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“The creatures which can stand the ‘storm and stress’ of [...] changes which occur in the en-
vironment, by undergoing modification of [...] the structures which they get congenitally -

these creatures will live; while those which cannot, will not." Baldwin (1896).
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ABSTRACT

Thermal variability associated with climate change poses significant challenges to intertidal
species, demanding both phenotypic plasticity and local adaptation. This study investigates
the molecular bases of thermal resilience in Pomatoschistus microps, an intertidal fish distrib-
uted along the Portuguese coast. We hypothesized that populations from different latitudes
exhibit divergent coping mechanisms to seasonal warming, reflecting alternative strategies to
cope with environmental variability and thermal stress. Using RNA-seq, we compared the
transcriptomic profiles of three populations (Ria de Aveiro, Troia, and Ria Formosa) across
spring and summer following a de novo transcriptome assembly and R-based bioinformatics
analyses. Differential gene expression and pathway enrichment analyses were conducted to
identify molecular mechanisms underlying thermal adaptation and acclimation. Troia popu-
lations exhibit a highly dynamic, stress-preparatory strategy, characterized by frontloading of
stress-related genes, while Ria Formosa populations demonstrate basal stabilization via en-
hanced ribosomal and mitochondrial pathways. Ria de Aveiro seasonal variation reveals met-
abolic priming and summer profiles dominated by reproductive activation. These results
demonstrate that P. microps populations employ distinct molecular strategies to achieve resil-
ience, integrating local adaptation and phenotypic plasticity across spatial and temporal
scales. By linking transcriptomic responses to environmental context, this study advances un-
derstanding of mechanisms driving organismal survival under variable thermal regimes. The
findings have implications for biodiversity conservation, fisheries management, and aquacul-
ture, offering molecular insights to support strategies that enhance thermal tolerance and pop-

ulation persistence under climate change.

Keywords: Seasonal variation, Latitudinal Gradient, Transcriptomics, Intertidal, P. mi-

crops, Molecular mechanisms, Thermal acclimatization & adaptation
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RESUMO

A variabilidade térmica associada as alteracdes climaticas representa desafios significativos
para as espécies intertidais, exigindo simultaneamente plasticidade fenotipica e adaptagao lo-
cal. Este estudo investiga as bases moleculares da resiliéncia térmica em Pomatoschistus mi-
crops, um peixe intertidal distribuido ao longo da costa portuguesa. Hipotetizamos que popu-
lagdes de diferentes latitudes apresentam mecanismos distintos de resposta ao aquecimento
sazonal, refletindo estratégias alternativas para lidar com a variabilidade ambiental e o stress
térmico. Recorrendo a RNA-seq, comparamos os perfis transcritos de trés populacdes (Ria de
Aveiro, Troia e Ria Formosa) na primavera e no verao, ap6s a montagem de novo do transcri-
ptoma e analises bioinformaticas em R. Foram conduzidas andlises de expressao génica dife-
rencial e de enriquecimento de vias metabdlicas para identificar os mecanismos moleculares
subjacentes a adaptacdo e aclimatizagdo térmica. As populagdes de Troia evidenciaram uma
estratégia altamente dindmica e de preparagao para o stress, caracterizada por frontloading de
genes relacionados com respostas ao stress, enquanto as populacdes da Ria Formosa demons-
traram estabilizacao basal através do reforco de vias ribossémicas e mitocondriais. A variacdo
sazonal na Ria de Aveiro revelou uma preparacao metabdlica, com perfis de verao dominados
pela ativagdo reprodutiva. Estes resultados demonstram que as populagdes de P. microps em-
pregam estratégias moleculares distintas para alcangar resiliéncia, integrando adaptacao local
e plasticidade fenotipica em diferentes escalas espaciais e temporais. Ao relacionar respostas
transcriptdomicas com o contexto ambiental, este estudo contribui para a compreensao dos me-
canismos que sustentam a sobrevivéncia dos organismos sob regimes térmicos varidveis. Os
resultados tém implica¢Oes para a conservacdo da biodiversidade, a gestdao das pescas e a
aquacultura, oferecendo uma base molecular que podera apoiar estratégias destinadas a au-

mentar a tolerancia térmica e a persisténcia populacional perante as alteracdes climaticas.

Palavas chave: Variagao sazonal, Gradiente latitudinal, Transcriptomica, Intertidal, P. microps,

Mecanismos moleculares, Aclimatizagao & adaptacado térmica
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INTRODUCTION

1.1 Understanding Stress in Marine Organisms

The survival of marine organisms in the face of changes in oceanic conditions is intrinsically
dependent on their ability to adequately respond to stress. The concept of stress has been
widely debated over time and is defined as any threat to homeostasis, that is, the ability of an
organism to maintain a stable internal balance in the face of environmental variations (Molina
& Blasina, 2025). These threats, known as stressors, include biotic factors such as food availa-
bility, presence of predators, pathogen infections, and intraspecific interactions, as well as abi-
otic factors such as temperature, salinity fluctuations, hydrodynamic conditions (e.g., river
flow, tidal emersion and immersion cycles) and exposure to toxins (Schulte, 2014). Organisms
detect stressful environmental shifts through their sensory systems, hence triggering a stress
response (Molina & Blasina, 2025). This response can be understood as a set of physiological
modifications occurring at different levels of biological organization (cells, tissue, organ,
whole organism) (Schulte, 2014). Primary responses involve the activation of physiological
and biochemical systems, for instance through changes in hormone levels (e.g., cortisol and
catecholamines), whereas secondary responses involve the redistribution of energy toward
cellular defense and repair mechanisms, and immune activation (Islam et al., 2022). Lastly,
tertiary responses involve the adoption of behavioral changes (Islam et al., 2022; Molina &

Blasina, 2025).

1.2 Environmental Challenges Faced by Intertidal Species

Intertidal zones represent some of the most physiologically demanding habitats on Earth (Han
et al., 2019). Positioned at the interface between marine and terrestrial ecosystems, these zones

are defined as the area between the lowest low tide and the highest high tide (Leeuwis &



Gamperl, 2022). Organisms inhabiting this environment are subject to extreme and recurrent
fluctuations in temperature, pH, dissolved oxygen, salinity, and nutrient availability across
daily and seasonal timescales (Place et al., 2012). These environmental variations are primarily
driven by tidal cycles, freshwater inputs, wind stress, and thermal equilibrium, and their in-
tensity and frequency are further modulated by geomorphological differences between inter-
tidal and adjacent coastal environments (e.g., rocky shore, sandy/muddy shore and estuary)

(Leeuwis & Gamperl, 2022) Figure 1.1.

i' A Sandy/muddy shore

e , y y

< Thermal stress, diel hypoxia, salinity fluctuations, UV radiation >
< Desiccation, NH, accumulation >

< Wave action and ice disturbance > < H,S toxicity >

Figure 1.1 - The abiotic stressors encountered by animals depends on the type of high intertidal hab-
itat. Source: Leeuwis & Gamperl 2022.

Faced with such natural challenges, many intertidal species have evolved coping mech-
anisms that sustain life under fluctuating and (sometimes) extreme conditions (Leeuwis &
Gamperl, 2022). For example, the Japanese mudskipper (air-breathing, amphibious gobies of
the subfamily Oxudercinae) protects their eggs from extremely hypoxic water conditions, by
storing fresh air in an egg chamber. The burrow-guarding males transport mouthfuls of air
during each low tide, creating an oxygen-rich environment essential for embryonic develop-
ment (Ishimatsu & Graham, 2011). These kinds of evolutionary adaptations confer great eco-
logical importance on intertidal zones, establishing them as natural laboratories for several
interdisciplinary research (Nascimento et al., 2021; Rigal et al., 2008). Studying these organ-
isms provides critical insights into the mechanisms of stress tolerance and resilience. Such
knowledge is increasingly important for predicting and mitigating the effects of global climate

change on marine biodiversity and coastal ecosystems (Han et al., 2019; J. Wang et al., 2023).



1.3 Climate Change (Global stressor): A New Thermal Reality

The intensification of climate change is now amplifying natural environmental stressors, often
pushing species beyond their adaptive limits (Seebacher et al., 2014). Over the past century,
the global mean surface temperature has risen by approximately 1.1 °C, with projections sug-
gesting increases of 1.5 °C to 4.5 °C by the end of this century depending on emission scenarios
(Calvin et al., 2023). Moreover, warming profoundly alters both the chemistry and the physical
structure of the world’s oceans. It drives more frequent, intense, and prolonged marine heat-
waves (MHW), accelerates acidification and promotes widespread deoxygenation (Stillman &
Tagmount, 2009). These challenges, either alone or in combination, pose great threats to ma-

rine organisms and coastal ecosystems.

Populations living at the edge of their geographical distribution are particularly vul-
nerable, as they are traditionally assumed to exist close to their upper thermal tolerance limits,
with narrower thermal-safety margins than central populations. However, growing evidence
suggests that local adaptation and acclimatization can elevate tolerance thresholds in rear-
edge (i.e., low latitude and warm) populations, consequently, both rear-edge and central pop-
ulations may have similar thermal-safety margins and sensitivity to climate impacts. If popu-
lations do not have locally adapted thermal limits, responses to high temperatures among
populations are explained by absolute maximum temperature. By contrast, if populations
have locally adapted thermal limits, thermal-safety margins would remain similar throughout
a species range and we would expect responses to be better explained by stress anomalies,
rather than the absolute temperature (Bennett et al., 2015). Likewise, organisms inhibiting hab-
itats characterized by high natural variability, such as intertidal zones, face heightened vul-
nerability as climate change amplifies environmental stressors. In these areas, rapid tempera-
ture fluctuations have a considerable impact on animal’s stress susceptibility (Han et al., 2019;
Sasaki & Dam, 2019) particularly in ectothermic organisms whose metabolic rates and body
temperatures are dictated by ambient conditions, namely seawater-air temperature during im-

mersion and emersion periods, respectively (Elmer et al., 2025).

Evidence of climate-driven ecological change in the ocean is already widespread. Shifts
in phenology, alterations in metabolic function, oxidative stress responses, and changes in be-
havioural patterns have been documented across marine taxa (Gerlich et al., 2025; Logan &
Cox, 2020; Von Schmalensee et al., 2023). However, ocean warming is strongly heterogeneous

and exhibits a pronounced latitudinal gradient (Baptista et al., 2018), with polar regions



experiencing temperature increases four times greater than the global mean, while tropical
and temperate zones (harbouring most of the Earth’s biodiversity) undergo warming at a com-
paratively slower pace (Serreze & Barry, 2011; Vinagre et al., 2011). This uneven distribution
of heat in the ocean implies that ecological responses to climate change will also be spatially
heterogeneous (Han et al., 2019; Sasaki & Dam, 2019). Species or populations adapted to heat
and native to low-latitude regions are often predicted to be more vulnerable to climate change,
as they already experience temperatures near their upper thermal limits (Han et al., 2019; Sa-
saki & Dam, 2019). In contrast, species from higher latitudes, particularly those inhabiting ar-
eas with high seasonal variability such as temperate ones, may exhibit greater phenotypic
plasticity and thus possess a higher potential to cope with rising temperatures (Sasaki & Dam,
2019; Schaum et al., 2022). Recognizing these contrasts is essential for forecasting differential
vulnerabilities and for devising targeted conservation strategies that reflect each region’s

unique stress profile (Sasaki & Dam, 2019).

1.4 Stress, Phenotypic Plasticity and Evolution

Rapid and often unpredictable environmental changes challenge organismal survival (Moritz
& Agudo, 2013; Stollewerk et al., 2025). Predicting the coping mechanisms of marine species
under these conditions requires critical understanding of how they cope, through both phe-
notypic plasticity and genetic adaptation, which altogether shape their resilience (i.e., the ca-
pacity of a system to persist and recover following perturbations) to climate stressors (Syde-
man et al., 2015).

Phenotypic plasticity is the capacity of an organism to alter its phenotype in response to
environmental input without changes in its genotype (Mallard et al., 2020; Stollewerk et al.,
2025). Such plastic changes can alter morphology (e.g., body size and shape), physiology (e.g.,
stoichiometric homeostasis, metabolic and excretion rates, aerobic scope), and behaviour (e.g.,
habitat, diet selection, orientation) (Molina & Blasina, 2025; Stollewerk et al., 2025). This short-
term flexibility often acts as the first line of defense against environmental stress and is one of
the most important mechanisms by which organisms can respond to and survive environmen-
tal changes (i.e., acclimatization) (Clark et al., 2018; Sydeman et al., 2015). However, plasticity
is neither unlimited nor uniform, it varies across individuals, populations, and species, it can
itself evolve under selection, and its expression is constrained by underlying genetic architec-
ture, developmental modules, physiological limits, and ecological context (Stollewerk et al.,

2025). Such variation in plasticity arises from differences in genetic norms of reaction,



epigenetic regulation that can be transmitted across generations, ontogenesis and population
specific evolutionary histories (Adrian-Kalchhauser et al., 2020; Chevin et al., 2013; Stollewerk
et al., 2025).

Phenotypic plasticity can manifest in different ways, each with ecological and evolu-
tionary implications. It may be anticipatory, when organisms respond to an environmental
cue that predicts a future condition (e.g., subtle alterations in temperature and photoperiod
precede seasonal change). It can also be responsive, as a direct reaction to an environmental
stimulus, which may be active (via activation of specific molecular pathways) or passive (aris-
ing through environmental effects on e.g., the speed of biochemical and metabolic processes).
Plasticity can further be reversible, when adjustments are labile and can be undone within the
organism's lifetime, or irreversible, when changes remain fixed after a certain ontogenetic

stage, Figure 1.2 (Stollewerk et al., 2025).

Phenotypic plasticity & corresponding
traits (PP&T)

! !

