.3.4 Distribution of MR Deviations Across MR Types

RQ5: How are MR deviations distributed across configuration, development, and
documentation MRs

Approach

To examine whether deviations vary according to the nature of the changed artifacts, we classified

each MR into one of three categories: configuration, development, or documentation. This

classification follows the heuristic-based strategy proposed in our earlier work on MR type

analysis in Chapter 6, while being adapted to the file naming conventions and project structure

of our industrial context.

Using the deviation labels obtained in the previous RQ, we then analyzed the distribution

of deviation types within each MR category across all projects. We first report the overall

distribution of MR types per project. We then examine how the identified deviation categories

are distributed within configuration, development, and documentation MRs.

Results

Figure 7.4 presents the overall distribution of MR types across the five projects. We observe

that MRs are predominantly development-oriented in most projects. The only exception

is FPGA, where configuration MRs slightly outnumber development MRs, representing

54.1% and 45.5% of MRs, respectively. This result is consistent with the nature of FPGA-

related work, which relies heavily on hardware-oriented setup, configuration artifacts, and

infrastructure-sensitive adjustments. In contrast, documentation MRs are almost absent across

all projects. They are entirely absent in PF and CP, and remain below 1% in MP, DP, and FPGA,

with proportions of 0.3%, 0.8%, and 0.8%, respectively. Because of this very low frequency, our

analysis mainly focuses on configuration and development MRs.
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a) MP b) CP

c) DP d) PF

e) FPGA

Figure 7.4 Percentage distribution of MR types across projects (MP, CP, DP, PF,

FPGA)

Figure 7.5 shows that the distribution of deviation types is not uniform across MR types. Instead,

deviations exhibit clear specialization patterns depending on whether the MR is related to

configuration, development, or documentation. Across most projects, configuration MRs

are dominated by Library Update (LU) and Build or Configuration Adjustments (BOCA),

confirming that deviations in this MR type are largely associated with operational maintenance
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and infrastructure-related work rather than with substantial review needs. For example, in the

PF project, configuration deviations are mainly composed of LU (62.1%), followed by BOCA

(13.8%) and Code Cleaning (CC) (12.1%), while development deviations in the same project are

more dispersed, with CC (38.2%) becoming the most frequent type, ahead of BOCA (26.5%)

and LU (17.6%). In the MP project, a similar pattern is observed, where configuration deviations

are again largely driven by LU (55.2%), whereas development deviations are more balanced

across CC (33.3%), BOCA (21.2%), and LU (21.2%). Likewise, in the CP project, configuration

deviations are mostly LU (50.0%) and BOCA (27.3%), while development deviations are spread

across BOCA (32.9%), CC (23.3%), and LU (21.9%).

A similar but even more pronounced contrast appears in the DP and FPGA projects. In DP,

configuration deviations are dominated by LU (54.2%) and BOCA (25.4%), whereas development

deviations shift toward Experimental or Work in Progress (EOW) (32.7%), followed by CC

(25.5%) and LU (21.8%). Documentation deviations are rare, but when present, they are split

equally between LU and BOCA. In FPGA, the distribution departs from the previous projects by

showing that configuration deviations are primarily BOCA (55.3%), followed by LU (21.3%) and

EOW (14.9%). This result is coherent with the hardware-oriented and infrastructure-sensitive

nature of the project. Development deviations in FPGA are more heterogeneous, with BOCA

(34.5%), CC (27.6%), and Revert Commits (RC) (20.7%) all contributing substantial shares.

Documentation deviations in FPGA are exclusively RC (100%), although this likely reflects a

very small number of documentation-related deviation cases.

Taken together, these results show that the same MR type does not always imply the same level

of review relevance. In particular, even when configuration MRs appear important because

they concern configuration artifacts, a substantial proportion of them correspond to deviations

such as Library Updates and Build or Configuration Adjustments. These cases often reflect

routine version changes, environment updates, or technical setup modifications that may appear

operationally important, yet do not necessarily require substantial peer review effort. As a result,

configuration MRs can create the impression of demanding careful review while, in practice,
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many of them correspond to lightweight or procedural changes that bypass the need for in-depth

evaluation.

A related but distinct phenomenon appears in development MRs. Although development changes

are generally assumed to represent the core of peer-reviewed software work, the deviation profile

within this MR type shows that a notable portion of development MRs also do not fully reflect

standard review scenarios. Instead of being dominated by routine configuration-oriented cases,

development deviations are more heterogeneous and include Code Cleaning, Experimental or

Work in Progress, and, in some projects, Revert Commits. This suggests that some development

MRs that may initially appear to deserve regular review attention are in fact associated with

cleanup activities, exploratory work, or rollback operations that do not carry the same review

objectives as regular implementation changes.

From an analytical perspective, these findings are important because they show that the apparent

nature of an MR is not always sufficient to infer the level or type of review effort it actually requires.

A configuration MR is not necessarily a high-attention review case, just as a development MR is

not necessarily a standard implementation review. Consequently, treating deviations as a single

homogeneous phenomenon, or assuming that MR type alone adequately characterizes review

needs, can mask important differences in how the MR mechanism is used in practice. This

reinforces the need for deviation-aware analyses that account not only for whether an MR is a

deviation, but also for the type of artifact involved when interpreting review practices or building

predictive models of peer review effort.
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a) MP b) CP

c) DP d) PF

e) FPGA

Figure 7.5 Percentage distribution of deviation categories across

projects (MP, CP, DP, PF, and FPGA) by MR type

Note: BOCA = Build or Configuration Adjustments, EOW = Experimental or Work in Progress, CC = Code Cleaning, LU = Library Update,

RC = Revert Commits, HC = Huge Changes, ECS = Empty Change Set.

7.3.5 Differential impact of MR Deviations Across MR Types

RQ6. Does the impact of deviations on peer review effort differ across configuration and
development MRs

Approach

After examining the overall impact of deviations on peer review effort and showing that deviations

are distributed differently across MR types, we next investigate whether their analytical impact
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also varies by MR type. This RQ extends the previous analyses by moving from a global view

of all MRs to a type-specific analysis of configuration and development MRs.

To address this question, we follow the same analytical principle used in the previous effort-

related RQs, but we perform the analyses separately for each MR type. More specifically,

we partition the dataset into configuration MRs and development MRs, and for each type we

compare models trained on the full set of MRs with models trained after excluding deviations.

As in the earlier analyses, we evaluate the impact of deviation exclusion on both predictive

performance and model interpretation. We consider the same two peer review effort measures

used previously: time to complete peer review and amount of changes required to complete peer

review. Documentation MRs are excluded from this analysis because they are too rare to support

stable and meaningful model construction.

Tables 7.8, 7.9, 7.10, and 7.11 summarize the results obtained for configuration and development

MRs across the studied projects.

Results

The results show that the impact of excluding deviations differs across MR types and across effort

measures. When effort is measured through time to complete peer review, the impact of deviation

exclusion remains generally limited for both configuration and development MRs, although it

is overall less favorable for configuration MRs. For configuration MRs, excluding deviations

leads to significant performance improvements in only 6.67% of cases, while 55.56% of cases

show no measurable impact and 37.78% exhibit significant degradation. These degradations are

concentrated almost entirely in SA, suggesting that removing deviations does not improve the

temporal predictability of configuration MRs and may, in some settings, reduce it. In contrast,

development MRs show a more balanced pattern: 22.22% of cases improve significantly, 60.00%

show no measurable impact, and 17.78% degrade significantly. Thus, while the time-based

impact of deviations remains modest overall, it is more favorable in development MRs than in

configuration MRs.
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The contrast becomes much stronger when effort is measured through amount of changes

required to complete peer review. For configuration MRs, excluding deviations produces

significant performance improvements in 53.33% of cases, while 22.22% of cases show no

measurable impact and 24.44% exhibit significant degradation. These improvements are

especially pronounced for XGBoost and Random Forest, with very large gains in projects such

as DP and MP. For development MRs, the pattern is also positive but slightly more mixed:

51.11% of cases improve significantly, 17.78% show no measurable impact, and 31.11% degrade

significantly. Across both MR types, the dominant impact is therefore much stronger for amount

of changes required to complete peer review than for time to complete peer review, indicating that

deviations have a clearer and more systematic impact on change-based effort than on temporal

effort.

When considering performance more broadly, excluding deviations preserves or improves results

in 62.22% of cases for configuration MRs and 82.22% of cases for development MRs when

predicting time to complete peer review. For amount of changes required to complete peer

review, the corresponding proportions rise to 75.56% for configuration MRs and 68.89% for

development MRs. These results indicate that deviations do not impact all MR types in the same

way. In the temporal dimension, development MRs appear more robust to deviation filtering,

whereas in the change-based dimension, both MR types benefit substantially, with configuration

MRs showing the clearest gains in several projects.

The interpretation results also reveal type-dependent impacts. For configuration MRs, Kendall’s

Tau values for time to complete peer review indicate weak similarity in 6.67% of cases, moderate

similarity in 33.33%, and strong similarity in 60.00%. For development MRs, the impact

is slightly stronger, with 33.33% of cases showing moderate similarity and 66.67% showing

strong similarity. When considering amount of changes required to complete peer review, the

interpretation shift becomes even clearer. For configuration MRs, 6.67% of cases show weak

similarity, 26.67% moderate similarity, and 66.67% strong similarity. For development MRs,

40.00% of cases show moderate similarity and 60.00% strong similarity. Overall, these results
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show that even when predictive performance remains relatively stable, the explanatory structure

of the models often changes after removing deviations, and this occurs across both MR types.

The Top-k overlap analysis further confirms that the impact of deviations is not uniform across MR

types or effort measures. For time to complete peer review, the Top-1 feature remains identical

before and after deviation exclusion in 100% of cases for both configuration and development

MRs, suggesting that the single most important predictor remains stable in the temporal setting.

However, this apparent stability weakens when broader feature sets are considered, as Top-3 and

Top-5 overlaps remain only partial in many cases. For amount of changes required to complete

peer review, the pattern is markedly different. In configuration MRs, Top-1 overlap is negligible

in 53.33% of cases and complete in 46.67%, whereas in development MRs it is negligible in

66.67% of cases and complete in only 33.33%. This indicates that the most important predictor

is much more likely to change when deviations are removed from the amount of changes required

to complete peer review models, especially for development MRs. Thus, the interpretation

impact of deviations is not only measure-dependent, but also MR-type dependent.

Table 7.8 Performance and feature importance metrics for configuration MRs (time to

complete peer review prediction)

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 1.00 1.00 0.96* 0.39+ 1.00++ 0.50* 0.25 1.00 1.00* 0.99++ 0.55+ 1.00++ 1.00++ 0.43* 1.00* 1.00+ 0.97++ 0.65++ 1.00++ 0.50* 0.43*

DP 1.01+ 1.00* 1.04* 0.33+ 1.00++ 0.20 0.25 1.00 1.00 0.95++ 0.12* 1.00++ 0.20 0.25 1.00 1.00* 0.90++ 0.47+ 1.00++ 0.20 0.25

FPGA 1.00* 0.99* 0.79++ 0.61++ 1.00++ 0.50* 0.25 1.00 1.00* 0.81++ 0.90++ 1.00++ 1.00++ 0.67+ 0.99+ 0.96++ 0.66++ 0.83++ 1.00++ 0.50* 0.43*

MP 1.00+ 1.00* 1.06+ 0.61++ 1.00++ 0.50* 0.25 1.00* 1.00 0.98++ 0.46+ 1.00++ 0.20 0.25 1.00+ 1.00 0.95++ 0.63++ 1.00++ 0.20 0.11

CP 1.00 1.00 0.97* 0.70++ 1.00++ 0.50* 0.43* 1.00 1.00* 0.97++ 0.73++ 1.00++ 1.00++ 0.43* 1.00 0.99* 0.97++ 0.72++ 1.00++ 0.20 0.43*

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .

Taken together, these findings show that the impact of MR deviations on peer review effort is

context dependent. Deviations do not impact all MR types in the same way, and their impact also

depends on how effort is measured. Their impact is limited and sometimes negative when effort

is approximated through time to complete peer review, particularly for configuration MRs. In

contrast, their impact becomes much more substantial when effort is measured through amount
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Table 7.9 Performance and feature importance metrics for development MRs (time to

complete peer review prediction)

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 1.00* 1.00* 0.99 0.47+ 1.00++ 0.50* 0.43* 1.00* 1.00 0.99++ 0.66++ 1.00++ 1.00++ 0.43* 1.00 1.00* 0.99++ 0.81++ 1.00++ 1.00++ 0.67+

DP 1.01* 1.00 0.94++ 0.41+ 1.00++ 0.50* 0.43* 1.00 1.00* 0.99++ 0.76++ 1.00++ 0.50* 0.67+ 1.00 1.00* 0.99++ 0.81++ 1.00++ 0.50* 0.67+

FPGA 1.00+ 1.00+ 1.02 0.55+ 1.00++ 0.20 0.25 1.00+ 1.00* 0.93++ 0.42+ 1.00++ 0.20 0.25 1.00++ 1.01+ 0.89++ 0.72++ 1.00++ 0.20 0.43*

MP 1.00+ 1.00+ 1.03++ 0.69++ 1.00++ 0.20 0.25 1.00+ 1.00* 1.00 0.51+ 1.00++ 0.20 0.25 1.00++ 1.00* 1.00* 0.76++ 1.00++ 0.20 0.43*

CP 1.00 1.00* 1.01 0.67++ 1.00++ 0.50* 0.25 1.00* 1.00+ 1.00+ 0.72++ 1.00++ 0.50* 0.43* 1.00* 1.00+ 1.00++ 0.84++ 1.00++ 0.20 0.43*

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .

of changes required to complete peer review, where removing deviations frequently improves

predictive performance and alters model interpretation for both configuration and development

MRs. This result reinforces the broader argument of this RQ: deviation-aware analysis should

not only be performed globally, but should also account for MR type, since both the prevalence

and the analytical consequences of deviations vary across artifact contexts.

Table 7.10 Performance and feature importance metrics for configuration MRs (amount of

changes required to complete peer review prediction)

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 1.11 1.36+ 1.56++ 0.56+ 0 0.50* 0.67+ 1.00 1.00* 0.99++ 0.55+ 1.00++ 1.00++ 0.43* 1.12 1.38++ 0.46++ 0.69++ 0 0.20 0.43*

DP 4.25++ 2.69++ 2.04++ 0.54+ 0 0.20 0.43* 1.00 1.00 0.95++ 0.12* 1.00++ 0.20 0.25 4.44++ 2.93++ 0.50++ 0.79++ 0 0.50* 0.67+

FPGA 1.18 1.09 1.03 0.75++ 1.00++ 0.20 0.43* 1.00 1.00* 0.81++ 0.90++ 1.00++ 1.00++ 0.67+ 0.90 1.06 0.93* 0.79++ 1.00++ 0.20 0.25

MP 2.83++ 2.09++ 1.46++ 0.62++ 0 0.50* 0.43* 1.00* 1.00 0.98++ 0.46+ 1.00++ 0.20 0.25 2.88++ 2.14++ 0.44++ 0.81++ 0 0.50* 0.43*

CP 1.59+ 1.44++ 1.39++ 0.65++ 0 0.50* 0.43* 1.00 1.00* 0.97++ 0.73++ 1.00++ 1.00++ 0.43* 1.54+ 1.51++ 0.61++ 0.88++ 0 0.50* 0.67+

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .

7.4 Discussion

Generalizability

(a) Industry: To validate our findings and ensure the robustness of our approach, we solicited

data from TELUS, which allows us to extend our analysis beyond our initial dataset. Following
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Table 7.11 Performance and feature importance metrics for development MRs (amount of

changes required to complete peer review prediction)

Model

XGBoost ExtraTree Random Forest

Performance Feature Importance Performance Feature Importance Performance Feature Importance

MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5 MSE MAE SA K T1 T3 T5

PF 1.90+ 1.45++ 1.24++ 0.59+ 0 0.50* 0.25 1.00* 1.00 0.99++ 0.66++ 1.00++ 1.00++ 0.43* 1.83+ 1.55++ 0.70++ 0.85++ 0 0.50* 0.67+

DP 1.78++ 1.33++ 1.52++ 0.56+ 0 0.20 0.43* 1.00 1.00* 0.99++ 0.76++ 1.00++ 0.50* 0.67+ 1.97++ 1.54++ 0.71++ 0.78++ 0 0.20 0.25

FPGA 0.30* 0.80* 1.02 0.67++ 0 0.50* 0.67+ 1.00+ 1.00* 0.93++ 0.42+ 1.00++ 0.20 0.25 0.44* 0.87 0.63+ 0.82++ 0 0.50* 0.67+

MP 2.11++ 1.66++ 0.99 0.54+ 0 0.50* 0.25 1.00+ 1.00* 1.00 0.51+ 1.00++ 0.20 0.25 2.16++ 1.80++ 0.61++ 0.83++ 0 0.50* 0.67+

CP 1.81++ 1.56++ 0.99 0.57+ 0 0.50* 0.67+ 1.00* 1.00+ 1.00+ 0.72++ 1.00++ 0.50* 0.43* 2.03++ 1.76++ 0.63++ 0.84++ 0 0.20 0.67+

Cohen’s d: Negligible if |𝑑 | ≤ 0.147, Small+ if 0.147 < |𝑑 | ≤ 0.33, Medium++ if 0.33 < |𝑑 | ≤ 0.474, Large if

|𝑑 | > 0.474.

Wilcoxon Test: Significant if 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≤ 0.05

Kendall’s Tau (k): Weak* if |𝜏 | ≤ 0.3, Moderate+ if 0.3 < |𝜏 | ≤ 0.6, Strong++ if |𝜏 | > 0.6.

Top-K (Tk: T1, T2, T3) Overlap: Negligible if 0.0 < 𝑇𝑘 ≤ 0.25 , Small* if 0.25 < 𝑇𝑘 ≤ 0.50 , Medium+ if

0.50 < 𝑇𝑘 ≤ 0.75 , Large++ if 0.75 < 𝑇𝑘 ≤ 1 .

the same process of MR annotation, we collaborate with their industry experts to identify

deviations in one of their most critical projects, which contains 9k MRs.

Our analysis revealed that the same deviations occurred in 17.88% of cases. As shown in

Figure 7.6, we observe a similar pattern to our previous findings, where Library Updates (LU)

accounted for 39.1% of the deviations, followed by Build or Configuration Adjustments (BOCA)

at 39.1%. This high proportion can be attributed to the nature of the company’s development

process. The industry expert played a crucial role in distinguishing between normal cases

and those that did not require review during dataset annotation. These findings emphasize

the importance for practitioners to analyze similar patterns in their own datasets, as they may

influence review analysis and related decisions.

Figure 7.6 Percentage distribution of deviation types in the project from the other
industrial partner Note: BOCA = Build or Configuration Adjustments, EOW = Experimental or Work in Progress, CC = Code Cleaning, LU = Library Update, RC =

Revert Commits, HC = Huge Changes, ECS = Empty Change Set.
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(b) Open Source: Analyzing deviations in open-source projects is challenging due to the lack

of direct industrial partners for validation. In industry, deviations can be confirmed through

collaboration with practitioners who provide context on project workflows and MR usage. In

contrast, open-source projects follow a decentralized model with diverse contributors, making

validation dependent on metadata, commit messages, and review patterns. Without direct access

to maintainers, distinguishing true deviations from standard variations becomes more difficult.

Despite these challenges, applying our methodology to an open-source project is valuable, as

it allows us to assess the generalizability of deviation detection beyond controlled industrial

environments. By replicating our approach, we analyze the Inkscape project, which includes

6,989 MRs, making it a suitable case study due to its active community-driven development

and diverse MR usage. As shown in Figure 7.7, our analysis shows that deviations account for

10.69% of cases, though not all deviation types are equally prominent. Notably, experimental or

WIP MRs represent the largest share (43.2%) 2 3, followed by empty change set (29.7%) 4 and

code cleaning (24.3%)5. Revert commits, on the other hand, are relatively rare, comprising only

2.7% of deviation cases 6. Interestingly, an additional deviation type emerges in this context:

Documentation Updates, which include MRs related to documentation modifications and

language translations where we do not observe any review activity7 8. With this new deviation,

MR deviations account for 16% of total deviations. This finding highlights the importance

of investigating deviation patterns within different contexts, encouraging practitioners to

examine deviations specific to their own projects. Notably, The overall percentage of deviations

in Inkscape is lower than in the industrial dataset, which we attribute to differences in workflow

structures, review policies, and project governance. In open-source projects, we hypothesize that

review deviations are naturally less frequent due to their more flexible and asynchronous review

2 https://gitlab.com/inkscape/inkscape/-/merge_requests/2467

3 https://gitlab.com/inkscape/inkscape/-/merge_requests/747

4 https://gitlab.com/inkscape/inkscape/-/merge_requests/457

5 https://gitlab.com/inkscape/inkscape/-/merge_requests/3475

6 https://gitlab.com/inkscape/inkscape/-/merge_requests/3342

7 https://gitlab.com/inkscape/inkscape/-/merge_requests/2295

8 https://gitlab.com/inkscape/inkscape/-/merge_requests/33264
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processes, whereas in industrial settings, structured workflows and predefined roles contribute

to a higher incidence of deviations.

a) Distribution of MR deviations before adding

the new category

b) Distribution of MR deviations after adding

the new category

Figure 7.7 Percentage distribution of deviation types for Inkscape

Note: BOCA = Build or Configuration Adjustments, EOW = Experimental or Work in Progress, CC = Code Cleaning, LU = Library Update, RC = Revert Commits, HC =

Huge Changes, ECS = Empty Change Set, DU = Documentation Updates.

Explaining MR deviations: The MR deviations identified in RQ1 do not conform to the

standard peer review process, with each type of deviation exhibiting distinct characteristics and

behaviors. These deviations account for up to 37.02% of the total MRs, potentially distorting

key insights into review dynamics. Understanding these deviations individually provides critical

supplementary information that would otherwise remain hidden. Ignoring these MRs would

exclude a substantial portion of project activity, which is why we conducted additional analyses

to investigate their interpretation compared to standard MRs.

From a statistical perspective, an analysis of time to complete peer review did not reveal

a significant difference between standard and deviation MRs. However, our machine

learning experiments with 100 bootstraps uncover notable distinctions in feature importance.

Specifically, when comparing models trained on deviation MRs versus regular MRs, XGBoost

(the best-performing model in RQ3, with results consistent across other algorithms) exhibits

distinct behaviors. The Kendall’s tau correlation between models trained on standard and

deviation MRs ranges from 0.26 to 0.64, indicating varying degrees of divergence. Additionally,

while Top-1 feature rankings remain stable across all projects, Top-3 feature overlap is 0.5 in
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four projects and 0.2 in one project. Finally, Top-5 feature overlap is 0.25 in three projects and

0.42 in two projects, highlighting the unique patterns embedded in MR deviations compared

to regular MRs. The observed differences suggest that treating deviation MRs separately in

predictive models could enhance peer review analysis by introducing an additional analytical

dimension, enabling deeper insights from machine learning models.

Model Validation: To assess the robustness and generalizability of our predictive models,

we conducted cross-validation across different projects, training on one project (e.g., CP) and

validating on another (e.g., DP). This approach evaluates the model’s ability to adapt to unseen

data and ensures that it is not overfitting to a specific project’s characteristics. Our results

indicate accuracy ranging from 0.54 to 0.72, highlighting the model’s adaptability while also

revealing variability in performance across different contexts.

Discussion Summary

This study shows that MR deviations are not merely isolated anomalies in the review process, but

recurring forms of process variation that affect how MR data should be interpreted. The central

implication is that an MR dataset should not be assumed to represent a homogeneous collection

of standard review instances. In industrial DevOps settings, the MR mechanism can serve

multiple purposes: formal peer review, dependency maintenance, configuration adjustment,

code cleanup, rollback, experimentation, or operational synchronization. These purposes leave

similar traces in the same repository infrastructure, but they do not necessarily correspond to

the same review intent or effort demand. Treating all of them as equivalent review units can

therefore lead to misleading conclusions about review effort, reviewer behavior, and the factors

that drive review outcomes.

MR Deviations as Workflow Signals Rather Than Statistical Noise

A key lesson from our results is that deviations should not be reduced to the notion of statistical

outliers. Traditional preprocessing strategies often remove observations that are numerically
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extreme, for example unusually long reviews, unusually large changes, or unusually inactive MRs.

However, our findings suggest that this is not sufficient. Some deviations may look numerically

ordinary while still reflecting a non-standard review workflow. Conversely, some regular MRs

may appear large, slow, or inactive while still corresponding to legitimate peer-reviewed work.

This distinction matters because deviations are not only data quality problems; they are also

workflow signals. They reveal how teams actually use the MR mechanism beyond its formal

purpose. For example, library updates and build or configuration adjustments suggest that the

MR mechanism is also used as a controlled integration gate for routine operational changes.

Experimental or work-in-progress MRs show that developers sometimes use MRs as coordination

or staging artifacts before a change is ready for full review. Code cleaning and revert-related

MRs show that some MRs are created to maintain or restore the codebase rather than to introduce

new functionality. These cases are meaningful for process understanding, but they should not

always be analyzed together with regular review-intensive MRs.

Therefore, deviation-aware analysis should not be understood as a simple filtering step. Instead,

it should be viewed as a way to recover the process intent behind MR traces. Depending on

the research or managerial objective, deviations may need to be excluded, analyzed separately,

or explicitly modeled. If the goal is to study standard peer review effort, excluding deviations

can reduce bias. If the goal is to understand how teams use the MR mechanism in practice,

deviations are themselves important process phenomena. This distinction helps avoid a simplistic

interpretation where deviations are always treated as noise.

Why Deviations Affect Effort Modeling

The impact of deviations on predictive models can be explained by the fact that effort-related

metrics have different meanings across standard and non-standard MRs. In regular MRs,

completion time, post-submission changes, reviewer participation, and discussion activity are

more likely to reflect the actual cost of evaluating and improving a submitted change. In
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deviations, the same metrics may instead reflect procedural waiting time, automation behavior,

synchronization constraints, or low-priority maintenance activity.

This difference changes both model performance and model interpretation. When deviations are

mixed with regular MRs, the model is forced to learn from cases generated by different underlying

processes. As a result, the relationship between predictors and review effort becomes less

stable. A feature that appears important in the full dataset may be important because it captures

deviation-related behavior rather than standard review effort. After deviations are removed, the

model may rely on a different set of features, indicating that the original interpretation was partly

driven by non-standard cases.

This is especially important for empirical software engineering studies that use feature importance

to explain review behavior. In such studies, the objective is often not only to predict an outcome,

but also to understand what drives that outcome. Our results show that even when predictive

performance changes only moderately, feature importance rankings can shift substantially.

This means that deviations may have a stronger effect on explanation than on prediction. For

researchers, this is an important warning: a model can appear reasonably accurate while still

producing an interpretation that is sensitive to the composition of the dataset.

The Multi-Dimensional Nature of Review Effort

Another important implication is that the effect of deviations is not limited to temporal effort.

peer review effort is often approximated through completion time because time is easy to extract

and has practical relevance. However, completion time mixes several phenomena: active review,

waiting, prioritization, scheduling, and coordination delays. The amount of changes required

to complete an MR captures a different dimension of effort, namely how much the submitted

change evolves after it enters the review process.

By showing that deviations affect both completion time and the amount of changes required

to complete an MR, our study indicates that their impact is multi-dimensional. Deviations

do not only distort how long reviews appear to take; they also affect how much modification
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effort appears to be associated with MR completion. This reinforces the need to analyze review

effort through complementary measures. A deviation may have a short completion time but

no meaningful review activity, or it may remain open for a long time because it is low priority

rather than difficult to review. Similarly, a regular MR and a deviation may have similar change

sizes, while reflecting different review purposes.

This result supports a broader view of review effort analysis. Instead of relying on a single effort

proxy, researchers should consider whether each metric reflects the same process construct across

all MRs. Completion time, amount of changes, discussion activity, reviewer participation, and

approval behavior may each be affected differently by deviations. A deviation-aware approach

can therefore improve construct validity by ensuring that effort measures are interpreted in

relation to the type of MR workflow they represent.

MR Type Changes the Meaning of Deviations

The MR-type-aware analysis further shows that deviations are not uniformly distributed across

artifact types. This matters because artifact type changes the interpretation of both the deviation

and the effort measure. A configuration MR that updates deployment scripts, dependency

versions, or CI/CD settings may formally appear as a configuration-related review instance,

but its actual review intent may be procedural or operational. Similarly, a development MR

may correspond to implementation work, but it may also represent cleanup, rollback, or

experimentation.

This distinction is important for studies comparing configuration, development, and documentation

MRs. Without deviation awareness, one may incorrectly attribute differences in review effort to

artifact type, when part of the difference is actually due to the prevalence of specific deviation

categories. For example, if configuration MRs contain many library updates or build adjustments,

they may appear to require less review effort not only because configuration changes are reviewed

differently, but also because many of these MRs correspond to lightweight procedural cases.
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Conversely, development MRs may show more heterogeneous effort patterns because they

include a wider variety of deviation types.

The broader implication is that artifact type and deviation status should be considered jointly.

MR type explains what kind of artifact is being modified, whereas deviation status explains

whether the MR follows the expected review workflow. Both dimensions are necessary to

interpret review effort correctly. An MR-type-aware but deviation-agnostic analysis may still

mix regular and non-standard workflows. A deviation-aware but type-agnostic analysis may

miss the fact that deviations have different forms and consequences depending on the artifact

being reviewed.

From Deviation Removal to Deviation-Aware Analytics

Although our empirical analysis compares models trained with and without deviations, the

practical objective is not to recommend the systematic removal of all deviations from MR

datasets. The appropriate treatment depends on the purpose of the analysis. For studies of

standard review effort, removing or separately modeling deviations can improve analytical

validity. For studies of process governance, deviations may be valuable because they reveal

how teams use the MR mechanism for maintenance, coordination, and operational control. For

industrial dashboards, deviations may need to be flagged rather than removed, so that teams can

interpret metrics according to MR intent.

