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Evaluation des simulations de MCR forcées par les réanalyses pour reproduire le lien
entre les indices de téléconnexion et les conditions humides et séches au Mexique

Abraham HERNANDEZ-GARCIA
RESUME

Les effets sociaux, économiques et environnementaux associés aux événements de
précipitations extrémes sont significatifs, ce qui motive le développement de recherches sur
des sujets tels que 'adaptation, la mitigation, la vulnérabilité et le changement climatique. Les
implications ont été si importantes que le Groupe d'experts intergouvernemental sur 1'évolution
du climat (GIEC) et I'Organisation météorologique mondiale (OMM) ont publié¢ des rapports
compilant a la fois les avancées scientifiques et les pertes liées aux phénomenes
hydrométéorologiques. Par conséquent, de nombreuses études abordent non seulement les
mécanismes associés aux extrémes, mais aussi ceux liés aux changements des régimes
hydroclimatiques mondiaux. Ces études utilisent des outils numériques tels que les Modeles
Climatiques Globaux et Régionaux (respectivement GCM et RCM), qui permettent d'analyser
les simulations historiques pour faire des projections sur le comportement atmosphérique et
informer la prise de décision. L'un des mécanismes associés aux changements dans les régimes
mondiaux de précipitations est l'oscillation des anomalies de la température de surface de la
mer (TSM). Une anomalie désigne la différence entre la moyenne climatologique de la
température de surface de la mer et la valeur observée a un moment donné. De nombreuses
¢tudes ont montré que cette anomalie oscille sur différentes échelles temporelles et exerce
diverses influences sur les régimes de précipitations mondiaux, y compris les sécheresses, la
cyclogenese des ouragans, les changements dans la largeur de la ceinture tropicale et les
événements de précipitations extrémes, entre autres. Pour cette raison, ces anomalies sont
classées comme des indices de téléconnexion (IT). Comprendre les régimes de précipitations
a travers les modeles climatiques régionaux (MCR) et leur lien avec les IT est essentiel pour
améliorer les prévisions de tels phénomenes. Le Groupe d'experts sur la détection des
changements climatiques et des indices (ETCCDI) a développé un ensemble d'Indices
d'Extrémes Climatiques (IEC) pour caractériser les extrémes en termes d'intensité des
précipitations et de durée des conditions humides et seches. En outre, 1'Indice Standardisé des
Précipitations (SPI), approuvé par 'OMM et adopté par plusieurs pays, a été largement utilisé
pour quantifier les conditions d'humidité, permettant d'évaluer a la fois I'humidité extréme et
la sécheresse sur la base de seuils numériques standardisés. Au Mexique, des recherches ont
démontré que les indices de téléconnexion (IT), tels que l'oscillation El Nifio-Oscillation
Australe (ENSO) et l'oscillation décennale du Pacifique (ODP), sont associés aux sécheresses,
aux précipitations extrémes et a des contrastes accrus d'humidité entre les régions nord et sud.
Ces relations sont capturées par divers indices de précipitations, y compris les Indices
d'Extrémes Climatiques (IEC) et I'Indice Standardisé des Précipitations (SPI).

Cette étude vise a évaluer la capacité des simulations des MCR, forcées avec les données
d'ERA-Interim, a reproduire les modeles spatiaux de la corrélation temporelle entre les IT
(ENSO et ODP) et I'Indice Standardis¢ des Précipitations (SPI) ainsi que les Indices
d'Extrémes Climatiques (IEC) au Mexique, en utilisant quatre simulations de MCR pour la
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période de 1980 a 2012. Pour atteindre cet objectif, (1) une évaluation climatologique a été
réalisée pour les précipitations issues des simulations et les données de forgage, ainsi que pour
la TSM d'ERA-Interim, au cours de la période mentionnée, et (2) le modele spatial de la
corrélation temporelle entre les IT et le SPI et les IEC calculés a partir d'ERA-Interim et des
simulations a ét¢ comparé aux observations.

La premiére partie de cette thése examine la capacit¢ d'ERA-Interim et des simulations des
MCR a reproduire le modele spatial de la corrélation temporelle entre les IT et le SPI. Cela a
¢été réalisé en (1) évaluant la représentation spatiale et temporelle de la TSM en utilisant ERA-
Interim et le cycle annuel climatologique des précipitations mensuelles cumulées issues des
simulations ; (2) en vérifiant si ERA-Interim représente correctement les IT, et si a la fois les
simulations des MCR et ERA-Interim reproduisent correctement les modéles du SPI24 et
SPI60 ; et (3) en étudiant la représentation du modele spatial de la corrélation temporelle entre
les IT et le SP124 et SPI60. Les résultats indiquent qu'ERA-Interim reproduit efficacement les
caractéristiques de la TSM et des IT. Malgré certaines surestimations présentes dans les
simulations et ERA-Interim, les caractéristiques des précipitations sont correctement
reproduites. Cependant, le calcul du SPI124 et du SPI60 est sous-estimé a la fois temporellement
et spatialement. Enfin, le mode¢le spatial de la corrélation entre ENSO et 'ODP avec le SP124
et le SPI60 montre un contraste entre le nord et le sud du Mexique. Toutefois, ce modéele
présente une sous-estimation de la variabilité spatiale.

La deuxiéme partie de cette thése a évalué la capacité des MCR a reproduire le modéle de
corrélation entre 'ENSO et les CEL Les CEI utilisés dans cette étude sont le Comptage des
Jours Secs (CDD), le Comptage des Jours Humides (CWD), les précipitations maximales en
un jour (Rx1) et les précipitations maximales sur cing jours consécutifs (Rx5). Pour atteindre
cet objectif, (1) une évaluation des caractéristiques temporelles des précipitations mensuelles
cumulées a été réalisée pour l'ensemble de la période d'étude, ainsi que la représentation
temporelle et les phases de I'ENSO avec la TSM d'ERA-Interim ; (2) I'é¢tude a évalué la capacité
des simulations des MCR a représenter les caractéristiques spatiales des CEI utilisés ; et (3)
elle a analysé si les simulations des MCR et ERA-Interim reproduisent le modele spatial de la
corrélation temporelle entre 'ENSO et les quatre CEI. Les résultats de cette section montrent
que I'ENSO et ses phases sont bien reproduits par ERA-Interim. La représentation spatiale des
CEI, par ERA-Interim et les simulations, montre des surestimations en termes de variabilité
spatiale et de magnitude. Cependant, les principales caractéristiques spatiales observées sont
bien représentées. Les simulations du Modele Climatique Régional Canadien version 5
(CRCMS) représentent mieux le modele spatial de la corrélation temporelle pour certains
indices (CWD et Rx5). Toutefois, la simulation RCA4 montre une meilleure représentation
pour la corrélation avec l'indice CDD. Enfin, dans la représentation saisonnicre de la

corrélation, les simulations de CRCMS sont plus performantes en été pour les indices CDD et
CWD.

Dans la derniere partie de cette theése, la capacité a représenter les caractéristiques du modele
de corrélation spatiale entre la PDO et les CEI mentionnés précédemment a été évaluée. Ainsi,
(1) le jeu de données ERA-Interim a été évalué pour représenter le modele temporel de la PDO
pendant la période considérée dans cette thése ; (2) la représentation des caractéristiques
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climatologiques des précipitations mensuelles et la représentation saisonnicre des CEI avec les
données ERA-Interim et les simulations ont été étudiées ; et (3) le modele de corrélation
spatiale entre la PDO et les CEI a ét¢ analysé. Les résultats de cette partie de la thése montrent
qu'ERA-Interim est capable de reproduire les principales caractéristiques et phases du modele
temporel de la PDO. Pour tous les ensembles de données, une surestimation a été observée
dans la représentation des précipitations mensuelles, principalement attribuée aux saisons de
printemps et d'été. Les simulations du CRCMS5 montrent un meilleur ajustement pour la
représentation des CEI saisonniers dans les indices CWD, Rx1, et Rx5, tandis que RCA4 donne
de meilleurs résultats pour le CDD. Toutefois, chaque simulation fournit des informations
importantes pour chaque saison, chaque indice et chaque région du Mexique. Pour I'ensemble
de la période (1980-2012), le modé¢le de corrélation spatiale ne montre pas de schéma défini.
Cependant, dans l'analyse saisonni¢re, le mod¢le de corrélation montre qu'au printemps, ERA-
Interim et les simulations MCR capturent le principal gradient spatial décrit par les
observations. En hiver, ERA-Interim présente une surestimation ; cependant, ERA-Interim et
les simulations MCR parviennent a identifier les caractéristiques spatiales de la corrélation.

Dans l'ensemble, il a été observé que les données ERA-Interim et les simulations RCM
capturent le principal modéle climatologique de la corrélation temporelle. Cependant, il
convient de noter que ces ensembles de données pourraient fournir de meilleures informations
en fonction de la saison et de la région considérée au Mexique, ainsi que du cadre temporel
spécifique et de l'indice de téléconnexion (TI) étudié. Par conséquent, en raison de ces
incertitudes, I'évaluation doit se poursuivre avec différents RCM et différents GCM.

Mots-clés: température de surface de la mer, anomalie, indices climatiques extrémes,
oscillation australe El Nifio, oscillation décennale du Pacifique






Assessment of Reanalysis Driven RCM Simulations to Reproduce the Link Between
Teleconnection Indices and wet and dry conditions in Mexico

Abraham HERNANDEZ-GARCIA
ABSTRACT

The social, economic, and environmental effects associated with extreme precipitation events
are significant, driving the development of research on topics such as adaptation, mitigation,
vulnerability, and climate change. The implications have been so substantial that the
Intergovernmental Panel on Climate Change (IPCC) and the World Meteorological
Organization (WMO) have issued reports that compile both scientific advancements and the
losses related to hydrometeorological phenomena. Consequently, there are numerous studies
that not only address the mechanisms associated with extremes but also those related to
changes in global hydroclimatic patterns. These studies employ numerical tools such as Global
and Regional Climate Models (GCM and RCM respectively), which enable the analysis of
historical simulations to make projections of atmospheric behavior and inform decision-
making. One of the mechanisms associated with changes in global precipitation patterns is the
oscillation of Sea Surface Temperature (SST) anomalies. An anomaly refers to the difference
between the climatological average of Sea Surface Temperature and the observed value at a
specific point in time. Numerous studies have shown that this anomaly oscillates over different
temporal scales and exerts various influences on global precipitation patterns, including
droughts, hurricane cyclogenesis, changes in the width of the tropical belt, and extreme
precipitation events, among others. For this reason, these anomalies are classified as
Teleconnection Indices (TIs). Understanding precipitation patterns through Regional Climate
Models (RCMs) and their link to TTs is essential for improving predictions of such phenomena.
The Expert Team on Climate Change Detection and Indices (ETCCDI) has developed a set of
Climate Extreme Indices (CEI) to characterize extremes in both precipitation intensity and the
duration of wet and dry conditions. In addition, the Standardized Precipitation Index (SPI),
endorsed by the WMO and adopted by several countries, has been widely used to quantify
moisture conditions, allowing for the assessment of both extreme wetness and drought based
on standardized numerical thresholds. In Mexico, research has demonstrated that
Teleconnection Indices (TIs), such as the El Nifio-Southern Oscillation (ENSO) and the Pacific
Decadal Oscillation (PDO), are associated with droughts, extreme precipitation, and increased
moisture contrasts between the northern and southern regions. These relationships are captured
by various precipitation indices, including the Climate Extreme Indices (CEI) and the
Standardized Precipitation Index (SPI).

This study aims to evaluate the ability of RCM simulations, forced with ERA-Interim data, to
reproduce the spatial patterns of the temporal correlation between TI (ENSO and PDO) and
SPI and CEIs over Mexico, using four RCM simulations for the period 1980 to 2012. To
achieve this objective, (1) a climatological evaluation was conducted for both the precipitation
from the simulations and the forcing data, as well as the SST from ERA-Interim, during the
aforementioned period, (2) the spatial pattern of the temporal correlation between the TI and
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the SPI and CEls calculated with ERA-Interim and the simulations were compared with
observations.

The first part of this thesis examines the ability of ERA-Interim and the RCM simulations to
emulate the spatial pattern of the temporal correlation between the T1 and SPI. This was carried
out by (1) evaluating the spatial and temporal representation of the SST using ERA-Interim
and the climatological annual cycle of monthly accumulated precipitation from the
simulations; (2) assessing whether ERA-Interim accurately represents the TI, and whether both
the RCM simulations and ERA-Interim successfully reproduce the SP124 and SPI60 patterns;
and (3) studying the representation, of the spatial pattern of the temporal correlation between
the TI and SP124 and SP160. The results indicate that ERA-Interim efficiently reproduces the
characteristics of the SST and TI. Despite some overestimations present in both the simulations
and ERA-Interim, the characteristics of precipitation are successfully reproduced. However,
the calculation of SPI124 and SPI60 is underestimated both temporally and spatially. Finally,
the spatial pattern of the correlation between ENSO and PDO with SP124 and SPI160 displays
the contrast between northern and southern Mexico. However, this pattern shows an
underestimation in spatial variability.

The second part of this thesis assessed the RCM ability to replicate the correlation pattern
between ENSO and the CEIs. The CElIs used in this study are Counting of Dry Days (CDD),
Counting of Wet Days (CWD), maximum precipitation in one day (Rxl) and maximum
precipitation in five consecutive days (Rx5). To achieve this objective, (1) an evaluation of the
temporal characteristics of the monthly accumulated precipitation was conducted throughout
the entire study period, as well as the temporal representation and phases of ENSO with SST
from ERA-Interim; (2) the study evaluated the RCM simulations capacity to represent the
spatial features of the CEI used; and (3) it analyzed whether the RCM simulations and ERA-
Interim reproduce the spatial pattern of the temporal correlation between ENSO and the four
CEls. The results of this section show that ENSO and its phases are reproduced by ERA-
Interim. The spatial representation of the CEls, by both ERA-Interim and the simulations,
shows overestimations in spatial variability and magnitude. However, it successfully
represents the main spatial features observed. The simulations from Canadian Regional
Climate Model version 5 (CRCMS5) better represent the spatial pattern of the temporal
correlation for certain indices (CWD and Rx5). However, the RCA4 simulation shows better
representation for the correlation with the CDD index. Finally, in the seasonal representation
of the correlation, the simulations from CRCMS perform better in summer for the CDD and
CWD indices.

In the final part of this thesis, the ability to represent the characteristics of the spatial correlation
pattern between the PDO and the aforementioned CEIs was evaluated. Therefore, (1) ERA-
Interim dataset was evaluated to represent the temporal pattern of the PDO during the period
considered in this thesis; (2) the representation of the climatological characteristics of the
monthly precipitation and the seasonal representation of the CEI with ERA-Interim data and
the simulations were studied; and (3) the spatial correlation pattern between the PDO and the
CEls was analyzed. The results for this part of the thesis show that ERA-Interim is capable of
reproducing the main characteristics and phases in the temporal pattern of the PDO. For all
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datasets an overestimation was observed in the representation of the monthly precipitation,
which is mostly attributed to the spring and summer seasons. The simulations from CRCM5
show a better fit in representing the CEI seasonally in the CWD, Rx1, and Rx5 indices, while
RCA4 performs better for CDD. However, each simulation provides important information for
each season, each index, and each region within Mexico. For the entire period (1980 - 2012),
the spatial pattern of the temporal correlation does not show a defined pattern. Nevertheless,
in the seasonal analysis, the correlation pattern shows that in spring, ERA-Interim and the
RCM simulations capture the main spatial gradient described by observations. In winter, ERA-
Interim presents an overestimation; however, both ERA-Interim and RCM simulations manage
to identify the spatial features of the correlation.

Overall, it was observed that both the ERA-Interim data and RCM simulations capture the
main climatologically pattern of the temporal correlation. However, it should be noted that
these datasets could provide better information depending on the season and the region
considered within Mexico and within the specific time frame and TI. Therefore, due to this
uncertainties the valuation most continue for different RCM and different GCMs.

Keywords: sea surface temperature, anomaly, climate extreme indices, el Nifio-southern
oscillation, pacific decadal oscillation
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INTRODUCTION

Climate and meteorological extremes continue to pose significant challenges for society and
the scientific community. In 2007, the Intergovernmental Panel on Climate Change (IPCC)
issued a report (AR4) addressing the impact, adaptation, and vulnerability to climate change.
The report highlighted that, as extreme events become more intense and/or frequent, the
associated social and economic costs would rise. Furthermore, the AR4 edition mentioned that
factors related to extreme weather events, such as low adaptive capacity, exposure to bodies of
water, limitations in extreme event preparedness, increased droughts, changes in sea levels,
and alterations in precipitation patterns, among others, pose a significant global challenge

(IPCC, 2007a).

In 2012, the IPCC published a special report titled "Managing the Risks of Extreme Events
and Disasters to Advance Climate Change Adaptation." The report noted a statistically
significant trend in the increase of extreme precipitation events over a long period (40 years).
Additionally, it reported a low-confidence increase in cyclonic activity and, with medium
confidence, highlighted more intense and prolonged droughts in certain regions worldwide

(IPCC, 2012).

The 2014 report (ARS) affirmed, with very high confidence, that extreme climatic events such
as heatwaves, droughts, and cyclones impact sectors ranging from food production and water
supply to ecosystem disruption (IPCC, 2014). In its latest report (AR6) in 2022, the IPCC
observed, with high confidence, an increase in extreme climatic and meteorological events.
This includes heavy precipitation events, droughts, extreme heat on continents and oceans,
which have had impacts on ecosystems, infrastructure, people, and settlements (IPCC, 2022).
Specifically, regarding extremes in precipitation, the World Meteorological Organization
(WMO) determined in its "Atlas of Mortality and Economic Losses from Weather, Climate
and Water Extremes (1970 - 2019)", that droughts ranked first as a cause of death, with up to
650,000 deaths from 1970 to 2019. Storms and floods occupied the second and third positions
with 577,232 and 58,700 deaths, respectively, resulting in economic losses of up to US$521



billion (WMO, 2019). Furthermore, the impact of climate change has heightened the various
risks and hazards associated with extreme precipitation events (floods and droughts). It has
been observed that latitude is a determining factor for vulnerability to these phenomena, and
the consequences, in addition to property losses, are linked to agricultural, energy, and human

health issues, among others (IPCC, 2012).

Efforts have been made to describe extreme phenomena in precipitation, including both
droughts and maximum precipitation events (Deser et al., 2010; Do et al., 2020). Indices have
been developed to characterize both extremes, allowing us to understand the variables
correlated with the occurrence of extreme precipitation and changes in their patterns (Karl et
al., 1999; NCAR, 2024; Peterson et al., 2001). One of these variables is sea surface temperature
(SST) anomaly variability, along with its behavior, feedback mechanisms, and interactions
across different temporal scales, such as those represented by the El Nifio-Southern Oscillation
(ENSO), Pacific Decadal Oscillation (PDO), and Atlantic Multidecadal Oscillation (AMO),
which are commonly referred to as teleconnection indices. Numerous studies have
demonstrated the spatial and temporal association of these oscillations, highlighting how the
interaction between atmospheric and oceanic processes influences precipitation patterns, such
as droughts across various temporal and spatial scales, as well as changes in the frequency of
heavy precipitation events (Abiy et al., 2019; Deser et al., 2010; Do et al., 2020; Méndez &
Magafia, 2010). These studies, in addition to contributing to the understanding of precipitation
extremes and their relationship with oceanic processes, have spurred research development in
both climate models and the relationship between SST variability and changes in precipitation

patterns, as well as the reproduction of climate indices.

The influence of teleconnection indices (TIs) has been observed in various regions around the
world (Deng et al., 2024; Deser et al., 2010; Gebre et al., 2024; Kashki et al., 2022; Ohba &
Sugimoto, 2022; Yan et al., 2024). In Mexico, TIs have been identified as a factor that spatially
and temporally affects drought behavior, as well as influencing precipitation patterns (Arroyo-
Morales et al., 2023, Englehart & Douglas, 2002; Méndez & Magaina, 2010). Among the TIs

most frequently linked to precipitation in Mexico are ENSO and PDO. This thesis focuses on



these TIs not only due to data availability but also because of the evidence of their impact on
Mexican precipitation. For instance, ENSO can extend drought conditions during its warm
phase, while its cold phase tends to increase precipitation in southern and central Mexico.
Similarly, the warm phase of PDO can amplify ENSO’s drought effects, whereas its cold phase
is associated with increased precipitation across much of Mexico (Méndez & Magana, 2010,

Mantua et al., 1997).

Currently, the ability of climate models to reproduce indices related to precipitation and
temperature has been assessed. For instance, Global Climate Models (GCMs) in addition to
being used to climate change projections, are also have been evaluated for their ability to
reproduce the climatology of stability indices to identify the presence or absence of
thunderstorms (Meher & Das, 2019). Nevertheless, for local scale, the capacity of Regional
Climate Models (RCMs) has also been assessed for reproduce twelve climate indices based on
temperature and nine indices based on precipitation. The conclusion is that certain RCMs have
potential applications in climate change and extreme event analysis (Bayissa et al., 2021). The
output of the Coupled Model Intercomparison Project Phase 6 (CMIP6) has even been
evaluated for its ability to reproduce indices proposed by the Expert Team on Climate Change
Detection and Indices (ETCCDI) worldwide (Kim et al., 2020). These indices, proposed for
the climatic characterization of extremes under climate change conditions (Karl et al., 1999;
Peterson et al., 2001), specifically those related to precipitation, provide insights into moisture

conditions in a specific location and time period.

Presently, the ability of RCMs to reproduce the link between TIs and precipitation patterns is
still being evaluated, as well as their capacity to capture the connection between TIs and
moisture conditions, and extreme events in Mexico. The main objective of this study is to
assess the capability of RCM simulations to reproduce the effects of TI on precipitation

conditions in Mexico.






CHAPTER 1

LITERATURE REVIEW

1.1 Climate System

The Climate System (CS) consists of various interacting components. However, before
understanding its functioning and the interactions between these elements, it is important to
first define what climate is. The mean state of the variables that make up the atmosphere, as
well as their fluctuations measured through standard deviation or statistical autocorrelation
over a certain time interval (approximately 30 years), is referred to as climate (WMO, 2024).
The climate is determined by the interaction between the elements of the CS (atmosphere,
hydrosphere, cryosphere, biosphere, and geosphere). Most of these interactions are driven by
solar radiation, as the sun provides the energy available in the CS (Schneider, 1992). One such
interaction occurs, for example, during the day, particularly in the summer season, when the
ocean absorbs more heat energy than the land due to the difference in heat capacity between
the two elements. This causes the air mass over the land to increase in temperature, generating
upward currents, so that the cooler air mass over the ocean moves into the available space over
the land, creating a moist air flow from the ocean to the land known as a sea breeze. This

example allows us to extrapolate part of the interactions within the CS.

Being fluids, the atmosphere and the oceans exhibit defined circulations, turbulence, and
chaotic movements that respond on different timescales, not only between them but also within
them. For example, the chemical composition of the atmosphere also affects the climate
(Houghton, 1986), as the absorption and emission of solar radiation by the atmosphere are
influenced by water vapor, aerosols, carbon dioxide, and ozone. Additionally, the atmosphere
exchanges energy with the oceans, and the oceans, in turn, are affected by salinity, which
influences water density and, consequently, ocean circulation, leading to complex processes

within the CS (Schneider, 1992)



On the other hand, the cryosphere experiences seasonal and interannual variations, causing
significant annual alterations in continental heating, the upper ocean mixing, and changes in
heat exchange between the atmosphere and the surface. The geosphere and biosphere, due to
large orographic barriers and biodiversity, influence the behavior and moisture levels of air

masses within the continent and affect the CS on different timescales (Khan & Arsalan, 1966).

Understanding the functioning of each element of the CS, as well as the interactions between
these elements, provides us with insight into meteorological and climatological conditions.
Consequently, this knowledge enables us to make informed decisions regarding the material

context that responds to the impacts of the CS elements and their interactions.

1.2 Natural Climate Variability

A key aspect is recognizing how natural variability within the climate system arises. The CS
is driven by solar radiation. The imbalance in net radiation caused by a change in either solar
radiation or infrared radiation is known as "radiative forcing". Both solar radiation and the
injection of large quantities of aerosols into the atmosphere, as occurs during a volcanic
eruption, are considered external forcings, which induce natural variations in radiative forcing.
Both external variations and the interactions among the components of the CS can induce
climate variability. Therefore, a distinction can be made between internal and external
induction of climate change and variability. Each component of the CS responds to these
forcings across a broad range of spatial and temporal scales. In the oceans, for example, due to
their large heat capacity, the response time is prolonged, potentially spanning decades,
centuries, or even millennia. Thus, the CS can vary on different spatial and temporal scales

(IPCC, 2001).

1.3 The Ocean and Oceanic Oscillations

Among the components of the CS, the ocean plays a critical role as a vast reservoir of heat
energy and a thermal regulator of the atmosphere. The ocean can influence weather and

climate, affecting, among other things, the development of tropical cyclones and the spatial



distribution and intensity of precipitation (Stewart, 1997). The ocean exhibits variability in the
temperature of its millimeter-thin surface layer, known as Sea Surface Temperature (SST).
Various processes, both within and outside the ocean, influence the climatological behavior of
SST, resulting in anomalies, which are defined as the difference between the average behavior
and the actual SST value at a specific point. These anomalies exhibit variability in their
oscillations across different time scales (Deser et al., 2010; Mantua et al., 1997b), and it has
been observed that there is a teleconnection between the variability of Sea Surface Temperature
Anomalies (SSTA) and changes in precipitation patterns around the world. SSTA oscillations
are classified according to the time scale variability being observed and the phase (positive or
negative) in which they occur. The El Nifio-Southern Oscillation (ENSO), the Pacific Decadal
Oscillation (PDO), and the Atlantic Multidecadal Oscillation (AMO) are some of these
oscillations. This thesis focuses on ENSO and PDO, which belong to the Pacific basin.

1.3.1 Climate Indices (ENSO and PDO)

Given the ocean's significant role in regulating the climate system, certain oceanic phenomena,
such as oscillations in sea surface temperature, are closely linked to broader atmospheric and
climatic patterns. The ENSO is an oscillation that occurs on a time scale ranging from two to
seven years, not only in terms of the Sea Surface Temperature Anomaly (SSTA) values but
also concerning the various associated phenomena (NOAA, 2024). This oscillation is
characterized by five continuous three-month anomalies. ENSO has a warm phase (El Nifio),
a neutral phase, and a cold phase (La Nifia) (Trenberth, 2024). It is located in the equatorial
Pacific and is classified into four regions: region 1+2 (0°-10°S, 90°W-80°W), region 3 (5°N-
5°8S, 150°W-90°W), region 4 (150°W-160°E, 5°N-5°S), and, due to its inclusion of parts of
regions 3 and 4 as well as the equatorial cold tongue, and its utility in measuring significant
SST changes and SST gradients, region 3.4 (5°N-5°S, 170°W-120°W) has been more
commonly used (NOAA, 2024), and is utilized in this thesis. ENSO influences atmospheric
circulation through deep convection caused by changes in SST, which in turn generate changes

in pressure patterns due to the excitation of planetary waves (e.g., Rossby waves) (Deser et al.,



2010). Furthermore, it is associated with changes in precipitation patterns over the continent

(Mexico and Central America) (Pan et al., 2018, Mendez, 2010).

The PDO results from a combination of multiple tropical and extratropical processes, including
interactions with ENSO through an atmospheric bridge, as well as interactions with pressure
systems over the North Pacific (e.g., Aleutian Low) (Newman et al., 2016). This oscillation is
understood as a decadal variability pattern of the SSTA, obtained through the principal
Empirical Orthogonal Function (EOF) (Mantua et al., 1997a). The spatial pattern of the PDO
is located between 20° N and 70° N latitude. The PDO is related to the variation in precipitation
patterns across North America (Aryal & Zhu, 2021b; Mccabe et al., 2004); it has even been
suggested that the phases of the PDO may be linked to the expansion of the tropical belt and

the convective processes inherent to that region (Grassi et al., 2012).

1.3.2 Precipitation Patterns

As these oceanic oscillations influence atmospheric circulation and pressure systems, they also
have a notable impact on precipitation patterns. The interaction of these oscillations with
atmospheric dynamics can alter regional meteorological conditions, which play a critical role
in shaping precipitation behavior. Meteorological conditions determine the atmosphere's
ability to develop upward currents that form clouds and eventually rain. These conditions may
depend on the susceptibility of atmospheric systems to generate upward currents through
orographic forcing and/or convective processes (IPCC, 2001). Each region of the world has
different meteorological and topographical characteristics; however, ENSO and PDO, or their
interaction, can contribute to developing the necessary atmospheric conditions for changes in

precipitation patterns in different parts of the world (Pan et al., 2018; S. Wang et al., 2014).

1.3.2.1 Precipitation Patterns in Mexico

These global influences on precipitation patterns are particularly evident in regions like

Mexico, where the interaction of local topography and regional atmospheric conditions with



large-scale oceanic oscillations plays a crucial role in shaping precipitation dynamics.
Precipitation in Mexico is attributed to various mechanisms. Orographic conditions, latitudinal
factors, and meteorological phenomena specific to the region are among them. Additionally,
processes in the tropics that contribute to the generation of tropical disturbances, tropical
storms, or hurricanes influence both the intensity and spatial distribution of precipitation. The
spatial variability and intensity of annual accumulated precipitation in Mexico (Figure 2.1A)
indicate that topography and the advection of moist air from surrounding oceans (Pacific Ocean
and Atlantic Ocean) are strongly related to it. In the Mexican rainfall regionalization of
Alvarez-Olguin (2017), thought Principal Component Analysis, there are more quantity of
precipitation in the regions under the 20° of latitude, which indicates a strong contrast between
the north and the south. Furthermore, precipitation in Mexico is associated with both the season
and the phases of ENSO, which can favor wet or dry conditions, as the case may be (Deser et
al., 2010; Pavia et al., 2006; S. Wang et al., 2014), and may influence precipitation anomalies
as well as tropical cyclones (Llanes-Cardenas et al., 2020). The PDO, in interaction with the
weakening of the Caribbean low-level jet and an increase in easterly waves, could interfere
with the moisture influx into northern Mexico or vice versa (Méndez & Magana, 2010).
Another factor related to precipitation extremes is the natural variability of ENSO and PDO,

which may either intensify or attenuate them (Arriaga-Ramrez & Cavazos, 2010a).

1.4 Precipitation Extremes

Precipitation is part of the phenomena associated with the general circulation of the atmosphere
and the interactions among the elements of the CS. Thermal energy from the sun stimulates
upward air currents, causing a decrease in pressure and increasing the likelihood of cloud
formation. The equatorial region receives the majority of solar radiation, creating a low-
pressure belt over the equator. This belt induces upward wind flow toward the poles, as well
as a cloud band over this region. The distribution of continents and oceans affects this flow,
creating semipermanent pressure systems that, in turn, generate three large-scale circulation
cells distributed from the equator to the poles (Hadley cell, Ferrel cell, and Polar cell). As a

result, three belts are formed: two low-pressure belts (at the equator and between 50° and 60°
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N/S) and one high-pressure belt at 30° N/S latitude. Additionally, with the contribution of
Earth's rotation, jet streams are generated in the mid-latitudes, which can not only define the
direction of storms but also influence deep convection by stimulating upper-level divergence,
thereby creating more severe storms or contributing to wind shear and cloud dispersal. In the

same way, large high-pressure systems can cause prolonged periods without precipitation

(Wallace & Hobbs, 2006).