Duration of response

Reversible PP&T Irreversible PP&T ’ v_, W

Response process

Active PP&T Passive PP&T ‘

\T

Timing of response

Anticipatory PP&T Responsive PP&T

Legend
lost novel
PP&T preserved ppgT

T

before after
warming warming

Figure 1.2 - Conceptual representation of the relationships among different forms of phenotypic
plasticity and their associated traits (PP&T), as well as potential shifts induced by climate warming.
Each rectangle depicts the diversity and quantitative expression of plastic traits prior to (blue, unfilled
areas) and following (orange, filled areas) exposure to warming. The total area of each rectangle reflects
the cumulative magnitude and number of expressed plastic traits. Arrows connecting the rectangles
indicate possible transitions between distinct types of plasticity. In this hypothetical scenario, climate
warming results in a net reduction in phenotypic plasticity, as a greater number of traits become non-
plastic or exhibit diminished expression (lost PP&T), relative to the emergence of novel plastic traits or
increased plasticity (novel PP&T). The proportion of traits that remain unaffected (preserved PP&T) is



not evenly distributed across plasticity types. For instance, anticipatory and irreversible plasticity are
more likely to be lost than gained, whereas responsive plasticity may show the opposite trend. Silhou-
ettes illustrate representative examples of plastic traits potentially influenced by climate warming: Left
(top to bottom): reversible plasticity (huddling behaviour in penguins), active plasticity (defensive mor-
phology in Daphnia), and anticipatory plasticity (hibernation in toads). Right (top to bottom): irreversi-
ble plasticity (seasonal pigmentation in butterflies), passive plasticity (degrowth in planarians under
resource limitation), and responsive plasticity (induced toxin release in plants following herbivory).
Source: Stollewerk et al., 2025.

Evolutionary adaptation is a longer-term process in which the genetic makeup of a pop-
ulation changes over one or more generations as a result of differential reproductive success
or survival among genotypes (DeBiasse & Kelly, 2016; Sydeman et al., 2015). This mechanism
becomes particularly critical under conditions of environmental stress, such as rising temper-
atures, and is more likely to occur in species characterized by short generation times and high
fecundity, which facilitate the rapid spread of advantageous genetic variants (Moritz &
Agudo, 2013; Sydeman et al., 2015). A specific manifestation of this process is local adaptation,
wherein genetically differentiated populations exhibit higher average fitness within their na-
tive environments compared to foreign ones (Porcelli et al., 2015). This form of adaptive re-
sponse is particularly prevalent in species with broad geographic distributions. In populations
characterized by sufficiently low gene flow, divergent selection pressures across distinct envi-

ronments can drive local adaptation (Porcelli et al., 2015).

The interaction between stress, plasticity, and evolution is a central theme in contempo-
rary ecological and evolutionary biology. Stress can act as both a constraint and a driver of
adaptation (Moritz & Agudo, 2013). On one hand, persistent stress may reduce fitness, divert
energy from growth and reproduction, and increase mortality (Jesus et al., 2016). On the other
hand, stressful conditions can act as evolutionary forces, leading to adaptative changes in pop-
ulations (Madeira et al., 2014). The intensity and duration of stress are critical determinants of
these outcomes: mild or short-term stress can induce beneficial plastic responses that enhance
tolerance, whereas chronic stress or recurrent stress, as well as multi-stressors often over-
whelm protective mechanisms, leading to harmful effects such as impaired physiological func-
tion, reduced reproductive success, and long-term population decline (Glibert et al., 2022; Mar-

igomez et al., 2017; Sommer et al., 2024).



1.5 Advancing Our Understanding of the Stress Response:

Transcriptomics

Traditional investigations of adaptation and phenotypic plasticity in marine organisms have
predominantly employed physiological assays, such as measurements of metabolic rates and
enzyme activities (e.g., the glycolytic enzyme lactate dehydrogenase and the mitochondrial
enzymes citrate synthase and cytochrome c oxidase) (Seebacher et al., 2014), as well as assess-
ments of thermal tolerance limits including critical thermal maximum (CTmax) and minimum
(CTmin), and thermal performance curves (Elmer et al., 2025; Missionario et al., 2024; Sasaki
& Dam, 2019). Biochemical analyses, including the quantification of heat shock proteins
(HSPs), oxidative damage markers, and antioxidant enzyme activity, have also been exten-
sively utilized (Chen et al., 2022; Han et al., 2019; Stillman & Tagmount, 2009). In addition,
behavioural traits such as locomotor performance, thermoregulatory behaviours, and repro-
ductive cycles are frequently analysed to provide complementary perspectives on organismal
responses to environmental stress (Angiulli et al., 2020; Bertolo et al., 2011). While powerful,
these approaches cannot fully capture the molecular basis of plasticity and adaptation. Omics
technologies - encompassing genomics, transcriptomics, proteomics, and metabolomics —
have revolutionized this field by enabling a better understanding on how the molecular mech-
anisms that underpin production traits such as growth rate, resilience to environmental stress-
ors or how diseases are developed (Rise et al., 2019). Among these approaches, transcriptomics
can reveal details of an organism’s physiological regulation and function by revealing gene
expression changes and gene networks that cannot be discerned through more targeted ap-
proaches or traditional phenotypic response measurements, providing insight into the regu-
lation of key cellular processes, molecular pathways, and functional mechanisms through spe-

cific gene expression (Page & Lawley, 2022).

1.6 Tools to Address the Challenges of Reduced Genomic Re-

sources for Non-model Organisms

Despite the remarkable advancements, omics technologies still face several limitations. A sig-
nificant technical limitation is the scarcity of genomic information for aquatic species (Zhang
et al., 2025). Non-model organisms - organisms of substantial ecological or evolutionary im-
portance but with limited prior characterization - often lack high-quality reference genomes

(Haas et al., 2013). In such cases, de novo assembly strategies enable the reconstruction of



transcriptomes directly from RNA-seq reads without the need for a reference genome (Grab-
herr et al., 2011; Haas et al., 2013). Once the sequences are obtained, they must be annotated to
uncover their potential biological functions (Raghavan et al., 2022). The most effective ap-
proach typically involves a sequence homology search to compare the new sequences against
those from phylogenetically related species with a well-characterized genome. However, for
many newly studied transcriptomes, such well-annotated reference species are unavailable,
posing a significant challenge to accurate functional prediction. In such cases, using the latest
nonredundant protein database is an appropriate alternative (Haas et al., 2013).
Bioinformatics tools help overcome these obstacles. For example, in mixed-species sam-
ples, tag- or hybridization-based methods are used to simultaneously detect the response of
both the host and the pathogen (Westermann et al., 2012). Functional insights can be derived
using protein interaction networks (e.g., STRING), which integrate diverse data sources

(Szklarczyk et al., 2023).

1.7 Field Case Study: The Portuguese Coast

As mentioned earlier, although climate change is a global phenomenon, its effects are une-
venly distributed, with some regions being particularly vulnerable due to their geographic
and climatic characteristics (Baptista et al., 2018). The Iberian Peninsula (a landmass in south-
western Europe primarily occupied by Spain and Portugal) has been identified as one of Eu-
rope’s most climate-sensitive regions (Bohnisch et al., 2021). Situated at the interface of Atlan-
tic and Mediterranean climate systems, the region is subject to strong seasonal variability, re-
current droughts, and frequent heatwaves, all of which are expected to intensify under future
scenarios (Pereira et al., 2021). Portugal, in particular, experiences different climatic regimes:
dry, hot summers under Mediterranean conditions (Csa) along the southwestern and southern
coast and cooler, more humid Atlantic-influenced summers along the north- and central-west-

ern coasts (Csb) (Atlas Climitico Ibérico, n.d.) Figure 1.3.

This fine-scale climatic mosaic compresses environmental gradients over relatively
short geographic distances, exposing local populations to strikingly different thermal and hy-
drological regimes (Cardoso et al., 2019). Thus, this creates a rather suitable north-south gra-
dient with ideal environmental characteristics for latitudinal field studies. Additionally, the
particularly high vulnerability of Iberian marine systems to climate change and extreme
weather events makes them an ideal natural laboratory for testing hypotheses related to ad-

aptation, plasticity, and evolutionary potential.
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Figure 1.3 - Clima de Portugal Continental, segundo a classificacdo de Koppen. Source: ipma.pt

1.8 Pomatoschistus microps as a Model Species

The common goby, Pomatoschistus microps (Kreyer, 1838) Figure 1.4, is a gobiid fish
abundant in estuaries, lagoons, and coastal waters and is distributed from the Baltic Sea to the
western Mediterranean (Missiondrio et al., 2024; Salgado et al., 2004), displaying remarkable
tolerance to a wide range of temperatures and salinities (i.e., eurythermal and euryhaline, re-
spectively) (Dolbeth et al., 2007; Missiondrio et al., 2024). Its ecological relevance as an inter-
mediate predator — consuming plankton and small invertebrates while serving as prey for
larger fish and birds — combined with key biological traits (e.g., a 1-2 year lifespan, small
body size, and ease of collection), establishes P. microps as an exceptional model organism for
environmental research (Dolbeth et al., 2007; Missiondrio et al., 2024). Additionally, its abun-
dance in estuaries and shallow coastal waters, which experience high temperature fluctua-
tions, renders it a relevant species for climate change research, particularly the investigation
of acclimation and adaptation processes to abiotic stressors. While some studies suggest that
P. microps is well adapted to temperature in its natural environment, exhibiting a large thermal
safety margin (defined by the difference between the organism's thermal tolerance and the
maximum habitat temperature, see Missionario et al., 2024; and Sunday et al., 2014) and

demonstrating some adaptive mechanisms (e.g., variations in reproductive effort and egg size,



see Dolbeth et al., 2007); it has also been reported to exhibit very low acclimation capacity in
heat tolerance and cellular stress responses during environmental changes (Missionario et al.,
2024). This potential vulnerability reinforces the necessity of understanding the underlying
molecular adaptation mechanisms towards a changing ecosystem to develop predictive mod-
els of natural population trajectories, both in terms of distribution range expansions or con-
tractions, biomass and local extinction risk (Dolbeth et al., 2007).

Despite this, P. microps is still an unconventional model for molecular studies. Its ge-
nome has been sequenced after recent joint efforts from multiple consortia (e.g., Earth BioGe-
nome Project, Vertebrate Genomes Project) to sequence a vast diversity of organism genomes,
including marine ones. However, P. microps genome deposited in GenomeArk database (avail-

able from https:/ /www.genomeark.org/ genomeark-all / Pomatoschistus_microps.html) does

not yet provide the genome assembly or annotation for the species. With the current limita-
tions in the omics resources available, this species poses specific challenges in terms of data
analysis, requiring adapted computational pipelines, and caution in biological interpretation

of the results.

Figure 1.4 - Pomatoschistus microps. Credits: Julien Renoult, some rights reserved (CC BY). Source:
iNaturalist (https:/ /www.inaturalist.org/photos/8568065).
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OBJECTIVES AND HYPOTHESES

This thesis investigates the molecular mechanisms that shape how Pomatoschistus microps pop-
ulations respond to local environmental regimes and seasonal thermal variation. Using a func-
tional genomics approach, it aims to identify genes and genetic pathways that underly pheno-
typic plasticity, adaptive capacity, and ultimately resilience in this intertidal fish. To address
this aim, the work pursues two complementary objectives. First, it compares transcriptomic
profiles across three fish populations distributed along a latitudinal thermal gradient (Ria de
Aveiro, Troia, and Ria Formosa) and across two seasonal regimes (spring and summer). This
comparison will reveal whether populations and seasons are associated with distinct patterns
of differential gene expression that may reflect local adaptation or short-term acclimation. Sec-
ond, it identifies the canonical pathways and biological processes that are activated or sup-
pressed under seasonal warming. By examining enrichment patterns across the transcriptome,
the study will determine whether variation in gene expression translates into functional dif-

ferences in physiological pathways linked to thermal tolerance and resilience.

The central hypothesis is that P. microps populations from different latitudes exhibit
divergent transcriptomic responses to seasonal warming, reflecting alternative physiological
strategies for coping with environmental variability and thermal stress. From this hypothesis

arise two guiding questions:

1. How do seasonal thermal regimes influence transcriptomic stress responses in
P. microps?

2. To what extent do populations along a latitudinal gradient differ in their tran-
scriptional responses to local environmental conditions, particularly thermal

regimes?
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By linking genomic responses to ecological context, this thesis aims to advance under-
standing of how intertidal species tolerate and adapt to both long term local conditions as well
as rapid environmental changes. Beyond its contribution to fundamental macrophysiological,
ecological and evolutionary knowledge, the findings hold applied relevance for biodiversity
conservation, with potential extrapolations to aquaculture, and fisheries management, where
the identification of molecular variants that enhance tolerance or allow the persistence of pop-

ulations may inform conservation strategies or selective breeding programs for aquaculture.

This work is supported by ExtremeOceans - Unravelling evolutionary physiology
landscapes of coastal marine fauna under extreme temperatures using a multi-layer Systems
Biology approach (PTDC/BIA-BMA /1494/2020), a multidisciplinary collaborative project
that employs a multi-layer Systems Biology approach to move the discovery of climate change
physiology forward, beyond effects-driven research and into the molecular and cellular mech-

anisms controlling physiological systems of marine organisms under temperature stress.
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METHODOLOGY

The methodologies described represent a collaborative effort between NOVA-FCT, University
of Aveiro and CCMAR within the ExtremeOceans project (FCT Ref. PTDC/BIA-
BMA /1494 /2020). Specifically, animal collection and sample harvesting was performed by all
three institutions. The comprehensive transcriptomics pipeline - which includes RNA extrac-
tion, pre-processing, RNA-sequencing, transcriptomics assembly and functional annotation
(detailed in Methods Sections 3.1 to 3.4) - was carried out by project members from the SeaTox

research group at NOVA-FCT.