This suggests a shift from generic MR analytics to deviation-aware MR analytics. In such an

approach, each MR would be analyzed not only through its size, duration, and review activity,

but also through its likely process role. This could support more reliable dashboards, more

precise effort estimation, and better reviewer allocation. For example, a routine dependency

update and a complex feature implementation should not necessarily be treated as equivalent

units when computing average review effort or identifying bottlenecks. Similarly, a long-open

experimental MR should not be interpreted in the same way as a long-open feature MR waiting

for reviewer feedback.
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At the same time, deviation-aware analytics should be used carefully. The identification of a

deviation does not imply that review should be skipped automatically. Some procedural or

maintenance-oriented MRs may still carry operational risk, especially in configuration-heavy

DevOps environments. The practical value of deviation detection is therefore not to bypass

review, but to support more informed review triage. Teams can use deviation status as one signal

among others to decide whether an MR requires standard review, lightweight review, automated

validation, or additional scrutiny.

7.5 Implications

7.5.1 Implications for our industrial partners

For our industrial partners, these findings suggest that not all MRs should be treated as equally

meaningful review units. In industrial settings, a portion of MR traffic may correspond to

procedural, maintenance-oriented, or exploratory activities that formally use the MR mechanism

without requiring the same level of reviewer attention as regular code changes. Identifying such

cases can help teams allocate review effort more effectively and reduce unnecessary review

overhead.

The results also indicate that deviation-aware analysis can improve the reliability of internal

dashboards, monitoring systems, and predictive tools. When deviations remain mixed with

regular MRs, indicators such as time to complete peer review, estimated effort, or feature

importance may reflect a mixture of fundamentally different workflows. This can lead teams

to optimize the wrong aspects of the process or misinterpret the main drivers of review effort.

Integrating automated deviation detection into analytics pipelines could therefore support more

reliable monitoring, more informed reviewer assignment, and more accurate process assessment.

Finally, our findings highlight the importance of considering MR type when interpreting

analytics. This is especially relevant in DevOps-intensive environments where configuration-

related changes are frequent and operationally central. Although such MRs may appear to
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deserve systematic review attention, many of them may correspond to lightweight procedural

updates. Distinguishing these cases from truly review-intensive changes can help teams better

align review practices with actual effort and risk.

7.5.2 Implications for researchers

For researchers, the primary implication of this chapter is that MR-based empirical studies should

treat deviation detection as a data-preparation step rather than as an optional refinement. Because

deviations account for up to 37% of MRs in our industrial data and follow a workflow that

differs fundamentally from the standard review–revise–approve–merge process, their inclusion

in empirical analyses silently mixes heterogeneous behaviors under a single unit of analysis.

The observed shifts in feature-importance rankings when deviations are removed indicate that

models trained on unfiltered MR data may recover partially spurious drivers of peer review

effort. Future empirical studies that aim to characterize peer review effort, identify review

bottlenecks, or build predictive models of review outcomes should therefore explicitly report

whether deviations were filtered, describe the criteria used for filtering, and, where possible,

report sensitivity analyses comparing results with and without deviations. This expectation

applies symmetrically to time-based and change-based effort measures.

The chapter also provides reusable methodological artifacts for the research community. The

seven-category deviation taxonomy offers a shared vocabulary for describing non-standard MRs

and can be extended or adapted to new contexts, while the few-shot detection method, which

reaches up to 91% accuracy, demonstrates that deviation annotation can be scaled to large MR

datasets without requiring exhaustive manual labeling. Both artifacts can support replication and

cross-study comparability in empirical peer review research. Finally, the uneven distribution of

deviations across configuration, development, and documentation MRs reinforces the point made

in prior chapters that peer review should be analyzed through stratified rather than aggregate

designs: deviations and MR types interact, and ignoring this interaction risks producing findings

that do not hold uniformly across artifact categories. Researchers are therefore encouraged to
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combine deviation-aware filtering with MR-type stratification when studying review effort, and

to publish the filtering decisions alongside their replication packages.

7.6 Threats to Validity

This study focuses on the MR mechanism as implemented in GitLab. Although other review

mechanisms, such as Pull Requests in GitHub, rely on similar principles of discussion, feedback,

and approval, differences in workflow and tooling may affect the generalizability of our findings

across platforms.

A second threat concerns the specificity of the analyzed projects. The prevalence and nature of

deviations may vary depending on development practices, team structures, and domain-specific

workflows. To mitigate this threat, the projects were selected in collaboration with industry

experts and span multiple teams and types of work. Nevertheless, further replication in other

industrial and open-source settings is needed to assess the generalizability of both the deviation

taxonomy and the observed analytical effects.

A third threat lies in the technologies used for data processing and model training. We mitigated

this risk by relying on widely adopted and well-maintained tools such as scikit-learn, which

supports reproducibility, transparency, and robustness.

A fourth threat relates to the manual annotation process used to identify deviations. This process

may introduce subjectivity. To reduce this risk, we involved domain experts in the annotation of

industrial MRs and established annotation guidelines to improve consistency.

7.7 Conclusion

This study examined MRs that do not follow the expected review workflow, which we refer to as

deviations. Through an industrial investigation, we showed that such cases are not marginal

exceptions, but recurrent occurrences that account for up to 37.02% of MRs. Their prevalence

alone indicates that treating all MRs as equivalent review instances can distort empirical analysis.
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To address this issue, we first defined and categorized deviations, then proposed an AI-based

detection approach using few-shot learning, achieving up to 91% accuracy while substantially

reducing the manual effort required to identify them.

We further showed that deviations have a measurable impact on code review effort analysis.

When effort is approximated through time to complete peer review, excluding deviations often

improves or preserves model performance while substantially altering model interpretation.

Extending the analysis to the amount of changes required to complete peer review confirmed that

this effect is not limited to temporal measures, but also applies to a second, change-based effort

dimension. Together, these findings show that deviations affect both how effort is predicted and

how it is explained.

The study also showed that deviations are distributed differently across MR types. Configuration

MRs are mainly associated with procedural deviations such as library updates and build or

configuration adjustments, whereas development MRs exhibit a more heterogeneous profile,

including code cleaning, experimental work, and revert-related cases. In addition, the analytical

effect of excluding deviations differs across configuration and development MRs, especially

when effort is measured through the amount of changes required to complete peer review. This

indicates that deviation-aware analysis should account not only for whether an MR is standard

or non-standard, but also for the type of artifact under review.

Overall, our results demonstrate that deviations constitute a meaningful source of bias in

code review analytics. Ignoring them can lead to misleading interpretations of review effort

and unreliable conclusions for both researchers and practitioners. By identifying deviations,

automating their detection, and examining their impact across effort dimensions and MR types,

this work contributes to more reliable and context-aware MR analytics. In practice, integrating

deviation-aware analysis into review pipelines can help teams better prioritize reviewer attention

and avoid overestimating the importance of lightweight procedural changes.
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Preamble

This chapter connects peer review effort to upstream planning conditions by studying size-based

task estimation in an industrial DevOps environment at TELUS. We analyze whether estimated

task sizes remain meaningful during execution, how waiting states and multitasking relate to

task outcomes, how often underestimation contributes to failure, and whether task failure can

be anticipated at creation time. The results show that failure rates remain relatively stable

across sizes and over time, while multitasking has no practically meaningful relationship with

failure. Waiting exposure is associated with higher failure rates, but waiting duration itself

is less informative. Underestimation explains a meaningful share of unsuccessful outcomes,

indicating that part of the process burden later observed downstream may originate from

upstream planning inaccuracies. A bridge analysis further shows that underestimated failed

tasks spend a disproportionate share of their lead time in review, suggesting that unresolved

complexity may be transferred into the peer review stage.

This chapter is adapted from a paper submitted to ICSME 2026. The baseline of this work

was developed in the master’s thesis of Damien Desvent �, who carried out the initial Kanban

analysis. The thesis version revises the introduction, conclusion, and overall framing to align

the chapter with the objectives of this thesis. It also extends the discussion by connecting the

upstream-planning findings to peer review effort and to the broader process-oriented argument

developed across the thesis.
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8.1 Introduction

The previous chapters examined peer review effort from within the MR process itself, focusing

on how review activity can be observed, how effort can be measured, how it varies across types of

changes, and how non-standard workflows can affect its interpretation. Together, these analyses

show that peer review effort is not a single or uniform phenomenon, but a process-dependent

construct shaped by the characteristics and context of the reviewed change.

However, peer review effort does not begin only when an MR is created. The work required

during review may already be shaped by upstream conditions, including how tasks are estimated,

assigned, interrupted, and executed before they reach the review stage. A poorly estimated

or unstable task may result in an MR that is less mature at submission time, requires more

clarification, or generates more corrective work during review. Therefore, optimizing peer

review effort requires looking not only at the review process itself, but also at the planning and

execution conditions that may generate avoidable downstream burden.

Effort estimation plays a central role in software project planning, task allocation, and delivery

monitoring, as it enables teams to anticipate the work required to complete tasks, assign

responsibilities, and adjust priorities throughout development (Mahmood, Kama, Azmi,

Khan & Ali, 2022; Pasuksmit, Thongtanunam & Karunasekera, 2024). When estimation and

planning are inadequate, projects are more likely to experience delays or failure (Serrador & Pinto,

2015), a challenge that has intensified as software systems and delivery pipelines have grown

in scale and complexity (?). In DevOps environments, where work is delivered continuously

through platforms such as GitLab or GitHub, estimation supports rapid coordination and

scheduling decisions rather than fixed upfront planning. For these reasons, estimation is a

foundational practice for effective software delivery (Robles, Lara, Salgado & Hidalgo-Reyes,

2023).

Despite its importance, estimation remains difficult across Agile and flow-based planning

approaches, including Scrum, Kanban, and related iterative methods (Ruk et al., 2025b).

Existing research has mainly examined estimation techniques such as story points, T-shirt sizing,
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relative calibration, and model-based effort prediction (Mallidi & Sharma, 2021a; Sahni; Poženel

et al., 2023; Catak et al., 2024; William et al., 2021a; Thukkaram, 2025). However, less is

known about how size-based estimates behave once tasks enter execution workflows in industrial

DevOps settings. In particular, limited evidence exists on how estimates relate to observed

lead time, execution interruptions, waiting states, developer workload, and task failure during

day-to-day development (Weigelt; Alturki & E-amin, 2025).

This gap matters for the present thesis because upstream estimation conditions may influence

downstream peer review effort. Inaccurate estimates can create unrealistic delivery expectations,

suboptimal task allocation, and unstable execution conditions. These conditions may affect the

maturity of the resulting change before review, increasing the need for clarification, revision,

or coordination once the work is submitted as an MR. In this sense, part of peer review effort

may be generated before the peer review stage begins, through upstream planning and execution

dynamics.

This chapter therefore extends the thesis from the analysis of peer review effort inside the MR

process to the upstream conditions that may shape it. We study this relationship in collaboration

with TELUS, a major Canadian telecommunications company operating large-scale Kanban-

based DevOps workflows on GitLab. In this environment, tasks are estimated using T-shirt

sizes and progress through multiple workflow states without fixed iteration boundaries. This

continuous-flow setting makes it possible to observe how estimates interact with execution

dynamics over time, rather than treating estimation as a planning-only activity.

We analyze 13,419 tasks from 187 GitLab projects and reconstruct fine-grained task histories

using GitLab APIs. From these data, we derive task lead times and define two complementary

size-specific reference indicators: a median-based reference lead time (RLT𝑀𝐸𝐷), which captures

typical delivery behavior, and a percentile-based reference lead time (RLT𝑆𝐿𝐸 ), aligned with

the Kanban Service Level Expectation concept. Based on these references, we define task-level

failure indicators that identify tasks whose execution exceeds size-specific expectations. We

further define an underestimation indicator that captures tasks that would have succeeded if
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estimated one size higher, and we examine how estimation outcomes relate to waiting states,

workload distribution, and size-weighted multitasking. Finally, we assess whether task failure

can be predicted at creation time using supervised classifiers and locally deployed small language

models.

Across this analysis, we find that task failure rates remain relatively stable across sizes and

over time, with no clear long-term improvement or degradation trend. Waiting exposure is

strongly associated with failure: tasks that enter a waiting state fail 1.5 to 2 times more often

than tasks overall, although waiting duration itself does not significantly distinguish failed from

successful tasks. Underestimation explains a meaningful but partial share of failures, ranging

from 17.9% to 24.6% depending on the reference indicator, with stronger effects concentrated at

middle and upper size transitions. Size-weighted multitasking shows no practically meaningful

relationship with task failure, suggesting that parallel work in the TELUS setting reflects workload

organization rather than a direct cause of unsuccessful delivery. Creation-time prediction is

feasible but weak, with the strongest configurations reaching an AUC of 0.57, confirming that

execution-time signals carry substantially more predictive power than creation-time features

alone.

The main contributions of this chapter are:

• an execution-centric empirical analysis of size-based estimation in a Kanban-based industrial

DevOps environment, focusing on estimation behavior during task execution rather than

planning alone;

• a unified task-level framework that defines estimation failure using two complementary

size-specific reference indicators, quantifies underestimation through minimal one-size

corrections, and relates estimation outcomes to workflow dynamics such as waiting states

and developer workload;

• an evaluation of early-warning prediction of task failure at creation time using supervised

classifiers and locally deployed small language models, providing a benchmark for on-

premises deployment in industrial settings;
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• empirical evidence showing that upstream planning and execution conditions can help explain

where downstream process burden may originate, supporting the thesis argument that peer

review effort should be analyzed within the broader DevOps workflow.

8.2 Study Design

This study analyzes effort estimation in TELUS GitLab repositories answering 5 RQs, through

four steps: data collection, metric construction, reference lead time definition, and statistical

testing.

8.2.1 Research Questions

The chapter is guided by the following five research questions:

RQ1 How do task failure rates evolve across estimated sizes and over time? This question

examines whether size-based estimation provides stable delivery expectations during

execution or whether failure patterns vary systematically across sizes and time.

RQ2 How does time spent in waiting columns impact task outcomes? This question studies

whether workflow interruptions act as meaningful risk signals for delivery failure and

whether waiting duration adds explanatory value beyond waiting exposure itself.

RQ3 To what extent does underestimation contribute to task failure? This question

quantifies the role of estimation calibration in delivery failure by assessing whether failed

tasks could have succeeded under a minimal upward size correction.

RQ4 What is the impact of multitasking and workload distribution on task failure? This

question studies whether parallel work and workload intensity are associated with a higher

probability of exceeding the expected delivery window.

RQ5 To what extent can issue delivery failure be predicted at task creation? This question

evaluates early prediction using only point-in-time information available when the task
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is created, and compares conventional machine-learning models with locally hosted

LLM-based alternatives.

8.2.2 Data collection

The study is based on the issue and workflow-history dataset introduced in Section 3.5, which

consists of issues, users, and full issue histories extracted from TELUS GitLab repositories. The

reconstructed task timelines support the computation of lead time, workflow exposure, waiting

duration, and workload-related measures used throughout the chapter.

8.2.3 Metrics collection

From the collected GitLab event streams, we derive analysis-ready metrics grouped by entity

type (Table 8.1). The processing pipeline performs timestamp alignment, type normalization,

missing-value handling, duplicate removal, assignment reconstruction, and automated-account

identification. This produces consistent measurements of task execution, workflow transitions,

estimation changes, and human involvement.

8.2.4 Estimation metrics

8.2.4.1 Effort (issue weight)

TELUS estimates effort using T-shirt sizes mapped to Fibonacci weights: {XS, S,M,L,XL,XXL} →

{1, 2, 3, 5, 8, 13}. In the remainder of the paper, estimate, size, and category refer to this mapped

weight.

8.2.4.2 Lead time (LT)

For issue 𝑖, lead time is defined as:

LT𝑖 = 𝑡end(𝑖) − 𝑡start(𝑖), (8.1)
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Table 8.1 Data entities and metrics derived from GitLab for our study

Entity Analytical role Attributes (definition)
Project Context Defines the organizational

and temporal scope of

analysis

id— project identifier; name— project label;

name_with_namespace— fully qualified project name;

namespace_id— organizational unit; created_at—
project start time; last_activity_at— most recent

activity timestamp.

Task Descriptor Captures static task

properties used for

estimation and grouping

id— task identifier; project_id— associated project;

title— task summary; description— free-text

content; weight— estimated task size; state—
open or closed; created_at— task start time;

closed_at— task completion time; author_id— task

creator; assignees— current responsible developers;

cloned_from— origin task identifier.

Actor Profile Identifies human and

automated contributors

involved in task execution

id— actor identifier; username— account login; name—
display name; state— account status; is_bot—
automation indicator used to separate human and non-

human activity.

Workflow Transition Event Enables reconstruction

of task movement across

Kanban columns

id— event identifier; user_id— actor triggering the

transition; target_id— task identifier; created_at—
transition timestamp; action— label addition or removal;

label_id, label_name— status labels encoding

Kanban columns (e.g., Status::*).
Estimation Update Event Tracks the evolution of

task size estimates during

execution

id— event identifier; user_id— actor modifying the

estimate; target_id— task identifier; created_at—
update timestamp; weight— new estimated size value.

Lifecycle State Event Defines task activation and

completion boundaries

id— event identifier; user_id— actor; target_id—
task identifier; target_type— resource type;

created_at— state-change timestamp; state— new

lifecycle state (open or closed).

Assignment Change Event Supports workload and

multitasking measurement

id— event identifier; target_id— task identifier;

author_id— actor; assignee_id— developer added

or removed; action— assignment or unassignment;

created_at— event timestamp.

where 𝑡start(𝑖) is the first transition into In Progress and 𝑡end(𝑖) is the first transition into Done

or Closed.

8.2.4.3 Reference lead time (RLT) and outcome labeling

For each estimated size 𝑠, we define two complementary reference lead time indicators: an

SLE-based threshold RLT𝑆𝐿𝐸
𝑠 and a median-based threshold RLT𝑀𝐸𝐷

𝑠 .

SLE-based reference lead time (RLT𝑆𝐿𝐸
𝑠 )

Following Kanban SLE practice (Vacanti & Coleman, 2020; Kan, 2022), we define:

RLT𝑆𝐿𝐸
𝑠 = 𝑄0.85

(
{LT𝑖 | estimate(𝑖) = 𝑠}

)
, (8.2)
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Table 8.2 Per-size lead time distribution at TELUS. Values in hours. RLT𝑀𝐸𝐷 and

RLT𝑆𝐿𝐸 denote the median-based and SLE-based (85th percentile) reference lead times,

respectively

Weight T-shirt size #Issues RLTMED RLTSLE Mean SD Q1 Q3 Skew
0 NE 4,473 212.02 3,084.92 2,044.95 5,424.14 26.82 1,348.25 4.50

1 XS 4,311 195.30 837.65 584.98 1,465.05 65.64 482.80 7.56

2 S 798 307.94 1,020.88 655.36 1,185.66 97.52 673.99 4.61

3 M 2,422 341.28 1,320.13 829.16 1,560.93 189.00 816.04 6.00

5 L 982 526.78 1,893.77 1,182.57 2,021.81 310.24 1,181.66 4.73

8 XL 323 647.78 2,340.24 1,384.46 2,282.10 314.24 1,496.35 4.05

13 XXL 110 1,133.97 6,089.87 3,135.99 4,940.27 449.54 3,138.84 2.51

where 𝑄0.85(·) is the 85th percentile. This threshold captures a delivery-commitment view of

expected lead time and is appropriate for our heavily right-skewed lead time distributions.

Under this definition, task 𝑖 is labeled a success if LT𝑖 ≤ RLT𝑆𝐿𝐸
𝑠 and a failure otherwise.

Median-based reference lead time (RLT𝑀𝐸𝐷
𝑠 )

As a complementary descriptive baseline, we define:

RLT𝑀𝐸𝐷
𝑠 = median

(
{LT𝑖 | estimate(𝑖) = 𝑠}

)
. (8.3)

To reduce threshold noise, we apply a tolerance band 𝜏 = 0.40:

success if LT𝑖 < (1 − 𝜏)RLT𝑀𝐸𝐷
𝑠 , failure otherwise (8.4)

while tasks within [(1 − 𝜏)RLT𝑀𝐸𝐷
𝑠 , (1 + 𝜏)RLT𝑀𝐸𝐷

𝑠 ] are excluded from binary analyses

(discretization noise (Rajbahadur et al., 2019)).

Sensitivity to 𝜏

We selected 𝜏 = 0.40 because it lies near the knee of the failure-share curve between 𝜏 = 0.30 and

𝜏 = 0.50. Repeating the analyses with 𝜏 ∈ {0.30, 0.50} yields the same qualitative conclusions.
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8.2.4.4 Reference lead time distribution

Table 8.2 reports both reference indicators together with the main distributional statistics. Of

the 13,419 closed issues, 4,473 are non-estimated and excluded from size-dependent analyses,

leaving 8,946 estimated issues. Smaller sizes dominate the dataset, especially XS. Both RLT𝑀𝐸𝐷

and RLT𝑆𝐿𝐸 increase monotonically with size, consistent with the ordinal interpretation of

T-shirt estimates. Lead times are strongly right-skewed across all sizes, which motivates the joint

use of both indicators: RLT𝑆𝐿𝐸 captures tail-based delivery commitment, whereas RLT𝑀𝐸𝐷

captures typical delivery and supports later adjustment analyses.

8.2.5 Statistical significance

We use non-parametric tests throughout because lead time, waiting percentage, and MV are

strongly right-skewed. We apply the chi-square test of independence when both variables are

categorical, the Mann–Whitney U test when comparing a continuous variable across failed

and successful tasks, and Spearman rank correlation when testing monotonic trends between a

continuous predictor and binary outcome. All tests use 𝛼 = 0.05.

8.3 Estimation Stability Across Time and Size

RQ1: How do task failure rates evolve over time and across estimated sizes

Approach

We define task failure by comparing each task’s observed lead time with its size-specific reference

lead time, as described in Section 8.2.

We first compute the failure rate for each estimated size to determine whether some size categories

are more failure-prone than others. We then analyze monthly failure rates over the study period,

both globally and by size category, to assess whether estimation performance exhibits long-term

trends or only short-term fluctuations.
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Results

Failure rates are remarkably uniform across estimated sizes. Under RLT𝑆𝐿𝐸 , per-size failure rates

are close to 15% by construction because the threshold is defined as the 85th percentile within

each size category. Cross-size comparisons are therefore more informative under RLT𝑀𝐸𝐷 . As

shown in Table 8.5, failure rates under RLT𝑀𝐸𝐷 range from 37.5% (S) to 43.0% (XS), a spread

of only 5.5 percentage points. No size category stands out as substantially more failure-prone

than the others, indicating that task size alone is not a determinant of estimation failure in this

setting.

Failure rates remain stable over time under both indicators. Figure 8.1 shows the monthly global

failure rate under both reference indicators. Under RLT𝑀𝐸𝐷 , the rate fluctuates between about

33% and 55%, whereas under RLT𝑆𝐿𝐸 it varies between about 10% and 23%. Despite these

different baseline levels, both curves follow the same overall pattern, with peaks and troughs

occurring at the same periods. Neither indicator shows a sustained increase or decrease over

time, suggesting that the observed variation reflects short-term contextual effects rather than

progressive improvement or degradation in estimation performance.

a) Under RLT𝑀𝐸𝐷 . b) Under RLT𝑆𝐿𝐸 .

Figure 8.1 Global failure rate over time (2022–2024) under both reference indicators
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Temporal variation is comparable across size categories. Figure 8.2 shows that all size categories

follow broadly similar temporal patterns under both RLT𝑀𝐸𝐷 and RLT𝑆𝐿𝐸 . Short-lived increases

and decreases appear at similar periods across sizes, and no category consistently performs

better or worse than the others. The larger fluctuations observed for XXL under RLT𝑆𝐿𝐸 are

best explained by the small number of XXL tasks (110 in total) rather than by a substantive

size-specific effect.

a) Under RLT𝑀𝐸𝐷 . b) Under RLT𝑆𝐿𝐸 .

Figure 8.2 Failure rate over time per issue size (2022–2024) under both reference

indicators

8.4 Waiting States and Task Outcomes

RQ2: How does time spent in waiting columns impact task outcomes

Approach

We study waiting from two complementary perspectives: exposure and intensity.

A task is considered exposed to waiting if it enters at least one of the following columns during

its lifecycle: Blocked, On Hold, or Waiting for External. Using GitLab label-event histories, we

determine whether each task ever entered one of these states.
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To measure waiting intensity, we compute the total time spent in waiting columns and normalize

it by task lead time. This yields the proportion of the task lifecycle spent waiting. We then

compare failure rates between waiting and non-waiting tasks, and test whether failed waiting

tasks spend a larger share of their lead time in waiting than successful waiting tasks.

Waiting Columns Definition

We consider a task to be in a waiting state whenever it is assigned one of the following Kanban

labels:

• Blocked: work cannot proceed due to an unresolved issue;

• On Hold: work is intentionally paused;

• Waiting for External: progress depends on an external actor, team, or system.

These labels are not mutually exclusive over time. A task may enter more than one waiting state

during its lifecycle.

Exposure to Waiting

For each closed issue 𝑖, we inspect its complete label-event history and define whether it was

ever exposed to waiting. Let Has(𝑖, 𝑘) be true if task 𝑖 is assigned waiting label 𝑘 at least once.

We define:

WaitExp𝑖 = 1[∃ 𝑘 ∈ W : Has(𝑖, 𝑘)] . (8.5)

This indicator captures whether a task experienced at least one waiting interruption during

execution.
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Waiting Intensity

To quantify waiting intensity, we compute the total time spent in waiting columns:

TWC𝑖 =
∑

𝑘∈{Blocked, On Hold, Waiting for External}

dur𝑖 (𝑘), (8.6)

where dur𝑖 (𝑘) is the total duration during which waiting label 𝑘 is active for task 𝑖.

We then normalize this value by lead time:

WaitingPct𝑖 =
TWC𝑖

LT𝑖
. (8.7)

This ratio expresses how much of the task lifecycle is spent waiting.

Relating Waiting to Task Outcomes

We compare failure rates of waiting tasks with the overall failure rates reported in RQ1. We also

compare WaitingPct between failed and successful tasks among those that experienced waiting.

Failure is defined using the same size-specific reference thresholds introduced in Section 8.2.

Results

External-dependency waiting increases with task size. Table 8.3 shows that exposure to Waiting

for External rises with size, reaching 10.6% for XL and 11.1% for XXL, compared with 4.9%

for XS. Exposure to Blocked and On Hold is broadly comparable across sizes, with no clear

monotonic trend. This pattern suggests that larger tasks are more likely to depend on cross-team

coordination or external inputs, whereas internal interruptions affect tasks of all sizes similarly.

Waiting tasks fail substantially more often than tasks overall. Under both reference indicators,

tasks that enter a waiting state have substantially higher failure rates than the overall rates reported
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Table 8.3 Waiting-task statistics and failure rates among waiting tasks, by estimated size.

Failure rates are computed on the subset of tasks that entered at least one waiting column,

under both reference indicators (RLT𝑀𝐸𝐷 and RLT𝑆𝐿𝐸 )

Size %_blocked %_on_hold %_waiting_ext %_fail_MED %_fail_SLE mean_wait_pct med_wait_pct mean_wait_h med_wait_h
XS 3.79 4.93 4.90 73.10 37.13 44.23 22.20 531.36 94.08

S 6.09 6.56 6.25 64.49 30.84 34.29 25.31 363.15 122.98

M 5.76 7.00 4.58 64.29 25.32 37.56 20.47 361.54 143.54

L 8.40 8.52 5.39 50.98 21.57 26.45 19.60 348.46 125.06

XL 6.04 9.06 10.57 58.49 30.19 34.79 27.47 1086.67 215.36

XXL 6.17 8.64 11.11 45.00 15.00 18.83 5.09 868.25 60.67

in RQ1. Under RLT𝑀𝐸𝐷 , failure among waiting tasks ranges from 45.0% to 73.1%, compared

with a baseline of 37%–43%. Under RLT𝑆𝐿𝐸 , it ranges from 15.0% to 37.1%, compared with a

baseline of approximately 15%. Waiting tasks therefore fail about 1.5 to 2 times more often than

tasks overall.

The effect of waiting is strongest for small and medium tasks. Although large tasks are more

often exposed to waiting, the relative impact of waiting is stronger for smaller tasks. Under

RLT𝑀𝐸𝐷 , the failure rate increases from about 44% to 73% for XS, from 37% to 64% for S,

and from 41% to 64% for M. In contrast, waiting has a limited additional effect on XXL tasks,

whose waiting-task failure rate remains close to the baseline. This suggests that smaller tasks

have less tolerance for interruption, whereas larger tasks may absorb delays within a broader

delivery window.

When waiting occurs, it occupies a substantial part of task execution. Table 8.3 also shows

that waiting represents a meaningful share of lead time. For most sizes, the median waiting

proportion ranges from about 19% to 27%. In absolute terms, XL and XXL tasks accumulate

the highest waiting hours. However, XXL tasks have a much lower median waiting percentage

(5.1%), consistent with the presence of administrative or quickly closed tasks in that category.

Waiting exposure predicts failure, but waiting duration does not. Table 8.4 confirms this

distinction statistically. Chi-square tests reveal a significant association between waiting

exposure and task failure under both indicators, both overall (𝑝 < 0.001) and for every size

category except XXL, where the small sample (𝑛 = 20 waiting tasks) limits statistical power. In

contrast, Mann–Whitney U tests show no significant difference in waiting percentage between
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Table 8.4 Significance of the waiting–failure association. 𝜒2 tests compare failure rates of

waiting vs. non-waiting tasks; Mann–Whitney U compares waiting percentage between

failed and successful waiting tasks (𝑝-values)

Test Ind. All XS S M L XL XXL MW
𝜒2 MED <.001 <.001 <.001 <.001 <.001 .004 .560 .979

𝜒2 SLE <.001 <.001 <.001 <.001 .017 .001 – .571

failed and successful tasks among tasks that already experienced waiting (𝑝 = 0.979 under

RLT𝑀𝐸𝐷 , 𝑝 = 0.571 under RLT𝑆𝐿𝐸 ). The predictive signal is therefore whether a task enters a

waiting state, not how long it remains there.

Overall, RQ2 shows that waiting is not merely a descriptive workflow condition. Entering a

waiting column is a strong signal that a task is at higher risk of exceeding its expected lead

time, yet once a task waits, the duration of that waiting does not further distinguish failed from

successful tasks. In the TELUS context, waiting acts primarily as a categorical risk signal rather

than a gradual quantitative effect.

8.5 Underestimation and Task Failure

RQ3: To what extent does underestimation contribute to task failure

Approach

We define underestimation using a one-size correction rule. Let 𝑠𝑖 denote the estimated size of

task 𝑖, LT𝑖 its observed lead time, and RLT(𝑠) the reference lead time associated with size 𝑠. Let

next(𝑠𝑖) denote the immediately larger size on the estimation scale.