As suggested by Gimeno-Sotelo et al (2023), although other factors may be present,
atmospheric instability is the key factor that defines the presence of cloudiness associated with
extreme precipitation in a single day. Various factors are related to the development of upward
air currents in the atmosphere (orography, low-pressure systems, etc.); however, the presence
of moisture (precipitable water and vertically integrated water vapor) is essential for cloud
formation. Tropical cyclonic phenomena contribute not only to the transport of energy but also

to moisture and atmospheric instability.

ENSO and PDO, in addition to being related to changes in seasonal precipitation patterns in
short and log time periods, show effects in trend changes of extreme precipitation and deep
convection at tropical latitudes (Abiy et al., 2019; Casanueva, 2013; Deser et al., 2010; Do et
al., 2020; Huang et al., 2024; Llanes-Cardenas et al., 2020; Méndez & Magana, 2010; Pavia et
al., 2006; Torres-Alavez et al., 2021; Vega-Camarena et al., 2023), have also been shown to
be linked to seasonal extreme precipitation in certain parts of the world. Furthermore, they
contribute to moisture availability and transport (DeFlorio et al., 2013; Li et al., 2021; Xiao et
al., 2017; Zhang et al., 2010). ENSO and PDO have also been associated with cyclonic activity
in the tropics (Llanes-Cérdenas et al., 2020). In Mexico these TI and their phases interaction
(cold and warm) have been related with the strengthening of seasonal humidity conditions,
drought and effects in moisture transport over the Mexican altiplano (Méndez & Magaia,

2010; Pavia et al., 2006; Vega-Camarena et al., 2023).
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1.4.1 Representation of Precipitation through Indices

Extreme precipitation regimes (both maximum and minimum) and their societal impacts have
created the need to identify their patterns. Various studies employ different indices to
understand these patterns, moisture conditions at specific locations, or to analyze particular
characteristics of precipitation (Balling et al., 2016; Colorado-Ruiz & Cavazos, 2021; de Lima
etal., 2015; Gajié—Capka et al., 2015; Ruiz-Alvarez et al., 2020; Tramblay et al., 2013). Some
of the characteristics of precipitation indices may be related to meteorological drought,
extremes (maximum and minimum), the number of days with or without precipitation, or
certain statistical attributes, among others. These indices are used to understand the behavior
of droughts, floods, storms, flash rivers, and other hydrological, agricultural, and energy-

related applications.

1.4.2 Standardized Precipitation Index

Various indices focused on precipitation deficits have been used to study moisture and drought
characteristics. Some indices use only precipitation as an input parameter to analyze these
conditions. Table 1 lists the indices that meet this criterion and are identified by the WMO,
Global Water Partnership, The National Drought Mitigation Center, and the Integrated
Drought Management Programme as the most user-friendly indices (WMO & GWP, 2017).
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Table 1.1 Indices with the highest facility of use from the Integrated Drought Management
and World Meteorological Organization that considers precipitation as unique parameter

Adapted from WMO & GWP (2017)

Index

Type

Strengths

Weaknesses

Reference

Deciles

Meteorology

Simple
methodology.
Wet and dry
situations.
Defined

thresholds.

Best results

with long

records.

Gibbs and
Mabher,
1967

Percent of

Precipitation

Normal

Meteorology

It is calculated
with basic

Mathematics

It Confuses
with the mean
or average. The
climate regimes
are difficult to

compare.

Hayes,
2006

Standardized
Precipitation

(SPI)

Index

Meteorology

It is applicable in
any climate
regimes.
multiple  time
scales, even short
time periods. It
allows missing
data. It has been
used extensively
in many
scientific

articles.

Difficult
compare similar
scenarios with
different
temperature
conditions.

Assumes a prior

distribution.

Cheval,
2016;
Guttman,
1999;
McKee,
T.B.,
Doesken,
N.J., Kleist,
1993
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In this study, the Standardized Precipitation Index (SPI) was used, which has been documented
by various authors. The SPI is capable of detecting both dry and wet conditions, as well as
their periodicity, using precipitation as the sole input variable (Cheval, 2016; Guttman, 1999;
McKee, T.B., Doesken, N.J., Kleist, 1993). Additionally, it has been employed to study
hydrometeorological conditions and their periodicity in different regions of the world with
varying geographic characteristics (Giddings & Soto, 2005; Vicente-Serrano & Lopez-
Moreno, 2005; Vu & Mishra, 2016). The SPI has also been used to examine agricultural
responses to moisture conditions (Duan & Mei, 2014), historical droughts related to oceanic
oscillations (Abiy et al., 2019), and even to evaluate RCMs for SPI reproduction (Bayissa et
al., 2021).

It is worth mentioning that the SPI is used as a monitoring tool by various countries around the
world, including Argentina, Austria, Belize, Bosnia and Herzegovina, Brazil, Bulgaria,
Canada, Chile, Croatia, Cyprus, Dominican Republic, Germany, Greece, Hong Kong, Iran,
Israel, Jamaica, Jordan, Kazakhstan, Libya, Lithuania, Macedonia, Mexico, New Zealand,
Pakistan, Peru, Slovenia, Spain, Sri Lanka, Switzerland, Tanzania, Thailand, Trinidad and
Tobago, Turkey, Ukraine, and the USA (WMO & GWP, 2017). Both the practicality of the
SPI and the conditions of natural hazards resulting in extreme precipitation values have led the
World Meteorological Organization (WMO) to develop a user guide for calculating the SPI
(WMO, 2012), thereby enabling monitoring of these phenomena.

1.4.3 Climate Extreme Indices

Due to the impact of extreme events and the subsequent need to understand their behavior, the
Expert Team on Climate Change Detection and Indices (ETCCDI) compiled a suite of indices
related to extreme climate behavior (Karl et al., 1999; Peterson et al., 2001). These indices are
calculated to study both temperature and precipitation; however, this document will focus only
on those related to extreme precipitation behavior (Table 2). These indices have been widely
used to assess extreme precipitation conditions across various regions (Balling et al., 2016;

Colorado-Ruiz & Cavazos, 2021; Lagos-Zuiiga et al., 2022; Ortiz-Gomez et al., 2020; Pita-
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Diaz & Ortega-Gaucin, 2020; Ruiz-Alvarez et al., 2020; Tramblay et al., 2013). They have
also been used to study local extreme conditions (Garcia-Cueto et al., 2019; Ortiz-Gomez et
al., 2020), as well as in the evaluation of GCMs participating in the Coupled Model
Intercomparison Project phase (CMIP6) in reproducing the Climate Extreme Indices (Kim et

al., 2020).
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Table 1.2 Precipitation indices from ETCCDI
Adapted from Karl et al., (1999) and Peterson et al. (2001)

Name Time window Definition

Rxlday one value per month The maximum precipitation in
one day

Rx5day one value per month The maximum precipitation in
5 consecutive days

SDII one value per month The amount of precipitation in
days with more than 1 mm

R10mm one value per year Number of days with more tan
10 mm of precipitation

R20mm one value per year Number of days with more tan
20 mm of precipitation

Rnmm one value per year Number of days with more tan
any quantity of precipitation

CDD one value per month Maximum consecutive days
with less than 1 mm of
precipitation

CWD one value per month Maximum consecutive days
with more than 1 mm of
precipitation

RO5pTOT one value per year The total amount  of
precipitation of the 95
percentile on wet days

R99pTOT one value per year The total amount  of
precipitation of the 99
percentile on wet days

PRCPTOT one value per year Total annual precipitation

In this project, is necessary to obtain extreme humidity conditions related not only to the

intensity but also to the presence of precipitation. Additionally, detecting the number of days

with and without precipitation is crucial for examining its relationship with teleconnection
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indices. Therefore, the Climate Extreme Indices considered are Rx1, Rx5, CDD, and CWD,
which not only observe the maximum intensity of precipitation but also its sustained daily

presence.

1.4.4 Precipitation Indices Over Mexico

In Mexico, the SPI has been used to monitor humidity conditions across the country. Maps of
this index are constructed over a three-month period (CONAGUA, 2024a). Additionally, it
serves as one of the indicators for quantifying humidity conditions and monitoring drought in
the country (CONAGUA, 2024b). Furthermore, regional studies use the SPI to determine
drought classification (Campos-Aranda, 2015), trends in SPI conditions (Magallanes-
Quintanar et al., 2019), and the impact of humidity conditions on agriculture (Salas-Martinez
etal.,2021; Sierra-Soler et al., 2016). The SPI is so widely used that statistical models, machine
learning models, and Narx neural networks have been employed to predict the SPI (Cardenas,

2023; Magallanes-Quintanar et al., 2023, 2024).

On the other hand, Climate Extreme Indices for Mexico have been studied on a regional scale.
These indices have been used to determine patterns of extreme precipitation, as well as their
trends over different time windows at a regional scale. It is worth noting that most of these
studies have been conducted only for the northwest of the country and for specific hydrometric
stations (Arriaga-Ramirez & Cavazos, 2010b; Garcia-Cueto et al., 2019; Ortiz-Gomez et al.,
2020; Ruiz-Alvarez et al., 2020) Nevertheless Colorado-Ruiz et al. (2020) shown that the

southeastern Mexico is the wettest while the north shown negative trends in the CEI analysis.

1.5 Climate Modeling

Climate models originated from the need to understand surrounding atmospheric phenomena,
leading to the creation of the first conceptual models. Subsequently, analog models were
developed, providing the initial insight into general circulation. These evolved into radiative-

convective and energy balance models, which, in addition to accounting for energy changes
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related to Earth's movements, consider radiative interactions and greenhouse gases within the
CS. In the early 20th century, general circulation models were developed that incorporated
atmospheric dynamics, conservation of momentum, mass, and energy, as well as humidity.
After World War 11, digital applications were introduced to experiment with numerical weather
prediction through the exchange of momentum, energy, and mass among idealized units within
the models (Cartesian grid structure), enabling the modeling of general circulation over long
periods (Edwards, 2011). This technique is used by GCM, which are employed to model
meteorological and climatological phenomena (Edwards, 2011). These models provide a
mathematical representation of the CS that not only adheres to physical laws but also ensures
that simulations are compared with observations and capable of reproducing past climate

patterns and climate changes (IPCC, 2007b).

Currently, there are coupled models that simulate not only the atmosphere but also the ocean,
as well as models that incorporate anthropogenic factors influencing the CS. In this context,
three main approaches have emerged: Earth System Models (ESMs), Integrated Assessment
Models (IAM) and Atmosphere-Ocean General Circulation Model (AOGCM). The ESMs
reproduce the processes and cycles biogeochemical and the interaction with physical climate
(Flato, 2011); the IAMs consider the link between the ecosystems and crop models and
economic models and the AOGCMs use an idealization of the configuration of continent and

ocean feedbacks (Edwards, 2011, IPCC, 2007).

Given the diverse social, agricultural, energy, and communication impacts of atmospheric
phenomena, it is essential to develop tools that, through climate modeling, allow for an
understanding of current phenomena and increasingly accurate projections (Nicholls et. al.,
2012). This underscores the importance of utilizing, developing, and evaluating climate
models. Furthermore, the existing differences in reliability across various modeled variables

make the evaluation and improvement of Climate Models indispensable (Randall et al., 2007).
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1.5.1 Global Climate Models

GCMs are tools that use a three-dimensional grid to simulate the exchanges of momentum,
heat, and moisture both vertically and horizontally in the atmosphere and the ocean. These
models have a spatial resolution ranging from 250 to 600 km, with 10 to 20 vertical layers in
the atmosphere and up to 30 layers in the ocean. The inherent uncertainty in GCMs is
associated with the modeling of cloud processes and small-scale phenomena. Additionally,
there is difficulty in accurately simulating atmospheric feedback mechanisms within GCMs
(IPCC, 2024). The applications of GCMs are extensive. However, for the purposes of this
thesis, the focus will be on their use in modeling teleconnection indices and Climate Extreme

Indices.

The Coupled Model Intercomparison Project (CMIP) provides a platform for comparing
different climate models, enabling tracking and evaluation of the modeling of specific
phenomena. In the case of ENSO simulation, significant progress has been observed across the
various versions of CMIP (CMIP3, CMIP5, and CMIP6). These advancements have not only
improved the representation of sea surface temperature but also the ability to simulate the
phases of ENSO (Bellenger et al., 2014; Beobide-Arsuaga et al., 2021; De Silva et al., 2023;
Hurwitz et al., 2014). Regarding the PDO, CMIP5 simulations can represent the spatial pattern
of the PDO but have issues with simulating its phases (T. Wang & Miao, 2018). For CMIP6,
there have been some improvements in spatial representation, although there is still room to
enhance phase simulation (Song et al., 2021). Additionally, evaluations of CMIP6 model
simulations for climate extreme indices have shown improvements in the representation of

these indices related to intensity and frequency (Kim et al., 2020).

1.5.2 Regional Climate Models

RCMs are high-resolution climate models used to simulate climate at a regional level. The
initial conditions of RCMs depend on the approach used, whether it is nested RCMs or

statistical downscaling. The main goal of RCMs is to project and simulate regional atmospheric
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patterns. It is also important to note that each region of the world has unique geographical
characteristics, so the interaction of RCMs with physiographic, coastal, and terrain features
differs from that of GCMs (Salathé et al., 2020).

Nested RCMs are characterized by using the atmospheric state at the beginning and throughout
the simulation (initial conditions and time-dependent lateral boundary conditions), as well as
surface boundary conditions to determine the interaction of energy and moisture between the
soil and the atmosphere. This information comes from GCMs, which provide a framework of
initial and boundary conditions to model the climatic behavior of a specific region. Forcing

data also include information on greenhouse gases and aerosols (Giorgi et al., 2001).

On the other hand, statistical downscaling is a technique that creates a statistical model linking
large-scale variables (e.g., jet streams, pressure patterns, etc.) from Atmospheric-Oceanic
Global Climate Models (AOGCM) with local physiographic characteristics. This allows for
more detailed simulations and projections by incorporating regional information (Giorgi et al.,
2001). The Coordinated Regional Climate Downscaling Experiment (CORDEX) is an
initiative aimed at coordinating existing RCMs worldwide to enhance the understanding of
regional climate impacts. It employs Empirical Statistical Downscaling driven by GCM and

reanalysis data across 14 different domains globally (Giorgi & Jr, 2015).

Studies exist that use RCMs to analyze precipitation simulations across various applications
and regions worldwide. For instance, Bayissa et al. (2021) utilized RCMs to reproduce the
Standardized Precipitation Evapotranspiration Index in Florida, USA, with RCMs forced by
different Global Models. RCMs are also employed to assess their performance in regions with
specific topographic conditions (Antic et al., 2006; Stefanidis et al., 2020) or to study the
response of their simulations in relation to TI (Aryal & Zhu, 2021a; Meque & Abiodun, 2015).
Additionally, the hydrological response of RCMs has been studied in hydrological basins
(Teutschbein & Seibert, 2010).
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1.5.2.1 RCM simulations over Mexico

Costa et al. (2023) conducted a study with RCMs that cover both Mexico and other countries,
using the Regional Atmospheric Modelling System forced with CMIP5 data. The outputs from
these regional models were used to simulate precipitation over the tropical region of the
American continent, quantifying the intensity and duration of wet and dry events. The
representation of precipitation by downscaled RCMs in the Central America domain (including
Mexico in this case) has also been evaluated, where it was found that the added value lies in
the cumulus parametrization, as it could provide information on the representation of local
storms (Llano, 2018). In the same domain, but in 2011, simulations of the Providing Regional
Climates for Impacts Studies (PRECIS) RCM were evaluated, showing improvements in the
reproduction of precipitation amounts, although with some issues in representing the wet and
dry seasons (Karmalkar et al., 2011). Overall, RCMs in Mexico have been used to assess these

models in specific regions of the country.

1.6 Research Objectives

The relationship between teleconnection indices (TIs) such as the El Nifio—Southern
Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) with precipitation patterns and
climate extremes is well-documented globally. However, the understanding of these
interactions in Mexico remains limited. Given the acknowledged influence of ENSO and PDO
on seasonal precipitation, droughts, and extreme events in this region (Méndez et, al., 2010;
Pavia et al., 2006; Vega-Camarena et al., 2023), there is a clear need to evaluate how Regional
Climate Model (RCM) simulations reproduce these relationships. Such an evaluation is not
only crucial for validating the historical performance of RCMs but also for their reliable

application in future climate projections under changing climate conditions.

Evaluating the ability of RCM simulations to reproduce monthly and seasonal ENSO-CEIs
and PDO-CEIs relationships is a foundational step in understanding the behavior of RCMs

under historical conditions. This assessment serves as the basis for determining the reliability
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of RCMs when applied to project future climate. Accurate reproduction of historical patterns,
such as the temporal and spatial correlations between TIs and CEls, ensures that RCMs can
capture key physical processes, including teleconnections and extreme precipitation dynamics

(Giorgi, 2019; Laprise, 2008).

The validation of RCMs in terms of their ability to reproduce observed phenomena when
driven by ERA-Interim, allows for direct comparisons with observed data, identifying biases
and limitations in RCM configurations. Additionally, in future studies, comparing RCMs
driven by General Circulation Models (GCMs) to those driven by reanalysis datasets provides
insights into the sources of variability and errors, particularly in regions with complex

topography like Mexico (Ban et al., 2021).

Understanding the mechanisms through which TIs influence precipitation patterns—including
wet and dry conditions, as well as extreme precipitation events—is crucial for enhancing water
resources management and disaster preparedness in Mexico. In this context, this study seeks

to:

Assess the capability of reanalysis driven RCM simulations to reproduce the effects of TI on
precipitation conditions in Mexico. To achieve this objective, the following research lines will

be implemented:

1) Study the ability of RCM simulations to reproduce the observed link between SPI wet
and dry conditions and ENSO and PDO.

2) Assess the reproduction of the observed correlation between ENSO and CEI in Mexico

by RCM simulations.

3) Evaluate the reproduction of the observed correlation between PDO and CEI in Mexico

by RCM simulations.
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The development of these objectives will provide valuable information for improving the
credibility of RCMs in simulating teleconnection-driven precipitation patterns. This will
enhance their applicability in climate projections, enabling better-informed decision-making
for climate adaptation and mitigation strategies. Furthermore, understanding these mechanisms
will contribute to global knowledge on teleconnection indices and their regional impacts, with

potential applications extending beyond Mexico.



CHAPTER 2

METHODOLOGY

2.1 Experimental set-up

The methodology for developing the aforementioned research lines requires narrowing down
this thesis both spatially and temporally. Since this study involves atmospheric teleconnection
indices and their remote response on the continent, the Pacific basin, specifically the PDO and
ENSO regions mentioned by the National Center for Atmospheric Research (NCAR) (Deser,
Clara &, Trenberth, 2022; Trenberth, 2024), was first defined. Subsequently, the research was

geographically narrowed to Mexico.

Figure 1 shows that the PDO is located in part of the North Pacific basin (Figure 2.1B), while
ENSO is situated in the tropical region of the Pacific Ocean (Figure 2.1A). Although ENSO
encompasses four different regions (ENSO 1+2, ENSO 3, ENSO 3.4 and ENSO 4), the ENSO
3.4 region (Figure 2.1A) effectively captures the dynamics of SST anomalies in the other
regions, making it the one used in this study. Regarding the continental area, Figure 2.1A
displays the geolocation of Mexico, along with the average annual precipitation accumulation
(1980 to 2012) and the main mountain ranges within the country. It is important to note that
selecting Mexico contributes to the development of knowledge and the evaluation of the
CORDEX experiment for the North American region. This selection also aids in studying

RCMs and their response to teleconnection indices in relation to precipitation characterization.

Regarding the temporal scope of the study, the availability of data and the time periods
reviewed in other studies were examined. The time interval defined for both SST and
precipitation is from 1980 to 2012. This time frame meets the climatological requirements as

well as the temporal window of the selected teleconnection indices.
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The general diagram of the methodology for this thesis is shown in Figure 2.2 This diagram
presents the consecutive stages of the research development from left to right, as well as the
variables, analyses, and general calculations. Each of these stages will be described below. The
first concerns the variables and data used (orange and light blue boxes in Figure 2.2), the
second relates to the reproduction of each of the teleconnection indices (ENSO and PDO) and
the precipitation-related indices (SPI, CDD, CWD, Rx1, and Rx5) (second stage in Figure 2.2).
The final stage involves the comparison of the correlation between the teleconnection indices

and the precipitation-related indices (final stage in Figure 2.2).

2.1.1 Sea Surface Temperature and Precipitation Data

After defining the study area, in the first stage, SST data were obtained from HadISST with a
1° latitude-longitude resolution, serving as observations. Additionally, ERA-Interim data
(forcing data) for the same variable were acquired, with a resolution of 0.75° latitude-
longitude. The SST data from ERA-Interim were adjusted to match the resolution of the

observations (1° latitude-longitude) through simple spatial aggregation.

Precipitation data were obtained from Livneh et al. (2015) with a spatial resolution of 0.075°
latitude-longitude, which were used as observations. Furthermore, ERA-Interim precipitation
data were acquired with a resolution of 0.75° latitude-longitude, along with data from two
simulations of the Canadian Regional Climate Model, fifth edition (CRCMS5-ERA-Interim-
0.22 and CRCMS5-ERA-Interim-0.44), as well as simulations RCA4-ERA-Interim-0.5 and
RegCM4-7-ERA-Interim-0.25. All simulations were forced with ERA-Interim and have
different resolutions, so they were adjusted to match the resolution of the observations (0.075°

latitude-longitude) through spatial disaggregation.
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2.1.2 Calculation of Teleconnection Indices (ENSO and PDO), SPI, and Climate

Extreme Indices

In the second stage, the teleconnection indices were calculated using data from both
observations and ERA-Interim, allowing for the identification of spatial and temporal
differences in their representation. ENSO was calculated using the methodology proposed by
the National Center for Atmospheric Research (NCAR) (Trenberth, 2024). Meanwhile, PDO
was calculated using the methodology proposed by Mantua et al. (1997).

In this same stage, the SPI and CEls were calculated using data from both observations and
ERA-Interim, as well as simulation data. SPI was calculated using the methodology by McKee,
T.B., Doesken, N.J. y Kleist (1993). The CEIs were calculated using the methodology of the
Expert Team on Climate Change Detection and Indices (ETCCDI) (Karl et al., 1999; Peterson
et al., 2001). The SPI and CElIs calculated using ERA-Interim and the simulations were

compared with those calculated from the observations.

2.1.3 Comparison and Pearson correlation

In the third stage of the methodology, the Pearson correlation was calculated (Equation 1).
This calculation was performed between the time series of the teleconnection indices and each

grid point of each dataset for the period defined for each case and each index.

(X = px)(Y — puy)) (2.1
B Ox Oy

pxy

In this equation, pxy represents the correlation coefficient, and , oy and gy are the standard
deviations of "X" and "Y", respectively. It should be noted that pxy takes values within the

interval [-1,1].
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In this same stage, the correlation between the teleconnection indices and the SPI was
calculated (Figure 2.2, Paper 1). Since the behavior of the SPI index during the study period
exhibits both wet characteristics (associated with positive threshold values) and dry
characteristics (associated with negative threshold values), distinct time periods were selected
based on the phases of each Oscillation. This allowed to study the correlation between each
phase of the teleconnection indices under wet and dry conditions in northern and southern

Mexico.

The correlation between the teleconnection indices and the CElIs (Figure 2.2, Paper 2 and Paper
3) was calculated for the entire period as well as seasonally. This was done to understand the

characteristics under different atmospheric conditions, both generally and seasonally.

In the comparison stage, contrasting images were created to identify differences,
underestimations, and overestimations, as well as the representation of the spatial variability

for each dataset during each time period of the correlation.



28

Corre ation
PDO & ENSO vs
SPI

Correlation
PDO & ENSQO vs
SPI

Correlation
) DD,
CWD, Rx1 & Rx5

Rainfall

Correlation
PDO vs CDD,
CWD, Rx1 & Rx5

Figure 2.2 General methodology diagram of the studio
2.2 Thesis Organization

This document comprises an introduction, five chapters, a general discussion, and a
conclusion, organized as follows. The first chapter provides a literature review and offers an
overview of the fundamental concepts and the relevance of this study. The second chapter
presents a general overview of the study's methodology. Chapters 3, 4, and 5 were submitted

to international scientific journals and are described in the following paragraphs.

Chapter 3, titled “Can Historical Regional Climate Model Simulations be Used to Study the

Link Between Precipitation Patterns in Mexico and Sea Surface Temperature Oscillations”
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presents an evaluation of RCM simulations to reproduce the link between Teleconnection
Indices (ENSO and PDO) and the SPI index over 24- and 60-month time windows. The results
of this chapter provide a spatial and temporal perspective, not only on the relationship between
SST oscillations and moisture conditions in Mexico but also on the Mexican climatology of
SPI and its teleconnection with ENSO and PDO. This article was submitted to the journal

Climate Dynamics.

Chapter 4, titled “The Link Between ENSO and Precipitation Patterns Studied by RCM”
examines precipitation extremes and their relationship with ENSO through RCM simulations.
The extremes in this chapter are represented by the Climate Extreme Indices (CEI) (CDD,
CWD, Rx1, and Rx5), which provide insight into their spatial distribution in Mexico and how
they are represented by RCM simulations. The results offer a climatological perspective on the
correlation of these indices with ENSO and the ability of RCMs to reproduce this link. This
article was submitted to the journal Theoretical and Applied Climatology.

Chapter 5, titled “How Well RCM Simulations Reproduce the PDO and Precipitation Patterns
Link,” evaluates RCMs' ability to seasonally reproduce the CEI and their link with the PDO.
The results provide an understanding of the simulations' accuracy and an analysis of how well
the RCMs represent the link between the PDO and the CEI. This article was submitted to the

journal Theoretical and Applied Climatology.
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Abstract

Efforts to evaluate Regional Climate Model (RCM) simulations and their various uncertainties
have been extensive. However, there remains a need to determine whether these simulations
can accurately reproduce the links between different elements of the Climate System (CS).
This study aims to assess the ability of ERA-Interim forced RCM simulations to reproduce the
spatial pattern of temporal correlation between teleconnection indices (ENSO 3.4 and PDO)
and the Standardized Precipitation Index (SP124 and SPI160) over Mexico from 1980 to 2012.
First, ERA-Interim's performance in reproducing Sea Surface Temperature (SST) and
Teleconnection Indices (TI) was evaluated. Subsequently, both ERA-Interim forced RCM
simulations and the ERA-Interim dataset itself were assessed for their ability to reproduce
precipitation and the SPI in 24- and 60-month time windows. Finally, an analysis of the spatial
pattern of temporal correlation between SPI24, SPI60, and TI (ENSO and PDO) was
conducted. The results indicate that ERA-Interim effectively reproduces SST and TI. The
simulations and forcing data also successfully reproduce the mean annual cycle of monthly

accumulated precipitation. However, there is an overestimation during peak precipitation
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months and in the spatial gradient of annual mean accumulated precipitation, as well as in the
time series of SP124 and SPI60, on the other hand there is a spatial underestimation in these
SPI indices. Lastly, the simulations identified the north-south correlation between ENSO,
PDO, and the SPI indices, though there is an underestimation in the spatial gradient of the

correlation, with PDO showing the most significant correlation values.

Keywords: Teleconnection indices; Regional Climate Models; Reanalysis; ERA-Interim;
Forcing data; Standardized Precipitation Index (SPI); El Nifio South Oscillation (ENSO);
Pacific Decadal Oscillation (PDO)

3.1 Introduction

The mechanisms underlying the behavior of the extreme precipitation patterns, both spatially
and temporally, have been of scientific interest due to their potential to increase vulnerability
(Zuniga & Magana, 2018) and have social, ecological and material repercussions and damages
(Nicholls, 2012). One component of the CS that is closely linked to these precipitation patterns
is the ocean (Schneider, 1992), which in addition to serving as the primary thermoregulator of
the CS, transports energy from the tropics to the poles (Niiler, 1992). Ocean’s behaviour and

its impact on climate can be studied by using sea surface temperature (SST) data.

The SST exhibits large-scale patterns known as teleconnections, which react over different
time scales and can lead to changes in precipitation patterns (Deser et al., 2010).The National
and Atmospheric Administration (NOAA) defines the teleconnection patterns as "recurring
and persistent, large-scale pattern of pressure and circulation anomalies that spans vast
geographical areas" (NOAA, 2012). Several(Oviedo, 2010) patterns of SST anomalies at
different time scales are considered teleconnection indices, and have been described in several
studies (Deser et al., 2010). Examples include the Atlantic Multidecadal Oscillation (AMO),
the Pacific Decadal Oscillation (PDO) and El Nifio Southern Oscillation, to name a few (Deser
et al., 2010) . These oscillations can influence precipitation patterns at the synoptic scale,

particularly in Mexico and Central America (Pan 2018). Notably, droughts in northern Mexico
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often coincide with abnormally wet conditions in southern Mexico and Central America, and
vice versa. These associations are largely attributed to tropical sea surface temperature
anomalies (PDO and AMO) (Méndez, 2010). Similarly, at a finer spatial scale, numerous
studies have examined the effects of these oscillations on hydroclimatic variations within
specific watersheds (Hidalgo, 2003) or droughts in specific regions(Abiy et al., 2019),
including flood risks associated with the behavior of ENSO and PDO (Hamlet & Lettenmaier,
2007). In Mexico the link between ENSO and PDO with extreme precipitation, seasonal
rainfall, and regional rainfall has been extensively studied (Arriaga-Ramrez & Cavazos, 2010)
(Bravo-Cabrera et al., 2017)(P. J. Englehart and A. V. Douglas, 2002)(Pavia et al., 2006), In
fact, Jauregui (1995) compiled a record of drought types and their associated impacts from
1535 to 1987(Jauregui, 1995), subsequently Mendez et al. (2010) studied the relation between
the presence of droughts related with PDO phases Furthermore, the regional rainfall patterns
have been analyzed in relation to the PDO, allowing for a comprehensive understanding of the

climatic dynamics in the region(P. J. Englehart and A. V. Douglas, 2002).

Changes in precipitation patterns can have implications for extreme events such as droughts
and floods. The Mexican government has developed a Drought Monitor(CONAGUA, 2024),
and a National Inventory of Flood Protection Works in Natural Channels (CONAGUA, 2009).
Furthermore, there is a known distinct north-south precipitation pattern, roughly divided at 20°
latitude, that is, when the north experiences low values of precipitation, the south experiences
high values and vice versa (Méndez & Magafa, 2010). This highlights the importance of
advancing in the knowledge of the mechanisms (e.g. teleconnection indices) that trigger
changes in regional precipitation patterns, and this can be done through mathematical and

computational tools to improve the response capacity in the face of extreme events.