3.1 Animal Collection and Sample Harvesting

Specimens of the common goby Pomatoschistus microps (nia1=60 adult fish) were collected from
three distinct coastal systems in Portugal: Ria de Aveiro (40°37'44" N, 8°44'42" W; northwestern
coast), Troia Peninsula (38°29'07" N, 8°53'15" W; central western coast), and Ria Formosa
(37°00" N, 7°59" W; southern coast). Sampling was performed during two seasonal periods in

2021: spring (May) and summer (July), Figure 3.1a-b.
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Figure 3.1 - Experimental design. Panel (a) illustrates the latitudinal gradient of sampling sites along the
Portuguese coast, including: (a) Ria de Aveiro (north), (b) Troia Peninsula (central), and (c) Ria Formosa
(south). Panel (b) provides an overview of the intertidal sampling environment and biological specifi-
cations of the target species (Pomatoschistus microps). Details include developmental stage, sex, mean
total length (cm), mean body weight (g), the specific organ used for RNA extraction, and the corre-

sponding sampling periods. Figure made using Inkscape.

14



At each site and season, in situ environmental parameters were measured in shallow
waters (approximately 1 m depth). These included water temperature (°C), salinity, dissolved
oxygen (mg L™), and pH, as well as air temperature (°C). Full records of local environmental
conditions are provided in Appendix A (Table A.2).

A total of 10 individuals per location per season were collected using hand-operated
trawl nets deployed in shallow coastal habitats at approximately 1 m depth. Captured indi-
viduals were immediately transferred to aerated seawater tanks for transport to the labora-
tory. Subsets of specimens were allocated to different purposes, including histopathological
and molecular analyses, within the context of the ExtremeOceans project.

For transcriptomic profiling, 18 adult females were selected (3 biological replicates from
each of the three locations and both seasons). Only fish of uniform size (mean total length 35.23
+ 3.90 mm; mean weight 0.36 + 0.13 g) were considered. Females were selected because they

could be sampled consistently across sites and seasons.

3.2 RNA Extraction and Pre-processing

Total RNA was extracted from 5-15mg of liver tissue using the AllPrep DNA-RNA Mini kit
(Qiagen, Hilden, Germany) following manufacturer’s guidelines. Residual DNA was elimi-
nated on-column using the RNase-Free DNase set (Qiagen, Hilden, Germany).

RNA quantity and purity were initially assessed by spectrophotometry (Nanodrop ND
1000, Thermo Fisher Scientific, Waltham, MA, USA). Integrity was subsequently verified on
an Agilent TapeStation 4200, where integrity numbers (RIN) were recorded. Only samples

with RIN > 5 were retained for library preparation.

3.3 RNA-seq and Transcriptome assembly

cDNA libraries were sequenced in the Illumina Novaseq platform (Illumina, San Diego, CA,
USA) with 150 bp paired-end reads (short-reads) and produce 40 million (M) reads. Integrity
verification, library preparation and sequencing were performed by StabVida (Caparica, Por-
tugal).

Raw sequencing reads were initially quality checked with FastQC (v0.11.9). For all li-
braries, adapter sequences and low-quality bases were removed using TrimGalore (v.0.6.0)
with default parameters, discarding reads shorter than 20 bp after trimming.

Because no P. microps transcriptomes were available in public databases for read map-

ping, we performed de novo transcriptome assembly using Trinity v2.14.0. All samples (40 M
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reads) were used to construct the reference transcriptome. Assembly quality was evaluated
with multiple metrics, including contig N50, ExX90N50, and read content. Assemblies are gen-
erally considered high-quality when the Contig N50 and Ex90N50 exceed 1000 bp, and the
read content is approximately 70-80% (Seyednasrollah et al., 2013). Read mapping statistics
were generated with Bowtie2 v2.4.2 and Samtools v1.8.

To assess the individual expression levels, reads from all samples were pseudo-aligned
to the respective assembled transcriptome and transcript abundance quantified using Kallisto

v0.48.0 and imported into R v4.5.0 via the tximport package 1.37.0.

3.4 Functional Annotation

Protein-coding regions were predicted from the assembled transcriptome using Transdecoder
v5.5.0, with default parameters. Predicted ORFs were then functionally annotated by homol-
ogy-matching against three protein databases: (i) The complete Swiss-Prot database (release
2023-04), providing a well-curated, broad range of high-confidence annotations, (i) A
zebrafish-specific subset of Swiss-Prot (Danio rerio) enabling functional inference based on the
best-annotated teleost genome available (Tan et al., 2016). Although P .microps and D. rerio are
from phylogenetically distant lineages within the teleost’s, zebrafish remains the closest taxon
with a thoroughly curated genomic resource, and is therefore widely adopted as a reference
for less characterized fish species (McCluskey & Postlethwait, 2014) and (iii) A platyhelminthes-
specific subset of Swiss-Prot, to identify potential parasite associated transcripts (parasite pres-
ence in these populations confirmed histologically; Guerreiro et al. (unpublished)).

Homology-matching between sequences were performed with BLASTp from NCBI
BLAST+ v2.12.0 using an e-value cut-off of 1E-5 and default parameters. The use of multiple
reference databases aimed to maximise annotation accuracy.

Annotation results from the three databases were integrated separately with Kallisto
output, resulting in three independent annotated datasets corresponding to each database
(henceforth also referred to as the Swiss-Prot dataset, the Zebrafish dataset, and the Plat da-
taset). Following the merge between the annotation results and the Kallisto output, redundant
entries were removed, retaining only the highest-confidence hits for each transcript (smallest
e-value and bigger %ID).

These datasets were retained for downstream analysis, with the Swiss-Prot dataset pri-
marily used in differential expression and assessment of stress-related candidate genes (de-

tailed in Methods Sections 3.5 and 3.6), the Zebrafish dataset primarily used in gene set
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enrichment analysis, protein-protein interaction networks (detailed in Methods Sections 5, 6,
7,8 and 9), and the Plat dataset used to identify potential parasite associated transcripts (de-

tailed in Methods Sections 3.5).

3.5 Exploratory Data Analysis

Annotation quality was then assessed using a structured, multi-step analytical workflow.
Alignment quality metrics - percentage identity (%ID) and expectation values (e-values) -
were analysed for all the data cleaning steps for each dataset. Higher %ID values indicate
greater sequence similarity, while lower e-values reflect more statistically significant align-
ments. Distribution of these metrics were examined to evaluate overall annotation confidence.

Taxonomic composition was characterized by quantifying the proportion of matches
assigned to fish species and Platyhelminthes, based on the BLAST hit taxonomy. Putative par-
asite transcripts were identified using a comparative annotation approach: transcripts were
classified as parasite-associated if they had high sequence similarity (%ID > 70) and strong
alignment significance (e-value < 1E-70) in both the Swiss-Prot and Platyhelminthes-specific da-
tasets, and if the match was taxonomically assigned to a platyhelminthes- species. Nevertheless,
we acknowledge that many genes are highly conserved across metazoans, limiting the cer-
tainty of definitive taxonomic origin (Borner & Burmester, 2017). Consequently, transcripts
identified here as “parasite-associated” should be interpreted as putative parasite sequences,
with classification strengthened by consistent top hits to platyhelminthes- taxa across datasets.

Principal component Analysis (PCA) was conducted with the PCAtools package
v2.21.0 in R to investigate potential population variance. The input matrix comprised log
transformed transcripts abundance.

For targeted analyses, abundance matrices were subset according to biological catego-
ries of interest, such as (i) putative parasite associated transcripts and (ii) taxonomically as-
signed sequence matches to fish species. For each subset, a covariance matrix was computed,
and principal components were extracted via eigenvalue decomposition. The first two princi-
pal components (capturing the largest variance proportions) were visualized to assess cluster-
ing patterns. A global PCA with all the abundance data was also done.

To facilitate visual interpretation of groupings in the PCA plots, ellipses were drawn around
clusters of samples using the ggforce::geom_mark_ellipse() function. These ellipses were used
solely as graphical guides to represent the spatial extent of groups and were not intended to

imply statistical significance.
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3.6 Differential Gene Expression Analysis

Following verification of functional annotation quality, differential expression analysis was
performed using edgeR v4.7.2. (Y. Chen et al., 2024). This package was selected over alterna-
tives (such as DESeq2, limma-voom, NOISeq, and Cuffdiff) due to its computational speed,
higher power of detection, and its statistically rigorous negative binomial modelling frame-
work, which provides reliable performance even with small numbers of replicates (Seyed-
nasrollah et al., 2013).

Only transcripts annotated against Swiss-Prot and Zebrafish reference databases were
included in the analysis. Transcripts considered parasite-associated (criteria previously de-
scribed in Section 3.5 - Exploratory data analysis) were excluded to ensure a focus on host-
derived expression, which was the model organism of interest in the present study.

For each annotation set a raw count matrix, with genes as rows and samples as col-
umns, was generated. Genes with low expression across samples were filtered using the
edgeR:filterByExpr() function, which improves statistical power by removing features unlikely
to be informative (Chen et al., 2024).

Library sizes were normalized using the trimmed mean of M-values (TMM) method.
Dispersion parameters were estimated within edgeR’s empirical Bayes framework (Chen et
al., 2024). Differential expression testing was performed using generalized linear models
(GLMs) fitted to the experimental design, which include nine contrasts (Table 3.1). These con-
trasts were designed to assess (i) seasonal differences within each site and (ii) site-specific dif-

ferences within each season.
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Table 3.1 - Multiple comparisons used to assess differences in gene expression. Group comparisons
were defined as nine different contrasts that encompass seasonal differences at each location and pop-
ulation differences in each season.

Contrast Season Site Comparison

C1 Spring vs. Summer  Ria de Aveiro Seasonal difference

Cc2 Spring vs. Summer  Troia Peninsula Seasonal difference

C3 Spring vs. Summer  Ria Formosa Seasonal difference

C4 Spring Ria de Aveiro vs. Troia Site differences

C5 Spring Ria de Aveiro vs. Ria For- Site differences
mosa

Co Spring Troia vs. Ria Formosa Site differences

c7 Summer Ria de Aveiro vs. Troia Site differences

C8 Summer Ria de Aveiro vs. Ria For- Site differences
mosa

C9 Summer Troia vs. Ria Formosa Site differences

Statistical significance was assessed using the quasi-likelihood F-test, providing a more
conservative and rigorous type I error rate control (Chen et al., 2025). P-values were adjusted
for multiple testing using the Benjamini-Hochberg false discovery rate (FDR) procedure.
Genes with FDR < 0.05 were considered significantly differentially expressed.

Quality assessment of the input count data and model outputs included principal com-
ponent analysis (settings previously described in Section 3.5 - Exploratory data analysis).
These diagnostics were used to detect outliers and assess the presence of batch effects.

For visualization, volcano plots were generated to display log fold changes (log>FC)
versus -logio(p-values), highlighting significant genes (FDR < 0.05). Heatmaps were produced
with pheatmap v1.0.13, using normalized expression values, with hierarchical clustering ap-
plied to both genes and samples. The heatmap colour gradient represents relative expression
levels.

Differentially expressed genes (DEGs) obtained from each contrast were further exam-
ined for associations with a predefined list of biologically relevant keywords: heat, stress, ther-
mal, oxygen, salinity, HSP, hypoxia, adaptation, oxidative stress, and acid-base balance.

Functional annotations for all DEGs were retrieved from Uniprot using Uni-
protR::GetProteinFunction() function. Keyword mapping was conducted by scanning the Uni-
Prot-derived functional descriptions for occurrences of these terms, using case-insensitive pat-
tern matching and permitting partial matches to capture term variants (e.g., “thermally”). In
cases where multiple keywords matched a single gene, only the first match in the predefined
keyword list was retained.

For each keyword, the number of associated over- and under-expressed DEGs was quan-

tified, and their corresponding log>FC values were extracted. This data was visualized by (i) a
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matrix of pie charts, where each chart represents the proportion of DEGs over- and under-
expressed assigned to the specific keyword; and (ii) bar plots displaying the logoFC distribu-

tion for all the DEGs associated with a specific keyword.

3.7 Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) was performed using multiGSEA R package v.1.19.0.
Zebrafish differential expression results were used as input, including log> fold changes and
associated p-values for each gene.

Genes were ranked according to the signal-to-noise metric, combining the direction
(sign) of the log, fold change and the statistical significance (p-value) of differential expression,
as implemented by fgsea (Canzler & Hackermiiller, 2020). Gene sets were obtained from the
Kyoto Encyclopaedia of Genes and Genomes (KEGG) database, restricted to canonical path-
ways, and mapped to Danio rerio Entrez Gene identifiers with org.Dr.eg.db R package v3.21.0.

Enrichment scores for each pathway were calculated by the multiGSEA algorithm, and
statistical significance was assessed using permutation testing (n = 1,000 permutations) with
Benjamini-Hochberg false discovery rate (FDR) correction. Pathways with an adjusted FDR <
0.05 were considered significantly enriched. For visualization, a bubble plot was generated to
display enrichment scores for each pathway in the two most relevant contrasts. Bubble colour
represents the normalized enrichment score, with blue indicating negative enrichment and red
indicating positive enrichment. Bubble size corresponds to statistical significance, with larger

dots indicating lower FDR-adjusted p-values (i.e., more significant results).

3.8 Protein-Protein Interactions Networks

To investigate the potential mechanistic relationships among the Zebrafish dataset DEGs, di-
rection specific PPI networks were constructed separately for over- and under-expressed gene
sets identified in each contrast. Network analysis was conducted using the STRING web-based

database (version 12.0; https:/ /string-db.org/), with Danio rerio as the selected model organ-

ism.

STRING integrates evidence from multiple data sources, including text mining, exper-
imental data, curated databases, gene co-expression, genomic neighbourhood, gene fusion
events, and co-occurrence analyses. Only interactions with a minimum required confidence

score of 0.700 (high confidence) were retained.
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Network clustering was performed using the Markov Cluster Algorithm (MCL) with
an inflation parameter of three to optimize cluster granularity. Clusters containing fewer than

three proteins were excluded from downstream analysis.