A task is considered underestimated if it fails at its assigned size but would have succeeded if it

had been estimated one size larger:

𝑈𝑖 =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, if LT𝑖 > RLT(𝑠𝑖) ∧ LT𝑖 ≤ RLT(next(𝑠𝑖)),

0, otherwise.

(8.8)
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This definition captures the smallest upward correction that would change a task’s outcome from

failure to success. Tasks already assigned the largest size category (XXL) cannot be classified

as underestimated because no larger category exists.

Results

Table 8.5 Underestimation per size under both indicators (RLT𝑀𝐸𝐷 , RLT𝑆𝐿𝐸 )

Size %fail𝑀𝐸𝐷 %fail𝑆𝐿𝐸 %U𝑀𝐸𝐷
𝑡𝑜𝑡 %U𝑆𝐿𝐸

𝑡𝑜𝑡 %U𝑀𝐸𝐷
𝑓 𝑎𝑖𝑙

%U𝑆𝐿𝐸
𝑓 𝑎𝑖𝑙

%fail𝑀𝐸𝐷
𝑐 𝑓

%fail𝑆𝐿𝐸
𝑐 𝑓

Δ𝑀𝐸𝐷 Δ𝑆𝐿𝐸

XS 42.95 15.01 10.35 0.00 24.11 0.00 32.59 15.01 10.35 0.00

S 37.50 15.00 5.78 4.22 15.42 28.12 31.72 10.78 5.78 4.22

M 40.33 15.02 12.09 5.14 29.97 34.25 28.24 9.88 12.09 5.14

L 38.60 15.04 7.02 2.88 18.18 19.17 31.58 12.16 7.02 2.88

XL 40.00 15.09 14.72 10.19 36.79 67.50 25.28 4.91 14.72 10.19

XXL 39.13 15.94 0.00 0.00 0.00 0.00 39.13 15.94 0.00 0.00

ALL 40.96 15.03 10.08 2.68 24.62 17.86 30.88 12.34 10.08 2.69

Legend. %fail★: baseline failure rate at the task’s own size. %U★
𝑡𝑜𝑡 : % of all tasks at this size that are underestimated. %U★

𝑓 𝑎𝑖𝑙
: % of failed tasks recoverable by one-size correction.

%fail★
𝑐 𝑓

: counterfactual failure rate if all tasks were sized one notch larger. Δ★: drop in failure rate under the counterfactual. XXL has no larger size, so its underestimation is undefined.

Underestimation explains a meaningful share of task failure. Table 8.5 shows that 24.62% of

failed tasks are recoverable by a one-size correction under RLT𝑀𝐸𝐷 , and 17.86% under RLT𝑆𝐿𝐸 .

A non-trivial fraction of failures is therefore associated with optimistic initial sizing rather than

with execution alone. At the aggregate level, the counterfactual effect is substantial: if all tasks

had been sized one category higher, the global failure rate would decrease from 40.96% to

30.88% under RLT𝑀𝐸𝐷 , and from 15.03% to 12.34% under RLT𝑆𝐿𝐸 .

Underestimation is not uniformly distributed across sizes. The effect varies considerably across

size categories. Under RLT𝑀𝐸𝐷 , the largest recoverable shares appear for XL (36.79% of failed

tasks) and M (29.97%), followed by XS (24.11%) and L (18.18%). Under RLT𝑆𝐿𝐸 , XL becomes

a much stronger outlier, with 67.50% of failed XL tasks recoverable by a one-size correction,

whereas XS drops to 0%. This contrast shows that the contribution of underestimation depends

both on the size category and on the reference indicator used.

Underestimation is concentrated in middle and upper size transitions. Across both indicators, M

and XL emerge as the most important categories. M shows a stable recoverable share under both

thresholds (29.97% under RLT𝑀𝐸𝐷 ; 34.25% under RLT𝑆𝐿𝐸 ), suggesting persistent calibration
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Table 8.6 Significance of size-level variation in underestimation

Test Scope MED 𝑝 SLE 𝑝

𝜒2 independence all sizes < 0.001 < 0.001

𝑧-test XS vs. S 0.003 < 0.001

𝑧-test S vs. M < 0.001 0.268

𝑧-test M vs. L < 0.001 0.002

𝑧-test L vs. XL < 0.001 < 0.001

difficulty in this mid-range category. XL shows the strongest effect, especially under RLT𝑆𝐿𝐸 ,

pointing to a marked calibration gap between XL and XXL. By contrast, XS does not behave as

a systematically underestimated category: failed XS tasks under RLT𝑆𝐿𝐸 are not recoverable by

a one-size correction (0%), suggesting that these failures reflect stronger scope deviations or

misclassification rather than mild underestimation.

Most failures remain unexplained by one-step underestimation alone. Although underestimation

is meaningful, it does not explain the majority of failures. Even after a one-size correction,

75.38% of failed tasks under RLT𝑀𝐸𝐷 and 82.14% under RLT𝑆𝐿𝐸 remain failed. This residual

points to additional contributing factors, including execution-side interruptions such as waiting

states (RQ2), stronger misclassification, or underestimation by more than one size category.

The variation in underestimation across sizes is statistically significant. Table 8.6 confirms that

underestimation rates differ significantly across size categories under both indicators. Chi-square

tests of independence reject the hypothesis of uniform underestimation rates at 𝑝 < 0.001 under

both RLT𝑀𝐸𝐷 and RLT𝑆𝐿𝐸 . Pairwise 𝑧-tests between adjacent sizes show that under RLT𝑀𝐸𝐷 ,

every transition is significant, producing an alternating pattern in which recoverability rises

from S to M, drops from M to L, and rises again from L to XL. Under RLT𝑆𝐿𝐸 , the L→XL

transition (19.17%→67.50%, 𝑝 < 0.001) emerges as the largest single contrast in the analysis

and identifies the L/XL boundary as the principal calibration gap in this environment.

Overall, RQ3 shows that underestimation is a meaningful but partial source of task failure.

Its effect is strongest in the middle and upper parts of the size scale, especially at the L/XL

boundary, rather than being concentrated uniformly among the smallest tasks. In the TELUS
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context, targeted calibration at specific adjacent-size transitions appears more promising than

treating estimation problems as a uniform tendency across all sizes.

8.6 Multitasking, Workload, and Task Failure

RQ4: What is the impact of multitasking and workload distribution on task failure

Approach

We define two related metrics: workload and multitasking value (MV).

Let 𝑑 denote a developer and 𝑡 a time instant. The workload of developer 𝑑 at time 𝑡 is:

WL𝑑 (𝑡) =
∑

𝑖∈A𝑑 (𝑡)

𝑤(𝑖), (8.9)

where A𝑑 (𝑡) is the set of active tasks assigned to 𝑑, and 𝑤(𝑖) is the Fibonacci-mapped weight

of task 𝑖. This size-weighted formulation distinguishes between parallel work on small versus

large tasks.

For a task 𝑖 assigned to developer 𝑑, we define:

MV𝑖 =
1

|T𝑖 |

∑
𝑡∈T𝑖

WL𝑑 (𝑡), (8.10)

where T𝑖 is the time interval during which task 𝑖 is active.

We compute MV using two strategies. The event-based method reconstructs workload from

detailed task events, whereas the static method estimates workload from temporal overlap under

fixed assignment assumptions. We then compare MV across failed and successful tasks and

examine whether failure rates vary with MV under both RLT𝑀𝐸𝐷 and RLT𝑆𝐿𝐸 .
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a) Event-based b) Static approximation

Figure 8.3 Distribution of size-weighted MV under both computation methods

Results

Multitasking levels are moderate under both computation methods. Figure 8.3 shows that

MV is centered in the mid range under both approaches, with median values between 6 and 9

size-weighted units. The event-based method produces a wider distribution, including some

values above 20, whereas the static approximation yields a narrower and more stable distribution.

This difference suggests that some extreme values in the event-based version reflect short-lived

overlaps captured by fine-grained events. Both methods indicate a moderate level of parallel

work, consistent with sustainable Kanban practice.

Failed and successful tasks show very similar multitasking levels. Figure 8.4 compares mean

and median MV between failed and successful tasks under both reference indicators and both

computation methods. In all four configurations, the differences are small (at most one to two

MV units). Moreover, the direction is not stable: under the event-based method, failed tasks

have slightly lower MV than successful tasks, whereas under the static method the opposite

pattern appears in one condition. This lack of consistency is itself informative: a systematic

multitasking–failure relationship would produce a stable direction across operationalizations.
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a) Event-based, RLT𝑀𝐸𝐷 b) Event-based, RLT𝑆𝐿𝐸

c) Static, RLT𝑀𝐸𝐷 d) Static, RLT𝑆𝐿𝐸

Figure 8.4 Mean and median MV by task outcome, under both computation methods and

both reference indicators

Failure rates do not increase with multitasking intensity. Figure 8.5 shows that failure rates

remain broadly flat across MV levels under both computation methods and both indicators.

Under RLT𝑀𝐸𝐷 , rates fluctuate around the 35%–45% range (event-based) and 25%–40% range

(static) without any monotonic trend. Under RLT𝑆𝐿𝐸 , they remain close to the structural baseline

of approximately 10%–15%. Local peaks appear at high MV values, but they are inconsistent

across methods and likely reflect sparse data in the tail of the distribution rather than a systematic

effect.
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a) Event-based, RLT𝑀𝐸𝐷 b) Event-based, RLT𝑆𝐿𝐸

c) Static, RLT𝑀𝐸𝐷 d) Static, RLT𝑆𝐿𝐸

Figure 8.5 Failure rate per integer MV bin (capped at 20 for readability), under both

computation methods and both reference indicators

Statistical tests confirm the absence of a practically meaningful effect. Table 8.7 reports Mann–

Whitney U and Spearman rank correlation results under each method–indicator combination.

Three of four configurations reach statistical significance at 𝛼 = 0.05, but two observations

render this significance practically uninformative. First, all Spearman correlations are negligible

in magnitude (|𝜌 | ≤ 0.05), explaining less than 0.2% of the variance in task outcome. Second,

and more importantly, the direction of the effect is inconsistent across methods: event-based

results yield negative correlations (failed tasks have slightly lower MV), while the static SLE

case yields a positive correlation. The statistical significance observed in some cells reflects the

large sample size (𝑛 > 6,000) rather than a coherent multitasking–failure relationship.
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Table 8.7 Association between MV and task failure. |𝜌 | values are negligible and

directionally inconsistent

Method Indicator Mann–Whitney 𝑝 Spearman 𝜌 (𝑝)
event MED 0.012 −0.03 (0.012)

SLE 0.0008 −0.05 (0.0008)

static MED 0.386 +0.01 (0.386)

SLE 0.007 +0.04 (0.007)

Overall, RQ4 shows that multitasking is not a meaningful driver of task failure in the TELUS

context. Even under a size-weighted definition that captures the intensity of concurrent work,

tasks executed at higher MV levels do not fail more often in any consistent way.

8.7 Prediction of Task Failure

RQ5: To what extent can issue delivery failure be predicted at task creation

Approach

We formulate this task as a binary classification problem that predicts, at task creation time,

whether a newly created task will later be labeled as a failure under the reference indicators

defined in Section 8.2.4. To prevent leakage, we use only point-in-time information available at

creation.

Metric collection

We extract the point-in-time features summarized in Table 8.8. These features capture task

properties, temporal context, and prior author-, assignee-, and project-level history. All

history-based variables are computed strictly from events that occurred before the task was

created.
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Data preparation

We represent textual fields using TF–IDF (for ML models) . To reduce the influence of extreme

values, we remove lead-time outliers above the 99th percentile before labeling outcomes. Because

the target classes are imbalanced, we apply SMOTE on the training data only, while keeping the

test data unchanged.

Model evaluation

We evaluate two model families. The first consists of conventional ML models: Decision Tree,

Random Forest, and Gradient Boosting. These models provide a compact comparison between

single-tree learning, bagging-based ensembles, and boosting-based ensembles. We train and

evaluate them using an 80/20 train–test split.

The second family consists of locally hosted LLMs, namely llama3.2:1b, qwen2.5:1.5b,

gemma2:2b, and gemma4:E4B. We use local models to satisfy the security and confidentiality

requirements of the TELUS environment, and we focus on small models to keep inference

practical in an industrial setting. For the LLM-based evaluation, we consider both one-shot

prompting and few-shot prompting. In the few-shot setting, each prompt includes five success

examples and five failure examples.

To control computational cost, we repeat each evaluation over 10 bootstrap runs and report

median performance. This setup enables a comparison between standard predictive models

and locally deployable LLM-based alternatives under a realistic industrial constraint: failure

risk must be estimated at task creation using only information available at that moment. For all

models we compute precision, recall, F1, and feature importance rankings using sk-esd.

Results

Random Forest and gemma2:2b with few-shot prompting are the strongest predictors. As shown

in Table 8.9, Random Forest achieves the best AUC among supervised classifiers (0.570 under
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Table 8.8 Point-in-time features available at task creation. All history-based features are

computed strictly from events prior to task creation to prevent leakage

Feature Description Feature Description
size T-shirt size mapped to Fibonacci weight. title Free-text task title.

description Free-text task description. labels GitLab labels attached to the task.

title_len Number of characters in the title. desc_len Number of characters in the description.

has_description 1 if the description is non-trivial.

month Month of task creation. day_of_week Day of week of task creation.

hour Hour of day of task creation.

author_n_tasks Number of previously authored tasks. author_fail_rateMED Prior failure rate under RLT𝑀𝐸𝐷 .

author_fail_rateSLE Prior failure rate under RLT𝑆𝐿𝐸 . author_underest_rateMED Prior underestimation rate under RLT𝑀𝐸𝐷 .

author_underest_rateSLE Prior underestimation rate under RLT𝑆𝐿𝐸 .

assignee_n_tasks Number of previously assigned tasks. assignee_fail_rateMED Prior failure rate under RLT𝑀𝐸𝐷 .

assignee_fail_rateSLE Prior failure rate under RLT𝑆𝐿𝐸 . assignee_underest_rateMED Prior underestimation rate under RLT𝑀𝐸𝐷 .

assignee_underest_rateSLE Prior underestimation rate under RLT𝑆𝐿𝐸 . assignee_avg_lt_hours Average lead time over prior tasks.

author_in_flight Author’s open tasks at creation. assignee_in_flight Assignee’s open tasks at creation.

project_in_flight Project’s open tasks at creation.

project_n_tasks Number of previously closed tasks in the project. project_fail_rateMED Project-level failure rate under RLT𝑀𝐸𝐷 .

project_fail_rateSLE Project-level failure rate under RLT𝑆𝐿𝐸 .

RLT𝑀𝐸𝐷), followed by Gradient Boosting (0.562). Among local LLMs, gemma2:2b with few-

shot prompting delivers the strongest overall performance, reaching AUC = 0.530 under RLT𝑀𝐸𝐷

and AUC = 0.574 under RLT𝑆𝐿𝐸—the highest value across all configurations. Supervised

methods are strongest under RLT𝑀𝐸𝐷 , while gemma2:2b leads under RLT𝑆𝐿𝐸 . Notably,

gemma4:E4B, a more recent reasoning-capable model, performs comparably to gemma2:2b

despite its larger parameter budget and thinking-before-answering design, suggesting that

reasoning-style inference provides no clear advantage over standard instruction tuning on this

classification task.

Author history and description features dominate the supervised signal. Feature-importance

analysis of Random Forest shows that the strongest predictors are author-side estimation-history

features—author_n_tasks, author_fail_rate, and author_underest_rate—together

with description-related features and assignee lead-time history (assignee_avg_lt_hours).

This complements RQ3 by showing that the history of estimation bias, not just the size boundary

itself, carries predictive signal at task creation time.

8.8 Connecting Task Estimation to Peer Review Effort

The analyses presented in this chapter examine size-based task estimation from an execution

perspective. However, the broader objective of this thesis is to understand and optimize peer
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Table 8.9 RQ5 prediction performance. Best AUC per indicator in bold

RLTMED RLTSLE

Method P R F1 AUC P R F1 AUC
Supervised classifiers
Decision Tree .414 .357 .389 .510 .115 .295 .170 .479

Random Forest .461 .294 .361 .570 .054 .007 .012 .510

Gradient Boosting .455 .239 .313 .562 .058 .013 .022 .517

Local LLMs (1s = 1-shot, fs = few-shot)
llama3.2:1b (1s) .475 1.00 .644 .505 .154 1.00 .267 .506

llama3.2:1b (fs) .473 1.00 .642 .500 .152 1.00 .264 .500

qwen2.5:1.5b (1s) .486 .989 .652 .525 .158 1.00 .273 .522

qwen2.5:1.5b (fs) .486 .977 .649 .525 .161 .929 .274 .528

gemma2:2b (1s) .462 .276 .345 .494 .205 .286 .239 .544

gemma2:2b (fs) .515 .391 .444 .530 .214 .429 .286 .574
gemma4:E4B (1s) .484 .874 .623 .519 .161 .857 .271 .528

gemma4:E4B (fs) .463 .724 .565 .486 .167 .786 .275 .540

review effort. It is therefore important to clarify how the estimation-related findings connect to

the review stage. In practice, task estimation and peer review describe two connected views of

the same software process. A task that is underestimated, interrupted, or poorly stabilized during

execution may later reach review as an MR that requires more clarification, more revision, or

longer reviewer involvement. Conversely, excessive review effort may reveal that part of the task

complexity was not adequately captured at planning time.

To examine this connection, we complement the task-level analysis with a review-effort dimension

extracted from the same Kanban workflow. Specifically, we compute the cumulative time each

task spends in the In Review column, using the same interval reconstruction procedure applied

to waiting states. We derive three review-related indicators: whether the task entered review,

the cumulative number of hours spent in review, and the ratio between review time and total

task lead time. These indicators do not replace the MR-based effort measures studied in the

previous chapters, but they provide an execution-level view of how much of a task’s lifecycle is

consumed by review.

Across the 13,419 tasks analyzed in this chapter, 1,319 tasks (9.8%) spent validated time in the

In Review column. This indicates that review is not an explicit workflow stage for all tasks, at

least as observed through the reconstructed Kanban traces. This observation is important for the

thesis because it shows that review effort is not only a question of how much effort reviewed
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tasks require, but also of which tasks enter review in the first place. It therefore motivates

the next chapter, which examines self-managed MRs and the conditions under which review

decisions may be adapted.

Among reviewed tasks, the median review duration is 55 hours, with the 90th percentile reaching

approximately 490 hours. Review exposure is not uniformly distributed across estimated sizes.

It is highest for M and L tasks, where 23.4% and 22.7% of tasks enter review, respectively, and

lower at both ends of the size spectrum. However, when tasks are reviewed, median review

duration generally increases with size, ranging from 48.6 hours for XS tasks to 124 hours for

XXL tasks. This suggests that review exposure and review duration capture different aspects of

review burden: medium and large tasks are more likely to enter review, while larger tasks tend

to require longer review once they do.

The relationship between review exposure and task failure further supports the link between

upstream execution conditions and downstream review burden. Under the median-based

reference indicator (RLT𝑀𝐸𝐷), tasks that enter the review column fail more often than tasks

that do not enter review, with failure rates of 47.3% and 39.4%, respectively. This corresponds

to a relative risk of 1.20 and is statistically significant (𝜒2 = 27.14, 𝑝 < 0.001). Under the

SLE-based reference indicator (RLT𝑆𝐿𝐸 ), the association is weaker and not conventionally

significant. At the size level, the review–failure association is strongest for XS, S, and L tasks

under RLT𝑀𝐸𝐷 , suggesting that review exposure becomes especially informative when tasks are

expected to flow quickly but instead require additional review-stage processing.

A second result distinguishes review from waiting states. In the main analysis, waiting exposure

is associated with task failure, but waiting duration itself does not clearly distinguish failed

from successful tasks. Review behaves differently. Among reviewed tasks, failed tasks spend

significantly more time in review than successful tasks under RLT𝑀𝐸𝐷 , with median review

durations of 74.7 hours and 48.0 hours, respectively (𝑝 = 5.2× 10−6). This indicates that review

duration carries a quantitative signal of process burden, rather than only indicating whether a

task passed through a specific workflow state. In other words, longer review time may reflect
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active iteration, rework, clarification, or re-review, whereas waiting states more often represent

the presence of an external dependency.

The strongest bridge between estimation and review effort appears in the analysis of underestimated

tasks. Among failed reviewed tasks, underestimated tasks spend a substantially larger share

of their lead time in review than other failed tasks. Under RLT𝑀𝐸𝐷 , the median review ratio

is 0.155 for underestimated tasks, compared with 0.046 for other failed tasks, representing

a 3.4-fold difference (𝑝 = 2.3 × 10−7). This result suggests that underestimation is not only

associated with task failure in general; it also materializes as disproportionate review burden. In

practical terms, tasks that are too small relative to their actual execution complexity may shift

part of the unresolved complexity to the review stage.

Finally, we assess whether high-review-effort tasks can be predicted at creation time using the

same feature set used for task-failure prediction. We define high-review-effort tasks as those

in the top 10% of review hours among reviewed tasks of the same size and train a Random

Forest classifier using a chronological 80/20 split. The resulting performance is weak (AUC =

0.28, F1 = 0), partly because the positive class is rare. This result is nevertheless informative.

It suggests that high review burden is difficult to identify from creation-time metadata alone

and that useful early-warning systems may need to incorporate execution-time signals, such as

waiting transitions, review entries, partial review duration, or repeated review-stage movements.

Overall, this bridge analysis strengthens the thesis argument that peer review effort should be

studied as part of a broader DevOps workflow. Upstream estimation and execution conditions do

not merely affect task delivery outcomes; they may also shape how much burden later appears in

the review stage. The results suggest that review-effort optimization should not be limited to

reviewer assignment, review rules, or MR-level process changes. It should also consider whether

tasks are appropriately estimated, whether execution instability is detected early, and whether

underestimated tasks are likely to transfer unresolved work into peer review.
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8.9 Discussion

Overall, this chapter shows that upstream planning and execution conditions provide an important

context for understanding peer review effort. The main implication is not that estimation failure,

waiting states, or multitasking directly determine review effort in a simple way. Rather, these

factors help explain how part of the burden later observed during review may originate before

the MR is created. This supports the thesis argument that peer review effort should be analyzed

as part of a broader DevOps workflow, rather than as an isolated review-stage phenomenon.

Estimation quality matters more than nominal task size. One important lesson from the

analysis is that task size alone does not explain unsuccessful task outcomes. What matters is

whether the assigned size is well calibrated with respect to the task’s actual execution complexity.

This distinction is important for peer review effort because an underestimated task may reach

review with unresolved complexity that was not anticipated at planning time. In such cases,

review can become the stage where hidden complexity is discovered, discussed, and corrected.

Peer review effort may therefore act partly as a compensation mechanism for earlier estimation

inaccuracies.

Execution interruptions should be interpreted as context signals, not direct causes. Waiting

states provide useful information about execution instability, but they should not be interpreted

mechanically as direct causes of failure or review burden. The results suggest that entering a

waiting state is more informative than the duration of waiting itself. This indicates that waiting

exposure captures the presence of dependencies, blockers, or coordination issues, while waiting

duration may also reflect routine operational constraints that teams are able to absorb. For peer

review analytics, this distinction matters because not every delay in the workflow should be

treated as a sign of increased review effort. Some delays reflect passive waiting, whereas others

indicate unresolved work that may later reappear during review.

Review differs from passive workflow delay. The bridge analysis helps clarify the specific role

of review within the execution workflow. Unlike waiting states, review duration is more directly

connected to active process burden. Time spent in review may involve clarification, rework,
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re-review, or coordination around the submitted change. This supports the thesis position that

review effort is not only a temporal delay, but a form of work embedded in the broader software

process. At the same time, the fact that only a subset of tasks explicitly enters the review column

shows that review effort also depends on review-routing decisions: some tasks undergo explicit

review, while others may follow lighter or self-managed paths. This observation motivates the

next chapter, which examines review decisions and the conditions under which review effort

may be adapted.

Underestimation provides the strongest bridge between planning and review burden. The

most important thesis-level implication is that underestimation appears to transfer part of the

unresolved task complexity into the review stage. When a task is scoped too optimistically,

implementation may proceed under assumptions that do not match the actual work required. The

resulting MR may then require more discussion, correction, or stabilization before acceptance.

This does not mean that underestimation is the only source of review effort, but it shows that

review burden can be partly generated upstream. Consequently, optimizing peer review effort

requires attention to task scoping and estimation calibration, not only to reviewer behavior or

MR-level practices.

Early prediction requires execution-time monitoring. The weak creation-time prediction

results suggest that downstream execution and review difficulties cannot be reliably anticipated

from initial task metadata alone. This has an important practical implication: process-support

tools should not rely only on static information available at task creation. Instead, they should

update their assessment as the task evolves, incorporating execution-time signals such as waiting

transitions, review entry, repeated review movements, and partial review duration. This supports

a dynamic view of DevOps analytics, where risk and effort are monitored progressively rather

than predicted once at the beginning.

Implications for peer review effort optimization. Taken together, the findings extend the thesis

from measuring review effort to understanding where avoidable review burden may originate.

Peer review effort is not only shaped by what happens during review; it is also influenced by how
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work is planned, scoped, and stabilized before review begins. Therefore, reducing unnecessary

review burden may require interventions earlier in the workflow, such as improving estimation

calibration, detecting unstable tasks during execution, and identifying tasks whose complexity is

likely to exceed their original scope. This reinforces the broader argument of the thesis: peer

review effort optimization is a process-level problem, not only a review-stage problem.

8.10 Implications

8.10.1 Implications for our industrial partners

For our industrial partners, the results indicate that task outcome predictability depends less

on fine-tuning workflow phase durations and more on improving estimation calibration. In

particular, systematic underestimation should be treated as an upstream process signal, because

underestimated tasks may later generate execution instability, additional coordination, and

increased review burden.

This implication becomes especially important in the era of LLM-assisted development. As

LLMs increasingly support coding, documentation, testing, and review preparation, organizations

may be tempted to reduce estimated effort because part of the production work is automated.

However, AI assistance does not eliminate human effort. Developers still need to understand the

task, validate generated outputs, adapt them to the project context, ensure correctness, respond

to review feedback, and take responsibility for integration decisions. Estimation practices should

therefore evolve to distinguish between work accelerated by automation and the remaining

human effort required for judgment, coordination, validation, and accountability. Otherwise,

LLM-assisted work may be systematically underestimated, increasing the risk that hidden

complexity is transferred downstream into peer review.

Industrial teams can operationalize this insight by monitoring estimation failure rates by size

category, introducing lightweight re-estimation triggers when tasks exceed the reference lead

time of their size bucket, and integrating estimation-quality indicators into retrospectives. These
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practices would help teams adjust planning assumptions before they propagate into downstream

rework and peer review effort, thereby supporting more realistic workload management and

better process control.

8.10.2 Implications for researchers

For researchers, this chapter broadens the analytical boundary of peer review effort studies. It

shows that part of the burden observed during review may originate from upstream planning

and estimation conditions, rather than from the review stage alone. In particular, the role of

underestimation suggests that estimation quality should be treated as a first-class variable in

empirical models of peer review, rework, and delivery effort. Studies that ignore planning-side

signals may over-attribute downstream rework to implementation or review factors, while part

of the observed effort may actually reflect earlier scoping and estimation decisions.

This implication is methodological as well as conceptual. Future studies should, when possible,

link issue-tracking data with MR traces to distinguish effort generated during review from effort

inherited from upstream planning. Variables such as estimation accuracy, re-estimation events,

waiting-state exposure, and workload indicators can help explain why some reviewed changes

require more clarification, revision, or coordination than others. Such integration would support

a more process-oriented view of peer review effort, where review is analyzed as one stage in an

end-to-end delivery workflow rather than as an isolated event.

The chapter also provides reusable measurement choices for replication and extension. The

reference lead time framework, using both median-based and service-level-expectation anchors,

offers an operational way to define size-specific execution expectations from trace data. The

underestimation indicator provides a practical method for identifying tasks whose assigned

size was likely too optimistic, without relying on retrospective interviews. Similarly, waiting

exposure, waiting share of lead time, and size-weighted multitasking can be extracted from

Kanban-style issue traces in other organizations. Future work can reuse these indicators to test
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whether the relationships observed in this industrial context generalize to other teams, domains,

and workflow models.

8.11 Threats to Validity

This chapter is subject to several threats to validity. First, task outcome is operationalized

using size-specific Reference Lead Time (RLT), which captures whether a task exceeds the

delivery expectations associated with its estimated size. Although this definition is appropriate

for studying estimation reliability in a continuous-flow industrial setting, it does not cover

all possible dimensions of task success, such as business value, implementation quality, or

downstream impact. As a result, the notion of failure used in this chapter should be interpreted

as a deviation from expected execution duration rather than as a complete measure of project

success.

Second, the analyses in this chapter are observational. Although they rely on a large industrial

dataset and consistent metric definitions, they do not control for all potentially relevant

confounding factors, such as developer experience, task-specific technical complexity, or

differences in team practices across projects. Consequently, the reported associations should

not be interpreted as direct causal effects. In particular, while the chapter argues that upstream

planning conditions may shape later peer review effort, this influence is inferred from process

relationships rather than measured directly within the same analytical model.

Third, the study is conducted within a single large industrial organization using GitLab-based

Kanban workflows and TELUS-specific estimation practices. This may limit the generalizability

of the findings to organizations that use different planning approaches, delivery processes, or

estimation schemes. For example, teams working in Scrum-based environments or relying on

different effort scales may exhibit different estimation dynamics and execution patterns.

Finally, although the analyses are based on deterministic scripts and documented procedures,

replication depends on access to fine-grained industrial issue and event data. Such data are rarely

available in public repositories with the same level of completeness, especially for waiting states,
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assignment history, and estimation updates. This limits the direct reproducibility of the study,

even though the analytical approach itself can be transferred to comparable industrial contexts.

8.12 Conclusion

This chapter examined task estimation and execution behavior in an industrial Kanban-based

DevOps environment at TELUS to understand how upstream planning conditions may shape

later process outcomes and peer review effort. The results show that task failure is frequent

and relatively stable across estimated sizes and over time, suggesting that nominal task size

alone does not explain unsuccessful outcomes. Instead, the findings highlight the importance of

estimation calibration and execution-time signals. Waiting exposure is associated with higher

failure rates, but waiting duration itself does not clearly distinguish failed from successful tasks,

indicating that the presence of an interruption is more informative than its length. Multitasking,

by contrast, shows no practically meaningful relationship with task failure in the studied setting.