In this sense, there are studies whose objective is to analyze the ability of regional climate
models (RCMs) to reproduce precipitation characteristics (Cavazos et al., 2019; Jacob, 2007,
Stefanidis et al., 2020). However, despite the fact that there are efforts to analyze the response
of the precipitation in the RCM simulations to the teleconnection indices (Endris et al., 2016)

as well as the response of extreme precipitation at regional scale (Dittus et al., 2018), it is
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necessary to further study their ability to do so in various regions of the globe. RCMs are
limited-area climate models that allow simulating the climate over a given at fine spatio-
temporal resolutions (in the order of 10 km). They need to be driven, at their boundaries, by
global datasets inherited from reanalyses or general circulation models (also known as
environmental system models in their most advanced versions (Flato, 2011; Xu et al., 2019).
Several indices can be used to study the spatial and temporal variation of precipitation patterns
over a given area. Among those, the standardized precipitation index (SPI) is widely
used(WMO, 2012), and allows characterizing the frequency of extreme (wet or dry) conditions
and defining various meteorological drought intensities on a range of timescales and across
regions with climates that can differ substantially. Additionally, SPI is simple to compute as it
uses only precipitation as input data (Keyantash, 2023); (Méndez & Magana, 2010);
(Schneider, 2013) (Andrade-Veldzquez, 2020). SPI can be computed on timescales varying
from 1 to 60 months (i.e. SPI1 to SP160).

The main objective of this paper is to study the ability of a set of four ERA-Interim-driven
climate simulations to reproduce the observed link between precipitation patterns in Mexico

and two SST oscillations, ENSO and PDO.

In order to achieve this main goal, three sub-objectives are addressed:

1. Since ERA-Interim is the global climate dataset from which SST information is
provided to RCMs, the ability of ERA-Interim at reproducing SST, ENSO and
PDO, spatially and temporally, is first analysed;

2. Then, a comparison between observed and RCM-simulated precipitation patterns
in Mexico is performed, using mean precipitation values, SP124 and SPI60 indices
which are compatible with the timescales of ENSO and PDO, respectively. ENSO
occurs over a cycle of two to seven years (Santoso, 2022), while PDO has a normal

cycle of a decade (Deser, 2022).
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3. Finally, an analysis is conducted to assess the reproduction of the spatial pattern of
temporal correlation between the SPI24 and SPI60 indices and the teleconnection

indices (ENSO and PDO).

The rest of this paper is organized as follows. A short description of the study sites is presented
in Section 1, followed by a description, in Section 2, of the SST data sets as well as
precipitation data sets that were utilized. The third section corresponds to the methodology
used for the analysis. The fourth section is dedicated to the results, and is followed by a

discussion in Section 5. Finally, a conclusion is presented.

3.2 Study sites

The regions to be considered for the teleconnection indices (PDO and ENSO) are shown in
Figure 3.1. The delimitation of the PDO region (grey dotted area) is from 20° latitude towards
the north pole (Deser, 2022). Since the El Nifio 3.4 region takes in account portions from Nifio
3 and 4 regions, and also reflects the phases of ENSO (NOAA, 2024), this region was
considered for ENSO (box delimited by the line dotted gray) and delimited upon the
information available in the Climate Data Guide from the National Center for Atmospheric

Research (NCAR) ( Trenberth, 2024).
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Figure 3.1 PDO and ENSO 3.4 regions used in this study

This study looks at precipitation patterns over the entire Mexican country territory, as shown
in Figure 3.2. The map also shows, the mean annual accumulated precipitation computed form
Livneh (2015) gridded dataset over the 1980-2012 time period (see section 2.2 hereafter for
more details). The main mountain ranges in Mexico are also identified in this figure, i.e.: Sierra

Madre Occidental, Sierra Madre Oriental and Sierra Madre del Sur.
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Figure 3.2 Map of Mexico showing mean annual accumulated precipitation and the main
mountain ranges

3.3 Data

In this study global-scale SST data from the north and center of the Pacific Ocean, as well as
regional precipitation data for Mexico were utilized. The following subsections provide a

description of these datasets.

3.3.1 Sea Surface Temperature data

The SST data comes form the Met Office Hadley Centre's sea ice and Sea Surface Temperature

(HadISST). This dataset combines monthly sea surface temperature and sea ice concentration
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data at 1° latitude-longitude resolution (Rayner et al., 2003). Additionally, data from ERA-
interim (Reanalysis) was utilized, which provides monthly averages at a resolution of 0.75°
latitude-longitude. In this study, ERA-Interim is the global dataset that was used to drive the
RCM simulations from which precipitation data were analysed (see section 2.2 hereafter). The

ERA-Interim data can be accessed at https://apps.ecmwf.int/datasets/data/interim-full-

moda/levtype=sfc/ (Berrisford et al., 2009).

3.3.2 Precipitation data

Precipitation data comes from three different sources, observations, reanalysis and RCM
simulations. For the observations, the gridded data of Livneh (2015) were used, which have a
spatial resolution of 1/16° = 0.075° (~6km) latitude-longitude and a daily temporal resolution
(Livneh et al., 2015). Regarding the reanalysis data, these come from ERA-Interim and present
a spatial resolution of 0.75° latitude-longitude, with 12 hours temporal resolution (0000 and
1200 UTC). The time period considered is from 1980 to 2012, to remain coherent with the
availability of RCM data (Table 1).

Four RCM simulations have been used, and are all part of the CORDEX available simulations
for the Central America domain (Table 1). They were selected since: (1) they are all reanalysis-
driven which allows comparison with observed data; (2) they have been produced using three
RCMs at different spatial resolutions. In particular, the two Canadian Regional Climate Model
version 5 (CRCMS5) (Martynov et al., 2013) simulations can provide insights on the effect of

spatial resolution on the results. Precipitation data were available at a daily time scale.



Table 3.1 ERA-Interim forced Simulations from RCM's considered in this paper

RCM Data driven | Spatial resolution Time period | Variable
CRCMS5-ERA- ERA- 0.22° latitude- | 1980 - 2012 | Precipitation
Interim-0.22 Interim longitude

CRCMS5-ERA- ERA- 0.44 latitude-longitude | 1980 — 2012 | Precipitation
Interim-0.44 Interim

RCA4-Interim- ERA- 0.5 latitude-longitude | 1980 —2012 | Precipitation
ERA-0.5 Interim

RegCM4-7-ERA- | ERA- 0.25 latitude-longitude | 1980 - 2012 | Precipitation
Interim-0.25 Interim

34 Methods

39

This section comprises first, the method used in adjusting the data, both precipitation and SST,

due to the difference in resolutions, and second, the methodology used in the analysis.

34.1

34.1.1

Data adjustment

SST data spatial aggregation

To compare the reanalysis data (ERA-Interim) with observations (HadISST), both temporally

and spatially, the ERA-Interim data were aggregated spatially to match the coarser resolution

of the observations (Bierkens, 2000). The process involved averaging the information from

ERA-Interim within a 0.5° square of each location of the observations and assigning this value

to the corresponding observation grid tile.

To compare the reanalysis data (ERA-Interim) with observations (HadISST), both temporally

and spatially, the ERA-Interim data were aggregated spatially to match the coarser resolution

of the observations (Bierkens, 2000). The process involved averaging the information from
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ERA-Interim within a 0.5° square of each location of the observations and assigning this value

to the corresponding observation grid tile.

3.4.1.2 Precipitation data resolution adjustment

The precipitation data used in this study come from various sources with different resolutions
(Table 1). Therefore, an adjustment was performed to match the resolution of the observations,
which is 1/16° (~6km, ~0.075°). This adjustment involved spatial disaggregation, where the
values from each dataset were distributed to the resolution of the observations while preserving

the original values.

3.4.2 Analysis methods
3.4.2.1 Comparison between HadISST and ERA-Interim SST data

Temporal reproduction of SST. The temporal comparison involved aggregating spatially
averaged time series, specifically focusing on the central and northern Pacific region spanning
from -23.5° to the North Pole. also for assessing the anomaly variation, the time series were
detrended, with mean value equal to 0 and standard deviation equal to 1. The Pearson's
correlation coefficient was also computed between the two spatially averaged time series

(equation 1).

_ (X =m0 — k) (3.1

Ox 0y

pxy

Where pxy represents the correlation coefficient, and the standard deviations for “X” and “Y”
are given by the expressions ox, Gy respectively. Note that the correlation coefficient (pxy)

takes values in the interval [-1,1] (Storch, 1999).

The bias was also investigated by computing a simple difference between the two time series.
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Spatial reproduction of SST. The root mean square error (RMSE; equation 2) and the mean
absolute error (MAE; equation 3) (Chai, 2014), were computed between the ERA-Interim and
HadISST time series at each grid cell.

(3.2)

n
1
MAE =—Z|ei|
n ]
i=1

(3.3)

Where “n” is the total number of days in the time series and “e” is the simple difference
between the observation and the upscaled reanalysis data for each grid cell. These two errors

were calculated for each grid cell over the central and northern Pacific.

3.4.2.2 Comparison of the reproduction of ENSO and PDO oscillations by HadISST
and ERA-Interim.

Temporal and spatial reproduction of ENSO. The ENSO index time series was computed
based on the methodology described in (K. & N. C. for A. R. S. Trenberth, 2024), which
defines this index as the normalization with the standard deviation of the 5-month moving
average of the SST, after subtracting the climatological average (in other words: temperature
anomaly). The spatial pattern was calculated with the main empirical orthogonal function
(EOFT1) of the detrended anomaly of the sea surface temperature. As mentioned previously, the

3.4 ENSO region is used in this study.

The time period considered is 1980 — 2012. This methodology was used both in the
observations (HadISST) and in the reanalysis data (ERA-Interim).
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Temporal and spatial reproduction of PDO. The methodology mentioned in Mantua (1997)
was used, which obtains the EOF from the detrended SST for each time series in each grid cell,
where the EOF1 is the leading spatial pattern of the variability of PDO and the leading Principal
Component is the time series of this index (Mantua et al., 1997). The above was calculated for

the two data sets (HadISST and ERA-Interim) for the period of interest (1980 - 2012).

Temporal bias of the reproduction of ENSO and PDO. Simple subtraction was used to find the
temporal pattern of the bias between the HadISST-derived ENSO and PDO indices times

series, and the ERA-Interim-derived time series.

3.4.2.3 Comparison of precipitation from observations, ERA-Interim and RCM

simulations

The precipitation comparison was conducted through spatial and temporal analysis using
various representations. The mean annual cycle based on monthly accumulated precipitation
values was calculated for entire Mexico, over the 1980-2012 time period, in order to assess the
relationship between precipitation observations data, the reanalysis data (ERA-Interim) and
the ERA-Interim-driven RCM simulations (Table 1) in reproducing temporal patterns. The
correlation coefficient (equation 1) between the mean annual cycle time series was also
computed. The spatial pattern assessment was done through the annual mean accumulated
precipitation, for each grid cell, and was shown graphically as raster in the original datasets

resolutions.

3.4.2.4 Standardized Precipitation index for 24- and 60-months time-windows.

The standardized precipitation index (SPI) was computed by fitting the normal inverse
distribution to the Gamma probability distribution of the moving average of 24- and 60-months
precipitation values, covering a period of 33 years (1980 - 2012) (McKee, 1993). SPI
classifications system was obtained from the Standardized Precipitation Index User Guide

(Table 3.2) (WMO, 2012) , which was used also for validating the results. This calculation was
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applied to the spatially averaged monthly time series of the Mexican precipitation for each data

set: Livneh (observations), ERA-Interim reanalysis and RCM simulations.

Table 3.2 SPI system classification

Adapted from WMO (2012)
SPI Value Drought Category
2.0 and more Extremely wet
1.5 to 1.99 Very wet
1.0 to 1.49 Moderately wet
-0.99 to 0.99 Near normal
-1.0 to -1.49 Moderately dry
-1.5t0-1.99 Severely dry
-2 and less Extremely dry

Since the three types of precipitation datasets used in this study are gridded, spatial
representations of SPI124 and SP160 can be shown, by computing one mean SPI value (in each
case, in specific time period) per grid cell. The time periods that were chosen in this study span
4 or 5 years in the case of the SP124 index, and 14 years in the case of the SP160 index. Those
time periods were specifically selected because the SPI indices display opposite conditions in

the north and south of Mexico (wet vs. dry and dry vs. wet).

3.4.2.5 Spatial pattern of temporal correlation of SPI24 and SPI60 indices with
ENSO and PDO oscillations

The analysis of the spatial pattern of the temporal correlation was addressed by computing the
correlation per grid point, through equation 1, between the SPI indices (SPI124 and SP160) and
the climatic oscillations (ENSO and PDO) time series, in selected time periods. The results
are displayed as correlation maps. The choice of time periods was based on the temporal

evolution of oscillations, specifically examining the SPI index at different phases of ENSO
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and PDO, respectively. Observations data (Livneh and HadISST data set) were used as
reference correlation pattern between SPI and the teleconnection indices, while ERA-Interim
and RCM simulations data were used to study the reproduction of the pattern described by

observations.

3.5 Results

The results section is divided into three parts, respectively dedicated to SST data and the ENSO
and PDO oscillations, to the reproduction of precipitation patterns in Mexico and the SP124

and SPI60 indices, and to the analysis of the correlation pattern of the temporal correlation of

the ENSO and PDO with the SP124 and SPI60 indices over Mexico.

3.5.1 Comparison between HadISST and ERA-Interim SST data

3.5.1.1 Reproduction of the sea surface temperature in the Central and North Pacific

region

For having a fair comparison between the different datasets of the sea surface temperature data,
the ERA-Interim data was scaled to match HadISST data resolution, hereafter we refer to this

data as upscaled ERA-Interim.

Temporal reproduction of SST. In order to show the similarities between the different sea
surface temperature data, as far as the covariation of the temporal behavior is concerned, the
linear correlation was calculated, where the fit between each data set is quantified (ERA-
Interim and upscaled ERA-Interim) with respect to observations (HadISST). The correlation
that presents the highest value with HadISST is ERA-Interim, with 1, while the upscaled ERA-
Interim is 0.97, however, the average of the bias between HadISST and ERA-Interim is notably
greater, 5.62 ° C, while the mean bias between HadISST and upscaled ERA-Interim is only
0.23 °C.
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Figure 3.3 shows a comparison between the SST anomaly time series from HadISST and
upscaled ERA-Interim datasets. It shows a high level of agreement between the two data sets.

in addition to showing bias values that remain within 0.5 ° C.

Detrended SST °C

| | | | | |
1980 1985 1990 1995 2000 2005 2010
Year

|— HadISST —— ERA-Interim - - ~Zero ——Bias |

Figure 3.3 Detrended spatially averaged SSTanomaly data from HadISST (solid blue line)
and upscaled ERA-Interim (solid pink line), at the center and north Pacific in the period from
1980 to 2012. The dashed black line representsthe cero value. The circle-solid green line
represents the bias HadISST and upscaled ERA-Interim

Spatial reproduction of SST. The map displayed in the upper part of Figure 3.4 illustrates the
RMSE between the HadISST and upscaled ERA-Interim time series, depicted on a grid cell
basis. Across the majority of the depicted area, the RMSE values are approximately 0.25°C.
However, there is a discernible gradient showing an increase towards the North Pole and
coastlines. This can be attributed to biases in the various datasets used in ERA-Interim (Dee et
al., 2011), such as a lack of information in those regions combined with water vapor, which
could introduce errors in satellite sensors and result in cooler SST measurements (Luo et al.,
2020) Additionally, other variables like cool skin, diurnal warm layer, salinity effects,

submarine topography, coastal circulation, and vertical ocean mixing may also contribute to
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these biases. Within the PDO region, demarcated by the solid black line, the RMSE values also
show values around 0.25°C. Notably, there is a slight elevation of this error near the coasts of
Russia and Alaska. The highest RMSE value is located in a few grid cells along the coasts of

the Gulf of California in Mexico, in close proximity to the Baja California coast.

Examining the ENSO 3.4 region, denoted by the dark red line, the majority of RMSE values
are in the vicinity of 0.25°C. However, there is a gradual increase in error towards the coasts

of Ecuador and Peru, reaching a maximum RMSE value of 1.75°C.

The MAE, depicted in the lower map of Figure 3.4, reveals a notable feature in the central
North Pacific, where values close to a 0°C error are prominent. This stands out as a distinction
from the spatial distribution observed in RMSE, as these values escalate towards the north and
coastlines. Within the PDO region, MAE values hover around 0.25°C, with an increase
reaching 1-2°C near the coasts of Russia and western Alaska. Notably, there is a distinct region
with values close to 0°C along the south coast of Alaska, the west coast of Canada, and the

southern limit of the PDO region.

In ENSO 3.4 region, as seen in the lower map of Figure 3.4, MAE values predominantly
approach 0°C. However, there are instances of where values hover around 0.25°C with an

increase towards the coasts of Ecuador and Peru, reaching close to 1°C.

In summary, the correlation (0.97), bias (Figure 3.3), MAE, and RMSE (Figure 3.4)
collectively indicate that ERA-Interim upscaled data generally provides a good representation
of HadISST. Despite this overall agreement, it is crucial to acknowledge specific

inconsistencies near the land coasts and towards the North Pole.
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Figure 3.4 Root mean square error (RMSE), in °C in upper map. Mean absolute error (MAE), in °C
in lower map. Both maps used HadISST and ERA-Interim upscaled datasets for computing the errors
in the time interval from 1980 to 2012. Black line frames PDO region, dark red line frames ENSO 3.4

region
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3.5.2 Comparison of the reproduction of ENSO and PDO oscillations by HadISST
and ERA-Interim.

3.5.2.1 Temporal reproduction of ENSO

Upscaled ERA-Interim shows a linear correlation of 0.99, with respect to HadISST when
reproducing the ENSO index time series over region 3.4. The graphical analysis over time is
shown in Figure 3.5, where it is possible to notice that the simple bias (solid gray line) presents
its maximum in the period from 1998 to 2002 with a value of 0.43 ° C. It is noteworthy that
the ERA-Interim reproduction of ENSO index time series (dot-dashed pink line) is capable of
adjusting, as well as correctly representing the extremes and the positive and negative phases

of the monthly SST anomaly in the ENSO region 3.4, for the studied time period.

29—
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Figure 3.5 Time series of the region 3.4 ENSO index computed from upscaled ERA-Interim (pink
dash-dot line) and HadISST (solid blue line) in the period from 1980 to 2012. Bias (solid gray line),
the limits of positive and negative ENSO phases (red dotted lines) (CPC, 2019), as well as the
averages of HadISST (gray dotted line) and ERA-Interim (dark red dotted line) are shown
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353 Spatial reproduction of ENSO

The ENSO spatial pattern, as illustrated in Figure 3.6, reveals that the computations of the
primary empirical orthogonal function (EOF1) of the detrended SST anomaly from both
datasets are in close agreement. The difference in the variance represented by EOF1 is only
4% between HadISST (64%) and upscaled ERA-Interim (60%), indicating a similarity in
variability across central Pacific Ocean. The latitudinal gradient of the EOF1, as depicted in
Figure 3.6, is also very similar from one dataset to the other. Specifically the ENSO 3.4 region,
shows a changes associated with positive variance values and an overestimation the spatial

distribution by ERA-Interim.
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Figure 3.6 ENSO index spatial pattern in central Pacific Ocean. Main empirical orthogonal
function (EOF1) of the monthly SST anomaly, based on data from HadISST (upper map) and
ERA-Interim (lower map) in the time interval from 1980 to 2012. The doted line represents
ENSO 3.4 region. This EOF1 mode explains 64% of variance for HadISST and 60% of
variance for ERA-Interim
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354 Temporal reproduction of PDO

The upscaled ERA-Interim representation of the PDO index time series has a 0.98 correlation
with the times series deduced from the observations. However, upscaled ERA-Interim dataset
(depicted by the pink dash-dot line in Figure 3.7) under(over)estimates the positive (negative)
values, with an absolute difference of up to 1.03°C. Despite this bias, upscaled ERA-Interim
reproduces the positive and negative phases of this index, as well as its inflection points,
satisfactorily. The period with the most important bias between the upscaled ERA-Interim and

observed PDO time series is between 1998 and 2003.
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Figure 3.7 Time series of the PDO index computed from upscaled ERA-Interim (pink dash-dot line)
and HadISST (solid blue line) in the period from 1980 to 2012. Bias (solid gray line)

3.5.5 Spatial reproduction of PDO

The spatial pattern of the PDO described by the leading EOF of the monthly SST anomalies is

shown in Figure 3.8. It can be seen that the upscaled ERA-Interim dataset satisfactorily
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reproduces the index computed from the observations. The explained variance from EOF1 is

the same in both cases, i.e. 21%.
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Figure 3.8 PDO index spatial pattern in Pacific Ocean. Main empirical orthogonal function

(EOFT1) of the monthly SST anomaly, based on data from HadISST (upper map) and ERA-

Interim (lower map) in the time interval from 1980 to 2012. This EOF1 mode explains 21%
of variance in both cases

3.5.6 Comparison of precipitation from observations, ERA-Interim and RCM

simulations

The precipitation data used in this study is obtained from Livneh (2015) gridded dataset and
serves as observations. It serves as a basis for comparison with reanalysis data from ERA-

Interim and the RCM simulations. The main focus of this section is to examine the correlation
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between the different precipitation datasets, as well as their temporal and spatial

characteristics.

3.5.6.1 Reproduction of the temporal patterns of precipitation in Mexico

The mean annual cycle of monthly accumulated precipitation is shown if Figure 3.9 for all the
datasets used in this study. They show, as can be expected, that the annual cycle is divided into
two distinct periods: (1) a wet season occurring during the months of May to October; (2) a
dry period occurring the rest of the year. It can be seen that RegCM4-7 and RCA4 simulations
are overestimating the ERA-Interim and Livneh values through almost the entire year, while
CRCM5-ERA-Interim-0.22 and CRCMS5-ERA-Interim-0.44 simulations are closer to the
observational datasets but still generally overestimate precipitation with the highest difference
seen in the month of September. With regards to the observational datasets, ERA-Interim is
generally much closer to the Livneh observations but it does underestimate the precipitation
(with respect to observations) during the summer months which represent the wettest season

of the year.

Next, the linear correlation was computed between the observations and the time series from
the other datasets. The obtained values are, for ERA-Interim, and CRCMS5-ERA-Interim-0.22,
CRCMS5-ERA-Interim-0.44, RCA4-ERA-Interim-0.5, and RegCM4-7-ERA-Interim-0.25
simulations, respectively: 0.98, 0.91, 0.92, 0.91 and 0.89. As can be expected from examining
Figure 3.9 and analyzing the monthly and seasonal behavior of ERA-Interim, it successfully
detects the inflection points over time, resulting in the highest correlation value. The four
simulations show similar values, all around 0.9, which aligns with the monthly and seasonal

analysis.
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Figure 3.9 Mean annual cycle of monthly accumulated precipitation from 1980 to 2012.
Black line Livneh dataset as observations, Green line ERA-Interim, orange line CRCMS5-
ERA-Interim-0.22, yellow line CRCM5-ERA-Interim-0.44, blue line RegCM4-7 and purple
line RCA4

RegCM4-7 showed the worst seasonal reproduction of observations with a marked
overestimation throughout the entire year, it can be explained by the similarity with its
predecessor version (RegCM3), which regularly produce excessive precipitation as noted by
Giorgi et al., (2012). The RCA4 simulation is the one showing the highest overestimation with
respect to observations. This has been noted in simulations covering the European domain
(Strandberg et al., 2014). One likely explanation could stem from much higher amounts of
precipitation in mountainous areas, as can be seen from Figure 3.10 presented in the next

section.

3.5.6.2 Reproduction of the spatial patterns of precipitation in Mexico

Regarding the spatial pattern of annual mean accumulated precipitation, the north-south (dry-
wet) gradient in Mexico is generally reproduced by all the different datasets (Figure 3.10),

albeit with some difficulties. On the other hand, in the south of Mexico, the mean annual
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accumulated precipitation is overestimated by all the RCM simulations, with respect to Livneh
observations, and by ERA-Interim to a lesser extent. RCA4 and RegCM4-7 simulations
encounter challenges in representing the spatial pattern, with higher precipitation values in the
mountains, i.e., the ranges of the Occidental Sierra Madre to the west and the Oriental Sierra
Madre to the east (see also Figure 3.2). Those two simulations also show more precipitation
along and east-west band located in the south part of the country. RegCM4-7 simulation
displays the highest precipitation values in the north part of the country.
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Figure 3.10 Annual mean accumulated precipitation over Mexico for each dataset (1980 to 2012)
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Some differences between the RCM simulations setup can be highlighted to explain (at least
partially) their different behaviors, even though they were all driven by the same global dataset,
i.e., ERA-Interim reanalysis. First, they use three different RCMs with different spatial
resolutions. It is known that the spatial resolution has an impact on mountains representation
and therefore on mountainous processes reproduction (Antic et al., 2006). That being said, one
must keep in mind that gridded datasets based on weather station data interpolation, even
though they are seen here as the reference, also have their own drawbacks: (1) interpolation
tends to smooth out the (high) extreme values, and (2) they often count on rare data in the
mountainous areas which are difficult to access, and on a misrepresentation of orographic

effect.

Another point worth noting is that the spatial domains that are covered by all four simulations
are not exactly the same. The two CRCMS simulations were ran on a smaller domain than the
RegCM4-7 and RCA4 ones. The CRCMS5 simulations were specifically produced for a
research project focusing on Mexico, therefore, the spatial domain is limited to the Mexican
territory and surroundings, whereas the RegCM4-7 and RCA4 simulations cover the regular,
and larger, Central American domain as prescribed by CORDEX (CORDEX, 2016). Finally,
the way the information from ERA-Interim in passed to the RCMs, at the boundaries (e.g.
using spectral nudging or not), can play a significant role in how each RCM will simulate the

Mexican climate and, therefore, precipitation (Schubert-Frisius et al., 2017).

3.5.7 Standardized precipitation index for 24- and 60-months time windows

The SPI24 index computed for the entire Mexican territory (Figure 3.11) is showing an
oscillating time behavior with a period ranging from five-years to 7-8 years while the SPI 60
index oscillation (Figure 3.14) displays a decadal behaviour. For this study, SPI24 and SP160
were used, due to the temporal scales of interest, which agree with those of ENSO and PDO,

respectively, as mentioned in the methodology section.
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Temporal reproduction of the SP124 index in Mexico. The times series of the SPI124 index over
Mexico territory were calculated with precipitation data from the Livneh dataset, from the
ERA-Interim reanalysis and from the four RCM simulations. The results are shown in Figure
3.11. The correlations between the Livneh and the other time series were also computed and
are: 0.73, 0.74, 0.73, 0.56 and 0.43 for ERA-Interim-0.75 and the CRCM5-ERA-Interim-0.22,
CRCMS5-ERA-Interim-0.44, RegCM4-7-ERA-Interim-0.25 and RCA4-ERA-Interim-0.5

simulations, respectively.

As seen previously, the RegCM4-7 and RCA4 simulations show the greatest difference with
respect to observations. Although they follow well the observations until year 2000, after that
they display opposite trajectories, with respect to the observations time series, and especially
at the very end of the period. The datasets have biases that can reach up to 1° Celsius (due to
over or underestimations or lags in the inflection points), however they follow a similar
behaviour as that from the observations (wet/dry conditions transitions). Most of the time they
find themselves in the same SPI category as the observations (except for the RegCM4.7 and
RCAA4 simulations, at the end of the studied time period). They show near normal to moderately
wet conditions at the beginning of the time period (until 1986-87), then move on to drier
conditions and remain in the near normal category until 1991 (except for ERA-Interim which
remains on the wetter side). Generally wet conditions, oscillating between near normal and
moderately wet follow until 1995, and then drier conditions are seen until 2002, reaching close
to the very dry conditions, but only in the case of the ERA-Interim dataset. Finally, the datasets
switch back to wetter conditions (near normal and even moderately wet) until 2010 before

showing a decrease afterwards.

In general, the datasets from the reanalysis and from the simulations are reproducing the
trajectory of the dry and humid conditions, however, there is a time lag, that is, the inflection
points of the SPI24 index, whether in the wet or in the dry direction, are out of phase in time.
Regarding the reproduction of the intensity, from the simulations (CRCMS5-ER A-Interim-0.22,
CRCM5-ERA-Interim-0.44, RCA4 and RegCM4-7), it is possible to observe that there is an

underestimation for the first half of the time interval of this study (approximately from 1982
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to 1997), while for part of the second half (approximately 1997 to 2009) there is an
overestimation with respect to the observations (Figure 3.11). On the other hand, the ERA-

Interim reanalysis dataset overestimates the first half and underestimates part of the second, to

end in closer agreement with the observations (as of 2010).

Those figures show aggregated information for the entire Mexican country, so the amplitude
of the intensity of the index can be dampened. The next step is to look into the maps of SP124

to more closely investigate their spatial behaviours and compare the different datasets.
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Figure 3.11 SPI24 index time series from 1980 to 2012. Black lines Livneh dataset as observations,
green line ERA-Interim, orange line CRCMS5-ERA-Interim-0.22, yellow line CRCMS5-ERA-Interim-
0.44, blue line RegCM4-7 and purple line RCA4

Spatial reproduction of the SPI24 index in Mexico from 1991 to 1994 (north wet conditions
and south dry conditions). The spatial display of the SPI24 index in the time period from 1991
to 1994, for the observations (upper left map of Figure 3.12), shows humid conditions for the
north of Mexico with the SPI categories of moderately humid to very humid (table 2) making
a transition at approximately 20 ° latitude (Méndez & Magana, 2010), towards the south,

observing dry conditions with the category of moderately dry (Table 2). According the time
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series in Figure 3.11, the Mexican SPI24 index was in a positive phase during those years,

which is mainly driven by the conditions prevailing in the north of the country.

The ERA-Interim reanalysis, shown in the upper right map of Figure 3.12, is able to capture
the transition of wet to dry conditions towards the south of Mexico, as well as the reproduction
of some nuclei, in the center and north of Mexico, and of maximum values. However, in
general terms there is a loss of details in the location and extension of the SP124, to regional
scale, as well as a reproduction of the intensity of this index, likely due to the coarser resolution

of ERA-Interim.

Regarding the ERA-Interim-driven RCM simulations, it is possible to note that the previous
pattern exists, where the north is humid and the south is dry (maps in the center and lower rows
of Figure 3.12), however, the spatial gradient in the intensities differ for each data set. A good
portion of the territory shows neutral conditions (SPI values between -0.5 and 0.5), which is
not the case when looking at the observations. Yet, there are certain successes at local scale in
the spatial reproduction of the SP124 index by these data sets, as it is possible to observe in
southwestern Mexico, where dry conditions are seen (from moderately dry to severely dry,
Table 2), as in the observations, however ERA-Interim was not able to reproduce this pattern.
With respect to the northwest RegCM4-7 simulation presented a spatial distribution of SP124

congruent with the observations.
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Figure 3.12 SPI24 index reproduction mean from 1991 to 1994 over Mexico of all datasets.
The map legend is the system classification of SPI index
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Spatial reproduction of the SPI24 index in Mexico from 2009 to 2012 (north dry conditions
and south wet conditions). Contrary to the previous period, in this subsection the time interval
showed a negative phase in the SPI24 time series (Figure 3.11). In the upper left corner of
Figure 3.13 is shown the SPI24 index computed from the observations, where the dry
conditions (from near normal to severely dry, Table 2) now occur in northern Mexico and wet
conditions (from moderately wet to extremely wet) occur in the south. The Yucatan peninsula
is one exception and shows dry conditions, while the rest of the south is generally wet. In the
north, wet conditions extend along the Sierra Madre Occidental and Sierra Madre Oriental
mountain ranges (Figure 3.2). The extent and intensity of the dry conditions is probably what
led to a negative value (although of low intensity) of the index for this time period over Mexico,
as shown previously in Figure 3.11. The desert part of the country (in between the mountain
ranges) as well as the westernmost par of northern Mexico (encompassing Baja California)
clearly show dry behaviours. On the other hand, most representative humid conditions values
are seen for central and southwestern Mexico, where there are nuclei with values reaching the

extremely humid category.