3.9 Data Visualization and Code Availability

Figures were produced with ggplot2 v3.5.2 and complementary packages. Custom layouts
and composite figures were arranged using Inkscape v1.4. Figure 3.2 presents a schematic
overview of the transcriptomics pipeline used in this study, summarizing the workflow from
specimen collection to functional and network analyses.

All data processing and visualization scripts used in this study are available in the

GitHub repository https:/ / github.com/ak-duque. A comprehensive summary table listing all
software, R packages, and their versions - organized by analysis stage - is provided in Ap-

pendix A (Table A.1).
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Figure 3.2 - Schematic overview of the transcriptomics pipeline applied in this study. Overview of the methodological workflow used in this study, from P.
microps specimen collection across three Portuguese coastal habitats (spring and summer 2021) to RNA-seq, transcriptomics assembly, functional annotation,
Differential gene expression analysis, Gene set enrichment analysis and Protein-Protein interactions networks.
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4

RESULTS

4.1 Transcriptome Profiling of Liver Tissue in P. microps

The assembled transcriptome from the liver of Pomatoschistus microps resulted in a total of
487,125 transcripts. Among these, 212,794 transcripts were identified as potential open-read-
ing frames (ORFs). Through homology-matching against the complete Swiss-Prot database
161,919 ORFs were annotated, representing (76.1%) of the total transcripts.

Further ORF annotation against the two curated Swiss-prot subsets showed that: (i) within the
zebrafish-specific dataset 36.8% of ORFs (78,410 sequences) were annotated, and (ii) within
the platyhelminth-specific dataset, 1.8% of ORFs (3,743 sequences) were annotated.

After merging the annotation results with the Kallisto output and removing redundant
entries (retaining only the highest-confidence hits, i.e., lowest e-value and highest %ID), the
final datasets comprised 15,937 unique Swiss-Prot annotations, 2,974 zebrafish-specific anno-
tations, and 145 platyhelminth-specific annotations.

Nine transcripts displayed concordant high-confidence hits to platyhelminth species
across both the Swiss-Prot and platyhelminth datasets (e-value < 1E-70; %ID > 70). These in-
cluded conserved genes such as ACT2, TPM2, and SM20 (Table 4.1) (Denz et al., 2004;
Moschella et al., 1999; Schwob & Martin, 1992). As these hits likely represent non-host origin,
all platyhelminth-associated transcripts were excluded from downstream host expression anal-

yses.
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Table 4.1 - High-confidence transcripts with consistent annotations to platyhelminth species in both
Swiss-Prot and platyhelminth-specific datasets.

Swiss-prot Platyhelminthes
Gene Name  %ID e-value %ID e-value Organism
ACT2 98 0 98 0 Schistosoma mansoni
AT1A 79 0 79 0 Taenia solium
ENO 81 0 81 0 Fasciola hepatica
MYPH 75 1,21E-105 75 4,5E-109 Echinococcus granulosus
MYSP 83 0 83 0 Schistosoma japonicum
PFKA 74 0 74 0 Schistosoma mansoni
PGK 78 0 78 0 Schistosoma mansoni
SM20 94 7,68E-98 94 2,86E-101 Schistosoma mansoni
TPM2 90 3,2E-173 90 1,19E-176 Schistosoma mansoni

To investigate potential population structure and overall variance, PCA was performed on the

three annotated dataset (complete Swiss-Prot, zebrafish-specific, and platyhelminth-specific).
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Figure 4.1 - Principal component analysis (PCA) of P. microps females' liver transcriptomic profiles.
Based on (a) Swiss-Prot annotated transcripts, (b) taxonomically assigned sequence matches to fish spe-
cies, and (c) platyhelminth-associated transcripts. Axes indicate the proportion of variance explained
by the first two principal components (PC1 and PC2), with ellipses used solely as graphical guides to
represent the spatial extent of groups and do not imply statistical significance.
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PCA analysis performed on the complete Swiss-Prot dataset (Figure 4.1a) revealed
clear clustering of samples by both site and season. The PC1, which explained 15.53% of the
total variance, effectively separated spring and summer samples from the Troia site from all
other locations. In contrast, the PC2, accounting for 10.45% of the variance, primarily captured
the separation between spring and summer samples within the Ria de Aveiro site.

When analysis was restricted to fish matches, population clusters became less pro-
nounced, with most populations partially overlapping along PC1 (36.6% variation). Spring
Troia and Summer Ria de Aveiro samples were more separated from the other sites, along PC2
(15.61% variation) (Figure 4.1b).

In the case of Platyhelminth-associated transcripts (Figure 4.1c), PCA did not reveal clear
clustering patterns despite PC1 and PC2 together explaining 93.7% of the variance, suggesting

substantial inter-individual variability within this dataset.

4.2 Population level differences in Gene Expression

Differential gene expression analysis was conducted using edgeR with a false discovery rate
threshold of less than 0.05. Following the removal of lowly expressed genes, the analysis re-
tained 9,655 genes annotated in the Swiss-Prot dataset and 2,473 genes from the zebrafish-
specific dataset to be tested.

Differentially expressed gene counts varied across nine predefined contrasts, encom-
passing both seasonal and site comparisons (see Methods Table 3.1), and while the magnitude
of DEGs differed between annotation sets, the overall patterns of differential expression re-

mained consistent (Table 4.2).

Table 4.2 - DEG counts identified per contrast. Contrasts C4-C6 refer to population comparisons in
Spring, whereas contrasts C7-C9 refer to population comparisons in summer, namely, Ria de Aveiro vs.
Troia, Ria de Aveiro vs. Ria Formosa and Troia vs. Ria Formosa and Troia vs. Ria Formosa, respectively,
for both cases.

Spring Summer
C4 C5 Cé c7 C8 c9
Complete Swiss-Prot 36 40 1012 308 494 192
Zebrafish-specific 13 24 279 12 116 78
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Principal component analyses restricted to DEGs further validated the transcriptomic profile
PCA patterns (Figure 4.2). For both annotation sets, PC1 and PC2 together explained approx-

imately 58% of the total variance, an improvement compared to the previous analysis.
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Figure 4.2 - Principal component analysis of differentially expressed genes. PCA plots Illustrate sam-
ple clustering based on transcriptomics profiles derived from differentially expressed genes. Each plot
corresponds to a specific curated database: (a) swiss-prot (b) zebrafish-specific. Axes indicate the pro-
portion of variance explained by the first two principal components.

Importantly, the separation between spring and summer groups at Ria de Aveiro, pre-
viously detectable along PC2 in the complete Swiss-Prot dataset (10.45% variance explained),
became more distinct when using only DEGs, with PC2 accounting for 19,49% of the variance.
Although the proportion of explained variance remained low, this seasonal divergence was
supported by hierarchical clustering on heatmap analyses on the DEGs obtained when com-
paring spring and summer in Ria de Aveiro, which confirmed that summer and spring sam-
ples from Ria de Aveiro occupy opposite clusters (Figure 4.3).

Since almost all DEGs identified in the zebrafish-specific dataset were also captured in
the more comprehensive Swiss-Prot dataset and given that Swiss-Prot represents a well-cu-
rated and reliable annotation, downstream interpretations focused primarily on the DEGs
from the Swiss-Prot dataset. Nonetheless, PCA results from the zebrafish-specific DEGs are

also presented, as these data from the basis for subsequent functional analyses.
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When site-specific differences were examined by season, the strongest spatial diver-
gence was observed in spring between Troia and Ria Formosa, yielding 1,012 DEGs, repre-
senting approximately 10.5% of the tested genes. Of these, 299 were under-expressed in Troia
(and thus overexpressed in Ria Formosa), while 713 were overexpressed in Troia (under-ex-
pressed in Ria Formosa). These results match our previous findings along PC1 in the Swiss-
Prot dataset, evidencing separate clusters for these populations and explaining 38.48% of the
variance (Figure 4.2a). By contrast, the spring comparisons of Ria de Aveiro versus Troia and
Ria de Aveiro versus Ria Formosa produced far fewer DEGs, with only 36 and 45 significantly
different expressed genes, respectively. During summer, although none of the site contrasts
reached the magnitude of DEGs identified in the Troia versus Ria Formosa Spring comparison,
the number of DEGs was more evenly distributed across sites, with all contrasts yielding more

than 100 and less than 600 significant genes (Figure 4.4a).
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Figure 4.4 - Site-specific differences in differentially expressed genes across seasons. (a) Bar plot
showing the number of DEGs detected in each contrast, with the dashed line indicating 10% of the total
genes tested (944.5). (b) Volcano plots displaying the distribution of transcripts based on -log10(p-value)
versus loga(fold change). Grey points represent non-significant transcripts, while coloured points de-
note significantly differentially expressed genes (FDR-adjusted p < 0.05). Labels highlight the five most
significant transcripts (lowest adjusted FDR values) within each contrast. Abbreviations: RA - Ria de

Aveiro, TR - Troia, RF - Ria Formosa.

Volcano plots highlighted the distribution of significant genes and top 10 most signif-
icant genes comprising both overexpressed and under expressed genes on each contrast (Fig-

ure 4.4b).

28



HSP || Heat ‘

Hypoxia ‘

Oxygen H Oxidative

prisith ‘ Stress ‘ ‘ Adaptation

‘ SU.TRVsRF H Su.RAVSTR || Su.RAVSRF H Sp.TRvsRF H Sp.RAVSTR H Sp.RAVSRF |

=
= = =]
[

| B Urderexpressed @ overexpressed |

Figure 4.5 - Distribution of differentially expressed genes across curated keywords. Pie charts repre-
sent the number of differentially expressed genes associated with each of seven defined biological key-
words: HSP, Heat, Hypoxia, Oxygen, Oxidative Stress and Adaptation. Functional annotations for each
gene were retrieved using the uniprotR package, and keyword mapping was performed by screening
UniProt-derived gene function descriptions. Genes were categorized based on the presence of selected
terms within these descriptions. Red and blue slices indicate overexpressed (logFC > 0) and under ex-

pressed (logFC < 0) genes, respectively. Abbreviations: RA - Ria de Aveiro, TR - Troia, RF - Ria Formosa,
Sp - Spring, Su - Summer.

Following our keyword mapping strategy using relevant biological terms, results
show that several highly significant genes were detected across multiple contrasts. Notably,
heat shock proteins (e.g., HS90B, HPBP1) and ubiquitin’s (e.g., UBQL1) showed consistent pat-
terns of differential expression.

Among all comparisons, the greatest divergence was observed between Troia and Ria
Formosa during the spring season. For deeper insights we further examined genes associated
with the keyword “stress”. This category encompassed the largest number of DEGs (34; See
Figure 4.5), possibly reflecting not only the biological relevance of stress responses but also the

overall high DEG count in this contrast compared to others.
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Figure 4.6 - Stress-related differentially expressed genes in Troia vs. Ria Formosa during spring. Bar
plot represents log> (fold change) values of genes associated with the curated keyword stress. Red and
blue bars indicate overexpressed (logFC > 0) and under expressed genes, respectively.

The majority of stress-matched genes were overexpressed in Troia relative to Ria For-
mosa. Classic stress effectors, such as HSP70 and UBIQP, displayed the highest positive fold
changes, whereas STYL1, a gene involved in cytoskeletal organization, emerged as the most

strongly under-expressed in Ria Formosa (Figure 4.6).

4.3 Seasonal Gene Expression Dynamics

To complement this analysis and inform the distinction between phenotypic plasticity and
local adaptation, seasonal gene expression dynamics were examined within sites. Notably,
significant seasonal differential expression was detected exclusively in Ria de Aveiro, where
13 genes showed differential expression between spring and summer. Of these, 11 genes were
overexpressed and two were under-expressed in spring relative to summer. No significant
seasonal DEGs were detected in Ria Formosa or Troia. These findings correspond with PCA
and hierarchical clustering patterns, which demonstrated clear seasonal divergence only for

Ria de Aveiro (Figures 4.2 and 4.3).
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Figure 4.7 - Season differences in differentially expressed genes across sites. Volcano plots displaying
the distribution of transcripts based on -logio(p-value) versus logz(fold change). Grey points represent
non-significant transcripts, while coloured points denote significantly differentially expressed genes
(FDR-adjusted p < 0.05). Labels highlight the five most significant transcripts (lowest adjusted FDR
values) within each contrast. Abbreviations: RA - Ria de Aveiro, TR - Troia, RF - Ria Formosa.

Volcano plots highlighted the distribution of significant genes and top 10 most significant
genes comprising both overexpressed and under-expressed genes on each contrast (Figure
4.7).

Keyword mapping analysis of seasonal DEGs in Ria de Aveiro revealed only two

stress-matched genes, CSRP3 and SYNCI, both overexpressed in spring (Figure 4.8).
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Figure 4.8 - Distribution of differentially expressed genes across curated keywords. Pie charts repre-
sent the number of differentially expressed genes associated with each of seven defined biological key-
words: HSP, Heat, Hypoxia, Oxygen, Oxidative Stress, and Adaptation. Functional annotations for each
gene were retrieved using the uniprotR package, and keyword mapping was performed by screening
UniProt-derived gene function descriptions. Genes were categorized based on the presence of selected
terms within these descriptions. Red and blue slices indicate overexpressed (logFC > 0) and under ex-
pressed (logFC < 0) genes, respectively. Abbreviations: RA - Ria de Aveiro, Sp - Spring, Su - Summer.