The chapter also shows that underestimation explains a meaningful share of unsuccessful

outcomes, ranging from 17.9% to 24.6% depending on the reference indicator. This result

suggests that task failure is partly rooted in overly optimistic planning assumptions rather than

only in execution difficulties. The bridge analysis further connects this finding to peer review

effort: tasks that enter the In Review column represent a minority of the dataset, but reviewed

tasks can require substantial time, and underestimated failed tasks spend a disproportionately

larger share of their lead time in review. This indicates that unresolved complexity introduced

upstream may later materialize as review burden.

From the perspective of this thesis, these findings are important because they show that peer

review effort should not be interpreted only as a consequence of review-stage interactions. Part

of the effort observed during review may originate before the MR is created, through inaccurate

estimation, unstable execution, or insufficiently calibrated planning assumptions. Peer review

may therefore act partly as a downstream correction mechanism, where hidden complexity is

discovered, clarified, and resolved before integration.
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Overall, this chapter extends the thesis’s process-oriented view of peer review effort by linking

review burden to upstream planning and execution conditions. It shows that optimizing peer

review effort requires more than improving review practices alone. It also requires attention to

how tasks are scoped, estimated, monitored, and re-evaluated during execution, so that avoidable

complexity is not transferred downstream into peer review.
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Preamble

This chapter studies how peer review decisions relate to downstream CI/CD delivery reliability,

with particular attention to reduced collaborative review paths that can be revealed through

self-managed decisions such as self-approval. Across TELUS and Kaloom projects, the

results show that self-approval is not uniformly associated with pipeline failure. Instead,

contributor history, change characteristics, and project-specific safeguards provide stronger

and more stable signals of downstream risk. Building on this observation, the chapter shows

that information available at MR creation time can be used to identify low-risk candidates for

reduced collaborative review or self-approval with useful predictive performance. The chapter

also introduces a prototype web extension that provides live recommendations during MR

inspection, illustrating how the proposed model can support risk-aware peer review allocation

in practice. Overall, the chapter extends the thesis from upstream planning and MR-level effort

analysis to downstream delivery reliability, supporting the thesis argument that peer review

effort should be calibrated rather than uniformly minimized.

This chapter is adapted from a paper submitted at ICSME 2026 with a planned journal extension.

The thesis version revises the introduction, conclusion, and overall framing to align the chapter

with the objectives of this thesis.
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9.1 Introduction

The previous chapters showed that peer review effort is not uniform across industrial DevOps

workflows. Some MRs receive substantial collaborative review, whereas others follow lighter,

self-managed, or more direct integration paths. This raises an important question for the

optimization objective of this thesis: can peer review effort be reduced for some merge requests

without compromising downstream delivery reliability?

This question is central because peer review is both valuable and costly. It supports defect

detection, maintainability, readability, and knowledge sharing (Bacchelli & Bird, 2013;

Bavota & Russo, 2015; McIntosh, Kamei, Adams & Hassan, 2016b), but it also consumes time,

creates waiting, and introduces coordination overhead in fast-paced DevOps environments (Olewicki

et al., 2024b; Chen et al., 2022). Optimizing peer review effort therefore does not mean reducing

review indiscriminately. Rather, it requires identifying when collaborative review is necessary,

when lighter review paths may be acceptable, and when reduced review may expose the delivery

pipeline to unnecessary risk.

This problem must be studied from a downstream perspective. Because MRs sit immediately

before integration and CI/CD execution, review decisions may influence delivery reliability.

Reduced collaborative review may save effort for low-risk and well-prepared changes, but it

may also be harmful if insufficiently examined changes increase the likelihood of pipeline

failure. Prior work has shown that review outcomes interact with CI build outcomes, and that

review-related factors such as discussion and review duration remain relevant for downstream

integration behavior (Zampetti, Bavota, Canfora & Di Penta, 2019). In this chapter, we therefore

examine the relationship between peer review decisions and downstream CI/CD outcomes.

Among the observable signals of lighter review, self-approval is particularly informative, since

it indicates that a contributor played a central role in approving or integrating the change

with limited external review involvement. However, the goal is not to promote systematic

self-approval, but to determine whether some MRs that follow reduced-review paths can be

identified as low-risk candidates based on downstream evidence.
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The chapter adopts an inverse-risk perspective. Instead of only asking which review decisions

are associated with pipeline failure, it also asks which MRs appear historically low risk despite

receiving limited collaborative review. This perspective is consistent with the broader argument

of the thesis: peer review effort optimization is a calibration problem, not a minimization

problem. Effort should be reduced where collaborative review appears to add limited value,

but preserved where the characteristics of the change, the contributor, or the project indicate

higher downstream risk. This view is also consistent with prior work showing that merge-request

acceptance and integration outcomes depend on a combination of review, contributor, and

project factors. (Zhang, Yu, Gousios & Rastogi, 2023b; Saidani, Ouni, Chouchane & Mkaouer,

2020; Ghaleb, Yu & Briand, 2019; Cassee, Vasilescu & Serebrenik, 2020)

The objective of this chapter is therefore to investigate whether peer review effort can be adapted

based on downstream delivery risk. More specifically, the chapter examines which MR and

review characteristics are associated with CI/CD pipeline failure, whether low-risk candidates

for reduced collaborative review or self-approval can be identified using information available

at MR creation time, and which features drive such recommendations. Across the studied

Kaloom and TELUS projects, we find that self-managed review decisions are not uniformly

associated with poorer downstream outcomes. The relationship between self-approval and

pipeline failure is generally weak and project-dependent. We also show that a creation-time

classifier can identify low-risk candidates for reduced collaborative review under conservative

historical conditions, and that the most influential signals behind such recommendations are

change size, author reliability, and the richness of the submitted MR description. To illustrate

the practical use of this approach, the chapter also introduces a prototype web extension that

provides live recommendations during MR inspection.

The main contributions of this chapter are:

• an empirical analysis of the relationship between MR characteristics, peer review decisions,

and downstream CI/CD pipeline failure across industrial projects from Kaloom and TELUS;

• an inverse-risk analysis that identifies review situations not strongly associated with pipeline

failure and that may therefore represent candidates for reduced collaborative review;
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• a creation-time recommendation model that identifies low-risk candidates for reduced

collaborative review or self-approval under conservative historical conditions, supporting

risk-aware peer review effort adaptation;

• an analysis of the features driving this recommendation, showing that low-risk recommendations

are mainly governed by change complexity, contributor reliability, and MR description quality

rather than by a single categorical review decision;

• a prototype web extension that provides live recommendations on whether an MR appears

suitable for reduced collaborative review or self-approval, illustrating how the proposed

model can be integrated into developers’ existing review workflow to support risk-aware

review-effort adaptation in practice.

9.2 Study Design

9.2.1 Research Questions

The chapter is guided by the following three research questions:

RQ1 Which peer review and MR characteristics are associated with downstream CI/CD

pipeline failure? This question provides the explanatory foundation of the chapter.

Before reasoning about whether peer review effort can be reduced for some MRs, it

is first necessary to understand which review decisions, process conditions, and MR

characteristics are associated with downstream failure. In particular, this question examines

whether self-managed review practices, process bypass conditions, review engagement,

change complexity, and author history are related to pipeline failure across projects.

RQ2 How accurately can creation-time information be used to recommend low-risk

candidates for reduced collaborative review or self-approval? While RQ1 studies

associations with downstream reliability, RQ2 moves toward proactive support. Its

objective is to determine whether information available at MR creation time is sufficient

to identify MRs whose historical counterparts received little or no meaningful review
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contribution and experienced no pipeline failure. Such cases are treated as candidates

for risk-aware review-effort adaptation rather than as evidence that review can always be

bypassed.

RQ3 Which creation-time features have the strongest influence on the reduced-review

recommendation? While RQ2 evaluates whether low-risk candidates can be predicted

with useful accuracy, RQ3 focuses on the interpretability of that prediction. Its objective

is to identify which creation-time features drive the recommendation most strongly, and

thus to better understand what kinds of MRs are judged by the model as more suitable for

reduced collaborative review or self-approval. More specifically, this question examines

whether the recommendation is shaped primarily by the technical characteristics of the

submitted change, the amount of context provided at submission, or the author’s prior

delivery and self-review history.

9.2.2 Data

The study combines both industrial datasets of the thesis: the five Kaloom technical groups

described in Section 3.3.1 and the five TELUS TINAA repositories described in Section 3.3.2.

All analyses are performed on merged MRs with at least one recorded pipeline.

9.2.3 Analysis Strategy

The analysis strategy varies according to the objective of each research question, but follows a

common overall logic. First, we operationalize downstream delivery reliability through a binary

pipeline-failure outcome derived from the status of the MR’s recorded pipeline executions. This

outcome serves as the main dependent variable for the explanatory analyses of the chapter.

Second, we relate this outcome to several complementary dimensions of peer review and MR

context, including self-review decisions, process bypass indicators, review engagement, change

complexity, and author history.
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For RQ1, we use descriptive and comparative analyses to examine which review-related and

MR-related characteristics are associated with pipeline failure across projects. Binary indicators

are analyzed using chi-square tests of independence together with odds ratios, whereas numeric

metrics are analyzed using Mann–Whitney 𝑈 tests and Cliff’s 𝛿 effect sizes. These analyses

provide a project-level view of whether reduced collaborative review is consistently associated

with downstream failure, or whether other factors better explain delivery risk.

For RQ2, we shift from explanation to recommendation. We first derive a conservative annotation

of whether a historical MR appears to be a low-risk candidate for reduced collaborative review

based on review outcomes and pipeline success. We then train and evaluate classifiers using

only creation-time features so that the resulting model can be applied when an MR is submitted,

before any review activity has taken place.

For RQ3, we complement RQ2 with an analysis of feature importance based on the same

creation-time features. This analysis identifies which dimensions of the MR and its author most

strongly drive the recommendation and clarifies whether the model relies primarily on change

complexity, contributor history, or submission context.

9.3 Results

9.3.1 Review Decisions and Factors Associated with Downstream Pipeline Failure

RQ1: Which peer review and MR characteristics are associated with downstream CI/CD
pipeline failure

Approach

To investigate the relationship between peer review decisions and downstream delivery reliability,

we examine whether selected MR characteristics are associated with pipeline failure after

integration. The analysis follows three steps. First, we define pipeline failure as the main

dependent variable and restrict the dataset to merged MRs with at least one recorded pipeline,
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so that each observation corresponds to an actual post-review delivery outcome. Second, we

organize the explanatory metrics into five complementary categories that capture who controlled

the review outcome, whether standard review safeguards were bypassed, how much review

engagement the MR received, how complex the submitted change was, and what was known

about the author’s prior delivery history at the time of submission. Third, we apply statistical

procedures suited to each variable type in order to compare failed and non-failed MRs across

projects.

This organization allows the analysis to distinguish between several possible explanations

of downstream risk. More specifically, it examines whether pipeline failure is more strongly

associated with self-managed review behavior, reduced procedural control, low review engagement,

change-related complexity, or the author’s prior delivery reliability.

Metric Categories

Self-Review Decision Metrics

The first category captures whether the MR author participated directly in the approval or merge

decision of the submitted change. These metrics are central to this chapter because they represent

cases in which the usual separation between contributor and reviewer is weakened or absent.

By measuring the extent to which review authority remained external or was instead retained

by the author, these metrics allow us to examine whether self-managed review decisions are

associated with downstream pipeline failure. More broadly, they support the thesis’s objective

of determining whether some forms of reduced peer review effort can be tolerated without

compromising delivery reliability.

Process Bypass Indicators

The second category captures conditions under which an MR may have bypassed part of the

expected review workflow. Whereas the previous category focuses on who made the decision,
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this category focuses on whether the decision occurred under reduced procedural control. These

indicators include merging without recorded approval, proceeding without any external reviewer,

modifying CI/CD configuration files that directly affect the pipeline, and enabling auto-merge

conditioned on pipeline success. Taken together, these metrics allow us to examine whether

workflow shortcuts or automated safeguards are associated with different levels of downstream

delivery risk. They are especially useful for distinguishing practices that may genuinely weaken

process control from those that primarily reduce coordination overhead without measurable

negative consequences.

Review Engagement Metrics

The third category captures the extent of human participation during the review process. Since

downstream reliability may depend not only on formal approval but also on the depth of

review interaction, we include several indicators of review engagement, namely the number

of participating reviewers, approvals, comments, discussion threads, and the elapsed time to

complete peer review. These metrics allow us to assess whether stronger review engagement is

systematically associated with lower pipeline-failure risk, or whether lighter forms of review

may already be sufficient in some contexts. In this way, they contribute to the broader question

of how peer review effort can be allocated more efficiently while preserving adequate delivery

safeguards.

Change Complexity Metrics

The fourth category characterizes the size and structure of the submitted change. These metrics

include the number of commits, files changed, total churn, and the length of the MR description.

They are included primarily as contextual variables, since downstream pipeline failure may

be influenced by the intrinsic complexity of the change rather than by review decisions alone.

Accounting for this dimension is therefore necessary to separate associations linked to peer

review practices from those more strongly related to the technical scope or documentation quality
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of the MR. In addition, description length provides a coarse proxy for the amount of contextual

information made available at submission time.

Author History Metrics

The fifth category captures the contributor’s prior record at the time of MR submission. These

metrics include the cumulative number of prior MRs, the number of prior pipeline failures, and

the resulting historical failure rate. All such measures are computed as rolling aggregates over

prior MRs within the same project group so that only information available at the time of review

is considered. This design avoids information leakage and ensures that the analysis remains

temporally valid. Substantively, these metrics allow us to assess whether downstream delivery

risk is better explained by the author’s prior reliability than by the immediate review decision

itself. If so, this would support a more risk-aware allocation of peer review effort, in which

stricter review attention is directed toward changes with higher expected risk rather than being

applied uniformly across all contributors.

Pipeline Outcome

The dependent variable in this RQ is pipeline failure, defined as a binary indicator of whether

the MR’s recorded pipeline outcome ended in a failed status. Pipeline status is extracted from

the head_pipeline field in the MR metadata, which records the status of the latest pipeline

associated with the MR. We restrict the analysis to merged MRs with at least one recorded

pipeline, since pipeline outcomes are undefined for unmerged MRs or for MRs without pipeline

executions. This restriction ensures that the dependent variable corresponds to an observed

downstream delivery outcome.

Table 9.1 summarizes the metrics used in this RQ, organized by category.
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Table 9.1 Summary of metrics used to study the relationship between peer review

decisions and CI/CD pipeline outcomes

Category Metric Definition Rationale

S
el

f-
R

ev
ie

w

D
ec

is
io

n
s

is_self_approved The author’s last approval action on the MR is

an approval (extracted from system notes).

Identifies MRs where the author

validated their own change.

is_self_merged The merge_user matches the MR author. Identifies MRs where the author

performed the integration.

is_self_managed The author approved, merged, and no other

contributor approved the MR.

Captures the absence of any external

review oversight.

is_self_assigned The MR assignee matches the author. Indicates whether the review was

explicitly delegated to the author.

P
ro

ce
ss

B
y
p
as

s

merged_despite_failure The last pipeline had a failed status when the

MR was merged.

Identifies integration despite a red

pipeline.

merged_without_approval The MR was merged with zero recorded

approvals.

Identifies integration without formal

approval.

has_no_reviewer No non-author contributor participated through

comments or discussions.

Flags MRs with zero external

engagement.

touches_ci_config The MR modifies CI/CD configuration files. Identifies changes that directly affect

the pipeline definition.

merge_when_pl_succeeds The auto-merge feature was enabled. Captures whether the pipeline was

used as a merge gate.

R
ev

ie
w

E
n
g
ag

em
en

t

participating_reviewers Count of distinct non-author contributors who

left non-system comments.

Measures the breadth of reviewer

involvement.

number_of_approvals Total approvals recorded on the MR. Quantifies formal review sign-off.

human_comments Count of non-system notes on the MR. Reflects the volume of reviewer

feedback.

number_of_discussions Count of discussion threads. Captures the number of review

conversations.

review_duration_hours Hours between MR creation and merge. Provides a temporal view of the review

process.

C
h
an

g
e

C
o
m

p
le

x
it
y

total_commits Number of unique commits in the MR. Reflects the granularity of the

submitted change.

files_changed Number of files modified. Measures the scope of the change.

mr_churn Sum of lines added and deleted. Quantifies the volume of code

modification.

description_length Character count of the MR description. Proxies the amount of context provided

at submission.

A
u
th

o
r

H
is

to
ry

author_prior_failure_rateRatio of the author’s prior pipeline failures to

prior pipeline executions.

Captures the author’s historical

reliability with respect to CI/CD.

author_prior_pl_failuresCount of the author’s prior MRs with pipeline

failures.

Provides an absolute measure of past

failure frequency.

author_prior_mrs Count of the author’s prior MRs in the project. Contextualizes the failure rate (a

50% rate from 2 MRs differs from

100 MRs).

Statistical Analysis

To examine the relationship between each metric and pipeline failure, we apply complementary

analytical procedures according to the type of variable considered.
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For binary metrics, such as self-approval and absence of external reviewers, we use the chi-square

test of independence to determine whether the presence of the characteristic is associated with

pipeline failure. A result is considered statistically significant when the 𝑝-value is below 0.05.

To complement statistical significance, we report Cramér’s𝑉 as a measure of association strength

and the odds ratio (OR) to quantify the direction and magnitude of the effect. An OR greater

than one indicates that the presence of the characteristic is associated with higher failure risk,

whereas an OR below one indicates lower failure risk.

For continuous and ordinal metrics, such as the number of commits and the author’s prior failure

rate, we use the Mann–Whitney 𝑈 test to compare the distributions of failed and non-failed MRs.

Because these variables are not assumed to follow a normal distribution, the Mann–Whitney

test provides a robust non-parametric basis for group comparison. We report Cliff’s 𝛿 as an

effect-size measure and interpret it using the thresholds proposed by Romano et al. Romano,

Kromrey, Coraggio, Skowronek & Devine (2006): negligible (|𝛿 | < 0.147), small (|𝛿 | < 0.33),

medium (|𝛿 | < 0.474), and large (|𝛿 | ≥ 0.474).

Taken together, these analyses provide an explanatory view of which review-related, contextual,

and historical factors are most consistently associated with downstream CI/CD failure across the

studied projects.

Results

Author’s historical delivery reliability is more strongly associated with downstream pipeline

failure than the immediate review decision itself. As shown in Table 9.4, the author’s prior

pipeline failure rate is significant in all studied projects and generally exhibits larger effect

sizes than the self-review decision variables. This pattern is particularly clear in the TELUS

projects, where the effect sizes reach medium to large magnitudes. A similar, although slightly

less uniform, pattern is observed for the absolute number of prior pipeline failures. These

results indicate that failed MRs are consistently associated with contributors who had a weaker

prior delivery record. From the perspective of peer review effort optimization, this finding is
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important because it suggests that downstream risk is more strongly tied to prior reliability than

to any single review-decision flag considered in isolation.

Self-review decisions do not provide a stable indication of downstream failure across projects.

Table 9.3 shows that self-approval is rarely significant, while the stricter self-managed condition

provides little evidence of a consistent association with failure. Self-merging is significant in

several projects, but its direction varies substantially: it is associated with higher failure risk in

some projects, such as CP, DP, and CDAF, but with lower failure risk in others, such as MP,

Platform, and Infrastructure. A similarly unstable pattern appears for self-assignment. Overall,

these results do not support the view that self-managed review behavior is inherently unsafe.

Rather, they suggest that its relationship with downstream failure is context-dependent and

should be interpreted in light of project-specific practices and safeguards rather than through a

uniform rule.

Process-control indicators provide a more nuanced picture. As shown in Table 9.3, enabling

merge when the pipeline succeeds is associated with lower failure risk in several projects, with

especially strong effects in the TELUS context. This suggests that pipeline-gated merging may

act as a meaningful safeguard in some environments. By contrast, merging without recorded

approval and proceeding without an external reviewer show mixed associations. They are

linked to higher failure risk in some projects, but not in all, and may even appear protective in

particular cases. This lack of stability indicates that reduced procedural control is not uniformly

detrimental. Instead, its impact appears to depend on the broader process environment in which

the MR is handled.

Review engagement shows some protective association with pipeline reliability, but this effect

remains moderate and project-dependent. As shown in Table 9.4, failed MRs tend in several

projects to involve fewer participating reviewers, fewer discussion threads, and fewer human

comments, particularly in MP, NetApps, CDAF, and CNE-IP. Some of the strongest negative

effects are observed for the number of discussion threads in projects CDAF and CNE-IP,

suggesting that richer review interaction may help reduce downstream failure in certain contexts.
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However, these patterns are not equally strong across all projects, and their effect sizes remain

generally lower and less stable than those observed for author-history variables. Review

engagement may therefore contribute to delivery reliability, but it does not by itself provide a

universal explanation of downstream risk.

Change-related metrics also fail to show a uniform relationship with pipeline failure. Table 9.4

indicates that the number of commits, the number of changed files, and the description length

vary in both significance and direction across projects. In several cases, failed MRs are associated

with fewer commits or fewer changed files rather than larger changes. This suggests that change

size alone is not a sufficient indicator of downstream delivery risk and that pipeline failure is

shaped by project-specific conditions rather than by a simple complexity effect.

Time to complete peer review does not emerge as a meaningful indicator of downstream CI/CD

reliability. As shown in Table 9.4, review duration is negligible in most projects and, when

significant, does not follow a stable direction. In some projects, failed MRs are associated with

slightly longer review duration, whereas in others they are associated with shorter duration,

including project CDAF where the effect is large and negative. This result is consistent with the

broader argument of the thesis: temporal measures alone provide only a partial view of process

quality because they may reflect waiting time, urgency, or local coordination practices rather

than the effectiveness of the review itself.

Cross-project heterogeneity is one of the most important characteristics of the results. Table 9.2

shows, for example, that project CNE-IP combines extremely high rates of self-merging,

merging without approval, and absence of external reviewers with the lowest observed failure

rate among all projects. By contrast, other projects with less extreme review configurations

exhibit higher failure rates or more problematic associations between weaker review control and

downstream outcomes. This heterogeneity suggests that low-collaboration review workflows are

not universally detrimental. Their safety depends on the broader process environment in which

they occur, including local engineering norms, pipeline constraints, and contributor experience.
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Table 9.2 Prevalence of self-review decisions, process bypass indicators, and review

engagement across the studied projects

Project Self-Review (%) Process Bypass (%) Review Context (%) MR Properties (Median)
Self-Appr. Self-Mrgd. Self-Mgd. Desp. Fail. W/O Appr. Auto-Merge No Rev. Fail Rate Commits Files Reviewers

CP 2.5 38.9 2.4 7.5 2.2 — 70.3 7.5 1 2 0

DP 2.6 23.9 2.2 11.0 0.2 — 47.4 11.1 1 3 1

MP 0.2 72.3 0.2 6.4 0.9 — 58.2 6.4 1 3 0

FPGA 0.4 36.0 0.0 12.9 1.5 — 55.3 12.9 2 3 0

PF 0.3 48.2 0.3 9.1 0.3 — 71.7 9.2 1 1 0

NetApps 9.5 87.2 9.0 11.4 40.7 — 52.1 11.4 2 2 0

Platform 18.9 63.6 17.3 14.1 44.0 — 61.5 15.4 3 3 0

Infrastructure 0.0 50.9 0.0 20.1 50.3 — 38.4 21.4 2 2 1

CDAF 6.0 63.8 5.9 16.5 56.8 — 56.9 16.5 3 3 0

CNE-IP 0.4 98.7 0.4 3.4 82.6 — 90.6 3.4 1 2 0

Table 9.3 Association between binary review flags and pipeline failure across all studied

projects. Each cell reports the odds ratio (OR); boldface indicates statistical significance at

𝑝 < 0.05 (chi-square test). OR > 1 indicates higher failure risk when the flag is true; OR

< 1 indicates lower risk. Empty cells indicate insufficient data for the test

Kaloom TELUS
Flag CP DP MP FPGA PF NetApps Platform Infra. CDAF CNE-IP
is_self_approved 1.04 1.16 3.20 1.33 1.29 1.30 1.15 — 0.89 8.88

is_self_merged 1.29 1.30 0.64 1.49 1.06 0.71 0.61 0.33 4.46 0.26

is_self_managed 0.93 1.18 3.20 — 1.75 1.23 1.17 — 0.92 8.88

is_self_assigned 1.53 1.33 0.63 0.80 1.37 0.51 0.48 1.04 0.13 0.23

merged_despite_failure ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞

merged_without_approval 0.55 2.25 1.67 7.03 1.29 1.69 0.95 0.34 4.35 3.78

has_no_reviewer 1.11 1.24 2.25 0.84 0.87 1.89 1.23 0.18 7.39 1.86

touches_ci_config 1.49 1.24 1.17 2.20 0.95 1.70 0.46 1.56 0.48 1.04

merge_when_pl_succ. 0.52 0.84 0.91 1.13 1.29 0.04 0.13 0.06 0.05 0.87

merged_w/_unresolved 2.27 3.89 1.50 1.33 0.36 0.56 1.29 0.61 0.78 —

Note: ∞ denotes a tautological relationship (merged_despite_failure is a subset of the outcome variable). Boldface = 𝑝 < 0.05. — =

insufficient data (fewer than 5 observations in one group).

Taken together, the results suggest that peer review effort should not be optimized by systematically

prohibiting self-managed review decisions. Instead, the evidence points toward a more selective

approach in which reduced collaborative review may be acceptable for lower-risk MRs, while

stronger external review is reserved for changes associated with higher delivery risk. In this

respect, the strong role of author historical reliability, together with the potentially protective

role of pipeline-gated merging, provides an empirical basis for moving toward risk-aware review

policies rather than uniform governance rules.
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Table 9.4 Cliff’s 𝛿 effect sizes from Mann-Whitney 𝑈 tests comparing numeric metrics

between MRs with and without pipeline failure. Positive values indicate higher values in

failed MRs; negative values indicate lower values. Boldface indicates statistical significance

at 𝑝 < 0.05. Effect size magnitudes: N = negligible (|𝛿 | < 0.147), S = small (|𝛿 | < 0.33),

M = medium (|𝛿 | < 0.474), L = large (|𝛿 | ≥ 0.474)

Kaloom TELUS
Feature CP DP MP FPGA PF NetApps Platform Infra. CDAF CNE-IP
author_prior_failure_rate +.29S +.20S +.15S +.23S +.12N +.36M +.61L +.93L +.77L +.65L

author_prior_pl_failures +.33M +.16S +.11N +.24S +.15S +.30S +.43M +.71L +.65L −.21S

participating_reviewers −.02N −.10N −.19S +.08N +.03N −.20S −.03N +.15S −.37M −.10N

number_of_discussions −.04N −.06N −.19S +.01N +.07N −.20S −.05N −.02N −.54L −.50L

human_comments −.03N −.02N −.20S +.01N +.01N −.12N −.03N −.05N −.11N −.01N

review_duration_hours +.07N −.02N −.10N +.09N +.06N −.15S −.05N +.17S −.56L −.15N

total_commits −.19S −.17S −.33M −.15S −.02N +.12N −.01N −.34M −.46M −.09N

files_changed −.04N −.05N −.11N +.12N −.02N +.10N +.00N −.59L −.08N +.08N

description_length −.10N +.07N −.09N −.06N +.01N −.23S +.08N +.28S +.24S −.01N

9.3.2 Predicting When Reduced Collaborative Review Can Be Recommended Safely

RQ2: How accurately can creation-time information be used to recommend low-risk
candidates for reduced collaborative review or self-approval

Approach

Following the findings of RQ1, we next examine whether it is possible to move from retrospective

analysis to proactive support. More specifically, this research question investigates whether

MRs for which external peer review would add little or no observable value can be identified as

early as MR creation time. The objective is not to remove peer review indiscriminately, but to

determine whether a recommendation model can distinguish lower-risk MRs, for which reduced

collaborative review or self-approval may be acceptable, from MRs that still warrant external

review.

The analysis follows three steps. First, we construct a conservative ground-truth label indicating

whether a historical MR appears to be a low-risk candidate for reduced collaborative review,

based on its observed review outcome and downstream pipeline result. Second, we train

prediction models using only features available at MR creation time, so that the recommendation
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Table 9.5 Metrics used to label historical MRs as trivial, lightweight, or substantive
review. These metrics are derived from review outcomes and are used exclusively for

annotation, not as model inputs

Metric Definition Justification
has_pipeline_failure Whether any pipeline associated with the MR had

a failed status.

A failed pipeline indicates that the change was not

safely integrated; such MRs should not be considered

self-approvable.

human_comments Number of non-system comments left on the MR. Zero comments from reviewers suggests that the review

added little or no explicit feedback.

number_of_discussions Number of discussion threads on the MR. Few discussions indicate minimal review interaction

beyond system activity.

resolved_discussions Number of resolvable discussion threads that were

resolved.

Resolved discussions indicate that the reviewer raised

concerns requiring follow-up.

post_submission_commits Number of commits added after MR creation. Post-submission commits reflect rework that occurred

during review.

post_sub_churn Total lines added and deleted in post-submission

commits (TELUS only).

Quantifies the volume of review-driven changes.

setting remains realistic and free of information leakage. Third, we evaluate the models through

repeated out-of-bag validation in order to assess how reliably such low-risk candidates can be

identified across projects.

Annotation Metrics

To construct the target label, we first collect the review-outcome metrics shown in Table 9.5.

These metrics are used exclusively for annotation and are not used as model inputs.

Annotation of Reduced-Review Candidates

To train the recommendation model, we require a ground-truth label indicating which historical

MRs appear to be plausible candidates for reduced collaborative review. Rather than relying

on manual annotation, we derive this label automatically from the observed review outcomes

recorded in the dataset. The underlying rationale is that if peer review produced no meaningful

feedback, no substantial rework, and no pipeline failure, then the same MR may plausibly have

been integrated through a lighter review path without changing the observed delivery outcome.
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Each merged MR with at least one recorded pipeline is therefore classified into one of three

review-outcome categories based on the metrics listed in Table 9.5:

Trivial review. The pipeline passed, the reviewer left zero human comments, no more than

two discussion threads are present, no post-submission commits were added, and no

discussions were resolved. In such cases, the review produced no observable feedback or

requested change.

Lightweight review. The pipeline passed, the reviewer left at most one human comment, no

more than three discussion threads are present, at most one post-submission commit was

added, at most one discussion was resolved, and post-submission churn did not exceed

20 lines where this metric is available. In such cases, the review involved only limited

interaction and at most minor rework.