The SPI24 index from upscaled ERA-Interim reanalysis, shown in the upper right map of
Figure 3.13, reproduces generally well the transition from dry to wet in the southern direction
however, once again, with a loss of spatial details. Additionally, the south of the country and
Yucatan peninsula are wetter in the ERA-Interim dataset than in the observations with a larger

continuous region being seen as extremely wet.

The simulations are also able to capture the southbound dry-to-wet transition of the
observations, however, none of them show the wet mountain ranges towards the north of the
country, and they all display a generally clear distinction between the dry north conditions and
the wet south conditions. In particular, the RegCM4.7 simulation shows a much drier north
than all the other datasets. This is probably what explains the dive towards dry conditions seen

in the time series of Figure 3.11 for this simulation.
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Figure 3.13 SPI24 index reproduction mean from 2009 to 2012 over Mexico of all datasets.
The map legend is the system classification of SPI index
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Temporal reproduction of the SPI60 index in Mexico. The reproduction of the SPI60 index
from the observations was compared with that from the simulations and ERA-Interim. First,
joint variation is studied through linear correlation, where it is observed that ERA-Interim and
RegCM4-7 simulation presents the highest value with 0.71, followed by CRCMS5-ERA-
Interim-0.22 and CRCMS-ERA-Interim-0.44 with 0.65 and 0.70 respectively. RCA4
simulation presents the lowest correlation value with 0.36. From the graphical analysis in
Figure 3.14, it can be seen that the reanalysis and simulations all reproduce the oscillations of
the SPI60 index from the observations but with overestimation for the reanalysis data and
underestimation for the simulations data for the first half of the time period (1985-2000).

Opposite behaviours are seen for the period from 2000 to 2012.

The RegCM4-7 simulation shows the highest level of agreement with the observations until
year 2000, while the RCA4 simulation still has the lowest level of agreement with
observations. Although they have biases that can reach up to 0.95° Celsius (due to over or
underestimations or lags in the inflection points), the simulations (except for RCA4) follow a
similar behaviour as that from the observations (wet/dry conditions transitions). Most of the

time they find themselves in the same SPI category as the observations.

Around the years 1995-1997, all the datasets display a transition from a decadal wetter phase
to a decadal drier phase. Those two different time periods are studied into more details, from

spatial point of view, in the next section.
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Figure 3.14 SP160 index time series from 1985 to 2012. Black lines Livneh dataset as
observations, green line ERA-Interim, yellow line CRCMS5-ERA-Interim-0.44, orange line
CRCMS-ERA-Interim-0.44, pink line RegCM4-7 and blue line RCA4

Spatial reproduction of the SPI60 index in Mexico from 1985 to 1998 (north wet conditions
and south dry conditions). The spatial representation of the SPI60 index from the observations,
in the time interval from 1985 to 1998 (upper left map of Figure 3.15), shows a contrast in
humidity conditions, between the south and north of Mexico, in other words, the north reaches
a value of 1 (Table 2) which means a moderately humid categorization for the SPI index, while
in the south moderately dry conditions are present with a value of -1 (Table 2). The transition
in the conditions displayed by theSPI60 index occurs gradually and a change is seen around

20 ° latitude.

In the case of the ERA-Interim reanalysis (upper right map in Figure 3.16), it manages to
reproduce the differentiation in the humidity conditions between the north and the south of
Mexico, however, there is a clear spatial overestimation of the dry conditions towards the south

and an underestimation of the humid conditions for the same region.
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The RCM simulations all reproduce the correct north-south gradient and show an adequate
adjustment in the northwestern region of Mexico. However, in the south there is a spatial
overestimation, that is, the dry conditions described by the SPI60 index are distributed in
almost the entire territory of southern Mexico from 20 ° latitude and even lower latitude (RCA4
simulation). The RegCM4.7 simulation, which showed a good agreement in terms of times

series (Figure 3.14) is probably the one with closest representation to that from observations.
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Figure 3.15 SPI160 index reproduction mean from 1985 to 1998 over Mexico of all datasets.
The map legend is the system classification of SPI index
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Spatial reproduction of the SPI60 index in Mexico from 1999 to 2012 (north dry conditions
and south wet conditions). The calculation of the SPI60 index for this time interval (Figure
3.16), shows conditions opposite to those observed in the previous period (1985 to 1998). It
should be mentioned that not only is there a category of moderately dry for the north and
moderately humid for the south, but also that very similar nuclei are observed within Mexico
as shown by the observations in the previous subsection (upper left map in Figure 3.16), but

with a totally opposite behaviour.

The other data sets, both from the reanalysis and the simulations, repeat the same spatial
pattern, but with a cleaner distinction between the north and the south of the country, a larger
arca with neutral conditions (values between -0.5 and 0.5) in the case of the two CRCMS5
simulations and the RegCM4.7 simulations, and an overestimation of the area in humid

conditions from all the simulations, which was expected as per Figure 3.14.
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Figure 3.16 SPI60 index reproduction mean from 1999 to 2012 over Mexico of all datasets.

The map legend is the system classification of SPI index
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3.5.8 Spatial pattern of temporal correlation of SP124 and SPI160 indices with
ENSO and PDO oscillations

The approach to correlation analysis involved the consolidation of criteria over time for each
oscillation and each SPI index. This entailed considering the phase of each teleconnection
index, the overall temporal average behavior of the SPI index across Mexico (which
corresponds to an oscillation), as well as detecting contrasts between wet conditions in the
north (south) and dry conditions in the south (north) in the spatial pattern of the SPI. The choice
of time intervals was based on the temporal evolution of oscillations, specifically examining
the SPI index at different phases of ENSO and PDO, respectively. For SP124, the period from
1991 to 1994 was chosen, as this timeframe corresponds to a positive phase of ENSO (Figure
3.5) and PDO (Figure 3.7), with SPI values above zero (Figure 3.11) which suggests a wet
phase of SPI24. For SPI60 the time periods from 1985 to 1998 was chosen, which coincides

with an extensive time period of positive phase of PDO and wet conditions of SPI160.

Spatial pattern of correlation from 1991 — 1994 between SPI124 and ENSO and PDO. The
spatial pattern of the correlation between SP124 and ENSO for the time period from 1991 to
1994, as described by observations (upper left corner map of figure 3.17), reveals positive
correlation in the central-northern part of Mexico, and negative correlations mostly in the south
and northwest parts of country. In other words, when ENSO is primarily in a positive phase
(as seen in Figure 3.5), the moisture conditions described by the SP124 index indicate a very
wet event (according to the SPI classification system) in the northern part of the country
(Figure 3.12). This condition is related to ENSO by up to 0.5-0.65 correlation. Conversely, the
southern region shows a negative correlation (up to 0.65) with the same positive phase of
ENSO, generating conditions ranging from moderately dry to severely dry, with small clusters

of extremely dry conditions (Figure 3.17).
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Figure 3.17 Spatial pattern of temporal correlation per grid point between SPI124 and ENSO,
in the time period from 1991 to 1994, calculated with observations (upper left corner map),
ERA-Interim (upper right corner map), CRCMS5-ERA-Interim-0.22 (left center map),
CRCMS5-ERA-Interim-0.44 (lower left corner map), RCA4-ERA-Interim-0.5 (right center
map) and RegCM4-7-ERA-Interim-0.25. For SP124 simulations correlation, ENSO was
calculated with ERA-Interim
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The clusters exhibiting extreme conditions in the northwest and southeast of Mexico
(extremely wet and severely dry, respectively: Figure 3.12) show a strong correlation of SPI124
with the positive phase of PDO in this case (upper left corner map of Figure 3.18). The
correlation of PDO with the spatial behavior of the SP124 index during this time interval (upper
left corner map of Figure 3.18) is considerably higher than the values shown in correlation
with ENSO (Figure 3.17). In the eastern-central and southeastern parts of the country,

correlation values exceed 0.8, which are related with wet conditions for that region.

It is noteworthy that the spatial correlation behavior with both indices, at a regional scale,
suggests not only a correlation with the oscillation but it is also a link with the topography for

the understanding of SPI behavior.

Regarding the reproduction of the correlation between SP124 calculated with ERA-Interim and
ENSO (upper right corner map of Figure 3.17) and PDO (upper right corner map of Figure
3.18), it can be observed that the general pattern of the correlation is reproduced, correctly
identifying the areas of stronger positive and negative correlation values. It also identifies
certain cores of decreased or increased correlation with both ENSO and PDO. This result
suggests that the spatial correlation pattern could assist reanalysis data (ERA-Interim, in this
case) in improving the representation of precipitation. In other words, there is an opportunity
of a reverse process creation from the spatial correlation pattern in time to the calculation of

precipitation.

The correlation calculated with the RCM simulations detects a condition of increased humidity
in the north and a decrease in the south (second and third lines of maps in Figures 3.17 and
3.18). However, it does so with an underestimation both in intensity and in the spatial gradient.
Regarding the RCA4 simulation (right center map of Figure 3.17), the correlation with ENSO
fails to represent what is described by the observations or ERA-Interim. However, the
correlation with PDO (right center map of Figure 3.18) manages to identify it, similar to the

other simulations.
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Figure 3.18 Spatial pattern of temporal correlation per grid point between SPI24 and PDO, in
the time period from 1991 to 1994, calculated with observations (upper left corner map),
ERA-Interim (upper right corner map), CRCMS5-ERA-Interim-0.22 (left center map),
CRCMS-ERA-Interim-0.44 (lower left corner map), RCA4-ERA-Interim-0.5 (right center
map) and RegCM4-7-ERA-Interim-0.25. For SP124 simulations correlation, PDO was
calculated with ERA-Interim
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Reproduction of the spatial pattern of correlation from 1985 — 1998 between SP160 and PDO.
Regarding the correlation over periods of more than 10 years (1985 — 1998) between SPI60
and oscillations ENSO (supplementary material) and PDO (upper left corner map of Figure
3.19), the spatial gradient in the case of ENSO shows only some scattered and very localized
cores with values ranging from -0.5 (in the south) to 0.4 (in the north), with ENSO in the
positive phase for most of the time interval. However, in the correlation of SPI60 with PDO,
there is clearly a strong correlation pattern throughout Mexico. The central and northern parts
of the country present correlation values from -0.55 to -0.5%, which transitions inversely for
the rest of the country, including the Baja California Peninsula (with positive values from 0.2
to 0.6), except for certain localized cores (with negative values from -0.3 to -0.5). It is worth
noting that negative correlation values are related to conditions ranging from near-normal to
moderately wet in northern Mexico, considering a 60-month period for SPI calculation, and

that the phase of PDO, for the most part within the considered time interval, is positive.

In the south, the behavior is opposite, meaning that correlation values are related to conditions

ranging from near-normal to moderately dry for SP160.

The reproduction of the spatial pattern of temporal correlation, this time calculated with ERA-
Interim, between SPI60 and ENSO fails to emulate what is described by the observations.
However, it does detect that the south exhibits negative correlation characteristics and the north
positive (Figure at the supplementary material). Regarding the correlation between SP160 and
PDO, ERA-Interim (upper right corner map of Figure 3.19) manages to identify the behavior
described by the observations, meaning that they present the north with a negative correlation
pattern (with the exception of the Baja California Peninsula, which may be caused by the
resolution and the phenomena effects associated to seasonal precipitation behavior and marine
breeze input) and the south with a positive correlation pattern. However, there is an

overestimation in spatial correlation for the negative values.
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In the case of the simulations, it can be observed that they fail at emulating the observed
correlations between SP160 and ENSO (supplementary material). Generally, they overestimate
the negative correlation in intensity and spatially. However, they manage to detect the pattern
of temporal correlation with PDO (negative correlation in the central-northern region and
positive in southern Mexico). It is worth mentioning that they all underestimate the negative
correlations, both in terms of intensity and spatially, while RCA4 and CRCMS5-0.22

simulations overestimate the intensity of positive correlation.
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Figure 3.19 Spatial pattern of temporal correlation per grid point between SPI60 and PDO, in

the time period from 1985 to 1998, calculated with observations (upper left corner map),
ERA-Interim (upper right corner map), CRCMS5-ERA-Interim-0.22 (left center map),

CRCMS5-ERA-Interim-0.44 (lower left corner map), RCA4-ERA-Interim-0.5 (right center

map) and RegCM4-7-ERA-Interim-0.25. For SP160 simulations correlation, PDO was

calculated with ERA-Interim
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3.6 Discussion

This section will be divided into 3 parts, 2 of them related to the spatial scale (global and
regional) and one to the coupled behavior of ENSO and PDO with the SPI index for 24-, and
60-months.

3.6.1 SST, ENSO and PDO analysis

It was found that the monthly average of the SST from 1980 to 2012, from the upscaled ERA-
Interim, in the central and northern Pacific Ocean, shows greater accuracy towards the tropics
with RMSE and MAE values between 0 and 0.25° C, with respect to the observations. The rest
of this region reaches values up to 0.5 (Figure 3.4), also presenting a temporal correlation of
0.97. However, the RMSE and MAE values increase substantially close to the coasts and the
north of norther hemisphere. Despite the near-surface ocean effects schemes taken into account
by ERA-Interim such as the cool skin, diurnal warm layer, and salinity effects (Luo et al.,
2020), the reanalysis data could underestimate the influence of submarine topography
representation, coastal circulation, and vertical ocean mixing. The resolution of the dataset
could influence also the representation of the SST. Likewise, ERA-Interim in other regions
and temporal scales has shown similar results, such the case over Atlantic Ocean region, where

reproduced accurate fields of SST(Luo et al., 2020).

It can be seen from Figures 3.7 and 3.5 that the reproduction of PDO by ERA-Interim, in
comparison with HadISST observations, is inferior to that of ENSO. This is likely due to the
length of the SST time series that remains short for the computation of PDO. According to
Deser, (2022) (Deser, 2022), 50+ years of data would ideally be required, while in the present
case 33 years were used. Uncertainty necessarily emerges from considering this rather short
time period, in both the cases of the HadISST observations and ERA-Interim data. That being
said, the reproductions of ENSO and PDO in the time interval considered in this study (1980

to 2012) good level of accuracy, with linear correlations of 0.99 and 0.98, respectively.
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Regarding the spatial pattern of these indices, it is possible to observe that ERA-Interim is
capable of reproducing not only the spatial gradient but also the variability explained by its
leading empirical orthogonal function, which in the case ENSO is 64% from the observations
(HadISST) and 60% from ERA-Interim. In the case of PDO, the explained variance is lower,
as can be expected, and reaches 21% for both data sets. Once again, those results align with

the findings of Luo (2020).

3.6.2 Precipitation, SP124 and SPI160 analysis

The reanalysis data (ERA-Interim) and the RCM simulations used in this investigation
(CRCMS5-ERA-Interim-0.22, CRCM5-ERA-Interim-0.44, RCA4-Interim-0.5 and RegCM4-7-
Interim-0.25) present a varied level of correlation with observations in their mean annual cycle
time series computed on a monthly basis (from 1980 to 2012), with values of 0.98, 0.91, 0.92,
0.91 and 0.89, respectively (Figure 3.9). The spatial representation of the mean annual
accumulation over the Mexican country shows that both the reanalysis data and the RCM
simulations detect an average increase towards the south of the country and around the
mountainous areas, as do the observations, however, in general, the spatial representation
shows biases. Such findings coincide with those from Cavazos et al. (2019) and Ashfaq et al.
(2021), who observe that models such as RCA4 and RegCM4-7 are moderately capable of
reproducing trends, observing positive biases in mountainous areas over Mexico. Then again,
the reference observations are not perfect and have their own drawbacks, as mentioned in
section 4.3.2. ERA-Interim, on its side, has the coarsest resolution of all the studied datasets,
which is not well adapted to representing the topography and reproducing the associated
orographic processes. All four RCM simulations, although to different extents, do show the

orography.

Despite the differences noted in the representation of precipitation between the datasets, they
all manage to reproduce the observed SPI24 and SP160 time series (for entire Mexico), with

fair levels of agreement. They also all succeed at reproducing the general north-south wet-dry
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patterns drawn from observations. However, there are overestimations of both the intensity

and the spatial extents of the SPI24 and SP160 values.

3.6.3 Reproduction of the correlation between teleconnection indices and SPI

indices

The reproduction of the spatial correlation pattern between time series, both for SPI indices
(SPI24 and SPI160) and teleconnection indices (ENSO and PDO), by reanalysis data and RCM
simulations was analyzed. The analysis, from a climatological perspective, suggests that
moisture conditions in the country exhibit a correlation with the phases of teleconnection
indices, which is consistent with findings from previous studies (Méndez & Magaia, 2010).
However, upon delving deeper into the analysis, a teleconnection is identified not only with
ENSO but also with PDO in the behavior of the SPI24 index over relatively short periods (5 to
7 years). Additionally, the correlation that exhibits higher values and a greater spatial extent is
between SPI indices (SPI124 and SP160) and PDO, despite ENSO having a temporal window
of between 3 and 7 years (Trenberth, 2024). Evidence was also found suggesting that both
ERA-Interim and RCM simulations can emulate the change in correlation between the north
and south among oscillations and SPI indices. However, the analysis also suggests that both
simulations and forcing data still exhibit some inconsistencies in attempting to reproduce the
correlation described by observations. This leads us to recommend the development of

analytical tools for precipitation simulations as well as resolution.

3.7 Conclusion

This study focused on studying the ability of a set of four ERA-Interim-driven regional climate
simulations to reproduce the observed link between precipitation patterns in Mexico and two
SST oscillations, ENSO and PDO. The analyses were divided into three steps: (1) analysing
the ability of ERA-Interim at reproducing observed SST in the Pacific Ocean, as well as ENSO
and PDO, spatially and temporally; (2) comparing observed, reanalysis-derived and RCM-

simulated precipitation patterns in Mexico; and (3) assessing the reproduction of the spatial
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pattern of temporal correlation between the SP124 and SPI60 indices and the teleconnection

indices (ENSO and PDO) in Mexico.

The main findings can be summarized as follows:

- The ERA-Interim reanalysis provides a high level of agreement with HadISST
(observed SST) in the Pacific Ocean over the 1980-2012 time period, including in the
ENSO3.4 and PDO regions that were the focus of the present study. Some more
important differences were found towards the North Pole and closer to the coasts but
those were also reported in previous studies. Despite the rather short time period that
was considered (33 years), ENSO and PDO indices computation is also well
reproduced by ERA-Interim, both temporally and spatially, with respect to the indices’
computation based on HadISST data.

- In the precipitation temporal patterns, the ERA-Interim reanalysis data and the
CRCMS5-ERA-Interim-0.22, CRCM5-ERA-Interim-0.44, and RCA4-ERA-Interim-0.5
simulations showed the closest match to observations and the highest correlation
values. In the spatial analysis of the average annual accumulated precipitation, both the
simulations and the reanalysis data successfully identify the transition of increase in
total annual precipitation towards southeastern Mexico. However, all simulations
exhibit a generalized overestimation, particularly in the mountainous regions of the
country. In the temporal reproduction of SPI24 index, the reanalysis data and RCM
simulations successfully describe the trajectory of moisture conditions over time. In the
spatial analysis, the RCM simulations generally tend to underestimate wet regions and
overestimate dry regions. For the temporal representation of the SPI60 index, both the
RCM simulations and the reanalysis data manage to detect, for most of the studied time
period (1980-2012), the transition from one SPI category to another for the countrywide
average. The spatial representation of the average SP160, computed from both the RCM



80

simulations and ERA-Interim, depicts the contrast between a north with wet conditions

and a south with dry conditions, and vice versa.

In the spatial pattern of temporal correlation between the teleconnection indices ENSO
and PDO and the SPI24, in the time interval from 1991 to 1994, both the reanalysis
data and the RCM simulations CRCM5-ERA-Interim-0.22, CRCM5-ERA-Interim-
0.44, and RegCM4-7-ERA-Interim-0.25 managed to identify that the SPI24 and
teleconnection indices describe a spatial pattern of positive temporal correlation in the
north of the country's center, which is related to moisture conditions in the SP124, and
a positive phase for both ENSO and PDO. In this same phase of the teleconnection
indices, there is a negative correlation with ENSO in the northwest and southeast of
Mexico. The above coincides with what is described by the observations; however, as
mentioned in the results section, there is an underestimation in intensity of correlation
and spatial distribution. Regarding the time period from 1985 to 1998, the pattern of
temporal correlation between PDO and SPI60 in Mexico is captured by the simulations
with an underestimation of the correlation intensity, compared to the observations, in
the north of the country's center and with an overestimation by the reanalysis data.
Regarding the northeast and south of Mexico, the RCM simulations manage to identify

the pattern of positive correlation with an overestimation of the intensity.

Finally, the results in this study suggest that RCM simulations have the ability for reproducing

the spatial characteristics of temporal correlation between SPI24 and SPI60 indices and

teleconnections indices. Additionally, in this region and time interval, the RCM simulations,

showed improvements over the reanalysis data at spatial pattern of temporal correlation

characteristics.
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3.9

Figure 3.20 Spatial pattern of temporal correlation per grid point between SPI60 and ENSO,
in the time period from 1985 to 1998, calculated with observations (upper left corner map),
ERA-Interim (upper right corner map), CRCMS5-ERA-Interim-0.22 (left center map),
CRCMS5-ERA-Interim-0.44 (lower left corner map), RCA4-ERA-Interim-0.5 (right center
map) and RegCM4-7-ERA-Interim-0.25. For SP160 simulations correlation, PDO was
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Abstract

The link between ENSO and precipitation patterns has been extensively studied. However,
whether RCM simulations and their driving data can reproduce this link remains unclear. This
study aims to evaluate the ability of ERA-Interim-driven RCM simulations to replicate the
spatial patterns of the temporal correlation between ENSO and Climate Extreme Indices (CEI)
-CDD, CWD, Rx1, and Rx5- over Mexico from 1980 to 2012. First, the accuracy of ENSO
reproduction with ERA-Interim was assessed. Second, RCM simulations’ performance in
reproducing the CEls was evaluated. Finally, the replication of the spatial pattern of temporal
correlation between ENSO and CEls and its statistical significance were analyzed. The
findings reveal that ERA-Interim can accurately reproduce the ENSO index. Both ERA-
Interim and the simulations are capable of replicating CEls spatial representation throughout
the study period, although they tend to overestimate the maximum and minimum values. Both
ERA-Interim and the simulations reproduce the observed humidity conditions in Mexico,
characterized by a dry north and wet south. Among the CRCMS5 simulations, the 0.22
resolution shows the best agreement with the CDD and CWD indices, while the 0.44 resolution
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aligns best with the Rx1 and Rx5 indices. Moreover, ERA-Interim and RCA4 simulation show
better agreement in reproducing the correlation of ENSO calculated with ERA-Interim and
CDD, while the CRCMS5 0.22 simulation shows this for CWD. The seasonal CEls correlation
with ENSO was best represented by both CRCMS5 simulations for summer in the CDD and
CWD indices, whereas just the RegCM4-7 simulation was unable to reproduce this link in

winter.

Keywords: Climate Extreme Indices, Regional Climate Models, El Nifio South Oscillation

4.1 Introduction

The combined effects of El Nifio South Oscillation (ENSO) and other Sea Surface Temperature
Anomaly (SSTA) oscillations such as the Pacific decadal oscillation and the Atlantic
multidecadal oscillation has been linked to trends in droughts in the southeastern United States
(Abiy et al., 2019) and in extreme precipitation in Mexico and in southwestern United States

(Arriaga-Ramirez & Cavazos, 2010).

In Mexico, a correlation has been observed between changes in precipitation patterns and
SSTAs (Pan et al., 2018). Specifically, ENSO has historically influenced precipitation patterns
across the country (Arroyo-Morales et al., 2023). ENSO phases are linked to variations in
precipitation in both northern and southern Mexico (Englehart & Douglas, 2002; Méndez &
Magafia, 2010), with these effects potentially amplified by the country’s complex orography
(Stagge et al., 2023) and extending beyond its borders (Méndez & Magana, 2010; Ruiz-
Vésquez et al., 2024).

In the pursuit of gaining a deeper understanding of the relationship between oceanic changes
and precipitation patterns, various studies have assessed the reproduction of precipitation using
regional climate models (RCMs) (Jacob et al., 2007; Liang et al., 2007), even when driven by
different forcing data (e.g. MPI-ESM-LR, HadGEM2-ES and GFDL-ESM2M) (Endris et al.,
2016), in different type of regions and physiographic conditions (e.g. Beranova & Kysely,
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2024; Rai et al., 2024; Stefanidis et al., 2020; Torrez-Rodriguez et al., 2023), including in
Mexico (Costa et al., 2023; Fuentes-Franco et al., 2014; Liang et al., 2007; Mendoza-Uribe &
Lugo-Morin, 2020; Morales-Velazquez et al., 2021). Additionally, efforts have been made to
assess the performance of Regional Climate Models (RCMs) in reproducing precipitation
patterns associated with ENSO signals, such as drought and rainfall patterns (Aryal & Zhu,
2021; De Silva et al., 2023; Torres-Alavez et al., 2021).

Given the significant impact of extreme weather events in Mexico-from humid conditions,
such as floods and river overflows (CENAPRED, 2021), from dry conditions (CENAPRED,
2014) that resulted in the country’s most severe drought in a decade in 2023 (NASA, 2024)-
ongoing research focuses on understanding climate extremes, their trends, and the
hydroclimatic contrast between the northern and southern regions of the country (Colorado-
Ruiz & Cavazos, 2021; Garcia-Cueto et al., 2019; Montero-Martinez et al., 2018; Ortiz-Gomez
et al., 2020; Pita-Diaz & Ortega-Gaucin, 2020; Ruiz-Alvarez et al., 2020). However, there is a
need to deepen our understanding of how well RCM historical simulations can reproduce the
effects of teleconnection—derived from RCM driving data—on dryness and humidity
conditions through Climate Extreme Indices (CEls) based on simulated precipitation. The
application of CElIs in Mexico, reproduced by climate models and reanalysis data, has been
explored using the Coupled Model Intercomparison Project (CMIP6) by Kim et al. (2020) and
over the tropical Americas, including Mexico, using the Regional Atmospheric Modeling

System (RAMS) by Costa et al. (2023).

Evaluating the ability of RCM simulations to reproduce monthly and seasonal ENSO-CEIs
relationships is a crucial step in validating their historical performance. This is the first step to
study the RCM behaviors for their use in projections under climate change conditions. The
primary objective of this work is to study the reproduction of the observed correlation between
ENSO and wet or dry conditions in Mexico, from ERA-Interim reanalysis and four ERA-

Interim-driven RCM historical simulations.

The primary objective is achieved through the following three secondary objectives:
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1. Evaluation of Reanalysis Data: The first step involves assessing the ERA-Interim
reanalysis sea surface temperatures (SSTs) in reproducing the ENSO index time series

computed from HadISST observed dataset, in the 1980 to 2012 time period.

2. Assessment of Precipitation and Climate Extremes: The monthly accumulated
precipitation from ERA-Interim and the four RCM simulations is compared to the
values from Livneh et al. (2015) observed dataset in the 1980 to 2012 period; a
comparison is also carried for four CEIs, namely maximum monthly wet spell duration,
maximum monthly dry spell duration, monthly maximum 1-day precipitation depth,

and monthly maximum consecutive 5-day precipitation depth.

3. Correlation Analysis: Finally, the correlation between ENSO and the monthly CElIs
time series, respectively computed from ERA-Interim and the RCM simulations, is
compared to the observed correlation, i.e. computed from HadISST and Livneh

precipitation data.

4.1.1 Study sites and data

4.1.1.1 Study sites

In this study, the El Nifio 3.4 region is used to calculate the temporal pattern of the
teleconnection index, as it effectively reflects ENSO phases and includes portions of both the
El Nifio 3 and 4 regions (Figure 4.1). The boundaries of the El Nifio 3.4 region were determined
based on information available in the Climate Data Guide from the National Center for

Atmospheric Research (Trenberth, 2024).

The Mexican country territory, also shown in Figure 1, panel B, is the main focus of this study.

The country has two important peninsulas, the Baja California peninsula to the northwest and



87

the Yucatan peninsula to the southeast (a reference to those peninsulas will be made in the

analysis of the results).
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Figure 4.1 Study sites: Upper panel, localization map. Panel A, The El Nifio 3.5 region

(dashed green line). Panel B Mexico region
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The Mexican country territory, also shown in Figure 4.1, panel B, is the main focus of this
study. The country has two important peninsulas, the Baja California peninsula to the
northwest and the Yucatan peninsula to the southeast (a reference to those peninsulas will be

made in the results analysis).

4.1.1.2 Data

The time period taken into account is from 1980 to 2012, since it is common to all the datasets

that are described hereafter.

Sea Surface Temperature Data. Two data sources were utilized in this study. The first is the
Met Office Hadley Centre’s Sea ice and sea surface temperature dataset (HadISST), which has
a spatial resolution of 1° latitude-longitude and a daily temporal resolution, and was used as
the observed reference (Rayner et al., 2003). The second dataset is the ERA-Interim reanalysis
provided by the European Centre for Medium-Range Weather Forecasts (ECMWF), having a
spatial resolution of 0.75° latitude-longitude and a daily temporal resolution (Berrisford et al.,
2009; Dee et al., 2011). The ERA-Interim dataset was included because it serves as the driving
dataset for the studied historical RCM simulations. Global information is inherited by RCMs

from ERA-Interim (see section 4.2).

Precipitation Data. Data from observations, ERA-Interim reanalysis and RCM simulations
were used. The dataset considered as observed reference is the Livneh et al. (2015) gridded
dataset, with a spatial resolution of 1/16° = 0.075° (~6km) latitude-longitude, and daily
temporal resolution. It was generated from interpolating weather station observations. The
ERA-Interim precipitation data has an original temporal resolution of 12 hours. In the present
study, daily values were computed and used. The RCM simulations data are described in table

4.1.
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Table 4.1 Description of RCM simulations characteristics

RCM Driving data | Spatial resolution Time period | Variable
CRCMS5-ERA- ERA- 0.22° latitude- | 1980 - 2012 | Precipitation
Interim-0.22 Interim longitude
CRCM5S-ERA- ERA- 0.44 latitude-longitude | 1980 — 2012 | Precipitation
Interim-0.44 Interim
RCAA4-Interim- ERA- 0.5 latitude-longitude | 1980 — 2012 | Precipitation
ERA-0.5 Interim
RegCM4-7-ERA- | ERA- 0.25 latitude-longitude | 1980 - 2012 | Precipitation
Interim-0.25 Interim

4.2 Methods

This section is divided into three main parts: The first part focuses on the reproduction of the
ENSO 3.4 index by ERA-Interim. The second part examines the reproduction of the time series
for the monthly accumulated precipitation and the Climate Extreme Indices time series for the
precipitation datasets. The third part addresses the representation of the correlation between

the teleconnection index (ENSO) and the Climate Extreme Indices from ETCCDI.