31



4.4 Enrichment and Functional Analysis of Selected Contrasts

Gene set enrichment analysis identified one significantly enriched pathway (FDR < 0.05): li-
poic acid metabolism in the comparison between Troia and Ria Formosa in spring (FDR =
0.008). No additional pathways reached the significance threshold. Nevertheless, to explore
broader enrichment patterns, the top 10 ranked pathways based on FDR-adjusted p-values
were examined for two key contrasts: Troia versus Ria Formosa in spring, and Ria de Aveiro

spring versus summer (Figure 4.9).
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Figure 4.9 - GSEA highlighting strong latitudinal (Spring Troia vs. Ria Formosa) and seasonal (Ria de Aveiro
Spring vs. Summer) transcriptional shifts. The y-axis shows the top 10 gene sets ranked by smallest FDR-adjusted
p-values, and the x-axis represents the two key comparisons: Spring Troia vs. Ria Formosa and Ria de Aveiro Spring
vs. Summer. Bubble colour indicates the normalized enrichment score (NES), with blue representing negative en-
richment and red representing positive enrichment. Bubble size reflects statistical significance, with larger bubbles
corresponding to lower FDR-adjusted p-values. Abbreviations: RA - Ria de Aveiro, TR - Troia, RF - Ria Formosa,
Sp - Spring, Su - Summer.
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Among the top 10 pathways, adrenergic signalling in cardiomyocytes and adherens
junction were shared between the two contrasts, with the former showing opposite enrich-
ment directions and the latter showing the same enrichment direction. In Troia versus Ria
Formosa (spring), lipoic acid metabolism, one carbon pool by folate, biosynthesis of cofactors,
and adrenergic signalling in cardiomyocytes were negatively enriched, indicating under-rep-
resentation or down-regulation in Troia. Conversely, in Ria de Aveiro (spring versus summer),
negative enrichment was observed for steroid biosynthesis and glycosphingolipid biosynthe-
sis, while the remaining gene sets demonstrated positive enrichment trends.

To further explore potential mechanistic relationships, protein-protein interaction networks
were constructed separately for over- and under-expressed gene sets identified in each con-
trast. After excluding clusters containing fewer than three nodes, a total of five networks were
obtained: (i) Ria de Aveiro vs. Ria Formosa in spring (over-expressed genes), (ii) Ria de Aveiro
vs. Ria Formosa in summer (over-expressed genes), (iii) Troia vs. Ria Formosa in spring (over-
expressed genes), (iv) Troia vs. Ria Formosa in spring (under-expressed genes), and (v) Troia
vs. Ria Formosa in summer (over-expressed genes). Several clusters within these networks

were associated with more than one functional pathway.
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Figure 4.10 - Protein-protein interaction (PPI) network constructed from differentially expressed
genes between Ria de Aveiro vs. Ria Formosa. (a) genes overexpressed during spring and (b) genes
overexpressed during summer. Nodes represent proteins, and edges indicate interactions supported by
multiple sources with a confidence score > 0.700. Edge thickness reflects the strength of evidence
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underlying each interaction. Network clustering was performed using the Markov Cluster Algorithm
(MCL), with nodes sharing the same colour belonging to the same cluster.

In the Ria de Aveiro versus Ria Formosa comparison during spring, overexpressed
genes formed two distinct clusters associated with the attenuation phase and translational
elongation (Figure 4.10a). In contrast, overexpressed genes in summer are organized into three
functional networks related to stress response, nonsense-mediated decay independent of the

exon junction complex (EJC), and ribosome biogenesis (Figure 4.10b).
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Figure 4.11 - Protein-protein interaction (PPI) network constructed from differentially expressed
genes between Troia vs. Ria Formosa during spring: (a) overexpressed and (b) under expressed genes.
Nodes represent proteins, and edges indicate interactions supported by multiple sources with a confidence score
> (0.700. Edge thickness reflects the strength of evidence underlying each interaction. Network clustering was per-
formed using the Markov Cluster Algorithm (MCL), with nodes sharing the same colour belonging to the same
cluster.

In the Troia versus Ria Formosa comparison during spring, overexpressed genes
grouped into four clusters associated with translational elongation, basal transcription factors,
the PRC1 complex, and piRNA metabolism (Figure 4.11a). By contrast, under-expressed genes
formed three clusters linked to the formation of the free 40S ribosomal subunit pool and the
assembly of mitochondrial respiratory chain complex II (Figure 4.11b). One additional cluster

(the yellow cluster) could not be confidently assigned to a specific pathway; however, it
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included the proteins mrps15 and mrnip, which displayed extensive interactions with proteins
in another defined cluster, suggesting a potential functional relationship despite the absence
of a direct pathway annotation. Functionally, mrps15 is a mitochondrial ribosomal protein in-
volved in protein synthesis within the mitochondria, while mrnip is a regulator of DNA repair

and cell cycle checkpoints.
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Figure 4.12 - Protein-protein interaction (PPI) network constructed from differentially expressed
genes overexpressed in Troia vs. Ria Formosa during summer. Nodes represent proteins, and edges
indicate interactions supported by multiple sources with a confidence score > 0.700. Edge thickness
reflects the strength of evidence underlying each interaction. Network clustering was performed using
the Markov Cluster Algorithm (MCL), with nodes sharing the same colour belonging to the same clus-
ter.

Finally, the Troia versus Ria Formosa comparison during summer (Figure 4.12) re-
vealed a network of over-expressed genes that formed two main clusters, primarily associated
with cytoplasmic ribosomal proteins, translational elongation, and stress response.

Notably, across contrasts, the STRING analysis consistently highlighted the recurrent

involvement of pathways related to stress response and translational elongation.
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DISCUSSION

We investigated molecular responses in populations distributed along a latitudinal thermal
gradient on the Portuguese coast (northern vs. central regions vs. southern) and across sea-
sonal thermal regimes (spring vs. summer). Our results demonstrate some degree of popula-
tion-level divergence in gene expression, in response to the specific local environmental re-
gimes, whereas only one population (Ria de Aveiro) showed differences between seasons. This
highlights the complexity of molecular responses to external drivers. Understanding such
mechanisms is critical for predicting how species persist under variable and changing condi-
tions.

Overall, our principal component analysis revealed two main axes of variation that
appear to capture distinct aspects of population variance. The first principal component likely
reflects underlying genetic differentiation. In contrast, the second principal component is most
plausibly associated with environmental differences, particularly those linked to local thermal
regimes.

Among the sites examined, Ria de Aveiro emerged as the most distinct along PC2, par-
ticularly in summer. While shallow water temperatures in the southern sites - Troia Peninsula
and Ria Formosa - were consistently warm (25.9 £ 3.5 °C and 25.9 + 0.5 °C, respectively), sum-
mer seawater in Ria de Aveiro remained comparatively cool (18.6 £ 1.6 °C). This is below the
reported optimal temperature for P. microps, which is around 20 °C (Cereja et al., 2018). This
nearly 7 °C difference highlights the influence of the Iberian coastal upwelling system, driven
by persistent northerly winds that bring cold subsurface waters to the western coast (Alvarez
et al., 2013). Other physicochemical variables varied less across sites. In our measurements,
salinity values were generally within the typical oceanic range (34-38 PSU; (Rigal et al., 2008).
Except in Ria de Aveiro during spring, where salinity dropped to ~28 PSU, which can be ex-
plained by the freshwater inflow reported for this system (Lopes et al., 2019; Vargas et al.,
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2017). However, this fluctuation likely exerts reduced physiological stress on P. microps, since
it is a species known for having a wide tolerance for salinity variation, withstanding salinities
ranging from 0 to 51 PSU (Souza et al., 2018; Tougard et al., 2014), and maintaining stable
blood osmolality across 10-40 PSU (Rigal et al., 2008). Similarly, in our measurements, pH and
dissolved oxygen remained within ranges typical of well-oxygenated coastal systems, con-
sistent with values previously reported for such environments (George et al., 2024; Gobler &
Baumann, 2016), suggesting that hypoxia or acidification were not key structuring drivers dur-
ing our study. Taken together, temperature emerges as the dominant environmental driver
underlying the divergence captured by PC2, separating cooler sites (Ria de Aveiro) from
warmer sites (Troia and Ria Formosa).

In contrast, PC1 differentiated Ria Formosa from the other sites. This separation may
indicate local adaptation, possibly associated with the region’s persistently high temperatures.
Studies in related taxa have shown that populations inhabiting chronically warm environ-
ments can evolve enhanced thermal plasticity, which in turn facilitates adaptive evolution
(Chen et al., 2022; Dilworth et al., 2024). For example, Daphnia magna populations from warmer
climates exhibit stronger upregulation of hemoglobin in response to acclimation at elevated
temperatures, indicating local adaptation for increased plasticity in hemoglobin expression
(Yampolsky et al., 2014). Interestingly, the largest site-specific divergence in our dataset oc-
curred in spring between Troia and Ria Formosa, where transcriptional profiles diverged more
strongly than between any other population pair. This separation was consistent across both
PCA clustering and differential gene expression analyses, with more than 1,000 DEGs (~10.5%
of the tested genes) distinguishing the two populations. Although their average shallow sea-
water temperature summer conditions appear broadly similar, with overlapping mean tem-
peratures (~25.9°C), the seasonal dynamics of shallow seawater warming diverge sharply be-
tween these two sites. Specifically, the magnitude of seasonal increase in water temperature is
more pronounced in Troia (AT spring-summer ~ 3.9 °C) than in Ria Formosa or Ria de Aveiro
(AT = 2.5 °C in both). This suggests that divergence may be driven not solely by mean summer
temperature conditions, but by the trajectory of seasonal thermal regimes, as supported by
Logan and Cox (2020) and Schmalensee et al. (2022).

One plausible explanation for the higher number of differentially expressed genes ob-
served in spring is anticipatory plasticity. Anticipatory plasticity is a well-documented strat-
egy in ectotherms, enabling adjustment of cellular processes in advance of more extreme con-
ditions (Stollewerk et al., 2025). For instance, mosquito populations exhibit greater geographic

variation in thermal reaction norms under warm versus cool seasons, with timing of diapause
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strongly modulating these differences (Ragland & Kingsolver, 2007). In live-bearing lizards,
climatic effects on life history and between-year fluctuations in temperature have driven di-
vergence in sex-determining mechanisms, with lowland populations relying on temperature-
dependent systems while highland populations maintain genetic sex determination (Pen et al.,
2010).

Troia has also experienced a disproportionately high incidence of marine heatwaves in
recent years, with six events documented between 2010-2022 (each spanning 6 to 16 days) (see
IPMA, 2025). Marine heatwaves are increasingly recognized as acute selective pressures shap-
ing molecular and phenotypic resilience in coastal organisms (Oliver et al., 2018; Smale et al.,
2019). It is plausible that the transcriptional distinctiveness observed in Troia compared to the
other two populations represents not only anticipatory plasticity but is also the result of selec-
tion due to cumulative exposure to recurrent marine heatwaves. However, this links to an
important evolutionary consideration: phenotypic plasticity is most advantageous in predict-
able (even if fluctuating) environments (Ghalambor et al., 2007; Stollewerk et al., 2025). In-
creasingly stochastic extremes, such as irregular heatwaves, may erode the reliability of certain
plastic responses in guaranteeing survival if their adaptive value is lost or they become mala-
daptive (Stollewerk et al., 2025).

At the molecular level, our analyses consistently revealed the presence of differential
gene expression of highly conserved stress-response genes between populations, most notably
heat shock proteins and ubiquitin-related genes. Heat shock proteins represent a nearly uni-
versal response to thermal stress across taxa (Collins, Peck, et al., 2021). Acting as molecular
chaperones, they stabilize unfolded proteins and promote correct refolding under conditions
that threaten protein integrity, such as acute heat exposure (Payton et al., 2016). The ubiquitin-
proteasome system provides a complementary layer of protection, ensuring the removal of
irreparably damaged proteins that escape refolding. In this process, ubiquitin ligases recog-
nize misfolded proteins, label them with ubiquitin chains, and target them for degradation by
the 26S proteasome, recycling their amino acids for new protein synthesis (Fan & Jespersen,
2025).

Within our dataset, distinct population patterns provide further insight into how
Pomatoschistus microps mobilizes its molecular defence mechanisms. In spring, individuals
from Troia displayed elevated expression of HSP7C (i.e., the constitutively expressed form of
HSP70, synonym to heat shock cognate 70) and ubiquitin-related transcripts, consistent with
a strong reliance on ubiquitous mechanisms. This is complemented by suppression of lipoic

acid metabolism, a pathway that albeit providing antioxidant protection also carries high
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metabolic and energetic costs (Kiitter et al., 2014). Its downregulation therefore likely reflects
a strategic energy distribution in which resources are conserved and redirected toward more
immediate needs, such as stress defence, protein transport or cellular repair (Fan & Jespersen,
2025; Ros et al., 2021). This pattern is consistent with a constitutive frontloading strategy, in
which organisms maintain higher baseline levels of protective proteins as a preparatory de-
fence against sudden stress (Collins et al., 2023; Dilworth et al., 2024; Payton et al., 2016). Com-
parable mechanisms have been observed in corals, such as Acropora spp., which exhibit front-
loading of thermal stress response genes and, adaptively, suppress expression of metabolic
and ribosomal processing genes in populations exposed to more thermally stressful environ-
ments (Dilworth et al., 2024). Additional pathways overexpressed in Troia compared to Ria
Formosa, including translational elongation, basal transcription factors, the PRC1 complex,
and piRNA metabolism, point to a cellular program adapted toward rapid stress responsive-
ness. Upregulation of translational elongation and basal transcription factors suggest that cells
are maintaining a high capacity for rapid protein synthesis, a feature consistent with organ-
isms that must repeatedly synthesize stress-response proteins during episodes of acute envi-
ronmental change (Alagar Boopathy et al., 2022). The enrichment of PRC1 complex compo-
nents indicates modulation of chromatin architecture and transcriptional plasticity, enabling
the fine-tuned regulation of stress-inducible genes (Bordet et al., 2022). In parallel, increased
activity of piRNA metabolism pathways highlights investment in genome integrity mainte-
nance, as the piRNA pathway suppresses transposable element activation under stress and
contributes to germline stability, that is the ability of genetic or epigenetic changes to be pre-
served and passed on from parents to their offspring via the egg and sperm cells. (Czech et al.,
2018; Kelly, 2014; Weick & Miska, 2014). Taken together, these processes indicate that Troia
populations adopt a highly dynamic strategy. Importantly, this is not a static adaptation but a
flexible, stress-preparatory regulation (Collins, Clark, et al., 2021). Indeed, in subsequent sea-
sons we observed continued upregulation of cytoplasmic ribosomal proteins and translational
elongation factors, reinforcing the notion that Troia fish sustain an enhanced capacity for pro-
tein turnover and rapid stress-response deployment throughout the year or at least during the
warmer seasons (spring and summer) (Seluzicki et al., 2025). Such patterns align with evidence
from other ectotherms in variable habitats, where ribosomal and translational plasticity have
been linked to resilience under thermal fluctuation (Chen et al., 2023; Collins, Clark, et al.,
2021).