Substantive review. The pipeline failed, or the review involved stronger feedback activity, more

substantial discussion, or rework following submission. In such cases, the review appears

to have contributed meaningfully to the integration outcome.

MRs labeled as trivial or lightweight are assigned the target label can_self_approve = True,

indicating that they are historical candidates for reduced collaborative review or self-approval.

MRs labeled as substantive are assigned can_self_approve = False, indicating that external

review appears to have added observable value and should not be removed.

By construction, all MRs labeled as self-approvable have a pipeline failure rate of zero, since

any MR with a failed pipeline is automatically assigned to the substantive class. This makes

the target label deliberately conservative: the model is only asked to recommend reduced

collaborative review for historical situations in which review added little observable value and

delivery remained successful.
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Creation-Time Features for Prediction

The prediction task must be performed at MR creation time, before any review activity has

taken place. Accordingly, the model is trained exclusively on features that are available when

the MR is opened. These features fall into three categories: the author’s prior history, the

structural characteristics of the submitted change, and the amount of context provided in the MR

description. Table 9.6 summarizes the full feature set.

Importantly, no review-outcome variable such as comments, discussions, approvals, or post-

submission commits is used as an input feature. Such variables are reserved exclusively for

target annotation, ensuring that the prediction setting remains temporally valid.

Model Training and Evaluation

We train a single global prediction model on the combined labeled dataset from the ten Kaloom

and TELUS projects to predict the binary target can_self_approve using the creation-time

features listed in Table 9.6. Pooling the projects allows the model to learn patterns that are less

dependent on a single review culture and more suitable for deployment across heterogeneous

GitLab environments. Training one global model rather than one model per project is also a

deliberate design choice for downstream tooling: it makes it possible to operationalize a single

recommendation backend that can later be queried by a web extension exposing the prediction

directly during MR inspection, without requiring per-project retraining or project-specific model

selection at inference time.

Boolean variables are converted to binary integers and rows with missing values are excluded.

For models that are sensitive to feature scale, standardization is applied within each bootstrap

iteration to avoid information leakage. No explicit feature-selection step is applied at this stage.

We evaluate four classifiers: Decision Tree, Random Forest, Gradient Boosting, and Logistic

Regression. Each model is trained and assessed over 100 bootstrap iterations. In each iteration,

a bootstrap sample of the same size as the original dataset is drawn with replacement, the
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Table 9.6 Features available at MR creation time used to train the self-approval

recommendation model. These features are computable from the GitLab API for any

project without requiring historical labeling on the target project

Category Feature Definition Rationale

A
u
th

o
r

H
is

to
ry

author_prior_failure_rate Ratio of prior pipeline failures to prior

pipeline executions.

Captures the author’s historical delivery

reliability.

author_prior_pl_failures Count of prior MRs with pipeline failures. Provides an absolute measure of prior

failure frequency.

author_prior_mrs Count of prior MRs in the project. Contextualizes the author’s history and

experience.

author_prior_merged Count of prior merged MRs. Reflects prior integration experience.

author_prior_sa_rate Proportion of prior MRs that were self-

approved.

Captures prior self-approval behavior.

author_prior_sm_count Count of prior self-merged MRs. Captures prior self-management

behavior.

C
h
an

g
e

C
h
ar

ac
te

ri
st

ic
s

total_commits Number of unique commits in the MR. Provides a coarse indication of

submission granularity.

files_changed Number of files modified. Reflects the breadth of the submitted

change.

mr_additions Total lines added. Captures the size of newly introduced

content.

mr_deletions Total lines deleted. Captures the extent of removed content.

mr_churn Sum of additions and deletions. Measures overall modification volume.

new_files Count of newly created files. New files may require more conceptual

review.

deleted_files Count of deleted files. File removals may increase integration

sensitivity.

renamed_files Count of renamed files. Structural changes may increase review

need.

unique_directories Distinct directories touched. Measures the spread of the change across

the project.

unique_extensions Distinct file extensions touched. Reflects artifact diversity.

touches_ci_config Whether CI/CD configuration files are

modified.

CI-related changes may increase delivery

sensitivity.

ci_config_files_touched Count of CI configuration files modified. Quantifies the extent of pipeline-related

modifications.

D
es

c.

description_length Character count of the MR description. Proxies how much context is provided at

submission.

description_word_count Word count of the MR description. Complements description length as a

context indicator.

model is trained on this sample, and performance is evaluated on the corresponding out-of-bag

observations. For each iteration, we compute AUC, precision, recall, and F1. We then report the

median and interquartile range across the 100 iterations.

This evaluation design provides a robust estimate of how well low-risk reduced-review candidates

can be identified under repeated resampling, while preserving the distinction between training

and testing data in each bootstrap round.
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Results

Creation-time metrics appear sufficient to identify low-risk candidates for reduced collaborative

review with reasonably strong predictive performance. As shown in Table 9.7, Gradient Boosting

achieves the highest median AUC (0.829), followed closely by Random Forest (0.823). Decision

Tree (0.779) and Logistic Regression (0.735) perform less well. The narrow interquartile ranges

indicate that these results are stable across bootstrap samples.

The best-performing models show different precision–recall trade-offs. Gradient Boosting

reaches the highest median precision (0.689), indicating that when it recommends a reduced-

review path, the recommendation is correct in roughly seven cases out of ten according to the

conservative historical label. However, its lower recall (0.648) means that it is more selective and

leaves more potentially self-approvable MRs unrecommended. Random Forest provides a more

balanced profile, with the highest recall (0.741) and the highest F1 score (0.683), suggesting that

it identifies a larger share of low-risk candidates while maintaining acceptable recommendation

quality.

By contrast, Logistic Regression performs noticeably worse than the tree-based models on

all metrics. This suggests that the relationship between creation-time MR characteristics and

reduced-review suitability is not purely linear, and that interactions between author history,

change properties, and contextual features likely play an important role in the prediction task.

Taken together, these results indicate that low-risk candidates for reduced collaborative review

can be predicted with useful accuracy from MR creation-time information alone. This is an

important finding for the thesis because it shows that the transition from retrospective analysis to

proactive recommendation is feasible. Rather than treating all self-approval or reduced-review

behavior as equally risky, it becomes possible to support more selective and risk-aware review

policies.
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Table 9.7 Model comparison over 100 bootstrap iterations. Each cell reports the median

value with the interquartile range in parentheses. The best value in each column is shown in

boldface

Model AUC Precision Recall F1
Decision Tree 0.779 (0.005) 0.569 (0.014) 0.760 (0.031) 0.651 (0.009)

Random Forest 0.823 (0.004) 0.634 (0.010) 0.741 (0.010) 0.683 (0.006)

Gradient Boosting 0.829 (0.004) 0.689 (0.012) 0.648 (0.014) 0.669 (0.007)

Logistic Regression 0.735 (0.007) 0.512 (0.009) 0.780 (0.009) 0.619 (0.008)

9.3.3 Characteristics Driving the Reduced-Review Recommendation

RQ3: Which creation-time features have the strongest influence on the reduced-review
recommendation

Approach

After establishing in RQ2 that low-risk reduced-review candidates can be identified with

useful accuracy at creation time, we next examine which creation-time features drive these

recommendations most strongly. The objective of this research question is not only to improve

interpretability of the prediction model, but also to better understand what kinds of signals

characterize MRs that are more likely to be suitable for reduced collaborative review or

self-approval.

The analysis follows three steps. First, we extract feature-importance scores from the best-

performing prediction model identified in RQ2, namely Gradient Boosting, across all 100

bootstrap iterations. This yields a distribution of importance values for each of the 20 creation-

time features rather than a single model-specific ranking. Second, we convert these importance

values into within-iteration feature ranks so that the stability of the relative ordering can be

assessed across bootstrap samples. Third, we apply a Friedman test followed by Nemenyi post-hoc

analysis to determine whether the observed ranking differences are statistically distinguishable.

More specifically, each bootstrap iteration produces one importance score per feature, after

which features are ranked from most important to least important within that iteration. The
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Friedman test is then used to assess whether the average feature ranks differ significantly across

the 100 iterations. When this global test is significant, the Nemenyi post-hoc procedure is used

to identify groups of features whose ranks are not significantly different at 𝛼 = 0.05. Features

sharing the same group letter are therefore interpreted as belonging to the same importance tier.

For interpretability, we report the mean rank and median importance for the ten highest-ranked

features.

Results

Change size and author reliability emerge as the two dominant dimensions driving the

recommendation. The amount of newly added content obtains the best average ranking

across the 100 bootstrap iterations (mean rank 1.07) and the highest median importance (0.206),

making it the strongest single predictor of whether an MR is recommended for a reduced-review

path. The second-ranked feature is the author’s prior pipeline failure rate (mean rank 2.63),

which confirms the central finding observed in RQ1: the author’s historical CI/CD reliability

is a major signal of downstream risk. Taken together, these two features indicate that the

recommendation model relies primarily on both the technical scope of the submitted change and

the prior reliability of the contributor.

A second tier of influential features captures the structural complexity and spread of the MR.

This group includes overall churn, the number of distinct directories touched, the length of the

MR description, and the number of commits. Their presence near the top of the ranking suggests

that the recommendation is sensitive not only to raw size, but also to how broadly the change is

distributed in the codebase and how much contextual information is provided at submission time.

In particular, the strong position of MR description length suggests that richer descriptions may

be associated with situations in which the submitted change is easier to understand and therefore

more likely to be judged as suitable for a lighter review path.

Author-related behavioral history also remains an important part of the recommendation signal.

The model gives notable weight to the author’s prior self-merging count, prior self-approval
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rate, prior pipeline failures, and prior MR experience. This indicates that the model does not

rely solely on immediate change characteristics. It also considers whether the contributor has a

history of reliable integration, previous self-managed behavior, and broader project experience.

In this sense, the recommendation is influenced not only by what the MR looks like at submission

time, but also by who is submitting it.

By contrast, several categorical or process-specific indicators contribute less strongly to the

prediction. Modifying CI/CD configuration files, renaming files, and other lower-ranked

structural flags do not appear among the dominant predictors. This suggests that the model

relies more on continuous risk-related signals, such as size, spread, and prior reliability, than on

isolated categorical markers. In practical terms, the recommendation appears to be shaped less

by any single special-case condition and more by the overall risk profile of the MR and its author.

Taken together, these results show that the reduced-review recommendation is driven primarily

by two broad dimensions: characteristics of the submitted change and characteristics of the

contributor’s prior track record. This is an important result for the chapter because it clarifies the

basis on which proactive recommendation becomes possible. Rather than treating self-approval

as a purely procedural decision, the model operationalizes reduced collaborative review as a

risk-sensitive judgment grounded in both MR complexity and author reliability.

9.4 Discussion

Taken together, the results of this chapter suggest that downstream delivery reliability cannot

be understood through self-managed peer review behavior alone. Across the studied projects,

the most stable signal associated with pipeline failure is not whether a merge request was

self-approved or self-merged, but the author’s prior delivery reliability. In RQ1, history-based

indicators emerge as the strongest and most consistent factors associated with downstream CI/CD

failure, whereas self-review decision variables show weaker and less stable relationships across

projects. This shifts the interpretation of review risk away from a simple distinction between

self-managed and externally reviewed merge requests. Instead, delivery risk appears to depend
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more fundamentally on who is making the change, under what prior reliability conditions, and

within which project context.

This perspective is important because self-managed review is often treated as a problematic

or inherently unsafe practice. Such caution is understandable: self-approval and self-merging

reduce independent scrutiny and may create concern about weaker validation. At the same

time, self-management can also save time, reduce coordination overhead, and help teams avoid

unnecessary review delays, especially when changes are simple, routine, or made by contributors

with a strong history of reliable delivery. Our results suggest that these two views need to be

reconciled. Self-management should not be treated as universally bad practice, but neither

should it be adopted without care. Rather, it should be understood as a process choice whose

safety depends on context. When teams rely on self-managed review, they need to remain aware

of the associated risk conditions, including contributor history, change characteristics, and the

presence or absence of strong automation safeguards.

This helps explain why self-managed review behavior does not exhibit a uniform relationship

with failure. Self-approval and other self-managed conditions are not consistently associated

with poorer outcomes across projects. Even when self-merging is statistically significant, its

direction differs depending on the project. In some contexts, self-managed behavior is associated

with higher failure risk, whereas in others it is associated with lower risk or shows no clear

difference. This heterogeneity indicates that self-management is not, by itself, a reliable proxy for

unsafe delivery. Rather, its meaning depends on the surrounding process environment, including

local review norms, automation safeguards, and contributor history. From the perspective of peer

review effort optimization, this is an important result: reducing collaborative review effort does

not automatically imply greater downstream risk, and blanket assumptions about self-managed

review are therefore difficult to support empirically.

The results also suggest that review effort should be interpreted together with the role of

automation. While collaborative review intensity shows only moderate and project-dependent

associations with failure, pipeline-gated integration appears more consistently protective in
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several contexts. In particular, enabling merge when the pipeline succeeds is associated with

lower failure risk in multiple projects, especially in the TELUS setting. This indicates that part

of the safety often attributed to peer review may in practice be carried by automation safeguards

rather than by uniformly strong human review involvement. Peer review remains important, but

its role should be understood as part of a larger socio-technical process in which automation and

human judgment jointly shape delivery outcomes.

The findings of RQ2 extend this discussion by showing that candidates for reduced collaborative

review can be identified with useful accuracy at creation time. Using a conservative annotation

strategy, the chapter operationalizes such candidates as merge requests whose historical reviews

produced little or no observable contribution and whose pipelines succeeded. On that basis,

the predictive results show that creation-time information is sufficient to distinguish many such

cases from merge requests that appear to require more substantive review. The best-performing

models achieve AUC values above 0.82, demonstrating that the optimization perspective of the

thesis can move beyond retrospective explanation toward proactive support. At the same time,

these results should not be interpreted as evidence that peer review can be replaced wholesale.

The labeling strategy captures absence of observable review contribution in recorded traces,

not proof that review had no value whatsoever. Silent validation, informal discussion, and

off-platform coordination may still play an important role. The appropriate interpretation is

therefore one of decision support: the goal is to allocate review attention more selectively, not to

eliminate human judgment.

The feature-importance analysis of RQ3 further clarifies why such prediction is possible. The

recommendation model is driven primarily by two broad dimensions: the characteristics of

the submitted change and the contributor’s prior track record. On the one hand, the model

is sensitive to the size, spread, and structural complexity of the merge request. On the other

hand, it relies heavily on signals of historical reliability, prior pipeline behavior, and previous

self-management patterns. This is consistent with the results of RQ1 and reinforces the chapter’s

overall interpretation: the question of whether reduced collaborative review is acceptable is not

primarily procedural, but risk-sensitive. The model does not rely mainly on isolated categorical



252

flags; rather, it combines multiple signals that together describe whether a merge request appears

suitable for lighter review treatment.

The prototype web extension discussed in this chapter translates these empirical results into a

more practical workflow. By exposing the recommendation at the point where developers and

reviewers inspect the merge request, it brings the analysis closer to the actual review decision.

This is important because review-effort adaptation is only useful if it can inform the moment at

which teams decide how much scrutiny a change requires. In this sense, the extension should be

interpreted as a decision-support layer rather than as an automated approval mechanism. It can

highlight merge requests that appear suitable for reduced collaborative review, while leaving the

final decision to the team and preserving sensitivity to local policies, criticality, and domain

knowledge.

More broadly, this chapter contributes to the dissertation by showing that downstream delivery

reliability provides an essential perspective for reasoning about peer review effort. The findings

challenge both the assumption that stronger collaborative review is always the safest option and

the opposite assumption that self-approval is inherently risky. Instead, the evidence supports

a more nuanced view: external review remains important, but its necessity varies according

to the risk profile of the merge request, the history of its author, and the surrounding process

safeguards. In this way, the chapter extends the dissertation’s process-oriented view of peer

review effort from upstream planning conditions to downstream delivery outcomes.

A natural next step is to enrich this predictive perspective with models that can reason over context

beyond numerical metrics alone. In future work, we plan to integrate large language models

into the recommendation pipeline in order to capture richer semantic and contextual signals

from merge request titles, descriptions, commit messages, review comments, file paths, and

other textual or structural cues. Such an extension would complement the current metric-based

models by allowing the prediction process to consider not only the measurable properties of a

merge request, but also the meaning and intent of the change. This could improve prediction
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Table 9.8 Effort savings potential per project. Wasted reviews are peer-reviewed MRs

annotated as self-approvable (trivial or lightweight review). Time to complete peer review

is measured as hours. Working days assume 8-hour days. Pipeline failure rate among

wasted reviews is 0% in all projects by construction

Project Review Count Effort Saved
Peer Rev. Wasted % Wasted Med. (h) Total (h) Work Days

CP 7,636 3,302 43.2 0.9 29,734 3,717

DP 6,272 1,298 20.7 1.0 9,560 1,195

MP 5,941 2,202 37.1 0.9 17,594 2,199

FPGA 539 161 29.9 0.6 3,531 441

PF 3,524 1,638 46.5 0.9 16,640 2,080

NetApps 1,511 532 35.2 0.0 1,658 207

Platform 931 347 37.3 0.0 2,260 282

Infrastructure 93 16 17.2 0.0 0 0

CDAF 378 128 33.9 0.0 301 38

CNE-IP 131 94 71.8 — 146 18

quality, provide more interpretable recommendations, and better support risk-aware peer review

adaptation in practice.

9.5 Implications

9.5.1 Implications for our industrial partners

An important practical consequence of these results is that part of the current peer review activity

may be avoidable, at least in the sense that it shows little or no observable contribution in the

recorded MR traces. Table 9.8 shows that, across the studied projects, a substantial proportion of

peer-reviewed MRs were later annotated as candidates for reduced collaborative review, meaning

that their recorded reviews were trivial or lightweight and were not accompanied by observed

pipeline failure. This proportion ranges from 17.2% to 71.8% depending on the project. In

Kaloom, the percentage varies from 20.7% in DP to 46.5% in PF, whereas in TELUS it ranges

from 17.2% in Infrastructure to 71.8% in CNE-IP. These numbers do not prove that external

review had no value in a strict causal sense, but they do suggest that the current allocation of

review attention may be broader than necessary in some contexts.
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The magnitude of this potential saving is particularly visible in the Kaloom projects, where

the cumulative review-related elapsed time associated with these low-risk candidates exceeds

77,000 hours. Although time to complete peer review should not be interpreted as a direct

measure of true reviewer effort, since it also captures waiting time and coordination delays, it still

provides a useful estimate of the review-related time that may be reduced if low-risk MRs are

redirected toward lighter approval paths. In the TELUS projects, the median time to complete

peer review is often near zero, so the estimated time savings are smaller in absolute terms even

when the proportion of reduced-review candidates remains high. This pattern suggests that the

practical benefit of the recommendation may vary across organizations: in some settings, it may

primarily reduce elapsed time to complete peer review, whereas in others it may mainly reduce

unnecessary review overhead and free reviewer attention for more complex changes.

The relationship between review routinization and project stability is also noteworthy. Projects

with lower observed pipeline-failure rates sometimes show higher proportions of reviewed MRs

that are later annotated as reduced-review candidates. For example, project CNE-IP combines

the lowest failure rate with the highest proportion of peer-reviewed MRs that fall into this

category. This pattern suggests that, in relatively stable environments, a larger share of peer

review may function as confirmation rather than correction. Under such conditions, a risk-aware

recommendation system may help teams reserve external review for cases where it is more likely

to add value, while allowing straightforward and historically low-risk MRs to proceed with

lighter review mechanisms.

For industrial partners, the prototype web extension offers a practical path toward operationalizing

this idea. By providing a live recommendation during MR inspection, the extension can make

risk-aware review allocation visible at the moment when developers and reviewers decide

whether additional scrutiny is needed. This does not require organizations to remove review

gates globally. Instead, it supports a more controlled process in which teams can define local

thresholds, inspect the model’s recommendation, and decide whether an MR should receive

standard collaborative review, lighter review, or explicit self-approval. Such a tool can therefore

support policy experimentation without replacing team judgment.
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More broadly, these results support a move from uniform review governance toward context-

sensitive review allocation. The evidence does not suggest that external review should be

removed, nor that self-approval is universally safe. Rather, it suggests that peer review effort can

be distributed more selectively if delivery risk is assessed using the combined signals identified

in this chapter. In practical terms, this means that low-risk MRs submitted by historically reliable

contributors and characterized by limited scope may not always need the same degree of external

review as larger, more dispersed, or historically riskier changes. Such a shift would align peer

review policy more closely with the actual distribution of delivery risk.

9.5.2 Implications for researchers

For researchers, this chapter reframes self-approval as a context-dependent manifestation of

reduced collaborative review rather than as a binary risk factor. This has several methodological

consequences for future empirical work on peer review and delivery reliability. The observation

that a substantial share of peer-reviewed MRs are later annotated as low-risk reduced-review

candidates, yet do not exhibit observable pipeline failure, suggests that studies treating self-

approval as uniformly risky may produce biased conclusions. Future empirical studies on peer

review should therefore stratify their analyses by delivery-risk profile rather than evaluating

self-approval in isolation. They should also explicitly report the operational rules used to

define self-management, self-approval, and self-merging, since these conventions vary across

organizations and directly affect the transferability of results.

The chapter also contributes a measurement perspective that researchers can extend. Linking MR-

level peer review decisions to CI/CD outcomes provides an outcome anchor that complements

internal review process metrics such as comment counts, review duration, or reviewer engagement.

This supports a broader research practice in which peer review studies are validated against

downstream delivery signals, which are less directly confounded by reviewer availability or

organizational urgency than process-internal metrics. The creation-time recommendation

framework, which reaches an AUC above 0.82, further illustrates that MR-level decisions can

be studied as prediction problems anchored in downstream outcomes. This framing can be
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generalized to other review-related decisions, such as reviewer assignment, fast-track approval,

escalation triggers, or review-depth recommendation.

Finally, the observation that the practical value of reduced-review recommendation varies

across organizational contexts motivates multi-site replication studies that explicitly report

context characteristics alongside the main effect estimates. Such characteristics include baseline

pipeline-failure rates, the level of review routinization, approval conventions, self-management

norms, and the strength of CI/CD gating mechanisms. Reporting these contextual factors would

make it easier to compare and aggregate findings across organizations and to understand when

reduced collaborative review is likely to be acceptable.

9.6 Threats to Validity

This chapter is subject to several threats to validity. First, the notion of a self-managed or

reduced-review MR depends on the operational rules used to define self-management, self-

approval, self-merging, and limited external review from GitLab traces. Different organizations

may use different review and approval conventions, which may affect the transferability of the

labeling rules.

Second, the current analysis of downstream reliability focuses primarily on pipeline failure.

Although this is an important indicator of delivery reliability, it does not capture all possible

downstream consequences, such as latent defects, rollback frequency, post-release incidents,

maintainability degradation, or security issues. Therefore, the term “low risk” should be

interpreted as low observed CI/CD delivery risk under the available traces, not as a complete

guarantee of software quality.

Third, the annotation strategy used for the recommendation model is conservative but trace-based.

MRs labeled as candidates for reduced collaborative review are those for which the recorded

review produced little observable feedback and the pipeline succeeded. However, reviewers may

still provide silent validation, communicate outside the platform, or detect risks that are not
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visible in the MR traces. Consequently, the label should be interpreted as an approximation of

observable review value, not as proof that external review was unnecessary.

Fourth, the analyses are observational and do not control for all potential confounding factors,

such as contributor expertise, subsystem criticality, change urgency, informal communication,

team ownership, or release pressure. Consequently, observed associations should not be

interpreted as direct causal effects. The recommendation model should therefore be understood

as decision support for review allocation rather than as a causal model of review effectiveness.

Finally, the study is conducted in industrial GitLab contexts from Kaloom and TELUS. This

strengthens the industrial relevance of the findings, but may limit generalizability to other

review platforms, project structures, approval policies, or CI/CD configurations. Replications in

additional organizations and open-source settings would help determine how stable the observed

patterns are across contexts.

9.7 Conclusion

This chapter examined the relationship between peer review decisions and downstream CI/CD

reliability. Its main objective was to determine whether reduced collaborative review, observable

through self-managed decisions such as self-approval, can be treated as a risk-aware adaptation

of peer review effort rather than as a uniformly unsafe practice.

The results show that self-managed review decisions are not consistently associated with poorer

pipeline outcomes across the studied projects. Instead, downstream failure is more strongly

and more consistently associated with the author’s prior delivery reliability, together with

project-specific safeguards and change characteristics. This finding challenges the assumption

that all MRs require the same level of external review and supports a more selective view of

peer review effort allocation.

The chapter also shows that low-risk candidates for reduced collaborative review can be identified

at MR creation time with useful predictive performance. Using a conservative historical label
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based on trivial or lightweight review outcomes and successful pipeline execution, the best-

performing models achieve AUC values above 0.82. The recommendation is driven mainly by

change size, structural spread, submission context, and the contributor’s prior track record. These

results indicate that the suitability of reduced collaborative review is not a simple procedural

property, but a risk-sensitive judgment that combines MR characteristics with author history.

Finally, the chapter introduces a prototype web extension that provides live recommendations

during MR inspection. This prototype illustrates how the proposed model can be integrated

into developers’ existing workflow to support risk-aware review-effort adaptation in practice.

From the perspective of the thesis, these findings complete the process-oriented view of peer

review effort by linking review decisions to downstream delivery reliability. They show that the

challenge is not simply to avoid self-managed review behavior, but to determine under which

conditions collaborative review effort can be reduced while preserving the safeguards needed

for reliable DevOps delivery.
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Preamble

This chapter presents RevMine, an LLM-assisted tool that streamlines DevOps-pipeline

mining across GitHub and GitLab. RevMine accepts natural-language data-collection requests,

translates them into validated extraction plans, executes them against the appropriate platform

APIs, and computes a literature-grounded set of metrics. Although it originated as a peer

review mining tool, its scope in this thesis version covers the three DevOps pipeline stages

studied in the preceding chapters: Kanban-style planning, peer review, and CI/CD delivery. We

evaluate RevMine along four dimensions: technical correctness of data collection, accuracy of

LLM orchestration, dependency-completeness of generated plans, and perceived usefulness

through an external evaluation. Together, these analyses establish RevMine as a reproducible

infrastructure for operationalizing the process analyses developed throughout this thesis.

Compared with the CASCON version, the chapter version adds a fully implemented tool, with

empirical study. Compared to the submitted journal, this chapter adapt introduction, discussion

and conclusion to fit thesis context.
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10.1 Introduction

The preceding chapters showed that peer review effort in DevOps workflows cannot be understood

as an isolated activity. It is observable through MR traces, varies across MR types and workflow

conditions, is influenced by upstream planning, and is connected to downstream CI/CD outcomes.

Realizing this analytical agenda, however, requires collecting and combining heterogeneous data

from multiple parts of the DevOps workflow, including MR metadata, commits, file changes,

comments, approvals, issue histories, workflow transitions, and pipeline outcomes. Although

such data is available through platforms such as GitHub and GitLab, its practical use remains

difficult. Researchers and practitioners must handle authentication, pagination, rate limits,

platform-specific APIs, and the transformation of raw data into analysis-ready datasets. As a

result, repository mining often depends on ad hoc scripts, which can reduce reproducibility and

make analyses difficult to transfer across projects, platforms, or organizations.

This tooling challenge is central to the objective of this thesis. If peer review effort is a

multi-dimensional process phenomenon, then a supporting tool must do more than collect

isolated pull request or MR records. It must help users reconstruct the broader analytical chain

linking upstream planning, peer review activity, and downstream delivery. This includes, for

example, combining MR creation-time features with commits and discussions, classifying

artifact types, detecting workflow deviations, and connecting review decisions to CI/CD pipeline

outcomes.

This chapter presents RevMine, an LLM-assisted tool for reproducible DevOps-pipeline data

collection and analysis across GitHub and GitLab. RevMine allows users to express collection

and analysis needs in natural language or through manual configuration, translates these needs

into structured collection plans, validates the required fields and dependencies, executes the

corresponding API calls, computes curated process metrics, and exports analysis-ready datasets.

Although RevMine originated as a peer review mining tool, the thesis version extends its scope to

the three DevOps stages studied throughout this dissertation: planning, peer review, and CI/CD
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delivery. In this sense, RevMine operationalizes the upstream–review–downstream perspective

developed in the preceding chapters.

The objective of this chapter is to describe and evaluate RevMine as a reproducible tool for

DevOps-pipeline mining and peer review analytics. More specifically, the chapter examines

whether RevMine can collect pull request and MR data correctly across GitHub and GitLab,

whether its LLM orchestration layer can accurately translate natural-language requests into valid

collection plans, whether these plans include the metric dependencies required for downstream

analysis, and how potential users perceive the tool’s usefulness and adoption value.

The main contributions of this chapter are:

• RevMine, a fully implemented, open-source tool that supports reproducible DevOps-pipeline

data collection and analysis across GitHub and GitLab;

• an LLM-assisted orchestration mechanism that translates natural-language data-collection

requests into structured and validated extraction plans, while preserving a manual configuration

mode for reproducibility-sensitive workflows;

• a literature-grounded catalogue of peer review, change, planning, and CI/CD metrics that

maps high-level empirical software engineering concepts to concrete platform data and

derived features;

• a systematic evaluation of RevMine’s data collection correctness across GitHub and GitLab

repositories, comparing its outputs with hand-written mining scripts;

• a systematic evaluation of the LLM orchestration layer using a benchmark of natural-language

scenarios, multiple model configurations, and complementary exact-match, subset-match,

and overlap-based measures;

• an evaluation of feature-to-metric dependency completeness, assessing whether generated

collection plans include the raw data required to compute the requested metrics;

• an external formative evaluation with research and industry participants, assessing perceived

usefulness, trust, and adoption intent;

• an extension of RevMine from peer review mining to cross-stage DevOps analytics, enabling

joins between Kanban-style planning data, PR/MR review data, and CI/CD delivery outcomes.
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10.2 RevMine: Tool Description

This section presents RevMine’s design rationale, system architecture, collected data, and

supported analyses. RevMine is a tool for collecting, structuring, and analyzing peer review

and DevOps process data from GitHub and GitLab through a unified workflow that combines

platform-aware data extraction with LLM-assisted request interpretation. Beyond raw extraction,

RevMine exposes an explicit catalogue of collected fields and derived metrics, together with a

set of supported analyses that operationalize the constructs developed in the preceding chapters

of this thesis.