4.2.1 ENSO temporal pattern reproduction

The ENSO index time series was calculated using the methodology outlined by the National
Center for Atmospheric Research (NCAR) (Trenberth, 2024). In this study, ENSO was
analyzed for the period from 1980 to 2012, specifically focusing on the El Nifo 3.4 region.
The computation process involved the following steps: first, the average value of the study
period was subtracted from the SST time series to obtain anomalies; these anomalies were then
smoothed using a 5-month moving average; finally, the smoothed values were normalized by
their standard deviation over the study period. It is important to note that the SST data from

ERA-Interim were spatially aggregated to match the resolution of the observational data
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(Bierkens, 2000). From this point forward, the computation of ENSO using ERA-Interim will
be referred to as ERA-ENSO.

4.2.2 Precipitation and CEIs reproduction

The precipitation data used in this study have different resolutions, as seen previously, so an
adjustment was made to each data set to the resolution of the observations (1/16°, ~6km,
~0.075 °). The adjustment was made by spatial disaggregation of each RCM simulation data
and of ERA-Interim data to the observations’ resolution. The spatial disaggregation was
performed by distributing values from a coarser resolution dataset uniformly across a finer
resolution grid, with each finer grid cell inheriting the same value as its corresponding coarser
resolution grid cell. This approach ensures that the original data structure is preserved while
aligning it with the grid of higher-resolution datasets. All the precipitation and CEls analyses
that are described hereafter were based on those spatially disaggregated datasets that have the

exact same grid.

The precipitation temporal pattern analysis was done through the monthly accumulated

precipitation, which was computed for each data set, and for each grid cell.

To observe the agreement of the precipitation time series between the observations and the
other datasets (ERA-Interim and RCM simulations,) the Pearson correlation coefficient

(equation 1) was used.

_ (X =m0 — ) (4.0

Xy
p Ox Oy

Where pxy is the correlation coefficient, oy and gy are the standard deviations of X and Y,

respectively. pxy takes values between [-1,1] (Von Storch & Zwiers, 1999).
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The monthly time series for each dataset were spatially aggregated by calculating the spatial
average across the entire Mexican domain. These aggregated time series were then plotted to

enable a temporal comparison and assess their agreement with the observations.

4.2.2.1 CElIs reproduction

The computation of climate extreme indices was conducted using the equations provided by

the Expert Team on Climate Change Detection and Indices (ETCCDI)

(http://etccdi.pacificclimate.org/list 27 indices.shtml) (Karl et al., 1999; Peterson et al.,
2001). This study focused on four specific indices: "Maximum length of wet spell" (CWD),
defined as the maximum number of consecutive days with precipitation (RR) > Imm;
"Maximum length of dry spell" (CDD), defined as the maximum number of consecutive days
with RR < Imm; "Monthly maximum 1-day precipitation" (Rx1); and "Monthly maximum
consecutive 5-day precipitation" (Rx5). The first two indices relate to humidity conditions in
Mexico, with CWD representing wet conditions and CDD representing dry conditions, while
Rx1 and RxS5 are associated with maximum precipitation values. The definitions of each of

these indices are provided below.

CDD: maximum number of consecutive days in a month, with precipitation values (RR) less

than 1 millimeter,

CWD: maximum number of consecutive days in a month, with precipitation values (RR)

greater than or equal to 1 millimeter,

Hi"

Rx1: maximum precipitation recorded on day "j" for the period of one month "i", expressed in

millimeters,
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Rx1lday; = max (RR;;) (4.4)

Rx5: maximum precipitation recorded in 5 days (starting from day "j") consecutively within

the period of one month "k", expressed in millimeters,

Rx5day; = max (RRy;) (4.5)

The indices described above were calculated each grid cell on a monthly time basis, and for

each data set.

4.2.3 Reproduction of the correlation between the ENSO teleconnection index and

the CEIs (CDD, CWD, Rx1 and Rx5)

Pearson correlation coefficient (equation 1) was computed between time series of the CEIs and
the ENSO index, for observations, and between CEIs from ERA-Interim or simulations and
ERA-ENSO. Again, the correlation was computed per grid cell and displayed spatially using
maps. The correlations were first computed for the entire monthly time series, and then per
season. The seasons were defined as follows: December-January-February for winter; March-
April-May for spring; June-July-August for summer; September-October-November for fall.
The monthly values pertaining to each season were extracted each year to create a new time

series per season, per index, per dataset, and per grid cell.

The Student's t-test is employed to determine the statistical significance of the Pearson
correlation coefficient () between ENSO index and CEIs time series per grid point. The test
evaluates whether the correlation differs significantly from zero, which would suggest a
meaningful linear relationship between ENSO and CElIs. The t-statistic is calculated as

equation 4.6,
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. rvn —2 (4.6)
Vi-12

where n represents the number of data and n-2 the degrees of freedom. A p-value is derived
from the t -distribution based on the calculated t-statistic. The null hypothesis (H 0) assumes
no correlation, while the alternative hypothesis (H 1) posits a significant correlation. A p-value
less than the chosen significance level (0=0.05) leads to rejecting H 0, indicating that the

correlation is statistically significant.

4.3 Results

4.3.1 ENSO time series reproduction

The Pearson correlation between the daily HadISST and daily ERA-Interim data reaches a high

value of 0.97. The average bias between both time series is 0.23 °C.

4.3.1.1 Enso temporal pattern reproduction

In Figure 4.2, illustrates the temporal agreement between ERA-ENSO index (pink dashed-
dotted line) and the HadISST ENSO index. ERA-ENSO effectively captures the observed
oscillation and transitions from positive phase to negative phase However, slight discrepancies
are noted in the extreme values, with an overestimation that peaks at 0.43°C in 1998. The bias
fluctuates around zero throughout the time series, indicating a consistent yet slightly

overestimated ENSO amplitude in ERA-Interim.
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Figure 4.2 ENSO index by HadISST (red area for positive phase and blue area for negative
phase), ERA-ENSO index (pink dashed line) and bias (brown solid line)

4.3.2 Precipitation patterns and CEIs reproduction

4.3.2.1 Precipitation time series reproduction

The correlation values between the observed data and the reanalysis and RCM simulations
data, are shown in Table 4.2. ERA-Interim data exhibit a correlation of 0.98 with observations.
Among simulations, CRCMS5-ERA-Interim-0.44 achieves the highest correlation (0.92), while
RegCM4-7-ERA-Interim-0.25 yields the lowest correlation (0.89). These high correlations

primarily reflect the agreement in temporal patterns, despite some discrepancies in magnitudes.
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Table 4.2 Correlation values between observations and ERA-Interim and ERA-Interim RCM

simulations
ERA-interim- CRCMS5-ERA- CRCMS5-ERA- RCA4-ERA- RegCM4-7-ERA-
0.75 Interim-0.22 Interim-0.44 Interim-0.5 Interim-0.22
ERA-interim- 1 091 0.91 0.89 0.88
0.75
Observations 0.98 0.91 0.92 0.90 0.89

Figure 4.3 shows the monthly accumulated precipitation time series over the study period
(1980-2012). Observations (black line) depict wet and dry seasons occurring each year. ERA-
Interim (green line) underestimates maximum precipitation values and slightly overestimates
minimum values. The RCM simulations overestimate the annual maxima, with RegCM4-7-
ERA-Interim-0.25 and RCA4-ERA-Interim-0.5 showing the largest biases, sometimes

exceeding 100 mm. Such overestimations are consistent with findings by Giorgi et al. (2012)

and Strandberg et al. (2014).
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Figure 4.3 Temporal pattern of monthly accumulated precipitation for the entire Mexican
domain from 1980 to 2012. Observations (black lines), ERA-Interim (green line), CRCM-
ERA-Interim-0.22 (orange line), CRCM-ERA-Interim-0.44 (yellow line), RegCM4-7-ERA-
Interim-0.25 (blue line), and RCA4-ERA-Interim-0.5 (purple line).



96

4.3.2.2 CElIs reproduction (CDD, CWD, Rx1 and Rx5)

The reproduction of CEIs was analyzed for all datasets, including observations, ERA-Interim
reanalysis, and RCM simulations, over the study period (1980 - 2012). This section first
examines the dry (CDD) and wet (CWD) spell duration indices, (Figures 4.4 A and 4.4 B).
Subsequently, the Rx1 and Rx5 indices, which represent maximum precipitation over one and
five consecutive days, respectively, are presented (Figures 4C and 4D).Each map in Figure 4
was obtained by computing the average value, in each grid cell of the Mexican domain, from

the full monthly time series (1980-2012) of the different indices.

The following convention is used, throughout the paper, to present the CEls results:

CDD-y, CWD-y, Rx1-y and Rx5-y,

where y can take the values Obs (observations), ERA (ERA-Interim reanalysis), CRCMS5.22
(CRCMS5-ERA-Interim-0.22 simulation), CRCM5.44 (CRCMS5-ERA-Interim-0.44
simulation), RCA4.5 (RCA4-ERA-Interim-0.5 simulation), or RegCM4-7.25 (RegCM4-7-
ERA-Interim-0.25 simulation).

CDD and CWD indices. In Figure 4.4 A, it is possible to observe the spatial behavior of CDD-
Obs (upper left panel of Figure 4.4A), which shows a decrease towards the southeast of Mexico
(5 days), this decrease is related to an average decrease in dry conditions for the study period,

and an average increase towards the northwest of Mexico (30 days),

The behavior previously observed in the CDD index is analogous to the behavior of the CWD-
Obs index, which is shown in the map in the upper left panel of Figure 4.4B, where it is
observed that the spatial gradient of the observations increases towards the southeast of
Mexico, with up to 8 days on average of continuous precipitation, decreasing towards the

northwest showing values close to 0 days. It is worth mentioning that an increase in humid



97

conditions is observed in the west of central Mexico, suggested by both indices (CDD and

CWD).

Regarding CDD-ERA, (upper right panel in Figure 4.4A) it is possible to notice some
similarities to what is spatially represented by the observations, such is the case of the yellow-
coloured area over northern center of Mexico (which corresponds to the Chihuahua desert),
where not only the geolocation is reproduced but also the intensity of this index. In addition,
there is an increase in the CDD values towards the southeast of the country and a decrease in
a northwest direction, however there is an overestimation both in highest and lowest values of
this index, as well as in the size of the area being covered by those values. This is most likely
due to the spatial resolution of the reanalysis, which is much larger than that of the

observations.

CWD-ERA (upper right panel in Figure 4.4B), shows similarities with CWD-Obs, analogous
to the CDD index described in the previous paragraph, in this case (in CWD-ERA index) there
is an increase in the average number of wet days towards the southeast of Mexico and a
decrease towards the northwest, as does the pattern of this index in the observations (upper left
panel of Figure 4.4B), it is also shown an overestimation both in the highest and lowest values

and in their spatial extent.
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Figure 4.4 Mean monthly CEls values over the 1980-2012 time period, CDD panel A
(number of days), CWD panel B (number of days), Rx1 panel C (mm of precipitation) and
Rx5 panel D (mm of precipitation). In each section are shown Observations, ERA-Interim

and RCM simulations, CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-
ERA-Inteirm-0.5 and RegCM4-7-ERA-Inteirm-0.25
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CDD-CRCMS5.22 (central left panel of Figure 4.4A), CWD-CRCMS5.22 (central left panel of
Figure 4.4B), CDD-CRCMS5.44 (lower left panel of Figure 4.4A) and CWD-CRCM5.44 (lower
left panel of Figure 4.4B) are able to reproduce the spatial gradient noted in CDD-Obs.
However, they overestimate the spatial variability, with lower values in the northwest (down
to a low mean range of 2.5-5 days) and higher values in the southwest (up to 32 days). Higher
values are generally reached by CDD-CRCMS5.22 and CWD-CRCMS5.22 than CDD-
CRCM5.44 and CRCMS5.44, which can be likely be attributed to the finer resolution of
CRCM5-0.22 simulation resulting in a finer representation of topography (Figure 4.1B).

CDD-RCAA4.5 (central right panel of Figure 4.4A) overestimates the lower values at Sierra
Madre Oriental (Figure 4.1B; 2.5 days) and higher values in the northwest of Mexico (32.5
days). This is analogous to what is observed in CWD-RCA4.5 (middle right panel of Figure
4.4B) with an overestimation in the southeast of Mexico (up to 20 days) and in the
northwesterly direction (values close to 0 days of precipitation on average). These
overestimations can be as a result of the resolution difference, with respect to observations,
nevertheless as in the case of the other datasets, the spatial variability of the CDD and CWD

values generally follow the topography of Mexico.

Regarding CDD-RegCM4-7.25 (lower right panel of Figure 4.4A), it generally underestimates
the spatial variability with a narrower range of values than the other datasets. However, in
northwestern Mexico, it represents similar spatial variability to observations even showing
values between 25 and 30 days of this index (CDD). CWD-RegCM4-7.25 (lower right panel
of Figure 4.4B) shows a similar behavior as for the RegCM4-7.25, that is, it underestimates
the spatial variability in most of Mexico but in northwestern Mexico, manages to reproduce

the spatial variability pattern described by observations.
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The above results suggest that not only the resolution and topography have an impact on CDD
and CWD indices but also the wet contrasts between the north and the south, as can be observed

in Figure 4.1.

Rx1 and Rx5 indices. Rx1-Obs (upper left panel of Figure 4.4C) and Rx5-Obs (upper left panel
Figure 4.4D), show their higher values towards the southeast and south of Mexico, suggesting
a relationship with the topography (Sierra Madre Oriental, Sierra Madre Occidental and the
Mexican Volcanic Belt, shown in Figure 4.1B) as well as the proximity with the Gulf of
Mexico. The maximum values reach up to 105 mm in one day and 265 mm in five days, for
Rx1-Obs and Rx5-Obs, respectively, and then the values decrease smoothly towards Yucatan
Peninsula. The lower values are seen in the center and northwestern Mexico (0 mm of
precipitation in one day and between 5 and 10 mm for Rx1-Obs and Rx5-Obs, respectively).
In the case of Rx5-Obs, it is worth mentioning the continuous precipitation core in 5 days
above 30 mm, in the north of the Baja California peninsula, which is likely related to the North

American monsoon.

Rx1-ERA (upper right panel Figure 4.4C) shows a generalized overestimation with respect to
Rx1-Obs, nevertheless it reproduces the general spatial pattern. Rx5-ERA (upper right panel
Figure 4.4D), reproduces, in a general way, the behavior described by observations, since the
values increase towards the southeast, showing values of up to 80 mm, and decrease towards
the northwest of Mexico. As can be expected it shows underestimation with respect to Rx5-

Obs, notably in the Yucatan peninsula as in the case of Rx1-ERA.

Rx1-CRCMS5.22 (middle left panel of Figure 4.4C), manages to reproduce the contrast of
conditions between the north and south of Mexico, however it overestimates the spatial
variability reaching higher and lower values than Rx1-Obs. Similarly, Rx1-CRCMS5.44 (lower
left panel Figure 4.4C) overestimates the higher and lower values, but the spatial variability
pattern fits with what is described by observations. Rx5-CRCMS5.22 (middle left panel Figure
4.4D) and Rx5-CRCM5.44 (lower left panel of Figure 4.4D) present, once again, an
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overestimation in the spatial variability (northeastern and southeastern Mexico). Rx5-

CRCMS5.44 1s but closer to the observations.

Although Rx1-RCA4.5 (middle right panel Figure 4.4C) and Rx5-RCA4.5 (middle right panel
Figure 4.4D), shows the contrast between the north (dry conditions) and the south (wet
conditions) of Mexico, there is a large overestimation of the precipitation amounts, mainly in
the middle ans south of the country. Moreover, the overestimation of higher values suggests
being strongly related to the topography. Very similar comments also apply to Rx1-RegCM4-
7.25 (lower right panel Figure 4.4C) and Rx5-RegCM4-7.25 (lower right panel of Figure
4.4D).

4.3.3 Reproduction of the correlation between the ENSO teleconnection index and

the extreme climate indices (CDD, CWD, Rx1 and Rx5)

This section focuses on analyzing the correlation between ENSO time series and monthly CEls
time series over the Mexican territory, specifically highlighting areas where the correlations
are statistically significant. The correlation between ERA-ENSO and the climate extreme
indices computed from ERA-Interim and from RCM simulations is compared with the
correlation between ENSO and observations. First, the entire 1980-2012 time period is looked

at, and then the results are broken down into seasonal analysis.

4.3.3.1 Correlation reproduction for the 1980-2012 time period

The statistical significance of the correlation between ERA-ENSO and the CDD and CWD
indices captures the general pattern observed in the data, albeit with some differences in the
spatial extent. In contrast, the statistical significance of the correlation between ERA-ENSO
and the Rx1 and Rx5 indices exhibits a more limited spatial extent compared to observations,

which is likely associated with the underestimation of the correlation magnitude.
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CDD index. The correlation between ENSO and the CDD-Obs (upper left panel of Figure
4.5A) shows negative or slightly positive (up to 0.15) values throughout the entire country.
The strongest negative values, reaching -0.35, are seen along spinal pattern crossing Mexico
from north to south. The above suggests that there is a pattern in the relationship between dry

spell length and ENSO in some of in the driest regions of the country (see Figure 4.1B).

The ERA-ENSO correlation with the CDD-ERA index (upper right panel of Figure 4.5A),
shows a similar pattern. However, there is an underestimation in amplitude of the correlation

and size of the area reaching negative correlation values.

The correlation between the ERA-ENSO and CDD-CRCMS5.22, shown in the central left panel
of Figure 4.5A, replicates the main pattern seen in observations but with a much narrower area
reaching negative correlation values. Most of the country shows close to no correlation (values
between -0.15 and 0.15). One aspect worth noting is the positive correlation values appearing
in the south of the country and along the coast of the Gulf of Mexico, reaching up to 0.35. A
very similar spatial pattern is seen in the case of CDD-CRCMS5.44. The two CRCMS
simulations showed the lowest dry spell durations, on average, in the areas where positive

correlation values appear (Figure 4.4A).

The ERA-ENSO correlation with CDD-RCA4.5 (middle right panel of Figure 4.5A), manages
to reproduce the pattern shown by the observations, for the north of the country, with some
overestimations toward the northeast and northwest. Towards the southwest of the country, a

few grid cells display positive correlation values, but with lower values and covering smaller

areas than in the case of CDD-CRCM5.22 and CDD-CRCMS5.44.

The correlation between the ERA-ENSO and CDD-RegCM4-7.25 (lower right panel of Figure
4.5A) detects the pattern seen in observations, but with weaker correlation values. It is also the
only CDD case showing negative correlation in the Yucatan peninsula where the CRCMS5

cases, on their side, displayed positive correlations. This is possibly related with the lower
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DCC values and higher precipitation extremes from the RegCM4-7 simulation with respect to

the CRCMS simulations (Figures 4.4A, 4.4C, and 4.4D).

CWD index. As can be expected, results for the CWD index generally show a similar behavior
to that of the CDD results in terms of spatial pattern, but with opposite (i.e., positive)
correlation values. The correlation between the ENSO and CWD-Obs, (upper left panel of
Figure 4.5B), reaches values up to 0.35 for the center of the north of Mexico, but the spatial
extent of the positive values is more limited than in the case of CWD-Obs. This suggests, as
in the case of CWD index, that ENSO may be influencing the wet spell length in the driest

regions of the country.

CWD-ERA (upper left panel of Figure 4.5B) shows only one positive correlation core in the
north of central Mexico, that is, there is a clear underestimation in correlation with respect to

the observations both in spatial extent and in magnitude.
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Figure 4.5 Correlation between de ENSO teleconnection index and climate extreme indices
(CDD, CWD, Rx1 and Rx5). The teleconnection indices were calculated from HadISST
observations (ENSO) and ERA-Interim (ERA-ENSO). The climate extreme indices were

calculated from Livneh data set for observations, reanalysis (ERA-Interim-0.75) and RCM

simulations (CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-ERA-Inteirm-
0.5 and RegCM4-7-ERA-Inteirm-0.25). Section A refers to ENSO and CDD index

correlation, section B refers to the ENSO and CWD index correlation, section C refers to the
ENSO and Rx1 index correlation and section D refers to the ENSO and Rx5 index
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The analysis of the correlation between ERA-ENSO and the CWD index from the four RCM
simulations (center and bottom panels of Figure 4.5B) is similar to that for the CDD index.
The most positive correlation values reached (0.25-0.35), per simulation, are mainly located in
the same areas as the most negative values that were reached in the case of the CDD index.
Negative correlation values are found from the two CRCMS5 and the RCA4 simulations, but
with smaller spatial extent than in the case of the CDD index for the same simulations. The
two CRCMS5 simulations showed the highest values of wet spell duration (Figure 4.4B) close

to the areas where the positive correlation values are found.

Rx1 and Rx5 indices. The correlation results for those two indices are very similar. In both
cases, the correlation between ENSO and observed values of the indices (RX1-Obs and Rx5-
Obs; top left panels of Figure 4.5C and 4.5D) follows a north-south pattern that resembles that
seen for the CDD and CWD indices. The strongest correlations are positive, reaching up to
0.35. This pattern, again, suggests the existence of a relationship between ENSO and wet

conditions in the driest parts of the country.

The correlation pattern shown by the observations cannot be reproduced neither between ERA-
ENSO and Rx1-ERA (upper right panel of Figure 4.5C) nor between ERA-ENSO and Rx5-
ERA (upper right panel of Figure 4.5C). In both cases, only a core in central Mexico is present,
with values between the 0.15 and 0.20 of correlation. It is worth mentioning that the small
nuclei of negative correlation in the south, shown in the observations, move towards the north

in this case and are more spatially extended.

Regarding the correlation between ERA-ENSO, and the Rx1 and Rx5 indices from the four
RCM simulations, none of those cases manage to reproduce what is described by the
observations. The two CRCMS5 simulations overestimate, both spatially and in magnitude, the
negative correlations in the south of the country, again showing the link between such

correlation and the wetter CRCMS5-simulated conditions (Figure 4.4) in this part of the country.
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Rx1-CRCMS5.44 and Rx5-CRCMS5.44 are the only cases that show the appearance of the north-

south spinal pattern seen in the observations.

4.3.3.2 Seasonal correlation reproduction

This section describes the reproduction of the seasonal correlation between the ENSO
teleconnection index and the climate extreme indices, CDD, CWD, Rx1 and Rx5. Since winter
(December, January, February) and spring (March, April, May) showed the most extensive
spatial pattern correlation, this section focuses on the analysis of those seasons. Winter is a dry
season in Mexico while spring sees a rise in precipitation during the months of April and May
(see Figure 4.6 showing the mean annual precipitation cycle computed for the entire country).
Results for summer and fall (June, July, August — wet season; September, October, November
— tropical storms season followed by a decrease in precipitation) are shown in the
supplementary materials. The correlation between ENSO and the CDD and CWD indices will
be described together because these are related to the count of dry and wet days, respectively.
This joint description helps to clarify the pattern of the relationship between ENSO and
humidity conditions in Mexico by season. In the same way, the reproduction of the correlation
between ENSO and the Rx1 and Rx5 indices will be described together. This allows for the
analysis of precipitation intensity over a one- or five-day period and helps to observe the
relationship between ENSO and the maximum precipitation values in that time. The statistical
significance of the correlation between ERA-ENSO and the CDD and CWD presents an
underestimation in the spatial extent with respect to observed correlation, which also is
stronger when ERA-ENSO is correlated with Rx1 and Rx5 for both seasons (Spring and
Winter). The spatial extent of statistical significance of the correlation encompasses the

correlation values above 0.15.
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Figure 4.6 Mean monthly accumulated precipitation

Reproduction of spring correlation between ENSO time series and CDD and CWD indices.

The spring correlation between the ENSO and CDD-Obs, (upper left panel of Figure 4.7A),
shows that there is a pattern of negative correlation that extends over much of the country
except the southeast and northwest of Mexico. This negative correlation oscillates in most of
the territory between -0.25 and -0.4, however, there are small areas where the correlation
presents values up to -0.5. The stronger negative correlation values are located in the center of
the northern border and in the southwest of Mexico, in addition nuclei of these values are
observed in the center and east of the north of the country. The spatial pattern of the temporal
correlation of the ENSO teleconnection index and the CWD-Obs (upper left panel of Figure
4.6B), reinforce what was described above, that is, in this case there is a positive correlation in
the wet spell length (humid conditions) with the ENSO, which clearly extends in the center
and north of the country. with some nuclei located in the south of the Sierra Madre Oriental
and the Sierra Madre Occidental, as well as in the Sierra madre de Chiapas (Figure 4.1). The
maximum values reach up to 0.5 correlation for the CWD index. With respect to the CWD and
CDD results presented in the previous section for the entire 1980-2012 period, the spring

correlations are stronger and extend to larger areas of the Mexican territory.
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Figure 4.7 Spring correlation between de ENSO teleconnection index and climate extreme
indices (CDD, CWD, Rx1 and Rx5). The teleconnection index was calculated from HadISST
observations (ENSO) and ERA-Interim (ENSO-ERA). The climate extreme indices were
calculated from Livneh data set for observations, reanalysis (ERA-Interim-0.75) and RCM
simulations (CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-ERA-Inteirm-
0.5 and RegCM4-7-ERA-Inteirm-0.25). Section A refers to ENSO and CDD index
correlation, section B refers to the ENSO and CWD index correlation, section C refers to the
ENSO and Rx1 index correlation and section D refers to the ENSO and Rx5 index
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The correlation between ERA-ENSO and CDD-ERA (upper right panel of Figure 4.7A), is
underestimated in its magnitude and spatial variability with respect to observations; however,
it manages to reproduce the general spatial pattern that is shown by the observations. On the
other hand, the correlation of the ERA-ENSO with the CWD-ERA (upper right panel of Figure
4.7B), indicates that, despite the differences inherent in the resolution and the underestimation
of the magnitude of the correlation, it manages to represent the ascent of the correlation towards

the north and northeast of Mexico, as shown by the observations.

In the cases of CDD-CRCMS5.22 (middle left panel of Figure 4.7A) and CDD-CRCMS5.44
(lower left panel of Figure 4.7A) the strength of the correlation is overestimated in the
northwest of Mexico, where close to no correlation was seen in the observations (-0.15-0.15)
is underestimated the center and southwest of the country. The correlation of ERA-ENSO with
CWD-CRCMS5.22 (middle left panel of Figure 4.7B) as well as CWD-CRCMS5.44 (lower right
panel of Figure 4.7B) is overestimated in magnitude in the northwest and underestimated in

the east of the country.

RCA4 simulation shows more difficulties in reproducing the observed correlation pattern than
the other RCM simulations. The correlation strength between the ERA-ENSO and CDD-
RCA4.5 (middle right panel of Figure 4.7A) is overestimated in the north and southeast of
Mexico and underestimated in the center of the country. The same analysis applies to the case

of CWD-RCAA4.5 (central right panel of Figure 4.7B).

The spatial variability of correlation between the ERA-ENSO and CDD-RegCM4-7.25 (lower
right panel of Figure 4.7A) is underestimated, although it shows some nuclei in central Mexico
similar to what is described by the observations. The correlation of ERA-ENSO with CWD-
RegCM4-7.25 (lower right panel of Figure 4.7B) shares similarities with observations, but with

a large area of underestimation in the west part of Mexico.
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Spring correlation between ENSO time series and RxI and Rx5 indices. The correlation
between ENSO and Rx1-Obs (upper left panel of Figure 4.7C) shows nuclei with correlation
values from 0.20 to 0.35 located in central northern Mexico. The central eastern region shows
small nuclei that reach up to 0.45 of correlation. The south of the Sierra Madre del Sur and
Sierra Madre de Chiapas (Figure 4.1) present correlation values of up to 0.45. The pattern of
the correlation between ENSO and Rx5-Obs (upper left panel of the section of Figure 4.7) is
very similar to that for the Rx1-Obs index. This suggests that, in spring, the maximum intensity
of precipitation in 1 day and in 5 days, as well as its spatial variability in most of the country,
is related to ENSO behavior up to a correlation of 0.45. As in the case of the CWD and CDD
indices, the spring correlations are stronger and extend to larger areas of the Mexican territory
than when the entire 1980-2012 time period is studied. Spring generally starts with a dry month
of March, followed by rainfall events occurring in April and May, and mainly related with

local-scale systems throughout the country.

The correlation pattern between ERA-ENSO and both Rx1-ERA (upper right panel of Figure
4.7C) and Rx5-ERA (upper right panel of Figure 4.7D) reproduces the spatial distribution
presented by the observations, with some differences inherent to the difference in resolution.
This leads to an overestimation of the correlation for the Yucatan Peninsula and an

overestimation in the south.

None of the four ERA-ENSO-RCM-simulations cases (middle and bottom panels of Figures
4.7C and 4.7D) manage to reproduce the spatial correlation patterns seen in observations. They
all show localized albeit different areas of strong correlation, interspersed with sometimes large

areas showing close to no correlation (-0.15-0.15).

The Rx1-ERA, Rx5-ERA, Rx5-CRCM50,22, Rx5-RCA4, Rx5-RegCM4.7 all present an

overestimation of the magnitude of correlation in the Yucatan peninsula.

Reproduction of winter correlation between ENSO time series and CDD and CWD indices.
The strongest correlation values between ENSO and the CWD-Obs and CDD-Obs indices
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(upper left panel of Figures 4.8A and 4.8B) are seen in this part of the study and reach up to
-0.6 and 0.6, respectively. The main spatial correlation patterns, which are also generally well
reproduced in the cases of CWD-ERA and CDD-ERA, display the strongest values in the
northwest of Mexico. Th correlation values then gradually decrease towards the southeast and
close to the coast of the Gulf of Mexico (-0.15-0.15). A lower-correlation area appears right in
the center of the north of the country, in between the Sierra Madres Occidental and Oriental
Mountain ranges (Figure 4.1). Winter is the driest season of the year in Mexico. The east-west
partitioning of the country suggests a relationship between the conditions occurring in the west

part of the country and ENSO.

The east-west partitioning of Mexico, in terms of correlation, is also reproduced in the cases
of three of the four RCM simulations, namely the two CRCMS5 simulations and the RCA4
simulation (center and bottom left panels of Figures 4.8A and 4.7B). However, the size of the
eastern area showing the lowest correlation values is generally overestimated in those three
cases, as well as the magnitude of western correlation values (CRCMS simulations). ERA-
ENSO correlations with Rx1 and Rx5 indices from the two CRCMS5 simulations display values
with opposite signs than in the rest of the country. Those values are located in a similar area to
the cases shown in the left middle and left center panels of Figures 4.5A and 4.5B and reach
similar values in the order of -0.3 or 0.3. The correlation spatial patterns, in the case of the

RegCM4.7 simulation, are very different (lower right panels of Figures 4.8A and 4.8B).

The correlation between ERA-ENSO and CDD-RegCM4-7.25 (lower right panel of Figure
4.8A) and CWD-RegCM4-7.25 (lower right panel of Figure 4.8B) is underestimated across the

entire country.
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Figure 4.8 Winter correlation between de ENSO teleconnection index and climate extreme
indices (CDD, CWD, Rx1 and Rx5). The ENSO teleconnection index was calculated from
HadISST as observations (ERA) and ERA-Interim (ERA-ENSO). The indices were
calculated from Livneh data set for observations, reanalysis (ERA-Interim-0.75) and RCM
simulations (CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-ERA-Inteirm-
0.5 and RegCM4-7-ERA-Inteirm-0.25). Section A refers to ENSO and CDD index
correlation, section B refers to the ENSO and CWD index correlation, section C refers to the
ENSO and Rx1 index correlation and section D refers to the ENSO and Rx5 index
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Reproduction of winter correlation between ENSO time series and Rx1 and Rx5 indices. The
winter correlations between ENSO and the Rx1-Obs and Rx5-Obs (upper left panels of Figures
4.8C and 4.8D) show a spatial pattern similar to that for the CDD and CWD indices. The
maximum correlations values that are reached are lower in the case of the Rx1 index though
(around 0.5). Winter is Mexico’s driest time of the year so this analysis suggests that the dry
season precipitation maxima in western and northwestern Mexico are correlated from 0.20 to

0.50 with ENSO.