Conversely, Ria Formosa exhibited higher expression of STYL1, a gene implicated in

cytoskeletal organization, which may contribute to cellular structural stability under
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environmental stress. Actually, a study on an intertidal amphipod found that frontloaded
genes also included those related to immune and cytoskeletal functions (Collins et al., 2023;
Somero, 2020). Additionally, a notable gene expressed in Ria Formosa fish provides valuable
insights into possible biological mechanisms, DNJC3 a co-chaperone of HSPA87/HSC70, is a
heat shock cognate that enhances protein-folding capacity (Stricher et al., 2013) and could also
represent a form of frontloading by maintaining elevated levels of molecular chaperones. Sup-
porting this interpretation, in Ria Formosa we observed overexpression of pathways related
to the formation of the free 40S ribosomal subunit pool and the assembly of mitochondrial
respiratory chain complex II. These enrichments suggest a fundamentally different adaptive
strategy, characterized by stable investment in translational efficiency through increased ribo-
somal capacity, and energy production through enhanced mitochondrial capacity (Gerber et
al., 2020; Muir et al., 2022). The 40S ribosomal subunit pool provides the foundation for effi-
cient initiation of protein synthesis, ensuring consistent capacity to sustain cellular growth and
maintenance under warm but predictable conditions (Liu & Qian, 2014). A parallel example is
found in the Atlantic salmon (Salmo salar), where juveniles exposed to elevated temperatures
(+4°C) during development display increased abundance of ribosomal proteins in cardiac tis-
sue. This enhancement of protein synthesis capacity supports a hypertrophic growth model of
the compact myocardium, representing a compensatory mechanism to maintain cardiac func-
tion under thermal stress. Moreover, these salmon also show increased mitochondrial respir-
atory chain proteins and higher mitochondrial density, leading to improved oxidative phos-
phorylation and ATP production efficiency (Muir et al., 2022). Meanwhile, the upregulation
of mitochondrial respiratory chain complex Il assembly, also known as succinate dehydrogen-
ase (SDH), signifies a more efficient oxidative phosphorylation system capable of sustaining
ATP production even under the stress of chronically elevated temperatures. When tempera-
tures remain high over prolonged periods, cells adapt by enhancing the machinery responsible
for oxidative phosphorylation, including Complex II (Bezawork-Geleta et al., 2017; Goetzman
et al., 2023). Together, these pathways indicate that Ria Formosa populations adopt a strategy
of basal stabilization, where cellular homeostasis is maintained through robust 40S ribosomal
subunit and efficient mitochondrial function rather than acute stress preparedness.
Latitudinal variation thus emerges as a factor driving molecular divergence among P.
microps (Troia and Ria Formosa) populations. In contrast, seasonal differences were only de-
tected in Ria de Aveiro, where individuals exhibited transcriptional shifts between spring and

summer. Although the number of differentially expressed genes was small (13 DEGs, of which

41



11 were overexpressed) and no pathway reached statistical significance, these results are not
devoid of biological meaning, especially when we interpret alongside literature.

Ria de Aveiro experiences a relatively low seasonal thermal amplitude. In Ria de
Aveiro, the measured abiotic parameters throughout seasons remained within ranges consid-
ered optimal for P. microps performance, as mentioned before. The key environmental distinc-
tion between seasonal differences across populations relies in the fact that Ria de Aveiro main-
tains relatively more stable conditions that are nonetheless cooler than those recorded in Troia
and Ria Formosa - Troia with a strong seasonal thermal amplitude and records of marine heat
waves and Ria Formosa which maintains relatively stable, but overall, much warmer condi-
tions than Ria de Aveiro.

The complete absence of seasonal DEGs in Troia and Ria Formosa could reflect the
influence of environmental (un)predictability and overall warmer thermal regimes in shaping
molecular responses. Previous field studies on fish, such as Feidantsis et al., (2013) reveal that
in the liver of Sparus aurata inhabiting shallow waters, the most pronounced changes in the
concentration of proteins associated with cellular stress responses, specifically nitrogen-acti-
vated protein kinases (MAPKs) and extracellular signal regulated kinases (ERKSs), occurred in
April and May. Following these peaks, MAPK levels remained stable throughout the summer,
while ERK levels declined. This may help explain the absence of transcriptional shifts in Troia
between spring and summer, suggesting that they may actually occur earlier in the year (as
the season progresses from winter to spring) as a 'preparative defence strategy' for the warmer
seasons, which include spring and summer (see Dong et al., 2008).

Experimental evidence further substantiates the limited seasonal transcriptional vari-
ation observed between spring and summer. Laboratory simulations mimicking both current
and projected summer conditions revealed only minor shifts in critical thermal maximum
(CTmax), with warm-acclimatized individuals exhibiting slightly higher tolerance than cold-
acclimatized ones (Missiondrio et al., 2024). These findings could indicate that P. microps is
well adapted to the substantial temperature variability typical of shallow coastal habitats, ex-
hibiting relative insensitivity to temperature fluctuations within the species” operating thermal
niche, with transcriptional and physiological adjustments likely triggered only once critical
thresholds are exceeded (Missionario et al., 2024). This adaptive strategy allows these organ-
isms to be readily prepared to respond to frequent environmental fluctuations, reducing the
lag time between the detection of external cues and the induction of an appropriate response,

allowing for their physiology to quickly match their environment.
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At the molecular level, seasonal transcriptomic differences in the Ria de Aveiro popu-
lation reveal distinct physiological priorities between summer and spring. During summer,
steroid biosynthesis emerged as a central pathway. In teleost’s, steroidogenesis is a highly
conserved process that regulates reproduction, stress adaptation, osmoregulation, and im-
mune function (Kocerha & Denslow, 2025). This enrichment is consistent with the reproduc-
tive phenology of the local population, as spawning activity in Ria de Aveiro typically peaks
in summer (Arruda et al., 1993). The upregulation of steroidogenic pathways therefore likely
reflects the endocrine activation required to support gonadal maturation and spawning. In
parallel, the upregulation of cathepsin L-like (CATLL) indicates intensified proteolytic activ-
ity. Cathepsin L has been widely implicated in vitellogenin processing and yolk protein mo-
bilization in maturing females, as well as in tissue remodelling during reproductive cycles
(Jiang et al., 2022). Its elevated expression in summer therefore provides molecular evidence
of active vitellogenesis and reproductive readiness within the population. In contrast, spring
samples showed enrichment of fatty acid metabolism and degradation. Lipids, a major energy
reserve in fish, support growth, locomotion, reproduction, and migration (Olivares-Rubio &
Vega-Lopez, 2016). Photoperiod has been proposed as a cue modulating lipid metabolism
(Wang et al., 2023) partly through effects on liver oxidative stress. Aquatic organisms rely on
circadian clocks to synchronize physiology with rhythmic light cycles. Light modulates feed-
ing, energy use, and growth; for instance, long-day photoperiods stimulate feeding, enhancing
hepatic lipid metabolism and growth in juvenile gibel carp. Seasonal variation in lipid metab-
olism enzymes has also been documented in yellowtail (Seriola quinqueradiata) (Wang et al.,
2023). Spring upregulation of FoxO signalling further suggests responses to environmental
stress. FoxO transcription factors, regulated by insulin and growth factors, control cell prolif-
eration, apoptosis, metabolism, and stress resistance. In aquaculture, there is a growing body
of research on the response of FoxO to environmental factor stresses. For example, FoxO ac-
tivity changes under hypoxia, heat stress (e.g., Brachymystax lenok tsinlingensis), salinity (e.g.,
Luciobarbus capito), some studies have also demonstrated that it can upregulate the expression
of autophagy-related genes (Wang et al., 2023). Seasonal variation thus indicates energy accu-
mulation and stress defence, while summer profiles reflect endocrine and hepatic adjustments
supporting reproduction. This seasonal alteration between metabolic preparation and repro-
ductive investment seems to align with the species' phenology. However, as no pathways
reached statistical significance, these patterns should be interpreted cautiously and cannot be

taken as definitive evidence of such processes.
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The current study is, nonetheless, baffled by challenges and pitfalls. Firstly, P. microps
is a non-model organism, which presents inherent challenges for transcriptome assembly and
annotation (Jackson et al., 2024). Despite leveraging the Swiss-Prot database and a zebrafish-
specific database to maximize annotation accuracy, the absence of species-specific genomic
resources may contribute to potential annotation errors (Jackson et al., 2024; Shomron, 2021).
Nevertheless, we focused on the liver due to its central role in homeostasis and metabolic reg-
ulation of whole-body physiology, such as covering bile production, amino acid regulation,
glucose metabolism, vitamin storage, detoxification, and immune responses (Daniel Schlenk
& William H. Benson, 2017; Heymann & Tacke, 2016). Liver gene expression changes thus
reflect both the impacts of environmental stress and the organism’s adaptive responses (Chien
& Hwang, 2001; Tao et al., 2018). Additionally, the liver often shows stronger gene expression
responses to temperature extremes than other tissues, making it suitable for studying thermal
stress in challenging habitats like intertidal zones (Das et al., 2005; Song et al., 2015). Secondly,
our reliance on wild-caught individuals introduces inherent environmental confounding fac-
tors that can challenge the interpretation of transcriptomic data (Keagy et al., 2023). Despite
efforts to characterize physicochemical conditions, confounding variables such as capture
stress or prior stress history, can significantly influence gene expression profiles (Keagy et al.,
2023). Nevertheless, conducting transcriptomic analyses on wild specimens holds the ad-
vantage of capturing a realistic snapshot of molecular networks as well as natural inter-indi-
vidual variability of biologically and ecologically relevant responses to complex, natural envi-
ronments that laboratories cannot fully replicate. Specifically, this approach allows detection
of genes expressed exclusively under natural conditions and links molecular responses across
cellular, population, community, and ecosystem levels (Keagy et al., 2023). Moreover, land-
scape transcriptomics serves as a powerful bioindicator, revealing acute, chronic, and histori-
cal exposure to multiple and interacting stressors simultaneously, thus elucidating the specific
landscape factors shaping organismal responses (Keagy et al., 2023). Another important con-
sideration is our use of principal component analysis and complementary visualization meth-
ods, such as heatmaps and hierarchical clustering, for exploratory data analysis. PCA is a
standard initial step for high-dimensional RNA-seq data, summarizing major patterns of var-
iation (Koch et al., 2018). However, it has well-documented limitations: it can be distorted by
outliers, batch effects, and technical variation unrelated to biology (Chen et al., 2020; Yu et al.,
2024). More importantly, there is a risk of apophenia (i.e., the tendency to perceive meaningful
patterns in noisy data) leading to overinterpretation of apparent clusters or trends without

robust supporting evidence (Hanson et al., 2021). Therefore, we treat PCA results as
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exploratory and interpret them cautiously, corroborating patterns with additional analyses

before drawing conclusions.

Notwithstanding the above mentioned limitations, our study provides valuable in-
sights. From a climate change perspective, these divergent strategies have contrasting impli-
cations. As marine heatwaves become more frequent and unpredictable, populations such as
Troia, which rely on anticipatory plasticity, may be at risk if environmental cues no longer
reliably predict future conditions. Conversely, populations adapted to stable environments
like Ria Formosa may be highly vulnerable to sudden thermal extremes. In Ria de Aveiro, no
clear stress-adaptive strategy emerged, but its northern location and the mitigating influence
of upwelling may delay the onset of climate-driven impacts relative to southern populations.
By identifying distinct molecular strategies, our findings provide a basis for predicting popu-

lation resilience under future scenarios.
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CONCLUSION

This thesis investigated the molecular mechanisms that shape how Pomatoschistus microps pop-
ulations respond to local environmental regimes and seasonal thermal variation, using a func-
tional genomics approach. By comparing transcriptomic profiles across three populations

along a latitudinal gradient and across two seasonal regimes three key conclusions emerge:

1. Divergent responses are shaped by thermal regimes. We demonstrated that gene
expression divergence among populations is primarily associated with local temper-
ature regimes rather than salinity, oxygen, or pH, which remained within tolerable
ranges. Ria de Aveiro emerged as distinct due to the cooling effect of coastal
upwelling, while Ria Formosa populations exhibited signatures of persistent local ad-
aptation to chronically warm environments.

2. Alternative physiological strategies. Our transcriptomic analyses revealed that Troia
fish adopt a highly dynamic stress-preparatory strategy, characterized by frontload-
ing of stress-related genes, consistent with recurrent exposure to marine heatwaves.
In contrast, Ria Formosa populations displayed a basal stabilization strategy, with
sustained investment in ribosomal and mitochondrial efficiency, suggesting adapta-
tion to persistently warm but predictable thermal regimes. This contrast illustrates
how populations facing different thermal environments may rely on alternative mo-
lecular responses to achieve resilience.