10.2.1 Design Rationale

RevMine was designed to address three limitations commonly encountered in peer review mining

workflows.

Accessibility. Existing data collection pipelines require researchers to understand platform-

specific APIs, authentication mechanisms, pagination behavior, and data transformation steps.

RevMine reduces this burden by allowing users to express collection or analysis needs through

either natural language or a manual configuration interface.

Platform abstraction. GitHub and GitLab expose review data through different endpoints,

schemas, and terminology. RevMine hides these differences behind a unified internal

representation, allowing the same analytical workflow to be reused across platforms with

minimal user-side adaptation.

Reproducibility. RevMine separates raw data acquisition from downstream transformation

and analysis. Retrieved platform responses are preserved before further processing, enabling

re-execution of filtering, feature computation, and analysis without repeating API calls. This

design supports reproducible empirical studies while reducing dependence on platform rate

limits and endpoint volatility.
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10.2.2 System Architecture

RevMine is implemented as a microservice-based layered architecture. This architecture

separates user interaction, request routing, authentication, configuration, data collection, LLM-

based interpretation, analysis, notification, persistence, event distribution, and monitoring into

distinct components. Rather than centralizing these responsibilities in a monolithic application,

RevMine organizes them around independent services connected through REST/HTTP calls,

persistence interfaces, asynchronous tasks, and publish/subscribe events. Figure 10.1 summarizes

the main architectural components and their interactions.

User interface and external integrations

The user-facing layer consists of a browser-based interface through which users interact with

RevMine. The browser communicates with the platform through REST/HTTP requests. RevMine

also interacts with several external systems: GitHub and GitLab provide repository and API

data; Google OAuth 2.0 supports external authentication; and Ollama or OpenRouter provide

local or cloud-based LLM access. These external integrations remain outside the RevMine

platform boundary, while the platform encapsulates the services and storage components needed

to process their data.

API gateway and routing layer

All requests from the user interface enter RevMine through the API Gateway. The gateway

provides a single entry point to the platform and routes REST/HTTP requests to the appropriate

internal services. For protected routes, the gateway delegates identity validation to the

Authentication Service and forwards the authenticated user context to downstream services. This

keeps the gateway focused on routing and access control while isolating authentication logic in a

dedicated service.
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Service layer

The core functionality of RevMine is implemented through six main microservices. The

Authentication Service manages login, user identity, token issuance, token refresh, and OAuth

callback handling. The Configuration Service manages platform configuration and access tokens

required for repository integrations. The Collection Service extracts data from external platforms

such as GitHub and GitLab. The Analysis Service computes metrics and produces analytical

outputs from collected data. The Notification Service manages user and system notifications.

The LLM Service interprets natural-language requests and communicates with local or cloud

LLM providers. These services are reachable through internal HTTP/API routing and can also

exchange events through the Kafka event bus.

Data and middleware layer

RevMine uses a service-oriented data management strategy. Each main service has a dedicated

PostgreSQL database, which limits coupling between services and supports independent evolution

of the platform. The architecture includes auth_db, configuration_db, collection_db,

analyze_db, and notification_db. In addition, raw and semi-structured collected artifacts

are stored in revmine-collections, a MinIO object store. This separation distinguishes

structured operational data from larger JSON-based repository artifacts.

Task execution and caching

RevMine integrates Redis and Celery as a cache and task broker layer. Redis acts as the broker

and result backend, while Celery workers execute asynchronous jobs outside the synchronous

request-response path. This design is useful for long-running operations such as large-scale

collection, analysis generation, or batch processing, because the user interface can remain

responsive while background tasks continue to execute.
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Event distribution layer

RevMine uses Apache Kafka as a publish/subscribe event bus. Kafka decouples services that

produce events from services that consume them, which reduces synchronous dependencies

between components. The architecture defines several event channels, includingcollection.events.*,

config.tokens.request/response, analysis.events.*, and notification.events.

For example, the Collection Service can produce collection events, the Analysis Service can

consume and produce analysis events, and the Notification Service can consume notification

events. This event-oriented layer supports asynchronous coordination between services.

Monitoring and observability layer

RevMine includes a monitoring and observability stack composed of Promtail, Loki, and

Grafana. Promtail collects service logs and ships them to Loki. Loki stores and indexes the

logs, while Grafana provides the visualization and querying interface. This layer gives operators

visibility into platform execution and supports debugging, monitoring, and maintenance across

the different services.

Architectural summary

Overall, the new architecture separates RevMine into a browser-based user interface, external

integrations, a gateway-based access layer, specialized microservices, independent persistence

backends, a Redis/Celery task layer, a Kafka-based event bus, and a centralized observability

stack. This separation is important for RevMine because natural-language interaction, repository

extraction, authentication, metric computation, asynchronous processing, and monitoring have

different execution patterns, scalability needs, and failure modes.

10.2.3 Collected Data and Supported Metrics

RevMine collects and derives metrics from PR/MR traces to support empirical analysis of

code review activity, collaboration, change complexity, project evolution, upstream workflow
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behavior, and downstream CI/CD delivery. The metric catalogue is organized by analytical

purpose rather than by API endpoint. This organization helps users move from a research

question to the corresponding data requirements, while keeping the definition and motivation of

each metric explicit.

Table 10.1 summarizes the main metric categories currently supported by RevMine. These

metrics cover PR/MR metadata, commits, code churn, modified files, comments and discussions,

formal reviews, collaboration, code quality, time-based indicators, Kanban workflow metrics,

and CI/CD delivery metrics.

This catalogue makes the operationalization of RevMine metrics explicit. Each metric is linked

to a concrete aspect of PR/MR activity, workflow execution, or delivery behavior. For example,

lead time and cycle time capture the temporal duration of the review process, while pickup

time and time to first review capture review responsiveness. Similarly, comments, discussions,

formal reviews, inline review comments, reviewers, participants, and committers describe

complementary dimensions of collaboration. Code churn, initial size, rework size, modified

files, file types, and historical entropy provide change-based indicators of effort and complexity.

Finally, Kanban and CI/CD metrics extend the analysis beyond the PR/MR itself by connecting

code review with upstream planning and downstream delivery.

10.2.4 Supported Analyses

Beyond metric extraction, RevMine supports a set of predefined and configurable analyses

designed to help users explore code review practices, development activity, collaboration

patterns, change complexity, workflow behavior, and delivery performance. These analyses are

implemented on top of the metric catalogue described above and can be generated individually,

through custom axes, or in bulk.

Table 10.2 summarizes the main analyses currently supported by RevMine, together with their

purpose.
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Table 10.1 Main metrics supported by RevMine and their analytical purpose

Category Metrics Description Analytical purpose
PR/MR metadata PR/MR identifier, title, author, state,

creation date, merge date, close date,

merged by

Basic descriptive fields that identify each PR/MR,

its creator, its lifecycle state, and the user who

performed the merge.

Provides the core unit of analysis

and enables filtering, grouping,

lifecycle analysis, and outcome-

based comparisons.

Commit metrics Number of commits, committers,

number of unique committers, mean

time between commits, commit

SHA, commit message, commit

author, commit date, commit

changes

Captures both aggregate and per-commit

information associated with a PR/MR.

Supports analysis of change

granularity, contributor activity,

development rhythm, and

commit-level evolution.

Code churn metrics Additions, deletions, churn

additions, churn deletions, initial

PR/MR size, rework size

Measures the number of added and deleted

lines, both globally and across commits, and

distinguishes changes prepared before review

from changes made after review feedback.

Approximates development

effort, review-induced rework,

and the size of the submitted and

revised changes.

File metrics Number of modified files, file types,

file name, file status, file additions,

file deletions, file changes

Captures the files affected by a PR/MR, their

extensions, their statuses, and their per-file change

size.

Supports scope analysis,

artifact-sensitive analysis, and

identification of the technical

areas most affected by changes.

Comment and

discussion metrics

Number of comments, number

of discussions, PR comments,

comment author, comment date,

comment body, discussion notes,

resolved discussions

Captures general PR/MR comments, discussion

threads, comment metadata, and whether

discussions were resolved.

Measures review interaction,

discussion intensity, and

collaborative exchange during

code review.

Review metrics Number of formal reviews, review

comments count, review state,

review author, review date, review

body, inline comment body, inline

comment author, inline comment

date, inline comment position, inline

comment path

Captures structured review events and inline code

review comments, including approval, change-

request, and comment-only review states.

Supports analysis of formal

review decisions, code-level

feedback, approval behavior, and

review depth.

Reviewer and

collaboration metrics

Number of reviewers, reviewer list,

number of participants, number of

committers, number of discussion

participants, minor authors, major

authors

Measures the different actors involved in

a PR/MR, including reviewers, committers,

discussion participants, and contributors with

minor or major commit activity.

Characterizes collaboration

intensity, work distribution,

participation structure, and

concentration of contribution.

Code quality and

complexity metrics

Historical entropy Measures the dispersion of file changes across

the codebase.

Supports the assessment of

change scattering and structural

complexity.

Time-based metrics Lead time, delta time, pickup

time, time to first review, first

review timestamp, first comment

timestamp, approval timestamp,

review duration, approval time,

cycle time

Captures the temporal evolution of a PR/MR

from creation to first interaction, review, approval,

closure, or merge.

Supports analysis of review

responsiveness, review duration,

approval delay, lifecycle speed,

and process bottlenecks.

Kanban workflow

metrics

Kanban lead time, Kanban cycle

time, throughput, work in progress,

cumulative flow diagram, time per

column, blocked ratio, assignee load

Captures upstream workflow behavior from

Kanban-style project management data.

Enables analysis of planning

flow, workload, blocked work,

throughput, and upstream

conditions that may influence

review activity.

CI/CD metrics CI/CD success rate, build duration,

failure rate by job, mean time

to recovery, deployment frequency,

queue time, runner utilization, flaky

jobs

Captures downstream delivery and pipeline

execution behavior.

Supports analysis of delivery

reliability, build performance,

operational delay, and the

relationship between review

decisions and CI/CD outcomes.

RevMine also supports several analysis modes and visualization options. Users can generate

predefined metrics by specifying a metric code, define custom X/Y axes, or launch multiple

analyses in bulk. The platform supports common aggregation functions, including sum, mean,

median, count, minimum, maximum, and standard deviation. Time-based analyses can be

grouped by day, week, month, quarter, or year. The supported chart types include line, bar,
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Table 10.2 Supported analyses in RevMine and their analytical purpose

Analysis Description Analytical purpose
Commits over time Aggregates commits by time period and visualizes

them using line, bar, or area charts.

Identifies periods of high or low development

activity.

PR/MR creation timeline Displays the number of PRs/MRs created per time

period.

Provides a global view of project activity and review

workload over time.

Lead time distribution Shows the distribution of review completion times

using histograms or box plots.

Helps detect delayed reviews, bottlenecks, and

inefficient review patterns.

Commit distribution Shows the distribution of the number of commits

per PR/MR.

Supports analysis of work granularity and

submission practices.

PR/MR size analysis Analyzes the initial size of PRs/MRs in terms of

changed lines.

Helps identify large submissions and compare the

size of reviewed changes.

Files modified analysis Examines the number of files modified per PR/MR. Provides insight into the scope of changes and the

breadth of affected artifacts.

Committer analysis Analyzes the number of unique contributors per

PR/MR and the activity of committers.

Supports the study of work distribution and

contributor involvement.

Code churn analysis Compares additions and deletions using dual

histograms or related visualizations.

Estimates development effort and identifies large or

unstable changes.

Discussion analysis Studies the number of discussions and comments

associated with PRs/MRs.

Supports analysis of review interaction, discussion

complexity, and collaborative engagement.

Review-time analyses Includes pickup time, time to first review, review

duration, approval time, and cycle time analyses.

Identifies review responsiveness, approval delays,

and process bottlenecks across the PR/MR lifecycle.

Collaboration analysis Produces multi-panel analyses of participants,

reviewers, committers, and discussion participants.

Characterizes collaboration intensity and the

distribution of roles in the review process.

Top actors analysis Ranks top reviewers, authors, and committers

according to their activity.

Identifies key actors in the project and supports

participation analysis.

File-type distribution Shows the most frequent modified file extensions. Identifies dominant technologies and supports

artifact-sensitive analysis.

Entropy analysis Measures the historical entropy of file changes. Supports the assessment of change complexity and

scattering.

Rework analysis Analyzes rework size and the proportion of changes

performed after review feedback.

Captures corrective effort and supports analysis of

review-induced modifications.

PR/MR complexity analysis Computes a composite complexity score based on

commits, files, discussions, and participants.

Provides a synthetic view of PR/MR complexity and

helps distinguish simple from complex changes.

Correlation matrix Computes and visualizes correlations between

numeric metrics using heatmaps.

Helps identify associations between variables, such

as size, churn, collaboration, and review duration.

Churn scatter analysis Visualizes additions against deletions. Helps identify change patterns, outliers, and

unusually large or asymmetric changes.

State distribution Shows the distribution of PR/MR states, such as

open, closed, or merged.

Supports outcome analysis and project-level

monitoring of contribution status.

Project comparison Compares mean, median, or sum values across

projects.

Enables cross-project analysis of review activity,

complexity, collaboration, and delivery behavior.

Kanban analyses Includes Kanban lead time, cycle time, throughput,

work in progress, cumulative flow diagrams, column

time, blocked ratio, and assignee load.

Supports analysis of upstream workflow efficiency,

planning flow, workload distribution, and blocked

work.

CI/CD analyses Includes success rate, build duration, failure rate by

job, mean time to recovery, deployment frequency,

queue time, runner utilization, and flaky job analysis.

Supports downstream delivery analysis and links

code review activity with pipeline reliability and

delivery performance.

Custom chart analysis Allows users to define their own X and Y axes from

available fields.

Supports exploratory analysis beyond predefined

metrics.

Bulk analysis Allows users to generate multiple analyses in one

request.

Facilitates reproducible and efficient generation of

complete analysis suites.

scatter, area, pie, histogram, box plot, and heatmap. Users can also filter analyses using keywords

on text fields, date ranges, and custom column-value filters.

Taken together, the supported metrics and analyses position RevMine as an analysis-oriented

platform for PR/MR mining. The tool does not only extract raw repository data; it structures
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this data into interpretable measures, predefined visual analyses, and configurable analytical

views. This design supports both exploratory use, where users inspect project activity and

review behavior through dashboards, and empirical research use, where the same metrics can be

exported and reused in reproducible studies.

10.3 Study Design

This section presents the empirical study design used to evaluate RevMine as a fully implemented

tool. We structure the evaluation around three research questions, each targeting a distinct

dimension of the tool’s correctness, intelligence, and breadth. The external evaluation reported

in Section 10.5 complements these questions with formative feedback from researchers and

practitioners outside the development team.

10.3.1 Research Questions

The chapter is guided by the following three research questions:

RQ1 To what extent does RevMine accurately collect peer review data across GitHub and

GitLab? This question validates that RevMine’s Data Collection Engine produces correct,

complete, and consistent output compared to ground-truth data retrieved manually through

the official GitHub and GitLab REST APIs. It is a foundational requirement of the tool:

before evaluating the LLM orchestration component, the underlying data pipeline itself

must be shown to be reliable across both Git-based platforms, so that later performance

differences can be attributed to the orchestration layer rather than to upstream collection

errors.

RQ2 How accurately does the LLM orchestration layer translate natural-language requests

into schema-compliant collection plans? This question evaluates whether current LLMs,

when constrained by RevMine’s prompt, can transform informal natural-language requests

into executable collection plans. It examines both structural compliance (whether the

produced plan conforms to the expected schema) and semantic compliance (whether the
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plan matches the reference extraction intent), across the six orchestration dimensions of

RevMine and multiple model tiers, in order to characterize how model choice affects the

reliability of the natural-language interface.

RQ3 To what extent does the LLM infer all raw metrics required by the user-requested

computed features? This question zooms in on a particularly consequential aspect of

RQ2: the ability of the LLM to resolve feature-to-metric dependencies correctly. A

missing dependency produces a silent failure in which the collection completes but the

requested derived column is absent from the output dataset. RQ3 therefore evaluates

dependency inference against a ground-truth dependency map to characterize this specific

failure mode and to determine whether it generalizes across models or is concentrated in

particular tiers.

10.3.2 Analysis Strategy

The analysis strategy is organized per research question and anchored in quantitative metrics

specific to each question’s objective. An external formative evaluation reported in Section 10.5

complements these quantitative analyses with qualitative feedback on usability, usefulness, and

adoption potential.

For RQ1, we compare data collected by RevMine against ground-truth data retrieved through

the official GitHub and GitLab REST APIs on a purposive sample of 20 repositories balanced

across platforms, domains, and activity levels. Three data-quality metrics are computed: the

Field Completeness Rate (FCR), which measures the proportion of non-null fields on records

present in both RevMine and the ground-truth; the Field Accuracy Rate (FAR), which measures

exact-value agreement on immutable fields; and Cross-Platform Consistency (CPC), which

verifies that semantically equivalent fields on GitHub and GitLab yield comparable record

counts. Mutable-field drift is reported separately to isolate time-sensitive inconsistencies from

structural errors.
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For RQ2, we construct a golden benchmark of 500 natural-language scenarios covering the six

orchestration dimensions (features, dimensions, metrics, filters, platform, date) and evaluate

9 LLMs on each scenario. Structural compliance (schema validity of the produced plan) is

reported alongside semantic compliance (agreement with the reference extraction plan). Models

are grouped into local, free-tier, and premium tiers to support deployment-oriented interpretation

of the results.

For RQ3, we evaluate feature-to-metric dependency inference against a 22-feature ground-truth

dependency map. Two complementary metrics are used: Feature Dependency Recall (FDR),

a soft per-feature recall of the required raw metrics, and Full Dependency Satisfaction Rate

(FDSR), a strict all-or-nothing indicator of scenario-level success. FDSR is the primary metric

and FDR is reported as a diagnostic secondary metric to localize failure modes.

10.4 Results

10.4.1 Data Collection Correctness

RQ1: Does RevMine achieve parity with hand-written mining scripts on PR and MR data
collection from GitHub and GitLab

Approach

Project Selection

We selected 20 open-source repositories, 10 from GitHub and 10 from GitLab, using purposive

sampling (Wohlin et al., 2012) to maximize diversity across (i) domain (infrastructure, web

frameworks, developer tools, creative software, game engines) and (ii) activity level, stratified

as large (> 500 PRs/MRs per year), medium (100–500), and small (< 100). This stratification

ensures the evaluation exercises high-volume pagination paths, moderate-volume review threads,

and low-volume edge cases in balanced proportions. Table 10.3 lists the subjects. For every
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subject, both RevMine and a reference collector retrieve all PRs/MRs within the evaluation

window.

To avoid the objection that the ground truth was designed to favor RevMine, the reference

collector was derived from prior literature rather than built from scratch. We inventoried the

fields and endpoints retrieved by three established PR-mining tools (Gousios & Spinellis, 2017;

Bouraffa, Brandt, Zaidman & Maalej, 2025; Rebatchi, Bissyandé & Moha, 2024) and two

MR-mining tools (Legault, 2022; Kansab et al., 2025d) and implemented a reference collector

that retrieves the union of their data surfaces directly from the GitHub REST API (v2022-11-28)

and the GitLab REST API (v4). Responses are persisted verbatim, one JSON file per PR/MR

keyed by endpoint path, so that no field returned by the API is normalized or dropped before

comparison.

Metrics

We evaluate correctness along three dimensions adapted from data-quality metrics used in prior

MSR evaluations Batini, Cappiello, Francalanci & Maurino (2009); Kalliamvakou et al. (2014).

Because the two collectors cannot run at identical wall-clock times, we collect data as close in

time as possible to minimize snapshot drift.

Field Completeness Rate (FCR). For the common-record set, the fraction of field instances

populated in the reference collection that are also populated in RevMine:

FCR =
|{ 𝑓 ∈ 𝑃ref : 𝑓 is populated in RevMine}|

|𝑃ref |
. (10.1)

Field Accuracy Rate (FAR). Exact-value agreement on immutable fields, with string normalization

(lower-case, whitespace collapse):

FAR =

∑
𝑓 �[norm(𝑣

𝑓
ref
) = norm(𝑣

𝑓
RM

)]

|𝐹imm |
. (10.2)
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Two GitHub fields are excluded from 𝐹imm by design: mergeable_state and mergeable

are computed lazily by GitHub on first read and are therefore non-deterministic across

collectors GitHub (2024).

Cross-Platform Consistency (CPC). Per-project record-count parity, ID overlap, and sub-

collection size parity after aligning the reference baseline to RevMine’s collection window.

Feature Computation: Literature-Grounded, Then Extended

RevMine surfaces derived features in addition to raw API fields. For each feature we adopted

a two-stage specification protocol. In Stage 1, we encoded the feature using the definition

given in prior MSR work Gousios, Vasilescu, Serebrenik & Zaidman (2014); Thongtanunam

et al. (2015); Rigby & Bird (2013); when prior definitions diverged, we recorded the most

widely cited variant and logged its provenance. In Stage 2, we extended the baseline with

platform-normalized variants (e.g., equating GitLab approvals with GitHub approved reviews)

and adapted formulas where the richer data surface required it (e.g., accounting for dismissed

reviews, draft-to-ready transitions, and GitLab Ghost User substitutions GitLab (2024)). Every

deviation from a literature formula is documented in the feature catalogue accompanying the

replication package.

Validation

Feature implementations were validated along two axes. First, a unit-test suite covers boundary

conditions (no reviews, bot-only comments, deleted authors, force-pushed heads, closed-without-

merge) with fixtures derived from real API responses. Second, two authors independently

recomputed every derived feature by hand on a random stratified sample of PRs and MRs and

compared the results against RevMine’s output. Discrepancies were resolved by discussion and

traced to specification bugs (corrected in place), ambiguous literature definitions (documented),

or genuine API edge cases (added to the fixture set).
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Table 10.3 RQ1 projects

Platform Project #PR/MR Lang.

Large (>500 PRs/MRs per year)
GitHub godotengine/godot 55,604 C++

GitHub tauri-apps/tauri 6,446 Rust

GitHub fastapi/fastapi 5,625 Python

GitLab gitlab-org/gitlab-runner 6,366 Go

GitLab gitlab-org/gitaly 8,707 Go

GitLab inkscape/inkscape 7,870 C++

GitLab gitlab-org/omnibus-gitlab 9,329 Ruby

Medium (100–500 PRs/MRs per year)
GitHub pallets/flask 2,781 Python

GitHub psf/black 2,212 Python

GitHub encode/httpx 1,803 Python

GitLab gitlab-org/cli 2,748 Go

GitLab gitlab-org/gitlab-docs 5,354 Markd.

GitLab gitlab-org/gitlab-development-kit 5,879 Ruby

Small (<100 PRs/MRs per year)
GitHub pallets/click 1,458 Python

GitHub python-attrs/attrs 753 Python

GitHub sdispater/pendulum 369 Python

GitHub samuelcolvin/watchfiles 205 Python

GitLab gitlab-org/gitlab-triage 375 Ruby

GitLab fdroid/fdroidserver 1,796 Python

GitLab inkscape/extensions 723 Python

Results

RevMine achieves parity with hand-written mining scripts across GitHub and GitLab. Across

all 20 subjects, RevMine satisfies the 98% success thresholds for both field completeness

and field accuracy. The macro-averaged rates are FCR = 100.00% and FAR = 99.85%

on immutable fields. Completeness is perfect on every project: no field populated by the

reference collector is ever missing from RevMine’s output. Accuracy reaches 100.00% on

15 of 20 projects (75.0%), of which 7 sustain perfect accuracy over substantial samples

(68–1,343 records each) spanning both platforms and all three activity tiers, while the

remaining 8 are trivial cases in which neither collector retrieved records in the evaluation

window and therefore agree by construction. The 5 non-perfect projects all belong to

the large tier and fall between 98.02% and 99.91%, comfortably above the 98% threshold.

Specifically, godotengine/godot reaches 99.56%, gitlab-org/gitlab-runner 99.72%,

inkscape/inkscape 99.88%, gitlab-org/gitaly 99.91%, and gitlab-org/omnibus-

gitlab 98.02%.
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The residual < 2% accuracy gap on the five non-perfect projects traces exclusively to four

platform-level phenomena, none of which originate in RevMine’s collection logic. Specifically,

(i) GitLab’s Ghost User substitution (ID 1243277) for deleted author accounts is responsible

for all 48 author-field mismatches on omnibus-gitlab and the smaller counts on gitaly and

inkscape; (ii) mirror-mode username canonicalization (the -gtlb suffix) explains the residual

mismatches on gitlab-runner; (iii) author-initiated title edits between the two snapshots

account for additional discrepancies; and (iv) head-branch force-pushes on two godot PRs

advance head.sha between collections. Each of these would affect a hand-written collector

equally if it were run asynchronously to the reference. In other words, the residual gap is a

property of the underlying platforms rather than of the collection logic itself, and it would affect

any empirical study that compares two non-simultaneous snapshots.

Mutable-field accuracy (FARmut) drops monotonically with the time delta between the two

collections, from 100% on same-day snapshots down to 94.83% and 95.66% on the two pairs

collected Δ𝑡 ≈ 61 days apart, confirming the snapshot-drift hypothesis. The two affected projects

are gitlab-runner and omnibus-gitlab, in which mutable fields such as label sets, assignee

lists, and review-decision states evolve continuously between collection passes. This confirms

that mutable-field disagreement is an artifact of collection timing rather than of collector error,

and it supports the design choice of persisting raw responses so that downstream analyses can be

re-executed without re-querying the API.

RevMine retrieved fewer file entries than the reference collector on two very large PRs (2,951 vs.

6,164 entries on FastAPI; 524 vs. 4,729 on Godot), traceable to a single pagination cap in the

/pulls/{n}/files handler that affects only PRs above a platform-specific file threshold. All

other endpoints, and all GitLab file-equivalent collections, achieve full parity. This limitation

is documented in the replication package and will be addressed in the next release; it does not

affect the completeness or accuracy of the remaining collected fields.

Taken together, these results show that RevMine achieves parity with hand-written mining scripts

across both platforms and all three activity tiers. The residual deviations are either bounded (a
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single pagination cap on very large PRs) or reflect platform-level phenomena that would equally

affect any asynchronous collector. This establishes the empirical basis required before evaluating

the higher-level components of the tool, since subsequent analyses build on the assumption that

the data pipeline is reliable.

10.4.2 LLM Orchestration Performance

RQ2: To what extent can current LLMs accurately parse a user’s natural-language
request into a valid, schema-compliant collection plan in the RevMine context

Approach

Prompt Engineering Strategy

Designing the system prompt for RevMine’s orchestration layer required a systematic process, as

the prompt is the primary mechanism used to constrain the LLM to produce schema-compliant

JSON plans that can be executed by the collection pipeline. In this setting, prompt quality is

not merely a matter of improving response style: an incomplete or poorly structured prompt

can lead to invalid metric names, missing dependencies, incorrect filters, or malformed outputs,

each of which compromises the correctness or executability of the resulting collection plan.

Because prompt construction for schema-constrained LLM tasks benefits from explicit structure

rather than ad hoc trial and error, we adopted a multi-author design process grounded in prior

work on systematic prompt engineering and structured consensus building White et al. (2023);

McMillan, King & Tully (2016); Riley-Bennett & Bennett (2024).

More specifically, we developed the prompt using a modified Nominal Group Technique (NGT)-

based expert consensus process. NGT is a structured consensus-building method that combines

independent idea generation with subsequent group discussion in order to reduce anchoring and

dominance effects while producing a traceable shared design outcome McMillan et al. (2016).

We selected this approach because the RevMine prompt had to encode a closed operational
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schema, where each retained instruction needed to be justified by a concrete system requirement

or failure mode rather than by general prompt crafting preference. Figure 10.2 summarizes the

resulting process, which proceeded in four steps.

Step 1 — Independent elicitation

Author 1
Element set A

Author 2
Element set B

Author 3
Element set C

Step 2 — Structured consolidation (NGT discussion)

Joint discussion session
Compare A ∩ B ∩ C · resolve disagreements by failure-mode criterion · 71.4% initial agreement

Consolidated element set
7 elements · each traceable to a failure mode

Step 3 — Prompt construction & internal verification

revise if needed

revise if needed

Author 1 constructs prompt
Encodes all 7 elements per design rationale

Author 2 reviews
Checks coverage & ordering

Author 3 reviews
Checks coverage & ordering

Step 4 — Cross-author validation

Remaining authors validate
Scope completeness · ambiguity check

Finalized & frozen system prompt
Released in RevMine open-source repository

Figure 10.2 Overview of the modified NGT-based prompt engineering process used to

design the RevMine orchestration prompt

1. Independent elicitation. The first three authors independently identified the prompt

elements they considered necessary for the orchestration layer, using RevMine’s manual
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configuration mode as the reference specification. This manual mode defines the complete

set of supported metrics, features, filters, platforms, and dependency relations, and therefore

served as the ground truth from which prompt requirements were derived. Conducting

this step independently reduced anchoring bias and helped ensure that no essential schema

component was overlooked due to a single author’s perspective. The independently proposed

element sets covered the same core design space, with disagreement limited to two decisions:

whether branch selection should be encoded explicitly in the prompt, and whether collection

and analysis requests should be handled through a single unified prompt or through two

separate prompts. Relative to the seven final prompt design decisions reported in Table 10.4,

this corresponds to an initial raw agreement of 5/7 decisions (71.4%), indicating strong early

convergence while leaving room for deliberate discussion on prompt scope and architectural

trade-offs.

2. Structured consolidation. The three independently produced element sets were then

compared in a structured discussion session. Proposed elements were retained only

when they were judged necessary to prevent a known failure mode—such as metric

hallucination, dependency omission, incorrect filter population, malformed JSON, or

temporal misresolution—or to ensure complete coverage of RevMine’s executable schema.

This step yielded a single consolidated set of prompt elements, with each retained element

explicitly traceable to at least one downstream risk. The two disagreements identified during

independent elicitation concerned prompt architecture rather than schema validity and were

resolved by consensus during this discussion Riley-Bennett & Bennett (2024). Table 10.4

summarizes the resulting prompt elements, their rationale, and the failure mode each was

intended to prevent.

3. Prompt construction and internal verification. One author constructed the system

prompt from the consolidated design decisions. The resulting prompt was then reviewed

independently by the two remaining authors from the initial group, who verified that

(1) every agreed element had been represented correctly, (2) no unsupported instruction had

been introduced, and (3) the ordering and phrasing of the instructions were consistent with
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established prompt-engineering guidance for constraining LLM behaviour and enforcing

structured outputs White et al. (2023).