The correlations between the ERA-ENSO and the Rx1-ERA and Rx5-ERA (upper right panels
of Figures 4.8C and 4.8D) mostly reproduce the observed spatial correlation pattern; however,
they show negative values in the south of the country and higher positive values in the Yucatan

peninsula.

Three of the four simulations (CRCMS5.22, CRCM5.44 and RCA4) show, as in the case of the
CDD and CWD indices, an east-west partitioning (center and bottom left panels of Figures
4.8C and 4.8D) which was less evident in observed correlations for Rx1 and RxS5 indices. In
the cases of the two CRCMS5 simulations, higher correlation values are reaches to the northwest
of Mexico and negative correlation values are reached in the south. The latter was also seen
inf Figures 4.5C and 4.5C for the same two simulations. The correlations, in the case of the

RegCM4.7 simulation, is again very different (lower right panels of Figures 4.8C and 4.8D).

Summer and Fall correlation reproduction of the ENSO temporal pattern with the Rx1 and
Rx5 indices (supplementary material). The summer correlation between the ERA-ENSO and
the CDD, CWD, Rx1, and Rx5 indices suggests that the simulations and the ERA-Interim data
reproduce the spatial variability and magnitude in the northwest of the country, with certain
discrepancies inherent to each simulation (see supplementary material). In autumn, the
correlation between ERA-ENSO and CDD-CRCMS5.22 and CWD-CRCMS5.22 manages to

reproduce the patterns described by observations. Finally, the spatial pattern of correlation
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between the ERA-ENSO and the Rx1-ERA and Rx5-ERA indices reproduces the

characteristics present in the observations (see supplementary material).

4.4 Discussion

4.4.1 ENSO and precipitation representation

The ENSO calculation with ERA-Interim (ERA-ENSO) shows a 0.99 correlation with respect
to the ENSO in observations (HadISST dataset), which corresponds with previous studies (Luo
et al., 2020).The maximum difference found with observations, in the studied 1980-2012
period, is 0.43 °C around 1998.

In terms of the temporal representation of monthly accumulated precipitation, after ERA-
Interim, which has a correlation of 0.98, the CRCM5-ERA-Interim-0.44 simulation shows the
highest correlation at 0.92 (Table 2). While ERA-Interim generally underestimates maximum
values, all simulations tend to overestimate them (Figure 4.3), with respect to observations. As
noted by Liu et al. (2018) who carried a study in China, ERA-Interim can show difficulties in
reproducing observed precipitation in regions with complex orography which is the case for
Mexico. ERA-Interim has a much lower spatial resolution than the observations and the RCM
simulations which could explain the differences between the results from the analysis and the

results form the other datasets.

The precipitation observations were taken as a reference, in the present study, but they also
have their own drawbacks. The Livneh et al. (2015) dataset is based on weather station
interpolation and one should bear in mind that: (1) interpolation tends to smooth the high
(extreme) precipitation values, and (2) data is often missing in the mountainous areas which

are difficult to access, therefore leading to a misrepresentation of orographic effect.
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4.4.2 Climate extreme indices reproduction

ERA-Interim’s spatial representations of CDD, CWD, Rx1 and Rx5 generally remain close to
the observed representations but with loss of information related to the reanalysis’ lower spatial
resolution. The four RCM simulations tend to be wetter than ERA-Interim and the
observations. While the two CRCMS5 simulations are closer to the observed indices, they show
higher values mainly in the mountain ranges. We hypothesize that RCMs have an advantage
over (missing) observations at representing precipitation in the mountainous areas, but we
cannot verify to what extent. It also depends on RCM spatial resolution and simulation settings,
including atmospheric processes parameterizations and the way the information from ERA-
Interim (the driving global dataset for the four simulations) is passed to the RCMs, at the

boundaries (e.g. using spectral nudging or not; Schubert-Frisius, 2017).

Specifically, in terms of the spatial pattern described by the observations, the greater
agreement, per index, was found by CDD-CRCMS5.22, CWD-CRCMS5.22, Rx1-CRCM5.44
and Rx5-CRCM5.44. When looking at the reproduction of the magnitude or precipitation
amount, CDD-CRCM5.44, CWD-CRCMS5.44, Rx1-CRCM5.44 and Rx5-CRCM5.44 are
closer to the values described by the observations. Nevertheless, all simulations are detecting
the change from dry conditions in the north and wet condition in the south of Mexico (Figure

4.4), except for the RCA4 simulation in the cases of CDD and CWD indices.

Although the spatial distribution of the CDD index (calculated globally from the HadEX3
dataset) presented by Kim et al. (2020) for Mexico aligns with the spatial variability observed
in this study (computed using the Livneh dataset), there is a contrast in the magnitude of the
index values, particularly in the northern part of the country where Kim's values are higher.
Similarly, the Rx5 index shows a contrast in magnitude in northern Mexico compared to Kim
et al. (2020)’s study, with their values being higher than those calculated using the Livneh et
al. (2015) dataset. However, both the spatial variability and magnitude southward of Mexico

are consistent between the two studies.
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Kim et al. (2020) also noted that the magnitude of the CDD index is well reproduced by ERA-
5, CMIP6 MEM (Multimodel Ensemble Median), and CMIP5 MEM. In this study, for Mexico,
ERA-Interim and the simulations (CRCM-ERA-Interim-0.22, CRCM-ERA-Interim-0.44,
RCA4-ERA-Interim-0.5, and RegCM4-7-ERA-Interim-0.25) are reasonably close to the
observations, both in terms of spatial gradient and intensity of the indices. It is important to
clarify that the time period for Kim et al. (2020)’s study is from 1981 to 2000, while this study
covers the period from 1980 to 2012.

4.4.3 Reproduction of the ENSO and climate extreme indices correlation

The spatial representation of the correlation between the ERA-ENSO time series and the time
series of CDD-RCA4.5 retains the characteristics from observed data, particularly in the
northern part of the country, more clearly than other simulations. The correlation between the
CWD-CRCMS5.22 simulation and ERA-ENSO more effectively captures the spatial pattern
described by observations. Although the correlation of the Rx1-Obs and Rx5-Obs indices with
ENSO shows a clear north-south pattern in central Mexico, with values generally around 0.25
and reaching up to 0.35 in specific regions, neither ERA-Interim nor the RCM simulations

successfully replicate this spatial correlation pattern between the two indices and ERA-ENSO.

Regarding the reproduction of correlation magnitudes for the CDD and CWD indices, the
CDD-RCA4.5 and CWD-RCA4.5 simulations, as well as the ERA-ENSO, show values that
align with observed patterns. However, for the Rx1 and Rx5 indices, only ERA-Interim data
accurately captures the correlation strength with ERA-ENSO, and this is primarily observed in

the central Mexican plateau.

Interestingly, for the CDD, Rx1 and Rx5 indices, the two CRCMS5 simulations show some
correlations with ERA-ENSO that have opposite signs with respect to observed correlations.
The areas of opposite signs remain small and located in the in the south of Mexico and close
to the coats of the Gulf of Mexico. This is possibly due the CRCMS5 simulations being wetter

than the observations in the areas where the correlations with opposite signs are found.
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4.4.4 Seasonal reproduction of the ENSO and climate extreme indices correlation

Some authors have primarily examined the association between the ENSO and precipitation
patterns in summer and in winter, due to low-latitude phenomena and the sporadic presence of
tropical cyclones in the Mexico region during those seasons (Bravo-Cabrera et al., 2017; Pavia
et al., 2006; Vega-Camarena et al., 2023). However, the findings of the present study indicate
that a relationship also exists for fall (specifically in the central northern region of the country)
and spring (central, northern, and southern Mexico). Furthermore, the reproduction of this
relationship is demonstrated using the aforementioned datasets, encompassing all four seasons

of the year (see supplementary material).

4.44.1 Spring

The correlations between the ERA-ENSO and the CDD-ERA, CWD-ERA, Rx1-ERA and
Rx5-ERA indices show a fair representation of observed spatial patterns despite coarser spatial
resolution. The simulations CRCMS5-ERA-Interim-0.22 and CRCMS5-ER A-Interim-0.44 agree
with observations in in northwestern Mexico but show stronger correlations for the CWD and
CDD indices. None of the simulations could reproduce the spatial correlation patterns seen in

observations for the Rx1 and Rx5 indices.

4.4.4.2 Winter

In winter, the strongest correlation values are reached, up to 0.6 and -0.6. An east-west
partitioning of the country appears in the observed correlation results for all four CWD, CDD,
Rx1 and Rx5 indices. The west side of the country shows stronger correlation values while the
east side shows close to no correlation. The two CRCMS5 simulations and the ERA-Interim
reanalysis are the best at reproducing the observed spatial correlation patterns but tend to

overestimate the extent on the east-side area.
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4.5 Conclusion

The first part of this paper focused on analysing the reproduction of (1) observed ENSO index
time series, and (2) observed precipitation time series over the entire Mexican domain by ERA-
Interim (ENSO and precipitation) The results demonstrated a high level of agreement between
SST time series from HadISST and ERA-Interim datasets, with a correlation of 0.97. ENSO
index time series computed from ERA-Interim SST (ERA-ENSO) closely aligned with those
derived from HadISST, showing a maximum difference of 0.45°C over the study period (1980-
2012).

The mean accumulated monthly precipitation from ERA-Interim reanalysis exhibited a
correlation of 0.98 with the observed data set from Livneh et al. (2015). Among the
simulations, CRCM5-ERA-Interim-0.44 demonstrated the highest correlation with observed

precipitation (0.92), although all four simulations achieved correlation values above 0.89.

The second part of this paper analysed the ability of reanalysis data (ERA-Interim) and RCM
simulations (CRCM-ERA-Interim-0.22, CRCM-ERA-Interim-0.44, RCA4-ERA-Interim-0.5
and RegCM4-7-ERA-Interim-0.25) to replicate the grid-cell-to-grid-cell correlation between
ERA-ENSO time series and CEls across Mexico during the time period 1980 to 2012. The
selected CEls focused on wet and dry conditions (CWD and CDD indices), as well as extreme
precipitation conditions (Rx1 and Rx5 indices). Annual and seasonal correlations were
examined. The results highlighted regional variations in the performance of simulations, with
CRCMS simulations generally outperforming others. Seasonal correlations further emphasized

those differences, with RCA4-ERA-Interim-0.5 performing better in winter.

Building on prior findings of Méndez et al. (2010) and Pavia et al. (2006), which linked ENSO
phases to shifts in precipitation patterns, this study provides additional insights into seasonal
correlations across Mexico. For example, during fall, the central-northern region exhibited
positive correlations (~0.3) between ENSO and wet spell indices (CWD and Rx5), while dry

conditions in the northwest during summer correlated negatively (-0.35). However, biases in
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simulating spatial patterns and extreme events persist, particularly in regions with complex

topography.

While this study provides insights into the ability of ERA-Interim-driven RCM simulations to
reproduce the link between ENSO and CEIs, several limitations should be noted. First, the
structural differences among the RCMs, including parameterizations of key physical processes
like convection and land-atmosphere interactions, introduce variability in the representation of
ENSO signals inherited from the driving data set (Giorgi, 2019; Laprise, 2008). The study’s
spatial and temporal resolutions may further limit the ability to resolve localized precipitation
extremes, particularly in regions with complex topography (Kim et al., 2020, Westra et al.,
2014). Secund, the lack of bias correction in the analysis allows for a direct evaluation of RCM
skill but may leave errors unaddressed, which could affect the interpretation of absolute values
relevant for impact studies (Maraun et al., 2017; Ehret et al., 2012). Third, the simulations
analyzed were selected based on availability at the time of the research. These simulations do
not represent the most recent versions of their respective RCMs, which could have included
updated parameterizations and improved physics (Giorgi et al., 2019; Laprise, 2008). The
ERA-Interim driving data is not the most recent ECMWF reanalysis product, ERAS is, but
ERAS5-driven RCM simulations are yet to be produced over the Mexican domain. Fifth, the
study period (1980-2012) is relatively short for capturing the full spectrum of ENSO
variability, including long-term decadal oscillations and rare extreme events. Extending the
temporal coverage could enhance statistical reliability and provide a deeper understanding of
ENSO's influence on CEIs (Simmons et al., 2010). Sixth, observational data used for
comparison were derived from gridded, interpolated datasets, which, while comprehensive,
may smooth or underestimate extreme precipitation events, limiting the evaluation of RCMs
in replicating such phenomena (Livneh et al., 2015; Westra et al., 2014). Lastly, the spatial
resolutions of the RCMs employed in this study, ranging from 0.22° to 0.5°, are insufficient to
resolve convective processes critical for extreme precipitation events, particularly those
represented by the Rx1 and Rx5 indices. Higher-resolution models, including convection-
permitting simulations, are recommended to better capture these localized phenomena (Deep

et al., 2024; Giorgi et al., 2012; Ban et al., 2021; Prein et al., 2015). These limitations highlight
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the need for further research using more advanced models, extended datasets, and improved
observational benchmarks. To reduce bias and enhance the characterization of CEIs using
teleconnections, future studies should consider the inclusion of other reanalysis datasets and
higher-resolution models to strengthen the robustness of these results. Also, future studies
should incorporate additional oscillations or phenomena related to precipitation patterns. This
type of characterization of CEIs could be further analyzed using data from additional RCMs,
including simulations from convection permitting RCMs. The more recent EARS reanalysis

could also be used.
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4.7 Supplementary Material
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Figure 4.9 Summer correlation reproduction between de ENSO teleconnection index and
climate change indices (CDD, CWD, Rx1 and Rx5). The ENSO teleconnection index were
calculated by HadISST as observations and ERA-Interim. The climate change indices were
calculated by Livneh data set for observations, reanalysis (ERA-Interim-0.75) and RCM’s

simulations (CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-ERA-Inteirm-
0.5 and RegCM4-7-ERA-Inteirm-0.25). Section A refers to ENSO and CDD index

correlation, section B refers to the ENSO and CWD index correlation, section C refers to the
ENSO and Rx1 index correlation and section D refers to the ENSO and Rx5 index
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Figure 4.10 Fall correlation reproduction between de ENSO teleconnection index and climate
change indices (CDD, CWD, Rx1 and Rx5). The ENSO teleconnection index was calculated
by HadISST as observations and ERA-Interim. The climate change indices were calculated
by Livneh data set for observations, reanalysis (ERA-Interim-0.75) and RCM’s simulations
(CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim-0.44, RCA4-ERA-Inteirm-0.5 and
RegCM4-7-ERA-Inteirm-0.25). Section A refers to ENSO and CDD index correlation,
section B refers to the ENSO and CWD index correlation, section C refers to the ENSO and

Rx1 index correlation and section D refers to the ENSO and Rx5 index
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Abstract

The primary objective of this study is to evaluate whether Regional Climate Models (RCM)-
simulations and their driving dataset (ERA-Interim) can reproduce the spatial pattern of the
temporal correlation between the Pacific Decadal Oscillation (PDO) and four Climate Extreme
Indices -CDD, CWD, Rx1, and Rx5— over Mexico from 1980 to 2012. First the ERA-Interim
dataset's ability to reproduce the PDO index time series were assessed. Next, both ERA-Interim
and four ERA-Interin-driven RCM simulations (CRCM5-0.22, CRCM5-0.44, RCA4-0.5, and
RegCM4-7-0.25) were evaluated for their representation of the average monthly accumulated
precipitation and the seasonal spatial patterns of the climate extreme indices. Finally, the study
assessed how well ERA-Interim and RCM simulations reproduced the spatial pattern of the
temporal correlation between the PDO and climate extreme indices. The findings indicate that
ERA-Interim effectively reproduces the PDO. Both ERA-Interim and RCM simulations
capture the main features of monthly accumulated precipitation, although some overestimation
occurs in summer and spring. The CRCMS5 and RCA simulations perform better in reproducing

the seasonal spatial patterns of the climate extreme indices. Spatial correlation patterns, with
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statistical significance, were found during the two driest seasons in Mexico, winter and spring,
and mainly relate to moisture conditions in the north-west part of the country (spring) and in
the northern central part of the country (winter). Given the location of the Sierra Madre
Occidental Mountain range, the spring moisture conditions could also be associated with
orography. The ERA-I dataset as well as the two CRCMS5 simulations generally perform best

at reproducing the observed correlations.

Keywords: Teleconnection Indices, Regional Climate Models, Pacific Decadal Oscillation,

ERA-Interim.

5.1 Introduction

Each component of the climate system—the atmosphere, hydrosphere, cryosphere, continents,
and biosphere—has a different heat capacity, meaning that its ability to absorb or emit thermal
energy varies. These differences lead to contrasts and energy exchanges between the
components. The ocean, as part of the climate system, acts as a vast reservoir of thermal energy
due to its high heat capacity. This allows it to exchange energy with the atmosphere through
processes such as shortwave radiative flux, longwave infrared flux, and turbulent fluxes of
moisture and heat, which result in the ocean cooling or warming (Niiler, 1992). These energy
exchanges play a critical role in transporting moisture toward land, altering precipitation
patterns, and influencing the intensity of cyclonic systems in the tropics and other regions
(Stewart, 1997). A key aspect of this dynamic is the variation in the temperature of the
millimeter-scale surface layer of the ocean, known as Sea Surface Temperature (SST) (Deser
et al., 2010). SST anomalies, defined as deviations from average SST values (NOAA, 2010),
occur at different time scales across various oceanic regions, ranging from five-year

(quinquennial) to multi-decadal oscillations.

One example of such an oscillation is the Pacific Decadal Oscillation (PDO), a decadal-scale
fluctuation of SST in the northern Pacific. The PDO has been linked to widespread changes in

the atmosphere, ocean, marine ecosystems, hurricanes, and precipitation extremes (Deser et
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al., 2010; Hamlet & Lettenmaier, 2007; Hidalgo & Dracup, 2003; Mantua et al., 1997; Senna
et al., 2023; Tootle & Piechota, 2006; Wang et al., 2014). Its effects have been observed in
hydroclimatic conditions across different regions of the world, such as the Upper Colorado
River Basin (Hidalgo & Dracup, 2003) and flood risks in the western United States (Hamlet &
Lettenmaier, 2007). The PDO has also influenced inter-decadal summer precipitation patterns
in eastern China (Chen et al., 2024) and has been linked to variations in Indian precipitation
(Xavier et al., 2023). Furthermore, the interaction between oceanic indices like the Atlantic
Multidecadal Oscillation (AMO), PDO, and 500 mb geopotential height has been shown to

influence streamflow in various parts of the U.S. (Sagarika et al., 2015).

In Mexico, the relationship between the PDO and precipitation patterns has been explored in
numerous studies (Gonzalez et al., 2010; Llanes-Cardenas et al., 2020; Pavia et al., 2006b).
Research has focused on the PDO’s influence during different phases (Gonzalez et al., 2010)
and on its connection to seasonal precipitation (Englehart & Douglas, 2002). The PDO has
been associated with droughts in northern Mexico and wetter conditions in the southern regions
(Méndez & Magana, 2010). Additionally, links have been found between oceanic oscillations
(such as the PDO, AMO, and North Atlantic Oscillation [NAO]) and the non-stationarity of
certain seasonal precipitation series in Mexico (Alvarez-Olguin & Escalante-Sandoval, 2017).
The PDO also affects tropical cyclone activity and Mexican precipitation anomalies (Llanes-
Cérdenas et al., 2020). Importantly, Mexico’s seasonal precipitation patterns, particularly in
summer and winter, are shaped by the combined effects of the El Nifio-Southern Oscillation

(ENSO) and the PDO (Pavia et al., 2006a).

The diversity of impacts in Mexico caused by climate extreme events and their demographic
implications, as well as implications for water and food availability, governance (SEGOB,
2015), risk and vulnerability (Rivera-Arriaga et al., 2023), has prompted the development not
only of studies to enhance resilience (Rivera-Arriaga et al., 2023) but also of national strategies
to address these events. The National Drought Monitor (CONAGUA, 2024), as well as the
National Water Information System (SINA) (SEMARNAT, 2018) are examples. This has led
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to various analyses of climate processes to deepen our understanding of the behavior of

extreme events and the phenomena associated with them.

Precipitation patterns in different regions of the world, with various hydroclimatic
characteristics (e.g., subtropical and semi-arid) and physiographic features (e.g., complex
orography and vast plains), have been studied using Regional Climate Models (RCMs) (Al-
Hilali et al., 2024; Torrez-Rodriguez et al., 2023; Zhao et al., 2024). Additionally, RCMs have
been used to study climate extremes through the indices from the Expert Team on Climate
Change and Indices (ETCCDI), also called climate extreme indices (Kim et al., 2020; Lagos-
Zuhiga et al., 2022; Rai et al., 2024; Xiong et al., 2019). In Mexico these indices have been
used to study the north (Arriaga-Ramrez & Cavazos, 2010) and the center of the country (Ortiz-
Gomez et al., 2020; Ruiz-Alvarez et al., 2020).

This paper brings together the study of PDO in conjunction with wet and dry conditions in
Mexico through the use of ERA-Interim reanalysis and historical regional climate simulations.
The main objective is to investigate the reproduction of the observed correlation between PDO
and climate extreme indices (CWD, CDD, Rx1 and Rx5) over entire Mexico, by ERA-Interim
and four ERA-Interim-driven RCM simulations (CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-
Interim-0.44, RCA4-ERA-Interim-0.5, and RegCM4-7-ERA-Interim-0.25) over the 1980-
2012 time period. This main objective will be achieving through the following secondary

objectives:

1. Evaluation of the ability of ERA-Interim reanalysis SSTs to replicate the PDO index
time series derived from the HadISST observed dataset for the period 1980 to 2012.

2. Comparison of monthly accumulated precipitation data from ERA-Interim and the four
RCM simulations against the observed values from the Livneh et al. (2015) dataset for
the same 19802012 period. Additionally, a comparison is conducted for four climate

extreme indices: maximum monthly wet spell duration, maximum monthly dry spell
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duration, monthly maximum 1-day precipitation depth, and monthly maximum

consecutive 5-day precipitation depth (CDD, CWD, Rx1 and RXY).

3. Comparison of the correlation between PDO and climate extreme indices, as calculated
from ERA-Interim and the RCM simulations, with the observed correlation, which is

derived from the HadISST and Livneh datasets.

5.1.1 Study Site

The region considered for computing the PDO index time series is depicted in map A of Figure
5.1, delimited poleward from the 20° latitude in the northern basin of the Pacific Ocean (Deser,
Clara &, Trenberth, 2022).

Precipitation- and climate extreme indices-related analyses are conducted over the Mexican
territory, depicted in map B of Figure 1. Map B also shows the mean annual accumulated
precipitation in Mexico, computed form the Livneh et al. (2015) dataset (see the Data section
hereafter) and the mountain ranges found on the country’s territory. The most elevated point
in the country reaches 5636 m and is located in the Trans-volcanic Mexican belt. The country
has two important peninsulas, the Baja California peninsula to the northwest and the Yucatan

peninsula to the southeast (reference to those peninsulas will be made in the results analysis).
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5.2 Data

5.2.1 Sea Surface Temperature Data

The SST observation data are sourced from the Met Office Hadley Center's sea ice and sea
surface temperature dataset (HadISST), which has a resolution of 1° latitude-longitude and a
daily temporal resolution (Rayner et al., 2003). Additionally, SST data from the European
Centre for Medium-Range Weather Forecasts (ECMWF)’s global reanalysis ERA-Interim
(hereafter called ERA-I) were utilized. These data are available at a spatial resolution of 0.75°

latitude-longitude and a daily temporal resolution (accessible at

https://apps.ecmwf.int/datasets/data/interim-full-moda/levtype=sfc/) (Berrisford et al., 2009).

5.2.2 Precipitation Data

For the precipitation analysis and calculation of climate extreme indices, data from
observations, reanalysis, and RCM simulations, from Coordinated Regional Climate
Downscaling Experiment (CORDEX), were employed (Table 1). Observation data were
sourced from Livneh gridded data, which have a spatial resolution of 1/16° = 0.075° (~6km)
latitude-longitude and a daily temporal resolution (Livneh et al., 2015). Reanalysis data were
obtained from ERA-Interim and possess a spatial resolution of 0.75° latitude-longitude, with a
temporal resolution of 2 daily data points (0000 UTC and 12 UTC). They can be downloaded

from https://apps.ecmwf.int/datasets/data/interim-full-moda/levtype=sfc/ (Berrisford et al.,

2009). The RCM simulations are presented in Table 1; all four were driven by the ERA-Interim
global dataset. The availability of HadISST data limited the studied time period to 1980-2012.
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Table 5.1 Characteristics of the observations, forcing data and RCMs used in this study

ID Complete name | Spatial Temporal | Source Time Spatial
Resolution Resolution period | Domain
Obs Observations 0.075° Daily Livneh et | 1980- | North
latitude- al., (2015) | 2012 America,
longitude south of 50°
latitude
ERA-I ERA-Interim 0.75° Daily Berrisford | 1980- | Global
latitude- etal., 2009 | 2012
longitude
CRCMS5- | CRCMS-ERA- | 0.22° Daily CORDEX | 1980- | CORDEX
0.22 Interim-0.22 latitude- 2012 North
longitude America
Domain,
extended to
include
Mexico
CRCMS5- | CRCMS-ERA- | 0.44° Daily CORDEX | 1980—- | CORDEX
0.44 Interim-0.44 latitude- 2012 North
longitude America
Domain,
extended to
include
Mexico
RCA4-0.5 | RCA4-ERA- 0.44° Daily CORDEX | 1980— | CORDEX
Interim-0.5 latitude- 2012 Central
longitude America
Domain
RegCM4- | RegCM4-7- 0.22° Daily CORDEX | 1980 - | CORDEX
7-0.25 ERA-Interim- latitude- 2012 Central
0.25 longitude America

Domain




131

5.3 Methods

This section comprises three main parts. The first part pertains to the reproduction of observed
PDO by the ERA-Interim reanalysis. The second part is associated with the analysis of the
time series of monthly accumulated precipitation, as well as the seasonal spatial reproduction
of observed climate extreme indices by ERA-Interim and the four RCM simulations (CRCMS5-
0.22, CRCM5-0.44, RCA4-0.5, and RegCM4-7-0.25). The third and final part addresses the

computation of the correlation between the PDO and climate extreme indices in Mexico.

5.3.1 Reproduction of the temporal patter of PDO

First, the SST data from ERA-Interim were spatially aggregated to match the resolution of the
observational data (Bierkens, 2000). The PDO, calculated using both observed and reanalysis
data, is defined as the first empirical orthogonal function of the SST anomaly field based on
the covariance matrix (Mantua et al., 1997). This matrix was built using monthly anomalies
from the region depicted in map A of Figure 1. PDO was computed for the time period from
1980 to 2012. From this point forward, the PDO computed with ERA-Interim will be referred
to as ERA-PDO.

5.3.2 Reproduction of precipitation patterns and seasonal climate extreme indices

This subsection first outlines the method used to analyze the similarity between the
precipitation time series from observations and the data derived from ERA-Interim and RCM
simulations. The second part focuses on how well these datasets reproduce the selected
extreme climate indices. It is important to note that spatial disaggregation was applied to adjust
the resolution of the ERA-Interim and simulation datasets to match the resolution of the

observed data (Bierkens, 2000).
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5.3.2.1 Temporal analysis of monthly precipitation accumulation

The Pearson linear correlation was computed between observed monthly precipitation times
series and the same time series each from each one of the ERA-Interim and RCM simulation

datasets, using equation (5.1):

2(X —ux)(Y — uy)) (5.1)

Ox Oy

pxy =

Where pxy represents the correlation coefficient; gy and oy denote the standard deviations of
X and Y time series, respectively; ux and py are the mean values of the X and Y time series,
respectively. pxy takes values between [-1, 1] (Storch & Zwiers, 1999). A correlation matrix
with histograms and scatter plots was generated, along with box plots for the entire time period
and seasonally, to visually assess the fit of each dataset with the observations. The seasons
were defined as winter (December, January and February), spring (March, April, May),
summer (June, July and August) and fall (September, October and November). Finally, box
plot graphs were generated to compare the empirical distributions of monthly precipitation
time series from all the studies datasets, again for the entire time period and then on a seasonal

basis.

5.3.2.2 Reproduction of seasonal Climate Extreme Indices

In this article, four indices from the Expert Team on Climate Change Detection and Indices

(ETCCDI) were utilized (http://etccdi.pacificclimate.org/list 27 indices.shtml) (Karl et al.,

1999; Peterson et al., 2001). Two of these indices are related to maximum duration of dry
(CDD) and wet (CWD) spell, while the other two indices are related to the maximum intensity
of rainfall in one day (RxI) and in five consecutive days (Rx5). All four indices were
computed, FOR Mexican domain, on a monthly basis for the enitre time period. Winter
includes the months of December, January and February; Spring includes the months of March,

April and May; Summer includes the months of June, July and August; and finally, Fall
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includes the months of September, October and November. The equations of each index are

presented below.

The CDD Index, "Maximum length of dry spell," is defined as the maximum number of

consecutive days with RR < 1mm: LetRR;; be the daily precipitation amount on day i in

period j” (Karl et al., 1999; Peterson et al., 2001):

This index is significant for understanding and quantifying the length of dry periods, i.e. with

very low or no precipitation.

The CWD Index, "Maximum length of wet spell," is defined as: “maximum length of wet spell,

maximum number of consecutive days with RR = 1 mm: Let, RR;; be the daily precipitation
amount on day i in period j” (Karl et al., 1999; Peterson et al., 2001):

This index is useful for characterizing and quantifying prolonged periods of wet conditions or

important precipitation events.

The Rx1day Index, "Monthly maximum 1-day precipitation,” is defined as maximum value
of daily precipitation in a month. “Let RRij be the daily precipitation amount on day i in period

Jj 7 (Karl et al., 1999; Peterson et al., 2001), then the Rx1day index is calculated as:
Rx1day; = max (RR;;) (5.4)
This index is relevant for assessing extreme precipitation events within a specific time period,

as it represents the highest amount of precipitation recorded in a single day during a given

month.
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The Rx5day Index, "Monthly maximum consecutive 5-day precipitation," is defined as the
maximum value of accumulated precipitation over a period of 5 consecutive days in a month.
“Let RRyj be the precipitation amount for the 5-day interval ending k, in period j Then

maximum 5-day values for period j are” (Karl et al., 1999, Peterson et al., 2001):
Rx5day; = max (RRy;) (5.5)

This index is relevant for assessing intense and prolonged precipitation events within a specific
time period, as it represents the highest accumulated precipitation over 5 consecutive days in

a given month.

5.3.3 Correlation between PDO and Climate Extreme indices (CDD, CWD, Rx1
and RxS5)

The Pearson correlation index (equation 1) was computed in each grid cell of the studied
domain (map B in Figure 1): (1) between observed PDO time series and the indices times series
computed from precipitation observations; (2) between ERA-PDO time series and the indices
computed from ERA-I and from the four RCM precipitation time series. The correlation was
fist analysed for the entire 19080-2012 time period and then on a seasonal basis. This allowed

for a comparison of the spatial correlation patterns form the different datasets.