3. Seasonal plasticity is restricted to Ria de Aveiro. Unlike southern populations, only
Ria de Aveiro fish displayed seasonal transcriptional adjustments, with spring char-
acterized by metabolic priming (FoxO signalling, lipid catabolism) and summer dom-
inated by reproductive activation (steroidogenesis, vitellogenesis). This seasonal al-
ternation between metabolic preparation and reproductive investment seems to align

with the species phenology.
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Future directions should integrate long-term monitoring with controlled experiments to
disentangle plasticity from genetic adaptation, incorporate other tissues beyond the liver, and
assess carry-over effects between life stages. Such efforts are essential to predict the resilience
of coastal fish under intensifying climate change and increasingly stochastic marine heat-

waves.
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A.1 Tables

Table A.1 - Methods steps and softwares

A

AN APPENDIX

Step Software and Algorithms Source/URL
https:/ /www.bioinformat-
ics.babraham.ac.uk/pro-
Quality control FastQC v0.11.9 jects/fastqc/

Pre-processing TrimGalore v0.6.0

Transcript assembly  Trinity v2.14.0

Read alignment Bowtie2 v2.4.2, Samtools v1.8

OREF prediction TransDecoder v5.5.0
Functional annotation BLASTp v2.12.0, Swiss-Prot
Expression quantifica-

tion Kallisto v0.48.0, tximport
Differential

sion analysis

expres-
edgeR v4.7.2, limma v3.65.0,
Gene set enrichment
analysis
Protein-Protein inter-
action analysis STRING v12.0

Data visualization ggplot2 v3.5.2, Inkscape v1.4

multiGSEA v1.19.0, org.Dr.eg.db

https:/ /www.bioinformat-

ics.babraham.ac.uk/pro-

jects/trim_galore/

https:/ / github.com/ trinityr-
naseq/ trinityrnaseq

https:/ / github.com/Ben-
Langmead/bowtie2

https:/ /github.com/TransDecoder
/TransDecoder

https:/ /blast.ncbi.nlm.nih.gov/Bla
st.cgi

https:/ /pachterlab.github.io/kal-

listo

https:/ /bioconductor.org/pack-

ages/edgeR

https:/ /bioconductor.org/packa-
ges/ multiGSEA

https:/ /string-db.org/
https:/ / ggplot2.tidyverse.org/,

https:/ /inkscape.org/
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Table A.2. Environmental data collection. Source: Madeira et al., 2025 (under revision).

Climate type
Coastal region
Location

Season

Csb Csb/Csa
Northwestern Southwestern
Ria de Aveiro Troia Peninsula

Spring Summer Spring Summer

(A-]) J-s) (A7) (-9

Csa

Southern

Ria Formosa
Spring Summer

(A7) (-9

Avg. Shallow seawater temp. (°C, <1m depth, collection days)

Air temp. (°C, 1,5 m from ground level, collection days)

Avg. max. shallow seawater temp. (°C, collection sites)
Abs. max. Shallow seawater temp. (°C, collection sites)

Avg. seasonal seawater temp. (°C, collection sites)

Avg. monthly seawater temp. amplitude (°C, max-min, collection sites) 7.9+1.6

Air temp. range (avg., min. To max., °C, CSN 1981-2010)

Highest air temperature extreme, °C and (year) during 1981-2010

No. of heatwave events and (no. days) since 2010-2022
Salinity

[O] ppm?2

pH

21.1+0.8 18.6+x1.6 22.0+0.9 25.9+3.5

18.5 22.6 208 282
22.8+1.6 22.8+0.7 28.6+1.4 30.0+1.1
23.9 23.6 316 341
17.5+0.7 18.8+1.0 17.8+1.9 20.2+0.2
8.1+0.6  17.5%2.2 14.4+1.4
12.6-204 158241 11.6-23.7 15.8-29.2
39,3 (2010) 43,5 (1995)
1 (6d) 6 (6-16d)

27.6%1.03 34.0+0.4
NA 7.6+0.3
8.2+0.006 8.1+0.04

38.0+1.6 36£1.8
72409 8.3%1.1
7.9+0.08 8.1+0.16

23.4+0.9 25.9+0.5
28.0 26.0

— 32.9+1.3
— 35.1
— 25.0+0.8
— 15.1+1.8
14.6-18.8 19.1-28,2
44,3 (2004)
0 (na)
35.2+0.4 35.0+0.0
8.0+0.7 7.5%1.1
7.62+0.4 8.1+0.07
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A.2 Scripts

A.2.1 Main Script

# 1. Load Blastp file

swissprot <- load_blastp_data("'01-Input/Blastp/ExtremeOceans_Blastp_SwissProt.csv")
dim(swissprot) # 161.919 15

zebrafish <- load_blastp_data("01-Input/Blastp/ExtremeOceans_Blastp_Zebrafish.csv")
dim(zebrafish) # 78.410 15

plat <- load_blastp_data("01-Input/Blastp/ExtremeOceans_Blastp_Plat.csv")

dim(plat) # 13.905 15

# Check for missing values

sum(is.na(swissprot)) # Total count of missing values
colSums(is.na(swissprot))  # Count per column
anyNA (swissprot) # TRUE if any missing values exist

# 2. Load Kallisto files

## File paths to access each sample's quantification data

abundance_files <- file.path("./01-Input/Kallisto", sample_name, "abundance.tsv")
### output e.g,,

#Hit#

### [1]"./01-Input/Kallisto/F14.Sp_TR/abundance.tsv"

### [2]"./01-Input/Kallisto/F15.5u_TR/abundance.tsv"

### [3]"./01-Input/Kallisto/F16.Su_RA/abundance.tsv"

names(abundance_files) <- sample_name
## Import kallisto files (1st time)

abundance_tsv <- tximport(
abundance_files,
type = "kallisto",
txOut = TRUE,
countsFromAbundance = "lengthScaledTPM"

)

tx2gene_df <-unlist(sapply(rownames(abundance_tsv$counts),
function(x) unlist(strsplit(x, "i", fixed = TRUE))[1]))
### logice.g,,
#Hit#
### TranscriptID - TRINITY_DN168445_c0_gl_il (i.e., [c]luster | [g]lene| [i]soform])



#Hit#

### sapply(rownames(abundance_tsv$counts) - For every transcript ID, the code:
### function(x) unlist(strsplit(x, "i", fixed = TRUE))[1])) - splits the word at "i"
#Hit# [TRINITY_DN168445_c0_g1_] + [i1]

Hit# and select the first "[1]" part

### GenesID - TRINITY_DN168445_c0_g1

### data frame => | TranscriptID | GenelD |

tx2gene_df <-data.frame(rownames(abundance_tsv$counts), tx2gene_df)
colnames(tx2gene_df)<-c("TranscriptID", "GenelD")
print(head(tx2gene_df))

## Import Kallisto files (2nd time) but know with tx2gene @param
abundance_tsv <- tximport(

abundance_files,

type = "kallisto",

tx2gene = tx2gene_df,

countsFromAbundance = "lengthScaledTPM"

)

## Explore the object created with tximport

names(abundance_tsv)

View(head(abundance_tsv$abundance)) # matrix containing TPM's
View(head(abundance_tsv$counts)) # matrix containing read counts
View(head(abundance_tsv$length))

save(abundance_tsv, file = "03-Output/01-DEG-Analysis/analysis-ready-data/abundance_tsv")
# 3. Merge Blastp(1.) + Kallisto(2.) counts

## Preparing data to merge | Purpose .: Be easy to merge

### Kallisto data - Create a new data frame that contains a "GenelD" column
counts <- abundance_tsv$counts

counts <- cbind(as.data.frame(row.names(counts)), counts)
colnames(counts)[1]<-"GenelD"

### Blastp data - Add "GenelD" column + clean Blastp data

swissprot <- select_best_hits(swissprot)
dim(swissprot) # 37.824 16

zebrafish <- select_best_hits(zebrafish)
dim(zebrafish) # 17.932 16

plat <- select_best_hits(plat)
dim(plat) # 3.743 16

## Merge (Blastp + kallisto counts) | [Bp]Blastp + [k]kallisto - BpK
BpK_swissprot <- merge(swissprot, counts, by = "GenelD")
dim(BpK_swissprot) # 37.824 34

BpK_zebrafish <- merge(zebrafish, counts, by = "GenelD")
dim(BpK_zebrafish) # 17.932 34

BpK_plat <- merge(plat, counts, by = "GenelD")
dim(BpK_plat) # 3.743 34



## Save files

save_to_excel(BpK_swissprot, "03-Output/01-DEG-Analysis/ preprocessed-data/ BpK-Swis-
sprot.xlsx")

save_to_excel(BpK_zebrafish, "03-Output/01-DEG-Analysis/ preprocessed-data/BpK-
Zebrafish.xlsx")

save_to_excel(BpK_plat, "03-Output/01-DEG-Analysis/ preprocessed-data/BpK-Plat.xlsx")

# Data needed:

BpK_swissprot  <-  read.xlsx("03-Output/01-DEG-Analysis/preprocessed-data/BpK-Swis-
sprot.xlsx")

BpK_zebrafish <- read.xIsx("03-Output/01-DEG-Analysis/ preprocessed-data/BpK-
Zebrafish.xlsx")

BpK_plat <- read.xIsx("03-Output/01-DEG-Analysis/ preprocessed-data/BpK-Plat.xIsx")

# Process data:

Data_SP <- process_BpK_data(BpK_swissprot) #15947

dim(Data_SP)

#save_to_excel(Data_SP, "./03-Output/01-DEG-Analysis/analysis-ready-data/BpK-data-pro-
cessed-SP.xIsx")

Data_Z <- process_BpK_data(BpK_zebrafish) #2975

dim(Data_Z)

#save_to_excel(Data_Z, "./03-Output/01-DEG-Analysis/analysis-ready-data/BpK-data-pro-
cessed-Z.xIsx")

Data_P <- process_BpK_data(BpK_plat) #145

dim(Data_P)

#save_to_excel(Data_P, "./03-Output/01-DEG-Analysis/analysis-ready-data/ BpK-data-pro-
cessed-P.xIsx")

# 2.1.1 e-value and pident behavior (before and after processing)

## pident raw data :

#barData_swissprot <- process_barplot_data(swissprot, "swissprot", metric = "pident")
#barData_zebrafish <- process_barplot_data(zebrafish, "zebrafish", metric = "pident")
#barData_plat <- process_barplot_data(plat, "platyhelminthes", metric = "pident")

#data_list <- list("Swiss-prot" = barData_swissprot,



# "Zebrafish" = barData_zebrafish,
# "Platyhelminth" = barData_plat)

#barData <- prepare_summary(data_list)

## Bar plot
#plot_barplot(barData, save_plot = TRUE,
# output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-pi-

dent-add-genelD.pdf" )

#plot_barplot(barData, save_plot = TRUE,
# output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures /barPlot-pi-
dent-raw-data.pdf")

## Pident before processing :

# Prepare each data set

barData_BpKsp <- process_barplot_data(BpK_swissprot, "swissprot", metric = "pident")
barData_BpKz <- process_barplot_data(BpK_zebrafish, "zebrafish", metric = "pident")
barData_BpKp <- process_barplot_data(BpK_plat, "platyhelminthes", metric = "pident")

data_list <- list("Swiss-prot" = barData_BpKsp,
"Zebrafish" = barData_BpKz,
"Platyhelminth" = barData_BpKp)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-pi-

dent-before-processing.pdf" )
## Pident after processing :

# Prepare each data set

barData_sp <- process_barplot_data(Data_SP, "swissprot", metric = "pident")
barData_z <- process_barplot_data(Data_Z, "zebrafish", metric = "pident")
barData_p <- process_barplot_data(Data_P, "platyhelminthes", metric = "pident")

data_list <- list("Swiss-prot" = barData_sp,
"Zebrafish" = barData_z,
"Platyhelminth" = barData_p)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-pi-

dent-after-processing.pdf" )
## E-value raw data :
#barData_swissprot <- process_barplot_data(swissprot, "swissprot", metric = "evalue")

#barData_zebrafish <- process_barplot_data(zebrafish, "zebrafish", metric = "evalue")
#barData_plat <- process_barplot_data(plat, "platyhelminthes", metric = "evalue")



#data_list <- list("Swiss-prot" = barData_swissprot,
# "Zebrafish" = barData_zebrafish,
# "Platyhelminth" = barData_plat)

#barData <- prepare_summary(data_list)
## Bar plot

#plot_barplot(barData, save_plot = TRUE,
# output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-
evalue-add-genelD.pdf")

#plot_barplot(barData, save_plot = TRUE,
# output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-
evalue-raw-data.pdf" )

## E-value before processing :

barData_BpKsp <- process_barplot_data(BpK_swissprot, "swissprot", metric = "evalue")
barData_BpKz <- process_barplot_data(BpK_zebrafish, "zebrafish", metric = "evalue")
barData_BpKp <- process_barplot_data(BpK_plat, "platyhelminthes", metric = "evalue")

data_list <- list("Swiss-prot" = barData_BpKsp,
"Zebrafish" = barData_BpKz,
"Platyhelminth" = barData_BpKp)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = FALSE)

plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-
evalue-before-processing.pdf" )

## E-value after processing :

barData_sp <- process_barplot_data(Data_SP, "swissprot", metric = "evalue")
barData_z <- process_barplot_data(Data_Z, "zebrafish", metric = "evalue")
barData_p <- process_barplot_data(Data_P, "platyhelminthes", metric = "evalue")

data_list <- list("Swiss-prot" = barData_sp,
"Zebrafish" = barData_z,
"Platyhelminth" = barData_p)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = FALSE)

plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-

evalue-after-processing.pdf" )

# 2.1.2 Common GeneNamelD's on the different BLAST's outputs



# Before processing

Overlap_BpKSp_and_BpKZ <- analyse_overlap(BpK_swissprot, BpK_zebrafish,"swissprot",
"zebrafish")

Overlap_BpKSp_and_BpKP <- analyse_overlap(BpK_swissprot, BpK_plat,"swissprot", "plat")

Overlap_BpKZ_and_BpKP <- analyse_overlap(BpK_zebrafish, BpK_plat,"zebrafish", "plat")