4. Cross-author validation. Following internal verification, the prompt was shared with the

remaining authors for a final cross-author validation pass. This step served two purposes:

first, to confirm that the prompt accurately reflected RevMine’s full operational scope from

the perspective of authors not involved in its initial construction; and second, to identify any

ambiguities that might cause inconsistent model behaviour across semantically equivalent

user requests. Any issues identified at this stage were resolved before the prompt was frozen

for evaluation. The finalized prompt is released as part of RevMine’s open-source repository

to support replication and future research.

Table 10.4 Prompt engineering decisions: retained elements, their design rationale, and

the failure mode each was included to prevent

Prompt Element Design Rationale Failure Mode Prevented
Closed-list enumeration of valid

metric names

Explicitly listing every allowed metric name for each

platform leaves no room for the model to invent

plausible-sounding but invalid names

Metric hallucination

Explicit metric dependency lookup

table

Encodes the full feature-to-metric dependency map

(e.g., lead_time→ [creation_date, merge_date,
pr_state]) directly in the prompt

Dependency omission

Keyword-based intent classification

rules

Provides explicit phrase-to-intent mappings with a

collect-over-analyze priority rule for ambiguous

requests

Intent misclassification

Platform signal detection rules Lists explicit indicators for github vs. gitlab with a

default fallback to github when no signal is present

Platform misdetection

Dynamic date injection

(__TODAY__)
Injects the current date at invocation time, providing the

temporal anchor needed to resolve relative expressions

such as “last month” or “Q4 2025”

Date misresolution

Filter population rules Enumerates all valid pr_status values, filter field

names, and their default states (e.g., empty arrays for

unused cleaning filters), preventing both omission and

fabrication of filter fields

Incorrect filter population

Strict output discipline instruction Explicitly instructs the model to return only a valid

JSON object with no preamble, explanation, or

markdown formatting

Malformed JSON output

Evaluation Backends

RevMine’s LLM Service is designed to be model-agnostic: the orchestration layer interacts

with LLMs through a unified interface, allowing different backends to be substituted without

modifying the prompt structure or the downstream parsing logic. At the time of evaluation,

RevMine supported two deployment modes corresponding to common research constraints.
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Local inference via Ollama. Ollama is an open-weight model runtime that supports local

execution and exposes an OpenAI-compatible API, which makes it straightforward to integrate

into existing LLM-based applications Ollama (2024a,b). In RevMine, this mode enables

researchers to execute the full parsing pipeline on local hardware, which is particularly relevant

in privacy-sensitive settings where repository metadata or user requests should not be transmitted

to external providers. This mode therefore prioritizes privacy, deployment autonomy, and

reproducibility of the local runtime environment.

Cloud inference via OpenRouter. OpenRouter provides a unified API for accessing models from

multiple providers through a single OpenAI-compatible endpoint, simplifying the integration of

commercial and open-weight hosted models within the same system architecture OpenRouter

(2024a). This mode is attractive when users want access to frontier-scale models without

maintaining local inference infrastructure. It also enables broader comparative evaluation

because multiple model families can be accessed under a common interface OpenRouter

(2024c,d). Table 10.5 summarizes the practical trade-offs between the two modes.

Table 10.5 Comparison of RevMine’s two supported LLM backend modes

Dimension Ollama (local) OpenRouter (cloud)
Data handling Requests remain on the local machine Requests are sent to an external API provider

Infrastructure requirement Local runtime and downloaded model weights

required

Internet connection and API key required

Model access Limited to models feasible on local hardware Broad access to hosted commercial and open-weight

models

Privacy Strong local data control Subject to external provider policies

Reproducibility High when model version and runtime are pinned

locally

Depends on remote model version stability and

provider routing

Cost structure No per-request API billing; hardware cost borne

locally

Free and paid hosted options available depending

on model

Evaluation Models

To evaluate RevMine’s orchestration layer across realistic deployment contexts, we selected nine

models organized into three groups: (1) free hosted models accessible through OpenRouter,

(2) premium hosted models accessible through OpenRouter, and (3) locally executable models

served through Ollama. This grouping reflects the main usage scenarios of the tool: resource-
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constrained academic use, higher-quality hosted inference, and privacy-preserving local

deployment.

Free hosted models. The first group contains no-cost hosted models available through OpenRouter,

included to assess the practical baseline available to researchers with no inference budget.

Selection was guided by three criteria: availability during the evaluation period, support for

instruction-following and structured output generation, and diversity across model families to

avoid redundant comparisons.

Premium hosted models. The second group contains premium hosted models representing

strong general-purpose instruction-following systems currently widely used in developer-facing

workflows. These models were selected to estimate the upper bound of hosted performance

currently attainable for RevMine’s structured parsing task. Rather than claiming universal

superiority, this group represents strong contemporary hosted baselines from different providers

under the same evaluation protocol OpenRouter (2024d,b).

Local models. The third group contains locally executable models served through Ollama.

These models were selected under a practical hardware constraint: they had to be runnable on a

single consumer-grade local setup using quantized weights. The purpose of this group is not

to compete directly with the largest hosted models, but to measure the performance attainable

when privacy and local control are prioritized over raw model scale.

Evaluation Dimensions

With the system prompt established, we define the dimensions used to evaluate whether an LLM

can reliably translate a natural-language request into an executable RevMine plan. Two principles

guided our selection. First, evaluation should target output properties directly consumed by

downstream components, since a syntactically valid JSON object may still be operationally

incorrect if key fields are wrong or incomplete. Second, each dimension should be concrete

and machine-checkable so that assessment is reproducible rather than subjective White et al.

(2023). Table 10.6 lists the six dimensions retained for evaluation. Each corresponds to a field
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in RevMine’s JSON schema and to a failure mode addressed during prompt engineering. Rather

than adopting generic LLM quality criteria, we focused on properties whose failure would either

prevent execution or silently alter the semantics of the collected dataset. This creates a closed

loop between prompt construction and evaluation: the same failure modes that motivated the

prompt elements also define the dimensions along which model behaviour is assessed.

Table 10.6 Evaluation dimensions and downstream failure impact. Each dimension maps

to a JSON field (J-F) and a metric type. Scalar fields are assessed by exact-match accuracy;

set fields are assessed by exact match, subset match, and overlap precision/recall/F1

Dimension J-F Type Description Failure Impact
Intent

Classification

intent Scalar Whether the model correctly classifies

the request as collect (data retrieval) or

analyze (derived computation)

Critical — the wrong pipeline is triggered; the

downstream engine receives an incompatible plan

Platform

Detection

platform Scalar Whether the model correctly identifies

github or gitlab from explicit mention

or contextual cues

High — wrong API endpoints are called; all

retrieved data are invalid

Visualization

Type

visualization Scalar Whether the model selects an appropriate

chart type for the requested analysis, or

none when no visualization applies

Medium — an inappropriate or missing

visualization is produced

Metric

Extraction

metrics Set Whether the predicted set of raw metric

names matches the expected set

Critical — missing metrics cause silent data gaps;

hallucinated names are rejected by the Collection

Service

Feature

Extraction

features Set Whether the predicted set of derived

features to compute matches the expected

set

High — omitted features leave requested columns

absent from the output dataset

Dimension

Extraction

dimensions Set Whether the predicted set of grouping or

analytical dimensions matches the expected

set

Medium — aggregations do not correspond to

the user’s analytical question

The three scalar fields are evaluated with exact-match accuracy. The three set-valued fields

are evaluated with a richer protocol: exact-match rate (predicted set identical to expected),

subset-match rate (all expected elements present), and element-level overlap precision, recall,

and F1. Precision penalises hallucinated elements, recall penalises omissions, and F1 balances

the two. These dimensions are reported separately because they capture distinct failure types

with different operational consequences: some errors cause immediate pipeline failure, while

others preserve executability but silently alter the scope of the collected dataset.

Evaluation Design

As shown in Figure 10.3, all selected models were evaluated using the same orchestration prompt,

the same request structure, and the same scoring procedure. To support this evaluation, we

constructed a golden benchmark of 500 natural-language scenarios representative of the types
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of requests RevMine is expected to parse. Each scenario was manually written and manually

paired with its expected schema-compliant output, yielding a fully specified reference answer.

The benchmark construction was distributed across three authors to reduce single-author bias

and increase coverage of possible request formulations. The first author created 100 scenarios,

the second author created 200 scenarios, and the third author created 200 scenarios. For

each scenario, the author also completed the expected JSON output according to RevMine’s

schema and operational rules. To strengthen consistency across the benchmark, the first author

subsequently revised and double-checked the scenarios created by the second and third authors.

This verification step focused on schema validity, consistency of field interpretation, and

alignment between the natural-language request and the expected structured answer.

Each model was then evaluated against the 500-scenario benchmark at the dimension level.

Because RevMine’s output schema includes both scalar fields and set-valued fields, we measured

performance under three complementary matching schemes:

1. Exact match. A prediction is counted as correct only if the produced value is identical to

the expected value. For scalar fields, this means the predicted label exactly matches the gold

label; for set-valued fields, the predicted set must contain exactly the expected elements,

with no missing and no additional items. Exact match therefore represents the strictest

notion of correctness.

2. Subset match. This criterion, applied to set-valued fields, accounts for cases in which

the model captured all required items but also produced additional ones. A prediction is

considered successful when the expected set is fully contained in the predicted set. This

metric is useful for fields such as metrics, where an over-complete prediction may still

preserve executability or downstream usefulness.

3. Overlap-based evaluation. To capture partial correctness beyond exact and subset

agreement, we computed overlap-based precision, recall, and F1 for set-valued fields. This

view distinguishes between missing required items and irrelevant ones, which matters when

neither exact match nor subset match holds but the prediction still contains some correct

information.
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Results

Tables 10.7 and 10.8 report the evaluation results across the nine models and six dimensions.

Schema compliance is high across all nine models (success and valid-JSON rates between

92.0% and 99.5%), but full exact-match performance—requiring every schema field to be

simultaneously correct—is considerably lower, ranging only from 1.0% to 27.0%. This contrast

shows that the main difficulty in RevMine is not generating a well-formed JSON object, but

generating one that is semantically correct across all required fields simultaneously. In overall

terms, nemotron-120b (27.0%), claude-opus-4.6 (26.8%), trinity-large (26.5%), and

mimo-v2-pro (25.5%) form the top-performing group, whereas llama-3.1-8b remains clearly

behind at 1.0%. This gap confirms that schema compliance alone is insufficient to ensure

operational correctness, and that evaluation must assess individual schema fields separately.

Intent classification is the most reliable scalar dimension, with the best models approaching

ceiling performance (mimo-v2-pro at 98.8%, claude-opus-4.6 at 97.8%, trinity-large

at 97.3%), whereas platform detection (69.6%–91.1%) and visualization selection (best 87.9%

on claude-opus-4.6) remain considerably more error-prone. The strong intent-classification

performance indicates that current models are generally effective at identifying the high-level

purpose of a user’s request. Platform detection is less stable, particularly for free-tier models,

showing that inferring whether a request targets GitHub or GitLab remains a more challenging

step. A plausible interpretation is that intent classification operates on an explicit surface cue (the

main verb of the request), whereas platform and visualization detection often require inferring

implicit context, such as terminology specific to one platform or the most natural chart type for

a given analytical goal. Taken together, these results suggest that current models are better at

recognizing what the user wants to do than at recovering all contextual details needed to execute

the request correctly.

Subset-match values for set-valued dimensions are substantially higher than exact-match values—

e.g., metric extraction subset rises from 37.8%–47.5% exact to 87.3% for claude-opus-4.6,

82.0% for deepseek-v3.2, and 81.5% for mimo-v2-pro—showing that models often recover
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the required information together with additional elements rather than missing it outright. A

similar effect appears for feature extraction: although claude-opus-4.6 reaches only 57.0%

in exact match, its subset score increases sharply to 95.3%, matching trinity-large and

exceeding all local models. In contrast, models such as deepseek-r1 and gemma-3-27b

obtain stronger feature exact-match scores (89.8% and 88.9%, respectively) but lower subset

scores than the best hosted models, suggesting a more conservative prediction style. For

dimensions, the gap between exact and subset match is much narrower (e.g., 78.0% vs. 79.5%

for claude-opus-4.6, 77.5% vs. 78.8% for trinity-large), indicating that when models

recover dimension information at all, they typically recover it precisely rather than over-generating.

The notable exception is llama-3.1-8b, whose dimension exact match collapses to 17.8% while

subset reaches 50.0%, reflecting frequent over-prediction of spurious dimensions. Overall, the

high subset values for features and metrics indicate that many models recover the required output

structure, but often with additional information that reduces strict exact-match performance,

whereas dimension extraction exhibits a more disciplined precision–recall balance.

Overlap F1 on metric extraction is strong across the leading models (mimo-v2-pro 0.821,

deepseek-r1 0.780, claude-opus-4.6 0.776), and dimension extraction shows a similarly

strong profile for the best models (mimo-v2-pro 0.839, claude-opus-4.6 0.835, trinity-

large 0.832), whereas feature extraction remains the weakest of the three set-valued dimensions

for several models, ranging from 0.469 for llama-3.1-8b to 0.918 for claude-opus-4.6.

Combined with the strong subset scores, the metric-extraction values indicate that raw metrics

are generally well recovered even when some over-prediction occurs. Dimension extraction is

comparable in overall quality, with premium and free-tier models clustering between 0.78 and 0.84

in F1, while gemma-3-27b (0.691) and especially llama-3.1-8b (0.469) lag behind. Feature

extraction shows the widest spread across models: claude-opus-4.6 (0.918), trinity-

large (0.865), and mimo-v2-pro (0.868) achieve strong overlap, while smaller or instruction-

tuned models such as nemotron-120b (0.687) and llama-3.1-8b (0.522) leave more user-

requested columns either omitted or incorrectly substituted. This spread suggests that derived

features remain the most demanding sub-task in RevMine’s schema, requiring the model to map



287

natural-language descriptions to a specific column vocabulary rather than simply lifting entities

from the request.

Across all set-valued dimensions, current models predict the necessary output together with

additional information far more often than they omit it, which is acceptable for raw metrics

(extra columns) but problematic for derived features (silent omission of user-requested columns)

and, to a lesser extent, for dimensions (occasional spurious groupings). RevMine’s orchestration

layer is therefore best operated as an assisted interaction mechanism in which the generated plan

is surfaced to the user before execution, rather than as a fully autonomous one. Premium hosted

models provide the most balanced behavior across dimensions, while selected local models,

notably deepseek-r1, remain competitive and viable when privacy or local deployment is

required. This is consistent with RevMine’s design choice of keeping the manual configuration

mode as a reliable fallback.

Table 10.7 Pipeline validity and scalar dimensions

Grp Model Success Valid Full Intent Platform Viz.
rate JSON EM acc. acc. acc.

Group A – local (Ollama)
A llama-3.1-8b 0.960 0.960 0.010 0.928 0.763 0.758

A gemma-3-27b 0.955 0.955 0.198 0.900 0.882 0.661

A deepseek-r1 0.963 0.963 0.238 0.948 0.844 0.770

Group B – free tier (OpenRouter)
B step-3.5-flash 0.943 0.943 0.250 0.765 0.696 0.818

B nemotron-120b 0.920 0.920 0.270 0.908 0.726 0.782

B trinity-large 0.995 0.995 0.265 0.973 0.889 0.842

Group C – premium (OpenRouter)
C claude-opus-4.6 0.988 0.988 0.268 0.978 0.911 0.879

C mimo-v2-pro 0.995 0.995 0.255 0.988 0.896 0.867

C deepseek-v3.2 0.963 0.963 0.183 0.940 0.882 0.673
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Table 10.8 RQ2 – set-valued dimensions: Exact Match, Subset, and Overlap (P, R, F1)

(a) Feature Extraction (features, 𝑛gold = 91)
Grp Model EM Sub P R F1
Group A – local (Ollama)
A llama-3.1-8b 0.775 0.787 0.535 0.519 0.522

A gemma-3-27b 0.889 0.919 0.893 0.876 0.878

A deepseek-r1 0.898 0.902 0.826 0.806 0.814

Group B – free tier (OpenRouter)
B step-3.5-flash 0.847 0.885 0.776 0.771 0.766

B nemotron-120b 0.855 0.860 0.694 0.685 0.687

B trinity-large 0.821 0.953 0.849 0.926 0.865

Group C – premium (OpenRouter)
C claude-opus-4.6 0.570 0.953 0.756 0.916 0.799

C mimo-v2-pro 0.851 0.949 0.852 0.924 0.868

C deepseek-v3.2 0.855 0.945 0.827 0.902 0.842

(b) Dimension Extraction (dimensions, 𝑛gold = 326)
Grp Model EM Sub P R F1
Group A – local (Ollama)
A llama-3.1-8b 0.178 0.500 0.475 0.516 0.469

A gemma-3-27b 0.645 0.663 0.701 0.692 0.691

A deepseek-r1 0.778 0.790 0.805 0.811 0.807

Group B – free tier (OpenRouter)
B step-3.5-flash 0.708 0.725 0.769 0.756 0.756

B nemotron-120b 0.755 0.763 0.786 0.787 0.785

B trinity-large 0.775 0.788 0.833 0.835 0.832

Group C – premium (OpenRouter)
C claude-opus-4.6 0.780 0.795 0.832 0.840 0.835

C mimo-v2-pro 0.785 0.803 0.836 0.844 0.839

C deepseek-v3.2 0.738 0.798 0.802 0.829 0.811

(c) Metric Extraction (metrics, 𝑛gold = 400)
Grp Model EM Sub P R F1
Group A – local (Ollama)
A llama-3.1-8b 0.393 0.648 0.693 0.770 0.706

A gemma-3-27b 0.378 0.618 0.703 0.739 0.687

A deepseek-r1 0.455 0.705 0.787 0.827 0.780

Group B – free tier (OpenRouter)
B step-3.5-flash 0.448 0.725 0.745 0.818 0.749

B nemotron-120b 0.465 0.663 0.785 0.784 0.756

B trinity-large 0.460 0.763 0.721 0.852 0.739

Group C – premium (OpenRouter)
C claude-opus-4.6 0.430 0.873 0.721 0.941 0.776

C mimo-v2-pro 0.475 0.815 0.806 0.909 0.821

C deepseek-v3.2 0.433 0.820 0.704 0.885 0.738
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10.4.3 Feature-to-Metric Dependency Completeness

RQ3: To what extent does the LLM correctly infer and include all raw metrics required by
the computed features requested by the user

Approach

RQ3 zooms in on a particularly consequential aspect of RQ2: the ability of the LLM to resolve

feature-to-metric dependencies correctly. This matters because a missing dependency produces

a silent failure: the collection completes, the CSV is produced, and no error is raised, but the

requested derived column is absent from the output because the raw fields needed to compute it

were never retrieved. Unlike a metric hallucination, which is rejected by the Collection Service

and surfaces immediately, a dependency omission is only detectable once the user inspects

the resulting dataset. Such silent failures are particularly damaging to reproducibility because

downstream analyses may appear to proceed normally on a dataset that has quietly lost one of its

requested features.

Dependency Ground Truth

The dependency relationships between computed features and their required raw metrics are

defined by RevMine’s Analysis Service implementation and encoded verbatim into the system

prompt as a lookup table. The codebase therefore serves as the unambiguous ground truth for

evaluation: a prediction is correct if and only if the metrics array contains every field listed in

Table 10.9 for the requested features.

Table 10.9 enumerates the complete dependency map for all 22 computed features supported

by RevMine, organized by feature category. Platform availability is indicated as GH (GitHub

only), GL (GitLab only), or B (both). For features that require different raw metric names across

platforms, the platform-specific names are listed separated by a slash.
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Table 10.9 Complete metric dependency map used as ground truth for RQ3 evaluation.

Each feature maps to the exact raw metric names that must appear in the LLM-generated

metrics array. GH = GitHub; GL = GitLab; B = both. Platform-specific metric names are

separated by a slash

Feature Category Required raw metrics (exact names from allowlist) Plt.
Time metrics
lead_time Time creation_date, merge_date, pr_state (GH) /

mr_state (GL)

B

delta_time Time creation_date, close_date B

mean_time_between_commitsTime commit_dates B

Collaboration metrics
commits_count Collab. commit_sha (GH) / commit_id (GL) B

discussions_count Collab. pr_comments (GH) / discussion_notes (GL) B

comments_count Collab. pr_comments, comment_content (GH) /

note_content (GL)

B

committers_list Collab. commit_authors B

unique_committers Collab. commit_authors, commit_dates B

major_authors Collab. commit_authors, commit_dates B

minor_authors Collab. commit_authors, commit_dates B

people_count Collab. commit_authors, pr_author (GH) / mr_author
(GL)

B

reviewers_count Collab. reviewer (GH only — no GitLab equivalent) GH

committers_count Collab. commit_authors B

discussers_count Collab. comment_authors (GH) / note_author (GL) B

Code metrics
churn_additions Code lines_added (GH) / file_changes_diff (GL) B

churn_deletions Code lines_deleted (GH) / file_changes_diff (GL) B

historical_entropy Code file_names, file_changes (GH) /

file_changes_diff (GL)

B

modified_files Code file_names, file_status (GH) / new_file_path
(GL)

B

file_types Code file_names (GH) / new_file_path (GL) B

initial_size Code lines_added, lines_deleted (GH) /

file_changes_diff (GL)

B

rework_size Code lines_added, lines_deleted (GH) /

file_changes_diff (GL)

B

total_additions Code lines_added (GH) / file_changes_diff (GL) B

total_deletions Code lines_deleted (GH) / file_changes_diff (GL) B

Measurement

We use the same 500-scenario golden benchmark as in RQ2. For each feature-bearing scenario in

the benchmark, we extract the set of required raw metrics from Table 10.9 and compare it against
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the metrics array produced by the LLM under evaluation. We compute two complementary

scores per model.

Feature Dependency Recall (FDR) measures the proportion of required raw metrics for a given

feature that are correctly included in the LLM output, averaged across all features in the scenario:

FDR(𝑠) =
1

|𝐹𝑠 |

∑
𝑓 ∈𝐹𝑠

|deps( 𝑓 ) ∩ 𝑀̂𝑠 |

|deps( 𝑓 ) |
(10.3)

where 𝐹𝑠 is the set of features requested in scenario 𝑠, deps( 𝑓 ) is the set of raw metrics required

by feature 𝑓 according to Table 10.9, and 𝑀̂𝑠 is the metrics array produced by the LLM for

scenario 𝑠. FDR is a partial-credit metric that characterizes the degree of completeness when

full satisfaction is not achieved.

Full Dependency Satisfaction Rate (FDSR) is the proportion of feature-bearing scenarios in

which all required raw metrics for all requested features are present in the output:

FDSR =
|{𝑠 ∈ 𝑆𝐹 | ∀ 𝑓 ∈ 𝐹𝑠 : deps( 𝑓 ) ⊆ 𝑀̂𝑠}|

|𝑆𝐹 |
(10.4)

where 𝑆𝐹 is the set of all feature-bearing scenarios in the benchmark. FDSR is a strict

all-or-nothing score: a single missing dependency in a single feature counts as a full scenario

failure, since that missing field renders the associated feature uncomputable regardless of how

many other dependencies are correctly inferred. FDSR is the primary metric for RQ3. FDR

is reported as a secondary diagnostic to characterize partial-failure patterns and to distinguish

models that consistently miss one dependency from models that fail unpredictably across the

dependency set.

Results

The dependency-completeness analysis complements the set-valued metric results of RQ2 by

reinterpreting them from the perspective of executable correctness. Whereas RQ2’s overlap F1

on metric extraction characterizes general agreement between predicted and expected metric



292

sets, FDSR characterizes whether the predicted set is sufficient to actually compute the features

the user requested.

Strict FDSR remains well below the 90% success criterion initially set for RQ3 across all

evaluated models, while FDR values are substantially higher — indicating that when a model

fails on a scenario, it typically misses one dependency rather than several. This pattern is

consistent with the RQ2 finding that exact match on metrics is moderate (37.8%–47.5%): a

single missed dependency is enough to fail an entire scenario under FDSR. It is also consistent

with the high recall values observed for metric extraction in RQ2 (0.739–0.941 for the set-valued

metrics field), which show that models usually recover the majority of required metrics but

occasionally omit one or two.

Because RevMine knows the dependency map deterministically from its own Analysis Service,

the natural mitigation for FDSR failures is architectural rather than model-level: automatically

injecting any missing dependency before executing the collection plan raises the effective FDSR

to 100% by construction. Two practical implications follow. First, FDSR is a much stricter

criterion than raw-metric F1 and reveals failure modes that would be invisible at the set-overlap

level: a scenario in which 80% of required raw metrics are recovered still counts as a failed

scenario under FDSR if a single required metric is missing, and the user-facing consequence

is a silently absent column in the output CSV. Second, with the architectural mitigation in

place, the LLM is responsible for identifying the user’s requested features while dependency

closure is enforced by the pipeline itself, so the orchestration layer can safely be used in a fully

automated setting even at current model performance levels. This is consistent with the broader

deployment recommendation emerging from RQ2: RevMine’s orchestration layer is most robust

when combined with deterministic safeguards that compensate for known LLM weaknesses.

10.5 External Evaluation

To complement the technical evaluations reported in Sections 10.4.1–10.4.3, we solicited

formative feedback on RevMine’s perceived usefulness from researchers and practitioners outside
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the development team. We designed a 15-item online questionnaire covering demographics,

evaluation context, and perceived utility along five Likert-scale dimensions, complemented by

three free-text items and one recommendation question. Invitations were distributed through the

authors’ professional network and open practitioner communities. Participation was voluntary

and uncompensated.

We received 𝑛 = 11 complete responses. The sample spans six distinct roles (one researcher, one

PhD student, three MSc students, four software engineers, one founder/fractional CTO, and one

CEO), with experience ranging from less than one year to seven years and GitHub/GitLab usage

ranging from occasionally to daily. Self-reported familiarity with software process analysis

covered the full spectrum: three respondents declared themselves familiar, five somewhat

familiar, and three not familiar. Three respondents evaluated RevMine hands-on with a real

repository; three used the tool via a 30-minute video plus interface exploration; four watched the

demonstration video only; one respondent did not specify the evaluation method. Given the

small sample size, we report raw distributions and treat all results as formative feedback rather

than hypothesis-confirming evidence.

10.5.1 Results

Seven of eleven respondents rated RevMine’s overall usefulness 5/5 and the remaining four

rated it 4/5 (mean 4.64), with ease of expressing intent through the natural-language interface

averaging 4.27/5 and trust in data fidelity 4.45/5 — externally corroborating the technical-

correctness results of Section 10.4.1. Time to functional understanding of the tool was under 15

minutes for seven of the eleven respondents (three under five minutes, four between five and

fifteen), suggesting that the natural-language interface and the unified dashboard effectively

reduce the learning curve relative to manual scripting. When asked how RevMine compares to

their current data-collection workflow, eight of the eleven respondents answered that it would

“save significant time and effort” and the remaining three reported that they did not currently

collect this type of data, indicating that no respondent saw RevMine as slower or comparable to

their existing approach. Table 10.10 summarizes the Likert ratings.
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Table 10.10 External-evaluation Likert ratings (𝑛 = 11; 1–5 scale)

Dimension Mean Median 1 2 3 4 5

Overall usefulness 4.64 5 0 0 0 4 7

Ease of NL interface 4.27 4 0 0 2 4 5

Trust in data fidelity 4.45 5 0 0 1 4 6

Likelihood of future use 4.18 4 0 0 2 5 4

Metric coverage 4.00† 4 0 0 2 6 2
† One respondent left this item blank (𝑛 = 10).

Table 10.11 Recommendation to a colleague (𝑛 = 11)

Response Count

Definitely yes 8

Probably yes 1

Probably not 1

Unsure 1

Definitely no 0

Adoption intent is strong: future-use likelihood averaged 4.18/5, nine of eleven respondents

would recommend RevMine to a colleague (eight “Definitely yes”, one “Probably yes”), and

seven of the eleven reported no significant barrier to adoption. The two non-recommending

responses came from the CEO respondent, who was unsure and cited setup complexity, and

an MSc student who gave “Probably not” after requesting improved LLM parsing of complex

requests. The most consistently flagged barrier across the full sample was privacy: three

respondents cited concerns about sending repository data to an external LLM, with two of

them also flagging LLM parsing accuracy. This privacy-related barrier is directly addressed by

RevMine’s local-inference Ollama backend (Section 10.4.2), which keeps requests on the user’s

machine and is the deployment mode recommended in such settings. The remaining barriers

(setup complexity, missing metrics) were each cited by at most two respondents and concern

scope or operational deployment rather than defects in what is already provided.

The most-valued aspects of RevMine cluster around the built-in visualization and analysis

dashboard (cited by all eleven respondents), the natural-language interface (eight), unified

GitHub and GitLab support (seven), literature-grounded predefined metrics (seven), and
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automatic dependency inference between features and raw metrics (six). No-code accessibility

for non-programmer researchers was cited by five respondents, and raw JSON persistence by

four — the latter described by one respondent as “enabling reprocessing without re-calling the

API”, which directly reflects the reproducibility principle described in Section 10.2.

All requested improvements are additive rather than corrective: the most frequent additions

are support for additional platforms such as Bitbucket and Azure DevOps (six respondents),

CI/CD pipeline data integration (five), and more metrics and computed features (four), with

no respondent identifying a defect in the existing functionality. The remaining requests, in

descending frequency, were better documentation and usage examples (three), multi-user

collaboration features (three), more accurate LLM parsing of complex requests (three), and

scheduled or recurring collection (one).

Two respondents volunteered novel use cases that extend beyond the empirical software

engineering research context, pointing toward practitioner-oriented applications consistent with

RevMine’s design but outside its initial intended scope. One suggested running RevMine against

legacy codebases to produce technical-health reports (“rework hotspots, review bottlenecks,

stale branches”) for engineering managers justifying modernisation budgets to non-technical

stakeholders; the other requested multi-branch concurrent collection for comparative analysis.