The Student's t-test is utilized to assess the statistical significance of the Pearson correlation
coefficient () between the PDO index and CEIs time series at each grid point. This test
determines whether the correlation differs significantly from zero, indicating a meaningful

linear relationship between PDO and CElIs. The t-statistic is computed using equation 5.6,

rvn—2 (5.6)
Vi—12

t =
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where n denotes the number of data and n — 2 represents the degrees of freedom. A p-value is
derived from the t -distribution based on the calculated t-statistic. The null hypothesis (H)
assumes no correlation, while the alternative hypothesis (H;) asserts a significant correlation.
If the p-value is smaller than the predefined significance level (0=0.05), H, is rejected,

confirming that the correlation is statistically significant.

5.4 Results

This section is mainly composed of three parts. The first part concerns the reproduction of the
observed PDO by ERA-PDO. The second part deals with the reproduction of the observed time
series of precipitation and climate extreme indices using data from ERA-Interim and RCM
simulations. The third and final part focuses on the spatial pattern of temporal correlation

between PDO and climate extreme indices.

5.4.1 PDO Temporal Pattern

The ERA-PDO index time series (pink dashed line in Figure 2) effectively captures the phases
of the PDO index (red and blue areas in Figure 5.2), as calculated from HadISST data.
However, some discrepancies emerge in replicating the magnitude of the index. The most
notable overestimation occurs between 1998 and 2003, as illustrated by the solid brown line in

Figure 2, reaching a positive bias value of 0.67°C.
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5.4.2 Precipitation Patterns and Climate Extreme Indices

This section outlines the reproduction of the time series of monthly accumulated precipitation.
Furthermore, since the seasonal patterns of climate extreme indices are distinguishable, this
section elaborates on the replication of the seasonal spatial patterns of climate extreme indices
(CDD, CWD, Rx1, and Rx5) as described by observations, and by ERA-Interim and RCM

simulations.

5.4.2.1 Mexican Monthly Accumulation Precipitation

Figure 5.3 and table 2 show that the closest fit with the observations is achieved using ERA-I,
yielding a correlation value of 0.98 and with the lowest value of RMSE (10.58 mm). The
second-best correlated dataset with the observations is the CRCM5-0.44 simulation, at 0.92
and second lowest RMSE value of 22.77 mm, then follow the CRCM5-0.22 and RCA4-0.5

simulations, both showing a correlation value of 0.91, however RCA-0.5 shows the highest
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RMSE value (46.70 mm) of all datasets. Finally the RegCM4-7-0.25 simulation shows a 0.89
correlation and RMSE of 36.62 mm. The correlation between ERA-I and the four RCM
precipitation time series follow the same order, with slightly lower values (not shown). The
ERA-I and RCM datasets all show asymmetrical (positively-skewed) histograms as in the case

of observations, but with some differences in shape, and dispersion.
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Figure 5.3 Monthly accumulated precipitation correlation graph, for the 1980-2012 time
period. The first column shows the histogram of observations (grey bars). The rest of the
columns show the scatter plot (upper row) and histograms (bottom row) of ERA-I (blue dots
and blue bars), CRCM5-0.22 (pink dots and pink bars), CRCM5-0.44 (green dots and green
bars), RCA4-0.5 (orange dots and orange bars) and RegCM-7-0.25 (brown dots and brown
bars).

The right panel in Figure 4 suggests a widespread overestimation of dispersion in the
simulations compared to the observations (as could be expected form the histograms in Figure
3). All four simulations also have higher medians than the observations, and the RCA4 and

RegCM4-7 simulations have wider interquartile ranges.
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Table 5.2 Correlation, statistical significance and Root Mean Square Error (RMSE) between
observations and ERA-Interim and simulations.

Data set ID Correlation Statistical significance RMSE

ERA-I 0.98 p-value < 0.05 10.58 mm
CRCMS5-0.22 0.91 p-value < 0.05 23.50 mm
CRCM5-0.44 0.92 p-value < 0.05 22.77 mm
RCA-0.5 0.91 p-value < 0.05 46.70 mm
RegCM4-7-0.25 0.89 p-value < 0.05 36.62 mm

The left panel in figure 4 shows the seasonal empirical distributions of monthly accumulated
precipitation. The most important differences, among all the datasets, are from the RCA4 and
RegCM4-7 simulations, which: generally, overestimate the median values and the interquartile
ranges with respect to the observations and even with respect to the other simulations and
ERA-I in winter, spring and summer; strongly overestimate the monthly precipitation values
in winter, with respect to all other datasets. ERA-I remains closer to the observations in all

seasons, followed by CRCM5-0.44 and CRCM5-0.22 simulations.

Winter is the driest season across all of Mexico. Spring is generally dry and sees the start of an
increase in precipitation during the months of April and May. Summer and fall are the wet

seasons and also correspond to the hurricane seasons.
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Figure 5.4 Monthly and seasonal accumulated precipitation of Observations (black box),
ERA-Interim (blue box), CRCM5-0.22 (pink box), CRCM5-0.44 (green box), RCA4-0.5
(orange box) and RegCM-7-0.25 (brown box)

5.4.2.2  Seasonal reproduction of Climate Extreme Indices

The analysis of climate extreme indices (CDD, CWD, Rx1, and Rx5), in each season, is divided
in two parts. It first addresses the CDD and CWD indices which refer to wet and dry conditions

duration, and then the Rx1 and Rx5 indices which refer to extreme precipitation events.

The nomenclature hat is adopted, in the rest of the paper, to present climate extreme indices-

related results, is as follows:
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CDD-y-z, CWD-y-z, Rx1-y-z and Rx5-y-z,

where y can take the values Obs (observations), ERA (ERA-Interim reanalysis), CRCMS5.22
(CRCMS5-ERA-Interim-0.22 simulation), CRCM5.44 (CRCMS5-ERA-Interim-0.44
simulation), RCA4.5 (RCA4-ERA-Interim-0.5 simulation), or RegCM4-7.25 (RegCM4-7-
ERA-Interim-0.25 simulation); and z can take the values w (winter), s (spring), su (summer)

and f (fall).

Winter reproduction of CDD and CWD Indices. The lowest CDD-Obs-w values (top left panel
in Figure 5.5A) are reached in the southeast region located around the Gulf of Mexico
(including the effect of the mountain ranges; Figure 5.1) and in the Yucatan peninsula, with an
average of down to 3 consecutive days without precipitation in winter over the study period.
The southwestern and southernmost regions of Mexico show the highest maximum dry spell
length, as well as the central-northern part of the country, with values reaching up to 27 and
30 days. For CWD-Obs-w (top left panel in Figure 5.5B), complementing the above
description, most of the country observes a maximum of 0 to 2 days consecutive with
precipitation on average during winter; however, the southeast shows the highest average
values, with up to 6 consecutive days with precipitation. It is worth noting that in the northwest,

some localized areas show lower values of CWD index (between 2 and 4 days).

CDD-RCA4-0.5-w (middle right panel in Figure 5.5A) and CDD-RegCM4-7-0.25-w (lower
right panel of Figure 5.5A) manage to capture the observed spatial variability and magnitude
in southeast Mexico. However, they underestimate the magnitude of the index in most of the
country. DCC-ERA-I-w (top left panel in Figure 5A), CDD-CRCM5-0.22-w (middle left panel
in Figure 5.5A), and CDD-CRCM5-0.44-w (lower left panel in Figure 5.5A) all overestimate
the observed values in the region located around the Gulf of Mexico. ERA-I and all four RCM
simulations are able to detect the effect of the Sierra Madre Occidental Mountain range (Figure
1) in the north, with the two CRCMS5 simulations being closer to observations. CWD-ERA-I-
w (top left panel in Figure 5.5B) overestimates the observed spatial variability and magnitude

of the index, while CWD-CRCM5-0.22-w (middle left panel in Figure 5.5B) and CWD-
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CRCM5-0.44-w (lower left panel in Figure 5.5B) detect the spatial variability in the east and
center of Mexico with some overestimations, although they underestimate the spatial
variability in the northwest. The indices CWD-RCA4-0.5-w (middle right panel in Figure
5.5B) and CWD-RegCM4-7-0.25-w (lower right panel in Figure 5.5B) diverge from with what
is described by CWD-Obs-w.

Winter Rx1 and Rx5 indices. Rx1-Obs-w (top left panel in Figure 5.5C) and Rx5-Obs-w (top
left panel in Figure 5.5D) show that precipitation magnitude remains low throughout the
country, with slight increases in the east and northwest of the country. Some very localized
grid areas can reach values up to 60-90 mm for Rx1-Obs-w and 100-125 mm for Rx5-Obs-w

in the south, close to the border of the Gulf of Mexico and in the Baja California peninsula.

RxI-ERA-I-x and Rx5-ERA-I-w (top right panels in Figures 5.5C and 5.5D, respectively)
manage to capture the spatial patterns from the observed indices, however without the localized
higher values, most likely because of ERA-I’s coarser resolution. Rx1-CRCM5-0.22-w
(middle left panel in Figure 5.5C), Rx1-CRCMS5-0.44-w (lower left panel in Figure 5.5C), Rx5-
CRCMS5-0.22-w (middle panel in of Figure 5.5D), and Rx5-CRCMS5-0.44-w (lower left panel
in Figure 5.5D), despite showing an overestimation in magnitude and spatial variability,
manage to detect the increasing gradient of these indices in the southeast and northwest of the
country, even emulating the lower values in the center of the entire country. Rx1-RCA4-0.5-
w (middle right panel in Figure 5.5C), Rx1-RegCM4-7-0.25-w (lower right map of Figure
5.5C), Rx5-RCA4-0.5-w (middle right panel in Figure 5.5D), and Rx5-RegCM4-7-0.25-w
(lower right panel in Figure 5.5D) are unable to reproduce the spatial pattern and magnitude

described by the observations.
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Spring CDD and CWD indices. CDD-Obs-s (top left panel in Figure 5.6A) in spring shows a
clear east-west partition of the country. The eastern region presents the lowest values of the
index, with the minimum values located in the Sierra Madre Oriental, the eastern Sierra Madre
del Sur, and the Central Highlands. The highest values of the index extend towards the west,
reaching maximum values on the west coast and in the southern part of the Baja California
peninsula. Similarly, for CWD-Obs-s (top left panel in Figure 5.6B), there is a differentiated
behavior between the east and west of Mexico. However, the entire country falls within the

range of 2 to 8 days maximum wet spell duration.

All other datasets manage to reproduce the observed differentiation between the east and west
of Mexico. CDD-ERA-I-s (top right panel in Figure 5.6A) and CWD-ERA-I-s (top right panel
in Figure 5.6B), as well as CDD-CRCM5-0.22-s (middle left panel in Figure 5.6A), CDD-
CRCM5-0.44-s (lower left panel in Figure 5.6A), CWD-CRCMS5-0.22-s (middle left map of
Figure 5.6B), and CWD-CRCM5-0.44-s (lower left map of Figure 5.6B) show spatial patterns
that resemble the observed pattern, however they underestimate the magnitude of the CDD
index and overestimate the magnitude of the CWD index on the east side of the country. ERA-
I also shows underestimation of CDD index magnitude on the west side of the country. In the
case of CDD-RCA4-0.5-s (middle right panel in Figure 5.6A), CDD-RegCM4-7-0.25-s (lower
right panel in Figure 5.6A), CWD-RCA4-0.5-s (middle right panel in Figure 5.6B), and CWD-
RegCM4-7-0.25-s (lower left panel in Figure 5.6B), the east-west partition is moved towards
the west side of the country resulting in underestimation of the CDD index values and

overestimation of the CWD index values.

Spring Rx1 and Rx5 indices. The east-west partition seen previously is still present for those
two indices, but less marked in the case o observed spring Rx5. Rx1-Obs-s (top left panel in
Figure 5.6C) shows the highest values of Rx1 index in the east and south of Mexico, with
values ranging from 20 mm to 40 mm. Both the north and the west of the country have average
values between 0 and 10 mm. Rx5-Obs-s (top left panel in Figure 5.6D) shows values between
0 and 25 mm of precipitation for most of Mexico; however, there is a strip in the east of the

country with the highest values of maximum average precipitation in 5 consecutive days,
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ranging from 25 mm in the northeast to 70 mm in the Sierra Madre del Sur and the Central

Highlands.

Rx5-ERA-I-s (top right panel in Figure 5.6D), Rx1-CRCM5-0.22-s (middle left panel in Figure
5.6C), Rx1-CRCMS5-0.44-s (lower left panel in Figure 5.6C), Rx5-CRCM5-0.22-s (middle left
panel in Figure 5.6D), and Rx5-CRCM5-0.44-s (lower left panel in Figure 5.6D) manage to
reproduce the spatial pattern described by the observations, showing a slight overestimation in
magnitude. Rx1-ERA-I-s (top right panel in Figure 5.6C) shows an underestimation in east
part of the country. In contrast, Rx1-RCA4-0.5-s (middle right panel in Figure 5.6C), Rx1-
RegCM4-7-0.5-s (lower right panel in Figure 5.6C), Rx5-RCA4-0.5-s (middle right panel in
Figure 5.6D), and Rx5-RegCM4-7-0.5-s (lower right panel in Figure 5.6D) overestimate both
magnitude and spatial variability compared to the observations. The spatial pattern of

overestimation in all datasets suggests it is related to the Mexican topography.
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Figure 5.6 Same as Figure 5.5 but for spring
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Summer CDD and CWD indices. As would be expected, lower dry spell duration values (CDD
index) and higher wet spell duration values (CWD index) are reached throughout Mexico
during the wetter summer season than during the drier winter and spring seasons. CDD-Obs-
su (top left panel in Figure 5.7A) reaches its maximum values in the Baja California peninsula,
with averages ranging from 18 to 31 days, and a small core in the eastern part of northern
Mexico with values between 16 and 18 days. The rest of the country ranges from 1 to 16 days
in the mountainous areas (Sierra Madre Oriental, Sierra Madre Occidental, Sierra Madre del
Sur, Trans-Mexican Volcanic Belt, Tuxtla Mountains, Sierra Madre de Chiapas, and Central
Highlands) and between 4 and 16 days for the rest of the country. Similarly, CWD-Obs-su (top
left map in Figure 5.7B) shows the highest values of the number of the index in the
mountainous areas in Mexico. The CDD index values decrease towards the coasts, presenting
values between 2.5 and 7 days, and towards the north-west and north-central parts of the
country, with values between 0 and 1.25 days in summer. As seen in Figure 5.1, the northern
central part of Mexico and the Baja California peninsula are the driest parts of the country, on

average.

All ERA-I and RCM simulation datasets manage to emulate the spatial pattern described by
the observations for the CDD and CWD indices (Figures 5.7A and 5.7B, respectively).
However, CDD-CRCM5-0.22-su (middle left panel in Figure 5.7A) and CDD-CRCMS5-0.44-
su (lower left panel in Figure 5.7A) overestimate the spatial variability in the eastern part of
northern Mexico. CDD-ERA-I-su (upper right panel in Figure 5.7A), CDD-RCA4-0.5-su
(middle right panel in Figure 5.7A), and CDD-RegCM4-7-0.25-su (lower right panel in Figure
5.7A) underestimate the number of days in the northeast of the country. On the other hand,
CWD-CRCM5-0.22-su (middle left panel in Figure 5.7B), CWD-CRCMS5-0.44-su (lower left
panel in Figure 5.7B), and CWD-RCA4-0.5-su (middle right panel in Figure 5.7B) reproduce
the spatial pattern shown by CWD-Obs-su, but overestimate the number of days in the
mountainous areas. CWD-ERA-I-su (upper right panel in Figure 5.7B) and CWD-RegCM4-7-
0.25-su (lower right panel in Figure 5.7B) show an important overestimation in the southwest

of Mexico. In northern Mexico, all datasets emulate the lower values of the CWD index.
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Summer Rx1 and Rx5 indices. Rx1-Obs-su (top left panel in Figure 5.7C) and Rx5-Obs-su (top
left panel in Figure 5.7D) show the highest values in southern Mexico, where the average Rx1
index values range from 60 to 120 mm, and the Rx5 index values range from 75 to 250 mm in
the southeastern coast of the country and the Sierra Madre del Sur. It is noteworthy that the

north presents the lowest values, with 0.3 mm in the Baja California peninsula.

Rx1-ERA-I-0.75 (top right panel in Figure 5.7C), Rx1-CRCMS5-0.22-su (middle left panel in
Figure 7C), Rx1-CRCMS5-0.44-su (bottom left panel in Figure 5.7C), Rx1-RCA4-0.5-su
(middle right panel in Figure 5.7C), Rx5-ERA-I-0.75 (top right panel in Figure 5.7D), Rx5-
CRCM5-0.22-su (middle left panel in Figure 5.7D), Rx5-CRCMS5-0.44-su (bottom panel in
Figure 5.7D), and Rx5-RCA4-0.5-su (middle right panel in Figure 5.7D) maintain the spatial
pattern described by the observations; however, they overestimate the magnitude in the
mountainous areas. The overestimation is mostly marked for the RCA4 simulation. ERA-I and
the CRCMS5 simulations also show underestimations central northern (desert) area of the
country. On the other hand, Rx1-RegCM4-7-0.25-su (bottom right panel in Figure 5.7C) and
Rx5-RegCM4-7-0.25-su (bottom right panel in Figure 5.7D), fail to identify the spatial pattern

described by the observations.
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Fall CDD and CWD indices. The lowest values of the CDD-Obs-f index (upper left panel in
Figure 5.8A) are located over the mountainous regions of Mexico (Sierra Madre Occidental,
Sierra Madre Oriental, Sierra Madre del Sur, Trans-Mexican Volcanic Belt, Mountain Range
of the Tuxtlas, Sierra Madre de Chiapas, and Central Highlands). The number of days for the
CDD index decreases towards the southeast of the country, with an average of only 2.5 in fall.
The highest number of days are found in the dry north and northwest of Mexico (Figure 5.1),
with values reaching up to 31. Complementarily, the CWD-Obs-f index (upper left panel in
Figure 5.8B) shows the highest values over the mountainous regions of Mexico. These values
increase in the southeast of Mexico, with up to 13 days. The lowest values are located in the

north and northwest of the country.

All the other datasets are able to reproduce, to some extent, the spatial pattern shown by the
observations, however with underestimations of CDD index and overestimations of CWD
index mainly in the Gulf of Mexico coastal area and in the mountainous areas. CDD-RegCM4-
7-0.25-f (lower right map of Figure 5.8A) presents the most widely spread underestimation of
observed CDD values. CDD-ERA-I-0.75 and CWD-ERA-I-0.75 also present underestimation

and overestimation of observed values, respectively, in the south-west coast area of Mexico.

Fall Rx1 and Rx5. Both Rx1-Obs-f (top left panel in Figure 5.8C) and Rx5-Obs-f (top left panel
in Figure 5.8D) reach their highest values in southeastern Mexico, which coincides with the
Sierra Madre Oriental and the eastern Sierra Madre del Sur (up to 120 mm for Rx1-Obs-f and
250 mm for Rx5-Obs-f). The lowest values extend across the central and northern regions of
the country, with values as low as 2.5 mm of maximum average precipitation in 1 day (Rx1-
Obs-f) and 3.5 mm of maximum average precipitation in 5 consecutive days (Rx5-Obs-f). The
west coast of Mexico shows an increase in Rx5-Obs-f, which coincides with the beginning of

the mountain range in that region (Sierra Madre Occidental and Sierra Madre del Sur).

The five other datasets detect high values in southeastern Mexico and low values in the central
and northern regions of the country. However, Rx1-CRCM5-0.22-f (middle left panel in Figure
5.8C), Rx1-CRCM5-0.44-f (lower left panel in Figure 5.8C), Rx5-RCA-0.5-f (middle left
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panel in Figure 5.8D), Rx5-CRCM5-0.22-f (lower left panel in Figure 5.8D), Rx5-CRCMS5-
0.44-f (middle right panel in Figure 5.8C), and Rx5-RCA4-0.5-f (middle right panel in Figure
5.8D) overestimate the values in the south, southwest and west of the country. Rx1-ERA-I-f
(top right panel in Figure 5.8C) and Rx5-ERA-I-f (top right panel in Figure 5.8D) detect the
magnitude of the highest values in the southeast; however, there is a generalized
overestimation in the south in the case of Rx5, which is also reflected by Rx1-RegCM4-7-
0.25-f (lower right panel in Figure 5.8C) and Rx5-RegCM4-7-0.25-f (lower right panel in
Figure 8D).
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5.4.3 Correlation between PDO and Climate Extreme Indices (CDD, CWD, Rx1,
and Rx5)

5.4.3.1 Analysis for the entire 1980-2012 time period

When considering the entire time period, no distinctive spatial pattern was found above 0.2 of
correlation value, neither in the correlation between observed PDO and observed indices
(except for tiny nuclei in center northern Mexico), nor in the correlation between ERA-PDO
and the indices computed from ERA-I and the RCM simulations. Nevertheless, there are areas
that show statistical significance. The results are shown in the supplementary materials.
However, as mentioned by Brito-Castillo et al. (2002) and Méndez et al. (2010), the link
between the PDO and moisture conditions in Mexico becomes evident when considering the
phases of the PDO and/or the season of the year. For example, the northwest of Mexico is
associated with wet winters during the positive phase of the PDO, whereas the negative phase

is linked with drier conditions during that season.

5.4.3.2 Seasonal Analysis

The results are presented for the winter and spring (dry) seasons, which showed the most
distinctive spatial correlation patterns with statistical significance. Summer and fall results
have been included in the supplementary materials. The correlation is analysed according to
two groups: the correlation of the PDO with CDD and CWD indices, and the correlation of the
PDO with Rx1 and Rx5 indices. This grouping is structured to address humidity conditions in

Mexico in the first group and precipitation extremes in the second.

Spring Correlation Patterns of PDO with CDD and CWD Indices. The correlation between
PDO and the CDD-Obs-s index (top left panel in Figure 5.9A), displays the most negative
correlation values in the northwest of Mexico, over the Sierra Madre Occidental. The
correlation values are in the range of -0.2 to -0.45, with scattered cores at -0.5 and show

statistical significance. As for the correlation between the PDO and CWD-Obs-s index (top
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left panel in Figure 5.9B), it coincides with the aforementioned, but with positive correlation
values. This suggests that the PDO may influence the moisture conditions in the northwest of

the country, which also possibly has a link with the orography.

The ERA-I and RCM simulation datasets identify the magnitude of the correlation values
between ERA-PDO and the CDD and CWD indices in northwestern Mexico. However, the
correlation between ERA-PDO and the indices CDD-ERA-I-s (top right panel in Figure 5.9A)
and CWD-ERA-I-s (top right panel in Figure 5.9B) is overestimated in magnitude, with respect
to observations, in the southeastern coast of the country. The correlation between ERA-PDO
and the indices CDD-CRCM5-0.22-s (left center panel in Figure 5.9A), CDD-CRCM5-0.44-s
(lower left panel in Figure 5.9A), CDD-RegCM4-7-0.25-s (lower right panel in Figure 5.9A),
CWD-CRCM5-0.22-s (left center panel in Figure 5.9B), CWD-CRCMS5-0.44-s (lower left
panel in Figure 5.9B), and CWD-RegCM4-7-0.25-s (lower right panel in Figure 5.9B) shows
an underestimation in magnitude in the most negative values. The correlation between ERA-
PDO and the indices CDD-RCA4-0.5-s (right center panel in Figure 5.9A) and CWD-RCA4-
0.5-s (right center panel in Figure 5.9B) shows an overestimation in the central part of the
country and an underestimation in the northeast, respectively. The results in Figure 5.6A did
show a distinctive pattern in the CDD values in the north-western part of the country, while

such a pattern was present but less clear in Figure 5.6B (CWD index).

Reproduction of Spring Correlation Patterns of PDO with RxI and Rx5 Indices. The spatial
pattern of correlation with statistical significance between the PDO and the Rx1-Obs-s index
(top left panel in Figure 5.9C) and Rx5-Obs-s index (top left panel in Figure 5.9D), displays
the highest values (0.15 to 0.45) in the northwest of Mexico, over the north of the Sierra Madre
Occidental, which again supports the relationship with moisture conditions. Maximum values
(0.45) are observed at the center of the northwest border of the country. In the center northern
Mexico there are also correlation values above 0.25. The southern part of the country presents
small localized cores with negative correlation values of up to -0.35. This suggests that, despite
the PDO's time window spanning decades, it does impact precipitation extremes during spring

in the northwest of Mexico.
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All the other datasets are able to detect the highest values in northwestern Mexico, although
with underestimations. The correlation between ERA-PDO and the indices Rx1-ERA-I-s (top
right panel in of Figure 5.9C) and Rx5-ERA-I-s (top right panel in Figure 5.9D) shows less
details in the spatial pattern, which is likely related with its coarser resolution. The correlation
between ERA-PDO and the indices Rx1-CRCM5-0.22-s (center left panel in Figure 5.9C),
Rx1-CRCMS5-0.44-s (lower left panel in Figure 5.9C), Rx5-CRCM5-0.22-s (center left panel
in Figure 5.9D), and Rx5-CRCM5-0.44-s (lower left panel in 5.9D), present more negative
values in the south and an in the center of Mexico. The correlation between ERA-PDO and the
indices Rx1-RegCM4-0.25-s (lower right panel in Figure 5.9C) and Rx5-RegCM4-0.25-s
(lower right panel in Figure 5.9D) presents an overestimation in the northern Baja California
peninsula, as well as stronger negative correlation in the northeast of the country. The
correlations between ERA-PDO and the indices Rx1-RCA4-0.5-s (center right panel in Figure
5.9C) and Rx5-RCA4-0.5-s (center right panel in Figure 5.9D) show close to no correlation
(between -0.15 and 0.15) in most of the country. The results in Figure 6C and 6D (Rx1 and
Rx5 indices, respectively) suggested a modestly distinctive pattern in the north-west area of

Mexico.
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Figure 5.9 Spring correlation reproduction between de PDO teleconnection index and
Climate Extreme Indices (CDD, CWD, Rx1 and Rx5). The teleconnection index was
calculated by HadISST as observations and ERA-Interim. The Climate Extreme Indices were
calculated by Livneh data set for observations, reanalysis (ERA-I) and RCM’s simulations
(CRCMS5-0.22, CRCM5-0.44, RCA4-0.5 and RegCM4-7-0.25). Section A refers to PDO and
CDD index correlation, section B refers to the PDO and CWD index correlation, section C
refers to the PDO and Rx1 index correlation and section D refers to the PDO and Rx5 index
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Reproduction of Winter Correlation Patterns of PDO with CDD and CWD Indices. The winter
correlation between PDO and CDD-Obs-w (top left panel in Figure 5.10A) shows the strongest
(negative) values in the western and central northern regions of Mexico with statistical
significance. These observed values range from -0.25 to -0.50, and encompass the Sierra Madre
Occidental Mountain range. Smaller and scattered cores, especially in the south and southeast
coast (Sierra Madre de Chiapas), show positive correlation with values up to 0.40. A very
similar spatial correlation pattern is seen between PDO and CWD-Obs-w, but this time with
the opposite sign. As in the case of spring, this suggests an influence of PDO on moisture
conditions in the northwest of the country, which also possibly has a link with the orography.
One difference, though, pertains to a large northern area, in the case of winter, where weak (-

0.15-0.15) correlations are found.

The correlations between ERA-PDO and CDD-ERA-I-w (top right panel in Figure 5.10A) and
between ERA-PDO and CWD-ERA-I-w (top right panel in Figure 5.10B) show an
overestimation of the spatial spread of the strongest values, with respect to observations. The
respective positive and negative correlation values form the observations in the south and in
the Yucatan peninsula are also not reproduced. The correlation of ERA-PDO with CDD-
CRCM5-0.22-w (center left panel in Figure 5.10A) and CDD-CRCMS5-0.44-w (lower left
panel in Figure 5.10A), as well as with CWD-CRCM5-0.22-w (center left panel in Figure
5.10B) and CWD-CRCM5-0.44-w (lower left panel in Figure 5.10B) presents an
underestimation in magnitude in the north-western part of the country. The extent of the more
strongly correlated areas is also smaller with respect to observations, although the small cores
with opposite correlation signs are reproduced. The correlation of ERA-PDO with the CDD-
RCA4-0.5-w (center right panel in Figure 5.10A) and CWD-RCA4-0.5-w (center right panel
in Figure 5.10B) shows a lack of accuracy in the spatial pattern with respect to observations,
with the highest values not coinciding to same the region of the country. The correlation
between ERA-PDO and CDD-RegCM4-7-0.25-w (lower right panel in Figure 5.10A), and
CWD-RegCM4-7-0.25-w (lower right panel in Figure 5.10B), completely misses the spatial

pattern seen in the observations, with weak values throughout almost the entire country.
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In central northern Mexico, the regions that had shorter wet spell duration and longer dry spell
duration in Figures 5.5A and 5.5B are to some extent noticeable in the strongest correlations.
However, these correlation values are negative for the CDD index and positive for the CWD
index, which suggests that the PDO in winter contributes to an longer dry spells and hence
shorter wet spells. This behavior is detected by CDD-ERA-I-w, CWD-ERA-I-w, CDD-
CRCMS5-0.22-w, CWD-CRCMS5-0.22-w CDD-CRCM5-0.44-w, and CWD-CRCMS5-0.44-w.

Reproduction of Winter Correlation Pattern between PDO and RxI and Rx5 Indices. The
correlation between PDO and Rx1-Obs-w (top left panel in Figure 5.10C) and Rx5-Obs-w (top
left panel in Figure 5.10D), with statistical significance, shows the strongest (positive) values,
ranging from 0.35 to 0.45, in the central west coast and central north of Mexico. Negative
correlation values are also found in the southeastern coast of the country, with values reaching
up to -0.5. This indicates that, for these regions, the PDO influences the magnitude of
maximum precipitation, not only over a single day but also in five consecutive days, which
aligns with what is described by Brito-Castillo et al. (2002) about stability between the

precipitation and the oceanic conditions under PDO conditions.

The five other datasets show an underestimation of correlation magnitude for this season
compared to the observations. Specifically, the correlation between ERA-PDO and Rx1-ERA-
I-w (top right panel in Figure 5.10C) and Rx5-ERA-I-w (top right panel in Figure 5.10D)
underestimate the maximum values. The correlation between ERA-PDO and Rx1-CRCM5-
0.22-w (middle left panel in Figure 5.10C), Rx1-CRCM5-0.44-w (lower left panel in Figure
5.10C), Rx5-CRCM5-0.22-w (middle left panel in Figure 5.10D), and Rx5-CRCM5-0.44-w
(lower left panel in Figure 5.10D) is underestimated, in magnitude, in the center of the country,
and shows stronger negative values in the south. The correlations between ERA-PDO and Rx1-
RCA-0.5-w (middle right panel in Figure 5.10C) and Rx5-RCA-0.5-w (middle right panel in
Figure 5.10D) do not capture the spatial pattern described by the observations, nor do the
correlations between ERA-PDO and Rx1-RegCM4-7-0.25-w (lower right panel in Figure
5.10C) and Rx5-RegCM4-7-0.25-w (lower right panel in Figure 5.10D). In the latter cases, the



158

spatial variability is very low with respect to observations, and most of the country shows weak

correlation values, between -0.15 and 0.15.
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Figure 5.10 Winter correlation reproduction between de PDO teleconnection index and
Climate Extreme Indices (CDD, CWD, Rx1 and Rx5). The PDO teleconnection index were
calculated by HadISST as observations and ERA-Interim (ERA- PDO). The Climate Extreme
Indices were calculated by Livneh data set for observations, reanalysis (ERA-I) and RCM’s
simulations (CRCM5-0.22, CRCM5-0.44, RCA4-ERA-Inteirm-0.5 and RegCM4-7-0.25).
Section A refers to PDO and CDD index correlation, section B refers to the PDO and CWD
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index correlation, section C refers to the PDO and Rx1 index correlation and section D refers
to the PDO and Rx5 index

5.5 Discussion

5.5.1 PDO and Precipitation Representation

The calculation of the correlation between the time series of the PDO generated using the ERA -
I data and the PDO generated from the observations is 0.98, which aligns with findings related
to SST by Luo et al. (2020). This suggests that ERA-Interim is capable of reproducing the
PDO. Additionally, the maximum difference value between these two time series is only

0.67°C around the year 2002.

The monthly accumulated precipitation results indicate that ERA-I and the four RCM
simulations are well correlated with the observations, with ERA-I showing the highest value
of 0.98. The simulations tend to overestimate the precipitation, particularly in the cases of
RCA4-0.5 and RegCM4-7-0.25. Such findings coincide with those from Cavazos et al. (2019)
and Ashfaq et al. (2021). The monthly accumulated precipitation results also vary on a seasonal
basis, with the most important differences between the observations and the two
aforementioned simulations occurring during summer (see Figure 5.4). This is a wet season in
Mexico and this is where the RCA4 and RegCM4-7 simulations show the highest

overestimation in precipitation throughout the year.

5.5.2 Reproduction of Climate Extreme Indices

ERA-I manages to capture the spatial patterns seen in the observations but with differences
that can most likely be attributed to the coarser ERA-I spatial resolution. The simulations
perform fairly well in general, with a more clearly defined spatial pattern in the mountainous
areas of Mexico. We hypothesize that RCMs have an advantage over possibly missing
observations in accurately representing precipitation in mountainous regions, although we
cannot determine the extent of this advantage. This capability also depends on the spatial

resolution of the RCMs and their simulation settings, including the parameterizations of
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atmospheric processes and the methods used to transfer information from ERA-I — the global
dataset driving the four simulations — to the RCMs at their boundaries (e.g., whether or not

spectral nudging is employed; Schubert-Frisius, 2017).

Amongst the four studied RCM simulations, the ones that generally performed best at
reproducing the observed climate extreme indices on a seasonal basis are the CRCM5-0.22
and CRCMS5-0.44 simulations, according to the statistical significance testing as well as
correlation magnitude and the spatial extent of the correlation. The RegCM-4-7-0.25
simulation was the one showing the most difficulty in reproducing the observed indices spatial
patterns over Mexico. However, all simulations did at least show some good performances in

specific seasons and in specific areas of the country (Cavazos et al., 2020, Mendez et al., 2010).

5.5.3 Reproduction of Seasonal Correlation between PDO and Climate Extreme

Indices.

Since there is not a defined spatial pattern of correlation between PDO and Climate Extreme
Indices in summer and fall (see supplementary material), this study focused the winter and

spring seasons.

Spring. In spring, the correlation between the observations between PDO and climate extreme
indices exhibits a clear spatial pattern with stronger values towards the northwest of Mexico.
The correlation, in spring, between ERA-PDO and the RCM simulations-computed indices
(CDD, CWD, Rxl1, and Rx5) does show the observed increase towards the northwest of
Mexico but with different levels of underestimation in magnitude. The most notable
underestimation is between ERA-PDO and Rx1-RCA4-0.5 and Rx5-RCA4-0.5 indices in
spring (Diro et al., 2012; Giorgi et al., 2012).

Winter. In winter, there is a spatial pattern of correlation between PDO and the climate extreme
indices in the west-central part of Mexico as described by the observations (top left panels in

Figure 10A, 10B, 10C and 10D). This pattern is identified in the cases of the ERA-PDO-ERA-
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I and ERA-PDO-CRCMS simulations correlations. The correlations between ERA-PDO and
the RegCM4-7 indices fail at reproducing any of the observed correlations, while in the case
of the RCA4 simulation the spatial patterns are different than what is exhibited by the
observations. The spread of the area, in the case of the ERA-I dataset, is generally
overestimated. In the case of the two CRCMS5 simulations, the magnitude of the correlation

described by the observations tends to be underestimated (Prein et al., 2015).

554 Positioning of the present study with respect to existing literature

This study contributes to analyzing whether the simulations are sensitive to oceanic conditions
around the world. Diasso et al. (2015) mention that different drought modes, calculated using
the Standardized Precipitation Evapotranspiration Index (SPEI), in West Africa, are related to
SST anomalies. These modes are only reproduced by two RCM simulations from CORDEX.
Hernandez-Garcia et al. (2024, under revision) found that certain RCMs driven by ERA-
Interim are able to detect the influence of ENSO on climate extreme indices. Cavazos et al.
(2020) mention that three CORDEX RCM simulations (PRECIS-HadRM3P, RCA4, and
RegCM4) are capable of emulating, especially in winter, precipitation trends in northwestern
Mexico, which are correlated with the Atlantic Multidecadal Oscillation and ENSO. On the
other hand, Jiang et al. (2013) observed that the precipitation time series simulated with
GCM/RCM do not align with ENSO and PDO. This highlights the ongoing need for studies
that further explore simulations and their characteristics related to teleconnection indices in

different regions of the world.

5.5.5 Main limitations

In the development of this research, it was found that the diversity in resolutions among the
RCM simulations leads to differences in the representation of precipitation and the indices that
aim to characterize it (e.g., climate extreme indices). Additionally, the driving dataset for the
RCM simulations (ERA-Interim in this case) contribute to, but do not determine, the ability of

the RCMs to reproduce precipitation features. The use of RCM simulations provides valuable
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insights into historical simulations and enhances the credibility of future projections, aiding

decision-makers in managing climate extremes. Nevertheless, several limitations must be

acknowledged:

1.

Models Structure and Representation: Differences in the internal structure and
parameterization schemes of the RCMs used in this study—CRCMS5-0.22, CRCMS5-
0.44, RCA4-0.5, and RegCM4-7-0.25—introduce variability in their ability to
represent PDO-related signals. Variations in how physical processes like convection,
land-atmosphere interactions, and orographic influences are modeled can impact the
accuracy of simulated CEls, especially in regions with complex topography (Laprise,

2008; Giorgi et al., 2019).

Bias Correction: This analysis evaluates RCM simulations directly without applying
bias correction. While this approach allows for an unaltered assessment of the models'
raw performance, it may leave some systematic errors unaddressed, which may
influence the interpretation of extreme precipitation magnitudes and other CEIs in

applied contexts (Maraun et al., 2017; Ehret et al., 2012).

Data Availability and Model Updates: The RCM simulations employed in this study
were selected based on their availability at the time of research. These simulations may
not reflect recent advancements in model physics and parameterizations. Similarly,
ERA-Interim, the driving dataset for the simulations, has been superseeded by ERAS,
a more advanced reanalysis product. Future studies should incorporate simulations
driven by ERAS to leverage improved accuracy in boundary conditions (Hersbach et

al., 2020).

Temporal Coverage: The study period of 1980-2012 may not capture the full range of
PDO variability, particularly its longer-term decadal phases and rare extreme events.
Extending the temporal window could yield more robust statistical assessments and

offer a deeper understanding of PDO's influence on CEls (Simmons et al., 2010).
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5. Observed Data Limitations: Observed datasets used for model evaluation were derived
from gridded and interpolated sources. While comprehensive, these datasets may
smooth or underrepresent extreme precipitation events, making it challenging to
evaluate the RCMs' ability to reproduce localized and high-intensity events accurately

(Livneh et al., 2015; Westra et al., 2014).

6. Spatial Resolution Constraints: The RCM resolutions employed in this study range
from 0.22° to 0.5°, which may be insufficient to resolve fine-scale convective processes
that drive extreme precipitation. This limitation particularly affects the representation
of indices such as Rx1 and Rx5. High-resolution and convection-permitting models are
recommended for future studies to enhance the fidelity of simulated extreme events

(Ban et al., 2021).

These limitations underscore the need for further research that incorporates higher-resolution
simulations, advanced reanalysis products, and more comprehensive observed datasets. Future
studies should also explore additional climate indices and their teleconnection patterns to

improve our understanding of CEI variability and its drivers in Mexico.

When using climate extreme indices instead of precipitation, some characteristics of extreme
behavior related to teleconnection indicess are lost. On the other hand, conducting a
spatiotemporal covariability analysis would help understand whether these variables exhibit a
coupled behavior. And finally, there is still a need to develop climatological studies that
contribute to the understanding of the influence of TIs on precipitation patterns and moisture

conditions.

5.6 Conclusion

The main objective of this article is to investigate the capacity of four ERA-I-driven

simulations (CRCM5-0.22, CRCM5-0.44, RCA4-0.5, and RegCM4-7-0.25) to replicate the
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grid-cell-to-grid-cell correlation described by the observations between PDO and climate
extreme indices from the ETCCDI in Mexico, in the time period of 1980 — 2012. The indices
were selected to describe the wet (CWD) and dry (CDD) conditions of Mexico, as well as the

maximum precipitation in one day (Rx1) and sustained over five days (Rx5).

Correlations were computed (1) between HadISST-computed PDO and Livneh et al. (2015)
derived indices (observations); (2) between ERA-I-computed PDO and ERA-I derived indices;
and (3) between ERA-I-computed PDO and the four RCM simulations derived indices. Spatial
correlation patterns were found during the two driest seasons in Mexico, winter and spring,
and mainly relate to moisture conditions in the north-west part of the country (spring) and in
the northern central part of the country (winter). Given the location of the Sierra Madre
Occidental Mountain range, the spring moisture conditions could also be associated with
orography. The ERA-I dataset as well as the two CRCMS simulations generally perform best
at reproducing the observed correlations. Similar results were also found in a previous study
that looked at the correlations between ENSO and the same climate extreme indices
(Hernandez-Garcia et al., 2024, under review). Those results align well with the findings from
the present study and from Hernandez-Garcia et al. (2024) that: (1) ERA-I-computed PDO is
in close agreement with the HadISST observations-computed PDO which reinforces the
reliability of ERA-Interim in representing large-scale oceanic processes; (2) ERA-I and the
two CRCMS simulations can represent fairly well the observed monthly accumulated
precipitation amount, in terms of correlation and empirical distributions, as well as the spatial
patterns (considering spatial extent and magnitude) of the mean climate extreme indices over
the Mexican domain on a seasonal basis. However, biases related to RCM spatial resolution
and parameterizations persist, particularly in regions of complex topography and for extreme

precipitation indices (Rx1 and Rx5).

The understanding of the relationship between SST anomaly oscillations and dry and humid in
Mexico suggests further analysis of the oceanic context and the continental response related to
it. The development of knowledge around RCM simulations allows for an improved historical

description and, consequently, better projections from the models. This provides decision-
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makers with an information that can contribute to dealing with extreme situations. In future
studies, it should be considered to use climate extreme indices to understand moisture
conditions and extremes in RCM projections. This can also be related to the outputs of earth

system models, and the coupled ocean-atmosphere behavior should be investigated.
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CHAPTER 6

GENERAL DISCUSSION

This section will be organized into three parts. The first part will focus on the analysis of the
representation of SST and the teleconnection indices (ENSO and PDO) using data from ERA-
Interim. The second part will address the analysis of the representation of precipitation, SPI,
and CEIs using data from both ERA-Interim and RCM simulations. The final part will evaluate
the representation of the spatial pattern of the temporal correlation between the teleconnection

indices and the SPI and CEls.

6.1 Sea surface temperature and Oscillation Indices

The spatial representation of sea surface temperature in the northern Pacific Ocean basin, using
upscaled ERA-Interim data, shows the greatest spatial bias near the coasts and towards the
poles, as indicated by the RMSE and MAE error maps in Figure 3.4. In contrast, the lowest
bias is found in the central northern Pacific basin for MAE, while RMSE detects the lowest
bias only in certain delineated areas. It is important to mention that these biases may be mainly
related to two sources: the first concerning the underestimation of the submarine topography
present in the reanalysis data (Luo et al., 2020), and the second related to the difference in
resolution. This behavior aligns with what was described by Luo et al. (2020) but in the Atlantic

Ocean.

The adjustment of the temporal pattern representation of SST, using ERA-Interim data, as
shown in Figure 3.3, indicates that despite observing an underestimation of the maximum and
minimum values, the change in direction and the intersection throughout the detrended SST
mean is accurately detected. Additionally, the correlation is 0.97, and the bias value remains

consistently below 0.5°C.
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6.1.1 ENSO

The spatial representation of ENSO using upscaled ERA-Interim data aligns well with what is
described by the observations, with a slight overestimation in the positive spatial variability
and the intensity of the index. The difference in the spatial variability captured by the leading
EOF of the ENSO spatial pattern between the observations and ERA-Interim is only 4%.
Specifically, while HadISST shows 64%, ERA-Interim shows 60%. The temporal pattern of
ERA-ENSO compared to the observations matches the phase movements of the index with a

correlation of 0.99 (O’Reilly, 2018).

6.1.2 PDO

The spatial pattern of PDO calculated using ERA-Interim data successfully emulates all the
characteristics shown by HadISST. Deser et al. (2010) indicate that more than 50 years are
required to obtain a representation of the PDO, but this study only considered 33 years (1980
to 2012). However, regarding the spatial variability captured by both HadISST and ERA-
Interim data when computing PDO, it is 21%.

The time series calculation of PDO using ERA-Interim data shows a good fit with the
observations, which aligns with previous descriptions (Luo et al., 2020). Similarly, the
correlation between the PDO time series calculated from each dataset has a value of 0.98, with

a maximum bias of 0.68°C.

6.2 Precipitation and indices

All data from the RCM simulations overestimate the spatial representation of the average
monthly accumulated precipitation. The simulations RCA4-ERA-Interim-0.5 and RegCM4-7-
ERA-Interim-0.25 show the least adjustment in spatial variability. However, the remaining
simulations and ERA-Interim, despite showing better spatial adjustment, exhibit a strong

influence from the Sierra Madre mountain ranges, as is suggest by Colorado-Ruiz et al. (2020).
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Overall, all simulations are strongly influenced by the Mexican mountain systems, leading to
an overestimation in these regions. This suggests that the simulated convective processes and
moisture advection are affecting the precipitation calculations. Additionally, as mentioned
previously, differences in resolutions might influence the results, as some authors note positive
biases in the mountainous areas of the RCA4-ER A-Interim-0.5 and RegCM4-7-ERA-Interim-
0.25 simulations (Ashfaq et al., 2021; Cavazos et al., 2019).

Regarding the Temporal Representation of Precipitation, the ERA-Interim data exhibit the
highest correlation with observations (0.98), while among the simulations, CRCMS5-ERA-
Interim-0.44 retains the highest value (0.92). However, the other simulations are not far from
this correlation value, with all generally around 0.9. All simulation data overestimate the
intensity of precipitation for the period considered in this study. This overestimation persists
in the seasonal analysis, with RCA4-ERA-Interim-0.5 and RegCM4-7-ERA-Interim-0.25
showing the greatest overestimation in spring and summer, this also was mention by Colorado-
Ruiz et al. (2020) for RegCM4-7-ERA-Interim-0.44. In winter and autumn, the overestimation
is mitigated by the characteristic atmospheric behavior of these seasons, leading to a smoothing
of the overestimation. This suggests that the phenomena associated with precipitation in spring
and summer might be related to the orographic forcing response for the simulations with the
highest overestimation (Ashfaq et al., 2021; Cavazos et al., 2019). It is important to mention
that Livneh et al. (2015) data are derived from interpolation, which might smooth extremes
and areas with limited or difficult-to-access measurements. All the overestimations may be
influenced by ERA-Interim, as was mention for Barella-Ortiz et al. (2019), but for Spain and

a different simulation forced by ERA-Interim.

6.2.1 SPI

In the time intervals defined for each index, SPI124 (from 1991 to 1994 and from 2009 to 2012)
and SPI60 (from 1985 to 1998 and from 1999 to 2012), both ERA-Interim and the simulations
aligned with the observations in detecting the dry (wet) north and the wet (dry) south in each
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case. However, they encountered issues in determining the spatial variability and intensity of

the index.

The adjustment of reanalysis and simulation data in representing SP124 and SP160 shows some
agreement in the temporal behavior of these indices. Throughout most of the time interval
considered in this thesis (1980 to 2012), they are able to detect the shift from wet to dry
conditions. However, there is a generalized underestimation of the highest and lowest values.
It is worth mentioning that, for aggregated data across all of Mexico, the RegCM4-7-ERA-
Interim-0.25 simulation showed the closest adjustment during most of the temporal behavior

of these indices.

6.2.2 Climate Extreme Indices

The spatial representation of the average Climate Extreme Indices (CEI) from the simulations,
successfully identifies the spatial gradient described by the observations, which coincides with
the precipitation analysis of Alvarez-Olguin (2017) and Arriaga-Ramirez et al. (2012), where
the south 1s wetter than the north. However, simulations from CRCMS5 generally show the
highest adjustment for each index. Additionally, the RCA4-ERA-Interim-0.5 simulation
exhibits the lowest adjustment for the CDD and CWD indices. It is worth noting that this
finding aligns with the results reported by Kim et al. (2020), although there are some contrasts
in the northwest of Mexico. However, it should be considered that the time periods and

observational data used are different.

Regarding the seasonal representation of the Climate Extreme Indices (CEI), it can be observed
that the RegCM4-7-ER A-Interim-0.25 simulation does not represent seasonal behavior as well
as its counterparts, showing the lowest adjustment compared to what is described by the
observations in each season. Once again, simulations from CRCMS5 represent the CEI more
accurately on a seasonal basis. However, specifically for the CDD index in winter, the RCA4-
ERA-Interim-0.5 simulation shows a better approximation. It is worth noting that the

correlation in the temporal representation of precipitation indicates that the CRCMS
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simulations have the best adjustment. This suggests that the correlation in the monthly average
between observations and simulations may provide insight into the quality of the spatial

representation of the indices over a defined time period.

6.3 Climate oscillations and precipitation indices correlation

This section discusses the representation of the spatial pattern of temporal correlation between
the Climate Extreme Indices (CEI) and the Teleconnection Indices (TI). The ability of both
simulations and ERA-Interim data to reproduce this representation is evaluated, not only in
terms of how correlated they are but also whether they accurately depict the spatial pattern as
observed in reality. This evaluation will be conducted for both the complete time interval and

seasonal periods.

6.3.1 Climate oscillations and SPI correlation

When analyzing the representation of the correlation between the Teleconnection Indices
(calculated with ERA-Interim) and SPI24 and SPI60 (calculated with ERA-Interim and the
simulations), it is observed that these data are capable of emulating the relationship between
wet and dry conditions in Mexico and the Teleconnection Indices, mentioned also by Mendez
& Magaiia (2010). However, inconsistencies with observations are noted. As mentioned by
Méndez & Magana (2010), the contrast in humidity between northern and southern Mexico in
correlation with the Teleconnection Indices, as observed, is emulated by the simulations in
detecting this contrast, as demonstrated in this thesis. Nevertheless, despite differences in time

windows, the PDO showed a higher correlation with both SPI124 and SPI60.

6.3.2 Climate Oscillations and climate extreme indices correlation

Regarding the correlation between the CEI and ENSO for the study period (1980 to 2012),
simulations from CRCMS5 demonstrate a better fit in representing the relationship between the

CDD and CWD indices. However, concerning the correlation of ENSO with the Rx1 and Rx5
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indices, none of the simulations clearly emulated the observations, neither in spatial variability
nor in intensity. Additionally, the correlation between PDO and CEI does not show any defined

pattern when considering the entire study period.

Regarding the seasonal analysis, although studies show that the correlation between ENSO and
precipitation patterns primarily occurs in summer and winter (Bravo-Cabrera et al., 2017;
Pavia et al., 2006; Vega-Camarena et al., 2023), this thesis found that spring and autumn also
exhibit correlation with the teleconnection indices. Specifically, in spring, the CEI calculated
from simulations provided by CRCMS better emulate the observations in terms of correlation
with ENSO for the CDD and CWD indices. However, there is an overestimation in both spatial
variability and intensity. None of the simulations can accurately reproduce the observations
regarding the correlation between ENSO and the Rx1 and Rx5 indices. In winter, despite the
overestimation, the CEI calculated from CRCMS simulations show a better fit in representing

the correlation with ENSO calculated from ERA-Interim.

In spring, the representation of the correlation between the PDO, calculated with ERA-Interim,
and the CEI, calculated with ERA-Interim and the simulations, indicates that all datasets
manage to emulate the correlation pattern observed. However, the RCA4-ERA-Interim-0.5
simulation exhibits a notable underestimation, specifically in the correlation between the RX1
and RxS5 indices and the PDO calculated with ERA-Interim. In winter, the correlation between
the CEI calculated with the RegCM4-7-ERA-Interim simulation fails to reproduce the
observations. Conversely, the correlation shown between the reanalysis data demonstrates
overestimation, while the correlation with the CEI calculated from simulations underestimates

the intensity of this correlation.

6.4 Main Limitations

While this thesis provides valuable insights into the relationship between teleconnection

indices (ENSO and PDO) and climate extreme indices (CEls), along with the ability of ERA-
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Interim-driven RCM simulations to reproduce these relationships, several limitations must be

acknowledged, which will be addressed in the next subsections.

6.4.1 Model Structure and Representation

Variations in the internal structure and parameterization schemes of the RCMs used in this
study—CRCMS5-ERA-Interim-0.22, CRCMS5-ERA-Interim -0.44, RCA4-ERA-Interim -0.5,
and RegCM4-ERA-Interim -7-0.25—introduce differences in their ability to replicate
teleconnection-related signals. Disparities in how physical processes, such as convection, land-
atmosphere interactions, and orographic effects, are modeled can significantly influence the
accuracy of simulated CEls, particularly in regions with complex topography (Laprise, 2008;
Giorgi et al., 2016).

6.4.2 Bias Correction

The analysis was conducted on raw RCM outputs without applying bias correction, allowing
for a direct evaluation of the models’ inherent skill. However, this approach may leave
systematic errors unaddressed, potentially affecting the interpretation of extreme precipitation
magnitudes and their associated indices in applied contexts (Maraun et al., 2017; Ehret et al.,

2012).

6.4.3 Data Availability and Model Updates

The RCM simulations were selected based on their availability at the time of the research, and
they may not reflect the latest advancements in model physics and parameterizations.
Furthermore, ERA-Interim, the dataset driving these simulations, has since been superseded
by ERAS5, a more advanced reanalysis product with higher temporal and spatial resolution
(Hersbach et al., 2020). Incorporating ERA5-driven simulations could enhance future analyses.

Nevertheless there are not yet simulations driven by ERAS in Mexican domain.
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6.4.4 Temporal Coverage:

The study period of 1980-2012 may not encompass the full range of ENSO and PDO
variability, including longer-term decadal oscillations and rare extreme events. Extending the
temporal range could improve statistical reliability and offer deeper insights into

teleconnection influences on CEls (Simmons et al., 2010).

6.4.5 Observational Data Limitations

The observed precipitation dataset used for comparison was derived from a gridded
interpolated source. While comprehensive, this dataset may smooth or underrepresent extreme
precipitation events, complicating the evaluation of RCMs' ability to replicate localized and

high-intensity phenomena accurately (Livneh et al., 2015; Westra et al., 2014).

6.4.6 Spatial Resolution Constraints

The spatial resolutions of the RCMs (0.22° and 0.44°) may not adequately resolve convective
processes critical for extreme precipitation events, particularly those captured by the Rx1 and
Rx5 indices. High-resolution and convection-permitting models are recommended for future
studies to better capture localized phenomena and improve the representation of extreme

precipitation events (Ban et al., 2015; Prein et al., 2017).

6.4.7 Limitations of the SPI Indices:

While the use of SPI24 and SPI60 indices provides valuable insights into wet and dry
conditions over different temporal scales, these indices rely solely on precipitation data and do
not account for other variables influencing dry and wet conditions, such as temperature,
evapotranspiration, and soil moisture. Indices such as the Standardized Precipitation
Evapotranspiration Index (SPEI), which incorporates evapotranspiration data, or the Palmer

Drought Severity Index (PDSI), which accounts for soil moisture balance, could offer a more
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comprehensive assessment of dry and wet conditions (Vicente-Serrano et al., 2010; Palmer,
1965). Additionally, combining CEls with indices like the Effective Drought Index (EDI) or
the Aridity Index could help explore the broader impacts of teleconnections on water

availability and climatic extremes (Byun et, al., 1999; Dai, 2011).

6.4.8 Covariability Analysis

While this study investigates correlations between teleconnection indices and CEls, it does not
fully explore the spatial and temporal covariability of these variables. A spatiotemporal
covariability analysis could provide deeper insights into the coupled behavior of

teleconnections and precipitation extremes (Kumar, et al., 2013).

These limitations underscore the need for continued research leveraging advanced models,
extended datasets, and additional indices to further understand the teleconnection-CEI
relationships in Mexico. Such efforts will help enhance climate projections and improve

decision-making in managing climate extremes.






CONCLUSION

Efforts to understand both climate variability and the mechanisms associated with precipitation
extremes (droughts and heavy rainfall) have been made globally, including documenting,
describing, and projecting their impacts on society and nature. These worldwide efforts have
been captured by the WMO and the specialized reports from IPCC, which address not only the
physical mechanisms associated with precipitation patterns but also the substantial losses
incurred (IPCC, 2007a, 2012, 2014, 2022; WMO, 2019). This thesis focuses on evaluating
Regional Climate Models (RCMs) as tools for reproducing the linkage between Climate
Oscillations (ENSO and PDO) and precipitation patterns through SPI and CEI. Specifically, it
aims to (1) Study the ability of RCM simulations to reproduce the observed link between SPI
wet and dry conditions and ENSO and PDO; (2)  Assess the reproduction of the observed
correlation between ENSO and CEI in Mexico with RCM simulations and (3) Evaluate the
reproduction of the observed correlation between PDO and CEI in Mexico with RCM
simulations. Additionally, since most of the reviewed studies use simulations to represent CEI
or examine the response of different variables to TI, this project seeks to contribute knowledge
regarding the applications and limitations of simulations. Specifically, it aims to assess the
differences in the responses of various RCMs forced with ERA-Interim data, as well as to
examine the reproduction of the influence of TIs on precipitation extremes and moisture

conditions.

In analyzing the performance of ERA-Interim in emulating the spatial and temporal patterns
of both SST and the teleconnection indices ENSO and PDO, it was found that despite RMSE
and MAE errors showing biases near continental coasts and towards the poles, ERA-Interim
satisfactorily represents the Teleconnection Indices both spatially and temporally, as well as in
the captured spatial variability. These indices were calculated for the time period defined in

this study (1980 to 2012).

The representation of precipitation shows the best fit for simulations from CRCMS5, which not
only exhibit a correlation of around 91% but also display the lowest temporal overestimation.

The highest overestimations, however, occur in summer and spring with the RCA4-ERA-
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Interim-0.5 and RegCM4-7-ERA-Interim-0.25 simulations. Regarding spatial representation,
the behavior of the simulations in the annual precipitation average suggests a strong influence
of topography in reproducing precipitation. Nevertheless, both ERA-Interim and the CRCMS5

simulations present the best spatial fit.

Despite the generalized underestimation across all datasets in representing the time series of
the SPI24 and SPI60 indices, they successfully identify the time intervals associated with wet
and dry thresholds. The RegCM4-7-ERA-Interim-0.25 simulation showed the best temporal
fit in representing these indices. However, despite the overestimation of spatial variability and
intensity, all simulations were able to detect the contrast between wet and dry conditions in the

north and south, and vice versa.

The reproduction of the Climate Extreme Indices (CEI) shows that the simulations are capable
of replicating the main spatial features over the study period. However, the simulations derived
from CRCMS provide more accurate information compared to observations. Regarding the
seasonal analysis of CEI representation, it was concluded that the simulations successfully
reproduce the general characteristics of the observations. However, in the seasonal
reproduction of the Rx1 and Rx5 indices, the CRCMS5 simulations exhibit significant
overestimation, while the other two simulations fail to clearly emulate the spatial features

described by the observations.

In terms of the correlation between the Teleconnection indices (calculated with ERA-Interim)
and SPI24 (calculated with the simulations), both the CRCMS5 simulations and the RegCM4-
7-ERA _Interim-0.25 simulation successfully identified the moisture conditions associated
with the positive phase of ENSO and PDO during the period from 1991 to 1994, though with
an underestimation of the correlation's intensity. The simulations identify the contrast between
positive and negative correlations in the south and north, respectively, with an underestimation
in the north and an overestimation in northwestern Mexico. Due to its resolution, the ERA-
Interim data exhibited the greatest overestimation of the negative correlation and the most

significant underestimation of the positive correlation among all datasets.
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This thesis not only aligns with the climatological characteristics presented by other authors
but also contributes and delves deeper into the climatological behavior of extremes and their
relationship with TIs. This makes this work a valuable reference not only for climate modeling
studies but also for climatology. Therefore, the main contribution of this thesis is not only to
examine the ability of simulations to represent the link between TIs and CEls, but also to verify
the climatic behavior of this connection and analyze the performance of the simulations at the
latitude of Mexico. Specifically, it aims to innovate by deepening the understanding of the
differences in the responses of various RCMs forced with ERA-Interim data, as well as to
examine the reproduction of the influence of TIs on precipitation extremes and moisture

conditions.






RECOMMENDATIONS

Research on the link between Oceanic Oscillations and precipitation patterns is still an
evolving field. However, the need to study this teleconnection through RCMs could provide
crucial insights into understanding the atmospheric response and interrelated variables. RCMs
are continuously being improved, increasing in precision and resolution for various
applications. In this document, one of the challenges was finding simulations from different

RCMs forced with the same data while maintaining the same resolution.

One of the limitations of this study is related to the varying responses of each model. Although
the models are generated under controlled conditions, they retain different resolutions.
Additionally, each model exhibits a different level of reliability in simulating each variable. In
the case of precipitation, the response of each model depends on the complexity of the

orography.

From a climatological perspective, there is a need to continue researching atmospheric
teleconnection processes to more clearly establish the associated mechanisms, both
theoretically and numerically. Additionally, it was found necessary to develop research that
represents precipitation patterns through various indices. Further investigation into the
relationship between teleconnection indices and not only precipitation patterns but also related
indices and extremes of this variable is recommended. Moreover, Mexico's unique geolocation
necessitates documenting the response of precipitation patterns to various teleconnection

indices, beyond those presented in this thesis.

Another limitation encountered when working with interpolated observational data is the
necessity of replicating this study using direct observation data, in order to assess the

overestimation or underestimation of the RCMs when emulating observations.

To further this research, it is recommended to apply methodologies aimed at explaining the

spatiotemporal relationship between teleconnection indices and various precipitation patterns,



182

as well as potentially other related variables. This approach seeks to contribute to the

understanding of the covariability between these two phenomena.
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