Taken together, the external evaluation indicates that RevMine is perceived as useful, easy to

use through its natural-language interface, and trustworthy. Nine of the eleven respondents

would recommend it to a colleague. The principal friction points raised were additive rather

than corrective, and the most consistently flagged barrier — privacy when sending repository

data to an external LLM — is already addressed by RevMine’s local Ollama backend. The most

frequent single additive request — CI/CD pipeline data integration — was raised by five of the

eleven respondents and directly motivates the scope extension described in the next section.
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10.6 From Code Review to the Full DevOps Pipeline: Kanban and CI/CD Support

The evaluations reported in Sections 10.4.1–10.4.3 establish RevMine as a platform for code

review data collection and analysis. However, the prior empirical studies show that code review

effort cannot be interpreted in isolation. It is shaped by upstream planning conditions and may

be reflected in downstream CI/CD delivery outcomes. Accordingly, we extended RevMine

beyond its initial code review scope with preliminary support for two additional DevOps stages:

Kanban-style workflow management and CI/CD pipeline execution.

This extension should be interpreted as an initial step toward full end-to-end DevOps analytics.

At the current stage, the Kanban and CI/CD modules provide basic collection, normalization, and

predefined analyses, but they have not yet received the same level of systematic validation as the

core code review collection and orchestration components evaluated in Sections 10.4.1–10.4.3.

Their purpose is therefore to make the upstream–review–downstream analytical chain technically

expressible inside RevMine, while leaving deeper empirical validation and broader platform

coverage as future work.

10.6.1 Kanban Support

The Kanban extension collects issue and board-oriented data from GitHub and GitLab and

normalizes them into a platform-independent representation of workflow items. These records

capture issue metadata, workflow status, assignee information, labels, and timestamps that

approximate when a work item entered and left the tracked workflow. Table 10.12 summarizes

the Kanban fields currently collected or computed by RevMine.

On top of these fields, RevMine provides a first set of predefined Kanban analyses. These

analyses focus on flow efficiency, throughput, work in progress, blocked work, column-level

duration, and workload distribution. Table 10.13 summarizes the currently supported Kanban

analyses.
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Table 10.12 Kanban metrics currently collected or computed by RevMine

Field Description
issue_id Unique identifier of the issue or board item.

title Title of the issue or workflow item.

status Current state of the item, such as open, closed, opened, or merged.

column Current Kanban column, such as To Do, In Progress, or Done, derived from status or custom

fields.

created_at Timestamp indicating when the item was created.

closed_at Timestamp indicating when the item was closed or resolved.

assignee Assigned user or users, represented as a comma-separated list.

author User who created the item.

labels Labels or tags attached to the item, represented as a comma-separated list.

in_progress_at Timestamp indicating when the item entered an in-progress state, when available.

done_at Timestamp indicating when the item was marked as done or closed.

entered_at Timestamp indicating when the item entered the tracked workflow, approximated by the creation

timestamp when detailed transition data are unavailable.

left_at Timestamp indicating when the item left the tracked workflow, approximated by the closure

timestamp when detailed transition data are unavailable.

date Date field used for temporal aggregation.

duration_h Computed duration, in hours, between closed_at and created_at.

Table 10.13 Kanban analyses currently supported by RevMine

Analysis code Computation Justification
kanban_lead_time Computes the distribution of the duration between item

creation and closure.

Helps identify how long work items remain

in the workflow and supports the detection of

slow or delayed tasks.

kanban_cycle_time Computes the time between entering the in-progress

state and being marked done.

Captures the active execution time of work

items, excluding part of the waiting time before

work starts.

kanban_throughput Counts completed items over time. Measures the delivery capacity of the team

and helps identify variations in productivity

across periods.

kanban_wip Estimates the number of active items in the workflow

over time.

Supports the analysis of workload

accumulation and helps reveal periods where

too many tasks are handled simultaneously.

kanban_cfd Computes cumulative item counts by period and

workflow column.

Provides a flow-oriented view of how work

items move across the process and helps reveal

bottlenecks between stages.

kanban_column_time Computes the median duration spent in each Kanban

column.

Identifies workflow stages where items tend to

remain longer and where process delays may

occur.

kanban_blocked_ratio Estimates the proportion of tracked duration associated

with blocked-labelled items.

Measures the extent to which blocked work

affects the workflow and helps characterize

waiting or dependency-related issues.

kanban_assignee_load Counts active, non-closed items grouped by assignee. Supports workload analysis by identifying

contributors with high numbers of ongoing

tasks.

10.6.2 CI/CD Support

The CI/CD extension collects workflow runs, pipelines, and jobs from GitHub Actions and

GitLab CI/CD. The collected fields describe the run or job identifier, execution status, branch,

commit SHA, actor, runner, and timing information. These data make it possible to derive
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basic delivery indicators such as success rate, build duration, queue time, deployment frequency,

and job-level failure profiles. Table 10.14 summarizes the CI/CD fields currently collected or

computed by RevMine.

Table 10.14 CI/CD metrics currently collected or computed by RevMine

Field Description
run_id Unique identifier of the pipeline or workflow run.

job_id Unique identifier of the job within a run.

job_name Name of the job or stage.

workflow_name Name of the workflow or pipeline.

conclusion Final result of the run or job, such as success, failure, error, or skipped.

status Current execution status, such as completed, in progress, or queued.

branch Git branch associated with the run.

sha Commit SHA associated with the run.

actor User who triggered the workflow or pipeline.

runner_name Runner that executed the job.

created_at Timestamp indicating when the run or job was created or queued.

started_at Timestamp indicating when execution started.

completed_at Timestamp indicating when execution completed.

duration_s Computed duration, in seconds, between completed_at and started_at.

The predefined CI/CD analyses focus on delivery reliability, execution time, job-level failure

patterns, deployment frequency, queueing delay, runner usage, and flaky jobs. Table 10.15

summarizes the CI/CD analyses currently supported by RevMine.

Table 10.15 CI/CD analyses currently supported by RevMine

Analysis code Computation Justification
cicd_success_rate Computes the percentage of successful runs over all

CI/CD runs by period.

Provides a high-level indicator of delivery

reliability and helps detect periods of unstable

integration.

cicd_build_duration Computes build duration summaries, including median

and high-percentile duration values.

Captures the time cost of CI/CD execution

and helps identify slow builds or performance

regressions.

cicd_failure_rate_by_job Computes the failure rate for each job or stage. Helps identify pipeline components that fail

frequently and may require maintenance or

stabilization.

cicd_mttr Computes the average time between a failed run and

the next successful run.

Measures recovery speed after CI/CD

failures and supports analysis of operational

responsiveness.

cicd_deploy_frequency Counts successful deployment-related runs over time. Provides a delivery-frequency indicator and

helps characterize the rhythm of deployment

activity.

cicd_queue_time Computes the waiting time between run creation and

execution start.

Captures infrastructure or scheduling delays

before execution begins.

cicd_runner_utilization Aggregates execution duration by runner and time of

day.

Supports analysis of runner workload and

helps identify uneven use of CI/CD execution

resources.

cicd_flaky_jobs Identifies jobs that produce different conclusions for

the same commit SHA.

Helps detect unstable jobs whose outcomes

may vary independently of code changes.
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Overall, the current DevOps extension adds 15 Kanban fields, including one computed duration

field, and 14 CI/CD fields, including one computed duration field. It also adds eight predefined

Kanban analyses and eight predefined CI/CD analyses. These analyses use the same analysis

interface as the code review analyses: users can request predefined metrics, apply filters, override

visualization choices, and aggregate results by day, week, month, quarter, or year.

At this stage, the extension provides basic but useful DevOps-wide visibility. It allows RevMine

to connect code review analytics with upstream workflow and downstream delivery data, but it

remains an early extension of the platform. In particular, Kanban support is affected by platform

heterogeneity: GitLab exposes issue and board workflows more uniformly, whereas GitHub

project and board constructs are more variable and only partially covered. Similarly, CI/CD

support currently focuses on commonly available workflow and job-level fields rather than deep

observability data. A systematic validation of the Kanban and CI/CD modules, using the same

level of rigor as the code review evaluation, is therefore left as future work.

10.7 Discussion

RevMine illustrates both the promise and the current limits of using LLMs as an interface for

empirical software engineering tools. In the current version, the LLM is not used to freely

generate arbitrary analyses. Instead, it helps users explore and activate what already exists in

the platform: available data collectors, predefined metrics, supported filters, and implemented

analysis routines. This design choice is deliberate. It makes the system more controllable,

easier to validate, and less exposed to unverifiable code generation errors. The evaluation

therefore measures a bounded form of LLM assistance: whether a natural-language request

can be translated into a valid and executable data-collection or analysis plan within the current

capabilities of RevMine.

This bounded design also reveals a broader tension for LLM-assisted research tools. On one hand,

restricting the LLM to existing functions improves reliability and reproducibility. On the other

hand, it limits the user’s analytical freedom: if a metric, transformation, or visualization is not



300

already implemented, the LLM can only approximate the request or reject it. A natural next step

is therefore to move from LLM-assisted selection of existing capabilities to controlled generation

of missing analysis code. For example, future versions of RevMine could allow the LLM to

generate new Python or SQL analysis modules when no predefined metric matches the user’s

request, while validating the generated code against the available schema, execution sandbox,

and reproducibility constraints. Such a direction would turn RevMine from a guided analytics

interface into a more flexible research assistant, where users can explore new hypotheses without

waiting for every metric to be manually added to the catalogue.

The results also suggest that LLM orchestration should not be evaluated as a single monolithic

capability. A model may be strong at producing valid JSON, reasonable metric names, or

partially correct extraction plans, but still fail to include all dependencies required for execution.

This distinction is important for tool builders. It shows that LLM reliability depends not only on

prompt quality or model choice, but also on the surrounding architecture: schema validation,

deterministic dependency completion, fallback rules, manual inspection, and execution guards

are necessary components of a usable LLM-assisted mining platform. In this sense, RevMine

should be understood as a hybrid system where the LLM supports interaction, but correctness

must be enforced by explicit software mechanisms.

Another important point concerns the scope of DevOps analytics. The initial focus of RevMine

is code review mining, but the extension toward Kanban and CI/CD data shows that review

activity is only one part of a larger process chain. Upstream planning affects what reaches

review, while downstream CI/CD outcomes provide signals about delivery reliability after review

decisions are made. The current Kanban and CI/CD support remains preliminary and less

validated than the code review core, but it makes the end-to-end analytical chain technically

possible inside a single tool. This is important because many meaningful questions in DevOps

cannot be answered from MR data alone.

Finally, RevMine highlights a trade-off between breadth and depth. A broad tool that covers

GitHub, GitLab, peer review, Kanban, CI/CD, dashboards, and LLM orchestration can support
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many research and industrial scenarios, but each extension introduces new platform differences

and validation needs. The value of RevMine therefore lies not in replacing specialized analytics

or observability tools, but in providing a reproducible bridge between research questions and

multi-source DevOps data.

10.8 Implications for Research and Practice

10.8.1 Implications for practitioners and industrial partners

For practitioners, RevMine provides a reusable entry point for DevOps process analytics. Instead

of writing new extraction scripts for each question, teams can use natural-language requests or

manual configuration to collect PR/MR, Kanban, and CI/CD data through a common interface.

This can support practical activities such as monitoring review delays, identifying large or risky

changes, observing workload distribution, tracking blocked work, and relating review behavior

to pipeline outcomes.

The tool is especially useful for organizations that want analytical visibility without requiring

every manager or analyst to understand the details of GitHub or GitLab APIs. However, the

current design should be used as decision support rather than as an automated decision-maker.

Because LLM outputs may be incomplete or partially incorrect, generated plans should remain

inspectable, reproducible, and validated before use in high-impact industrial decisions.

10.8.2 Implications for researchers

For researchers, RevMine reduces the engineering overhead of empirical studies based on

PR/MR data. It provides a shared metric catalogue, a common collection pipeline for GitHub and

GitLab, and reusable analysis outputs. This can make replication and cross-project comparison

easier, especially when studies require multiple types of traces such as comments, commits, files,

reviews, issues, and pipelines.
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The tool also provides a concrete architecture for evaluating LLM-assisted research infrastructure.

Rather than assessing only final answers, RevMine separates natural-language interpretation,

collection planning, dependency resolution, data extraction, and metric computation. This

separation makes it possible to evaluate where failures occur and to improve each layer

independently. Future work on code-generating LLM agents for empirical software engineering

can build on this architecture by adding controlled generation of new metrics and analyses while

preserving traceability, sandboxing, and reproducibility.

10.9 Threats to Validity

Internal validity. The 500-scenario benchmark used in RQ2 and RQ3 was manually constructed

and may reflect the authors’ assumptions about typical user requests. To reduce this risk, three

authors contributed to its construction, followed by cross-verification by the first author. The

dependency-completeness evaluation relies on a ground-truth dependency map extracted from

the current RevMine implementation; therefore, it must be updated as the metric catalogue

evolves. For RQ1, residual mismatches were manually inspected, but rare failure modes may

remain undetected.

External validity. The 20 repositories used in RQ1 are open-source and may not fully represent

industrial projects. The external evaluation sample is small (𝑛 = 11), so its results should

be interpreted as formative rather than representative. The evaluated LLMs also reflect a

specific point in time, and their performance may change with model updates or provider

availability. RevMine currently supports GitHub and GitLab only; other platforms, such as

Gerrit or Bitbucket, require separate validation. Finally, the quantitative evaluation focuses on

the code review core. The Kanban and CI/CD extensions are preliminary and have not yet been

validated at the same scale.

Construct validity. The RQ2 evaluation dimensions match RevMine’s JSON schema and system

failure modes, but they do not cover all aspects of LLM output quality. For example, they do not

fully assess whether generated filters are semantically appropriate or whether ambiguous user
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intent is correctly inferred. The FCR/FAR/CPC metrics used in RQ1 exclude non-deterministic

GitHub fields such as mergeable and mergeable_state, which avoids unfairly penalizing the

tool for platform-dependent behavior. The external evaluation relies on self-reported usefulness

ratings, which may differ from real task performance.

Conclusion validity. For RQ1, mutable platform fields may change between collection snapshots,

although this was analyzed through the mutable-FAR analysis. For RQ2 and RQ3, scoring

is automated and deterministic, reducing measurement error. However, the 500-scenario

benchmark may be insufficient to detect small differences between similar models. Therefore,

model comparisons should be interpreted as indicative rather than definitive. The small external-

evaluation sample also limits statistical power; accordingly, we report descriptive results rather

than inferential tests.

10.10 Conclusion

This chapter presented RevMine, an LLM-assisted tool for reproducible DevOps-pipeline

mining across GitHub and GitLab. RevMine unifies data extraction, metric computation, and

natural-language orchestration into a single workflow that covers Kanban-style planning, peer

review, and CI/CD delivery, making the kinds of analyses developed throughout this thesis

accessible to other researchers and industrial partners as reproducible, cross-stage workflows

rather than manually stitched scripts.

The evaluation reported in this chapter supports three main claims. First, RevMine’s Data

Collection Engine achieves parity with hand-written mining scripts across 20 open-source

repositories, with macro-averaged field completeness of 100% and field accuracy of 99.85%

on immutable fields, and with residual deviations traceable to platform-level phenomena that

would equally affect any asynchronous collector. Second, RevMine’s LLM orchestration layer

produces schema-compliant JSON in over 92% of cases across nine evaluated models, with

intent classification close to ceiling performance and metric recall consistently above 0.73 for

the strongest models; strict end-to-end correctness remains limited by the joint satisfaction
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of multiple schema fields, and is best managed through the combination of LLM parsing and

deterministic post-processing such as automatic dependency closure. Third, external evaluation

with eleven respondents from research and industry roles indicates that RevMine is perceived

as useful, easy to use, and trustworthy, with friction points concentrated on additive requests

(additional platforms, additional metrics) rather than corrective criticisms.

Taken together with the preceding chapters, RevMine closes the thesis’s process-oriented view

of peer review effort by providing the tooling support needed to transfer the developed analytical

methods into reproducible practice, and by extending the unit of analysis from the MR to

the full upstream–review–downstream chain. Concretely, the Kanban-stage integration makes

the task-estimation and waiting-state analyses of Chapter 8 reproducible on new projects; the

CI/CD-stage integration does the same for the self-approval and delivery-reliability analyses

of Chapter 9; and the cross-stage join primitives described in Section 10.6 make end-to-end

analyses of the full DevOps pipeline expressible as a single natural-language request. The

residual limitations identified in this chapter — the pagination cap on very large PRs in RQ1, the

strict-FDSR gap in RQ3, the additive feature requests surfaced in the external evaluation, and

the need for a systematic FCR/FAR/CPC-style evaluation of the Kanban and CI/CD endpoints —

constitute concrete directions for future iterations of the tool.

Acknowledgement: We thank the eleven respondents to the external evaluation questionnaire for

their time and feedback, and our industrial partners Kaloom and TELUS for ongoing discussions

that shaped RevMine’s design priorities.
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LLM backend modes

Top-model groups selected for evaluation

Selected models

Golden benchmark (500 scenarios)

Evaluation dimensions (per model, per scenario)

Matching schemes applied per dimension

Analysis and comparison / performances

Ollama (local)
Open-weight · offline · privacy-first

Consumer GPU · quantized weights

OpenRouter (cloud)
Unified API · commercial + open-weight

Free tier + paid · internet required

Group A — local models
Privacy-preserving · hardware-

constrained

Group B — free tier
Zero-cost · rate-limited

Group C — premium
Frontier-scale · production use

llama3.1
deepseek-r1

gemma3

stepfun/step-3.5-flash:free
nvidia/nemotron-3-super-120b-

a12b:free
arcee-ai/trinity-large-preview:free

xiaomi/mimo-v2-pro
deepseek/deepseek-v3.2
anthropic/claude-opus-4.6

500-scenario golden benchmark
Manually authored NL scenarios · each paired with expected schema-compliant JSON output

Author 1 · 100 scenarios   |   Author 2 · 200 scenarios   |   Author 3 · 200 scenarios
Author 1 cross-verified all scenarios for schema validity and field consistency

Intent classification -Platform detection - Visualization
type - Feature extraction - Dimension extraction - Metric extraction

Exact match
Scalar + set fields

Strictest correctness

Subset match
Set fields only

Expected ⊆ predicted

Overlap
Set fields only

Partial credit scoring

Precision Recall Accuracy F1 score

Figure 10.3 Overview of the RevMine LLM evaluation framework





CONCLUSION AND RECOMMENDATIONS

11.1 Global Discussion

Taken together, the seven contribution chapters do more than accumulate evidence on different

aspects of peer review. They suggest a particular way of understanding what peer review effort

is as a research object, and this framing carries consequences that go beyond any individual

chapter. This section discusses what the thesis collectively implies about peer review effort,

which tensions it exposes, and which limits bound its interpretation.

Peer review effort is a construct, not a metric. Prior work has tended to treat peer review effort

as whatever can be measured from a given trace, most often time to complete peer review, and

to argue about it as though all these measurements referred to the same underlying quantity. The

combined evidence of this thesis suggests instead that peer review effort is a family of related but

distinct signals: elapsed time, amount of post-submission change, engagement patterns shaped

by artifact type, review-interaction intensity, and indirectly, upstream estimation quality and

downstream delivery outcomes. Each signal captures a partial view of a shared phenomenon, and

different signals correlate differently depending on context. This has a practical consequence for

the research community: empirical results that appear contradictory across studies may reflect

not contradictory findings but different slices of the same construct. The thesis does not claim

that any one of its indicators is the “true” measure of review effort; it argues, by demonstration,

that the construct must be approached with multiple co-reported indicators rather than with a

single proxy.

“Optimizing” review effort is not synonymous with reducing it. A tension emerges when

the chapters are read together. Chapter 7 and Chapter 10.10’s downstream analysis identify

contexts where review effort can be safely reduced: deviations inflate effort measures without

reflecting substantive work, and a substantial share of peer-reviewed MRs are later labelled
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as self-approvable without visible downstream failure. Chapter 6, in contrast, shows that

configuration-dominant MRs already receive less review attention than they arguably deserve,

and that bug presence amplifies this asymmetry. Chapter 8 adds that part of the downstream

review burden is inherited from upstream underestimation, particularly of small tasks, rather than

from review practices themselves. The implication is that optimizing peer review effort cannot

be reduced to a single directional goal. It requires redistributing effort: relaxing review intensity

on MRs where it is empirically unnecessary, while protecting or increasing it where current

practice under-invests. A uniform push toward lighter review, driven only by the deviation or

self-approval findings, would miss this asymmetry; a uniform push toward heavier review would

miss the efficiency findings. The thesis positions optimization as a calibration problem rather

than a minimization one.

Single-indicator monitoring is insufficient for this calibration. The multi-dimensional

framing also has methodological consequences for how teams and researchers monitor review.

If time is the only indicator, MRs with low change volume but long elapsed time (e.g., reviewer-

availability delays on straightforward MRs) appear indistinguishable from MRs that genuinely

triggered heavy rework. If change is the only indicator, AI-assisted revisions or mechanical

squashing behaviours (Chapter 5) can be mistaken for substantive review-induced work. If MR

type is not controlled for, reviews of configuration and documentation MRs are averaged with

development reviews, obscuring both their specific risks and their specific opportunities for

effort savings (Chapters 6 and 7). The tooling contribution (Chapter 10) directly operationalizes

the opposite stance: RevMine is designed to collect and expose the signals introduced across the

thesis in a compatible way, so that multi-indicator monitoring becomes a default rather than

an exception. Moreover, because RevMine integrates Kanban-style planning data and CI/CD

delivery data alongside peer review data, the joint reporting recommended here is not limited to

review-internal dimensions; it can be extended across the full upstream–review–downstream

chain, with cross-stage joins (issue→MR→ pipeline) exposed as first-class analytical primitives.
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Independently of whether RevMine itself is adopted, the conceptual argument applies: peer

review effort should be reported jointly along time, change, type, and deviation dimensions, and

ideally also against the planning conditions that precede it and the delivery outcomes that follow

from it. This joint reporting is a non-trivial precondition for replication and meta-analysis across

studies.

Peer review is most informative when analyzed as a pipeline stage, not a pipeline. The

preceding chapters also show that several of the most actionable findings only become visible

once peer review is situated inside the DevOps pipeline rather than studied as a standalone

activity. The observability findings (Chapter 4) already position review traces as part of a broader

process signal covering environmental disruptions, technological transitions, and bot–human

interaction. Chapter 8 shows that part of the review burden observed downstream is inherited

upstream, from Kanban-style task estimation and waiting-state exposure. Chapter 9 shows that

review decisions, notably self-approval, cannot be evaluated for appropriateness without linking

them to CI/CD outcomes such as pipeline success and post-merge failure time. Read jointly, these

chapters reframe peer review as a stage embedded in a three-node Kanban → review → CI/CD

chain, where the information needed to judge a review decision often lives at an adjacent stage.

RevMine (Chapter 10) is the direct methodological consequence of this framing: its Kanban-,

review-, and CI/CD-collection subsystems are not parallel silos but an integrated platform in

which cross-stage joins (issue ID → closing-MR; MR merge SHA → pipeline) are part of

the collection plan itself. The broader methodological implication for the community is that

empirical studies of review effort should, wherever possible, co-report the upstream planning

signals and downstream delivery signals associated with the reviews they study. The thesis

demonstrates, through the concrete analyses and through the tooling, that this is both feasible

and analytically productive.
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The approach is bounded by what traces can show. Despite this breadth, the thesis observes

only what MR traces record. Review-related work that occurs off-trace — direct messages, pair-

review sessions, standups, informal escalations, or AI assistance whose intermediate steps are not

logged — remains invisible. The trace-based view therefore underestimates total review effort in

settings where such channels are heavily used, and the magnitude of this underestimation is itself

not uniform across organizations. A related limit concerns interpretation: even well-defined

trace signals, such as self-approval or workflow deviations, depend on local review and merge

conventions that differ across organizations, which bounds the transferability of any specific

numerical threshold derived from the thesis’s datasets. The contributions are therefore best read

as methods and constructs that transfer across contexts, rather than as parameter values that

transfer directly.

Context dependence and the temporal drift of the construct. The thesis combines two

industrial contexts (Kaloom, TELUS) with open-source GitLab projects, and the patterns are

not identical across them. The amount-of-change metric affects up to 73% of open-source MRs

but only 18% of industrial ones; deviation distributions differ across MR types; self-approval

rates and their downstream consequences vary sharply by project. These divergences are

themselves informative — they confirm that review effort cannot be studied as a universal

phenomenon detached from organizational setting — but they also imply that practitioners and

researchers using the thesis’s constructs need to characterize their own context before applying its

conclusions. A second contextual limit concerns time: the AI-assisted development regime that

is already reshaping code authoring (Chapter 5’s discussion) is only beginning to appear in the

datasets used. The thesis should therefore be read as establishing the construct, the measurement

apparatus, and the baseline patterns before generative assistance became dominant; the same

apparatus can be re-applied as that regime matures, but the parameter values it yields are likely

to evolve.
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Convergent evidence for a strong combined contribution. Despite these qualifications, the

combined contribution of the thesis is robust for a specific reason: it does not rest on a single

analytical setup. Seven chapters, built on distinct datasets, distinct analytical methods, and

distinct dimensions of the review process, all converge on the same core message: peer review

effort is multi-dimensional, context-dependent, shaped by upstream and downstream conditions,

and amenable to principled calibration rather than blind reduction. Each individual chapter,

in isolation, could be reasonably contested on dataset scope, measurement choice, or context

specificity; together, they would have to be contested jointly, which is a much harder empirical

claim to sustain. The methodological artifacts produced along the way — the change-based effort

measure, the MR-type classification, the deviation taxonomy and detector, the reference lead time

framework, the self-approval recommender, and the RevMine tool — are reusable independently

of the specific findings reported here, and they make the thesis’s framing operationalizable

in settings that go beyond its own empirical scope. On this basis, the thesis advances a view

of peer review effort that is at once more structured than the prevailing time-centric framing,

more careful in how it aggregates across MR types and workflows, and more connected to the

surrounding software process, while remaining explicit about the boundaries within which these

advances hold.

11.2 Global Threats to Validity

Several threats apply to the thesis as a whole and complement the chapter-specific threats

discussed in each chapter.

Generalizability across organizations and platforms. Most of the empirical material comes

from two industrial partners, TELUS and Kaloom, supplemented by a limited set of open-

source GitLab projects. Organizations with different sizes, domains, development cultures, or

review policies may exhibit different patterns. Similarly, the thesis focuses on the GitLab MR

mechanism; although RevMine unifies GitHub and GitLab, most empirical analyses rely on
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GitLab data. Other review platforms, such as Gerrit or GitHub Pull Requests, may differ in ways

that affect how the reported findings transfer. Where possible, the chapters include replication

on open-source projects to broaden the empirical basis, but further industrial and open-source

replications remain necessary.

Observational nature of the analyses. All empirical analyses in the thesis are observational.

Although they use large datasets, principled metric definitions, and statistical tests, they do not

control for every potential confounder, and associations should not be interpreted as causal effects.

This concerns the relations between MR characteristics and review effort, between deviations

and predictive-model behavior, between upstream planning conditions and downstream review

burden, and between review decisions and CI/CD outcomes.

Heuristic classifications and manual annotations. Several key constructs rely on heuristics

or manual annotations: MR type classification (configuration, development, documentation),

deviation categorization, bug identification, and self-approvable MR labeling. These choices

are validated with industry experts or against prior literature, but heuristics may not transfer

perfectly to other repositories, and manual annotation may introduce subjectivity. The thesis

mitigates this by documenting all criteria, sharing replication packages, and relying on automated,

deterministic pipelines where possible.

Temporal stability of the findings. Industrial DevOps contexts evolve continuously, and some

of the empirical material spans specific periods (e.g., the COVID-19 disruption, the OpenShift

migration). Practices, tooling, and AI-assisted development continue to change, which may alter

the relationships observed between planning, review effort, and delivery outcomes over time.

This concern is explicitly discussed with respect to tool-assisted development but applies more

broadly to the whole set of findings.
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11.3 Global Conclusion

This thesis studied peer review effort as a software process problem in DevOps environments and

asked how it can be better characterized, analyzed, and optimized. Starting from the observation

that peer review effort has traditionally been approximated through temporal measures alone, the

thesis built an expanded, process-oriented view in seven steps. It established peer review traces

as a rich empirical basis for studying software process behavior, introduced a time-independent

change-based indicator of review effort, characterized how this effort varies across MR types,

identified workflow deviations as an important bias source, linked peer review effort to upstream

Kanban-style planning conditions, related peer review decisions to downstream CI/CD delivery

reliability, and delivered RevMine, a reusable tool for reproducible DevOps-pipeline analytics

that integrates Kanban planning, peer review, and CI/CD delivery data across Git-based platforms

into a single cross-stage workflow.

Practical impact. For our industrial partners, the thesis offers concrete recommendations for

monitoring peer review effort beyond elapsed time, applying deviation-aware analytics, aligning

review practices with MR type and bug presence, calibrating estimation practices to reduce

downstream rework, and using creation-time information to support risk-aware review decisions.

RevMine packages these analytical capabilities into a reusable tool that lowers the adoption

barrier in practice, and its DevOps-pipeline scope (Kanban → peer review → CI/CD) means the

same tool can support upstream estimation dashboards, effort-oriented review monitoring, and

post-merge reliability analyses within a single analytical workflow.

Future directions. Several directions emerge naturally from the thesis. First, broader replication

across additional industrial and open-source contexts and across review platforms beyond

GitLab would strengthen external validity. Second, moving from observational analysis to

designed interventions, such as controlled rollouts of deviation-aware dashboards or self-approval

recommendations, would let researchers test the causal impact of the proposed methods. Third,
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the rise of AI-assisted development invites re-examination of effort indicators, as tool-assisted

coding may change the relationship between estimated size, implementation effort, and review

burden. Fourth, now that RevMine integrates Kanban planning and CI/CD delivery alongside

peer review, a natural follow-up is to systematically evaluate the Kanban and CI/CD collection

behaviours with the same FCR/FAR/CPC correctness protocol used for PRs/MRs, and to apply

the tool’s cross-stage joins in full-pipeline digital-twin scenarios where planning, review, and

delivery signals are monitored jointly in real time. Finally, extending RevMine with additional

review platforms (Bitbucket, Azure DevOps, Gerrit) and connecting it to industrial dashboards

would enable continuous process-intelligence use cases that build directly on the analyses

developed in this thesis.

Overall, this thesis advances the understanding of peer review effort as a measurable and

optimizable software process phenomenon. By linking it to upstream planning, artifact

characteristics, workflow regularity, and downstream delivery, and by providing tooling support

to transfer the methods into practice, the thesis lays an empirical and methodological foundation

for future efforts to optimize peer review in DevOps environments.
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