# After processing

Overlap_Sp_and_Z <- analyse_overlap(Data_SP, Data_Z,"swissprot", "zebrafish")
Overlap_Sp_and_P <- analyse_overlap(Data_SP, Data_P,"swissprot", "plat")
Overlap_Z_and_P <- analyse_overlap(Data_Z, Data_P,"zebrafish", "plat")

GenelD_Overlap_Sp_and_P <- analyse_overlap(Data_SP, Data_P,"swissprot", "plat",
column_name = "GenelD")
GeneNamelD_Overlap_Sp_and_P <- analyse_overlap(Data_SP, Data_P,"swissprot", "plat",
column_name = "GeneNamelD")

## Venn Diagram

vennData <- list("Swiss-prot" = BpK_swissprot$GenelD,
"Zebra-fish" = BpK_zebrafish$GenelD,
"Platyhelminth" = BpK_plat$GenelD)

plot_vennDiagram(vennData, save_plot=TRUE,
output_file="./03-Output/01-DEG-Analysis/annotation-results/figures/vennDia-
gram-BpKcommonGenelD-before-processing.pdf")

# 2.2.1 Taxonomic representation
taxData <- list(SP_Organisms = Data_SP, P_Organisms = Data_P, Z_Organisms = Data_Z)

taxResults <- analyse_taxonomic_representation(taxData)

#save_to_excel(taxResults,

# output_file = "./03-Output/01-DEG-Analysis/annotation-results/ tables/taxonomic-
representation.xlsx")

## Pie chart
# 2.2.2 Fish organisms

# fish species: ----

fish <- c('Acipenser baerii',
'Acipenser transmontanus',
'Anguilla anguilla',
'Anguilla japonica',
'Anoplopoma fimbria',
'Argyrosomus regius',
'‘Boreogadus saida',
'‘Brachyopsis segaliensis',



'Carassius auratus',
'Catostomus commersonii',
'Chaenocephalus aceratus',
'Chauliodus sloani',
'Chelon auratus',

'Chelon ramada’,
'Chionodraco hamatus',
'Ctenopharyngodon idella’,
'Cynoscion nebulosus',
'Cyprinus carpio!,

'Danio rerio',

'Devario aequipinnatus',
'Dicentrarchus labrax!,
'Diplobatis ommata',
'Dissostichus eleginoides',
'Electrophorus electricus',
'Epinephelus akaara/,
'Epinephelus coioides',
'Esox lucius/,

'Formosania lacustris',
'Fundulus heteroclitus',
'Gadus morhua’,

'Galeus melastomus',
'Gasterosteus aculeatus',
'Gillichthys mirabilis',
'Gillichthys seta’,
'Haplochromis burtoni',
'Haplochromis nubilus',
'Haplochromis xenognathus',
'Harpagifer antarcticus',
'Hemitripterus americanus',
'Heterodontus francisci',
'Heteropneustes fossilis',
'Hippocampus comes',
'Hippoglossus hippoglossus',
'Ichthyomyzon unicuspis',
'Ictalurus punctatus',
'Katsuwonus pelamis',
'"Labeo rohita’,

'Lepomis macrochirus',
'Leucoraja ocellata',
'Lophius americanus',
'Makaira nigricans',
'Megalobrama amblycephala’,
'Meiacanthus atrodorsalis',
'Micropogonias undulatus',
'Micropterus salmoides',
'Misgurnus fossilis',
'Monopterus albus',
'Mullus surmuletus',
'Myoxocephalus octodecemspinosus/,
'Notemigonus crysoleucas',
'Oncorhynchus keta',
'Oncorhynchus kisutch',
'Oncorhynchus masou',
'Oncorhynchus mykiss',



'Oncorhynchus nerka',
'Oncorhynchus tshawytscha',
'Oplegnathus fasciatus',
'Opsanus tau',
'Oreochromis mossambicus',
'Oreochromis niloticus',
'Oryzias javanicus',
'Oryzias latipes',

'Oryzias luzonensis',
'Osmerus mordax’,

'Pagrus major’,
'Paralichthys olivaceus',
'Paramisgurnus dabryanus',
'Petromyzon marinus',
'Pleuronectes platessa',
'Poecilia reticulata’,
'Poeciliopsis lucida',
'Pomatoschistus minutus',
'Prionace glauca',
'Protopterus aethiopicus',
'Psalidodon fasciatus',
'Pseudopleuronectes americanus',
'Salmo salar',

'Salmo trutta',

'Salvelinus fontinalis',
'Scomber japonicus',
'Scomber scombrus',
'Scomberomorus niphonius/,
'Scorpaena plumieri',
'Scyliorhinus stellaris',
'Seriola quinqueradiata’,
'Siganus canaliculatus',
'Siniperca chuatsi/,

'Solea senegalensis',
'Sparus aurata/,

'Squalus acanthias',
'Synanceia horrida',
'Synanceia verrucosa',
'Takifugu pardalis',
'Takifugu rubripes',
'"Tetraodon fluviatilis',
'Tetraodon miurus',
'Tetraodon nigroviridis',
'"Tetronarce californica’,
'Thalassophryne nattereri',
'"Thunnus obesus',
'Torpedo marmorata’,
'Trachurus japonicus',
'"Trematomus bernacchii',
"Trichopodus trichopterus',
"Xiphophorus hellerii',
Xiphophorus maculatus')

#

fish_SP <- Data_SP %>% filter(OS %in% fish)



fish_occurrance <- fish_SP %>%
count(OS, name = "Count", sort = TRUE) %>%
as.data.frame()

View(fish_occurrance)

dim(fish_SP) # 2420
View(fish_SP)

fishGeneNamelD <- fish_ SP$GeneNamelD
fishGenelD <- fish_ SP$GenelD
length(fishGenelD)

common_GeneNamelD_fishSP_P <- get_common_GeneNamelD(fish_SP, Data_P)
nrow(common_GeneNamelD_fishSP_P) # 9
View(common_GeneNamelD_fishSP_P)

common_GenelD_fishSP_P <- get_unique_GenelD(common_GeneNamelD_fishSP_P)
length(common_GenelD_fishSP_P) # 17

fish_SP <- fish_SP[!fish_SP$GenelD %in% common_GenelD_fishSP_P, ]
dim(fish_SP) # 2410

# 2.2.3 Putative parasitic genes

platGenes <- identify_putative_plat_genes(Data_SP, Data_P)
View(platGenes)

platGeneNamelD <- platGenes$GeneNamelD
platGenelD <- unique(c(platGenes$GenelD.Ref, platGenes$GenelD.Plat))

save_to_excel(platGeneNamelD, "./03-Output/01-DEG-Analysis/analysis-ready-data/puta-
tive-plat-genes.xIsx")

# PCA to be done:

# - with all abundance/counts (2)
# - abundance/counts subsets:

#  raw
- platGenelD (2)

- swiss-prot fishGenelD (2)
- all swiss-prot (2)

FH H H H H*

deg (under- over-) --------



with filterByExpr ---------
- all zebrafish (2)
- all swiss-prot (2)

without filterByExpr ------
- all zebrafish (2)
- all swiss-prot (2)

dt (under- over- noSig)----
with filterByExpr ---------
- all zebrafish (2)

- all swiss-prot (2)

without filterByExpr ------
- all zebrafish (2)
- all swiss-prot (2)

o o o H O H H H O H K K H

# Data needed:
load("03-Output/01-DEG-Analysis/analysis-ready-data/abundance_tsv")
View(abundance_tsv)

# PCA data (subsets of counts \ or abundance)
# tsv_datatype

# counts :

counts <- abundance_tsv$counts

# abundance :

abundance <- abundance_tsv$abundance

#2.3.1 All count
PCAdata <- process_PCAdata(tsv_data = counts)
dim(PCAdata) # 266105
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-all-
count.pdf")

#pca_res <- process_PCAloadings(pca_result, Data_SP)
#plot_pcaloadings(pca_res, save_plot = FALSE)

# 2.3.2 All abundance
PCAdata <- process_PCAdata(tsv_data = abundance)
dim(PCAdata) # 266105
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-all-
abundance.pdf")

# 2.3.3 Putative plat genes | counts
PCAdata <- process_PCAdata(GenelD_vector = platGenelD, tsv_data = counts)
dim(PCAdata) # 10
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-puta-
tive-plat-genes-count.pdf")



# 2.3.4 Putative plat genes | abundance
PCAdata <- process_PCAdata(GenelD_vector = platGenelD, tsv_data = abundance)
dim(PCAdata) # 10
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-puta-
tive-plat-genes-abundance.pdf")

# 2.3.5 Fish genes | counts
PCAdata <- process_PCAdata(dfl = fish_SP, df2 = Data_Z, tsv_data = counts)
dim(PCAdata) # 2254
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-fish-
genes-count.pdf")

# 2.3.6 Fish genes | abundance
PCAdata <- process_PCAdata(dfl = fish_SP, df2 = Data_Z, tsv_data = abundance)
dim(PCAdata) # 2254
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-fish-
genes-abundance.pdf")

dim(Data_SP) # 15947

Data_SP <- Data_SP[!Data_SP$GenelD %in% platGenelD, ]

dim(Data_SP) # 15937

save_to_excel(Data_SP, "./03-Output/01-DEG-Analysis/analysis-ready-data/ BpK-data-pro-
cessed-SP[v2].xIsx")

dim(Data_Z) # 2975

Data_Z <- Data_Z[!Data_Z$GenelD %in% platGenelD, ]

dim(Data_Z) # 2974

save_to_excel(Data_Z, "./03-Output/01-DEG-Analysis/analysis-ready-data/ BpK-data-pro-
cessed-Z[v2].xlsx")

# Perform DEG analysis for swiss-prot and zebrafish datasets (with) and (without)
# filterByExpr filter

# Data needed:



Data_SP  <-  read.xIsx("./03-Output/01-DEG-Analysis/analysis-ready-data/BpK-data-pro-
cessed-SP[v2].xIsx")
dim(Data_SP) # 15 937

Data_Z <- read.xIsx("./03-Output/01-DEG-Analysis/analysis-ready-data/ BpK-data-processed-
Z[v2].xIsx")
dim(Data_Z) # 2 974

load("03-Output/01-DEG-Analysis/analysis-ready-data/abundance_tsv")
# counts :

counts <- abundance_tsv$counts

# abundance :

abundance <- abundance_tsv$abundance

# 3.1.1 with filterByExpr ----

deg_SP_with_filter <-run_and_save_DEG(Data_SP,
"SP",
model_type ="QLF",
use_filter = TRUE,
use_lfc = FALSE)

# Available results and contrasts
names(deg_SP_with_filter)
names(deg_SP_with_filter$DEG_result)
names(deg_SP_with_filter$decideTest_result)

# Example: see specific contrast and columns
deg SP <- deg_SP_with_filter$DEG_result
Sp.RAvsTR <- deg_SP[["Sp.RAvsTR"]]
View(Sp.RAvsTR)
colnames(Sp.RAvsTR)
View(Sp.RAVsTR], c("logFC", "FDR", "evalue", "pident")])
Sp.RAVSTR <- Sp.RAVsTR %>%
# from lowest FDR to highest
arrange(FDR)
View(Sp.RAvsTR)

# Get top 10
top10_SP_with_filter <- get_topl0_degs(deg_SP, use_filter = TRUE, "SP")

# Get UniProt information

Taxalnfo <- get_uniprot_taxainfo(deg_SP)
functionInfo <- get_uniprot_proteinFunction(deg_SP)
Goterms<- get_uniprot_GOinfo(deg_SP)



save_to_excel(Taxalnfo, "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/Tax-
alnfo-SP.xIsx")

save_to_excel(functionInfo , "./03-Output/01-DEG-Analysis/ DEG-results /with-fil-
terByExpr/functionInfo-SP.xIsx")
save_to_excel(Gotermes, "./03-Output/01-DEG-Analysis/ DEG-results / with-fil-

terByExpr/Goterms-SP.xIsx")

functionInfo <- read_excel("./03-Output/01-DEG-Analysis/ DEG-results/ with-fil-
terByExpr/functionInfo-SP.xIsx")

keyword_filtered <- datasubset_keyword_filtered(
deg_list = functionInfo,
keyword_pattern = "heat | stress | thermal | oxygen | salinity | HSP | hypoxia | adaptation | oxida-
tive stress | acid base balance",
column_name = "Function..CC."

)

View(keyword_filtered)

save_to_excel(keyword_filtered, "./03-Output/01-DEG-Analysis/ DEG-results/ with-fil-
terByExpr/keyword-filtered-SP.xIsx")

# Read and analyse keyword filtered
keyword_filtered <- read_excel("./03-Output/01-DEG-Analysis/ DEG-results/ with-fil-
terByExpr/keyword-filtered-SP.xIsx")

# analysis example:

# spring
table(keyword_filtered$Sp.TRvsRF$keyword)

hsp_filtered <- keyword_filtered$Sp.TRvsRF %>%
filter(keyword == "HSP") %>%
View()

heat_filtered <- keyword_filtered$Sp.TRvsRF %>%
filter(keyword == "heat") %>%

View()

oxidativeStress_filtered <- keyword_filtered$Sp.TRvsRF %> %
filter(keyword == "oxidative stress") %>%
View()

Stress_filtered <- keyword_filtered$Su.RAvsRF %>%
filter(keyword == "stress") %>%
View()

Stress_filtered <- keyword_filtered$Su. TRvsRF %>%
filter(keyword == "stress") %>%
View()
table(keyword_filtered$Sp.RAvsRF$keyword)
table(keyword_filtered$Sp.RAvsTR$keyword)

# summer

table(keyword_filtered$Su.TRvsRF$keyword)
table(keyword_filtered$Su.RAvsRF$keyword)
table(keyword_filtered$Su.RAvsTR$keyword)



# Ria de Aveiro
table(keyword_filtered$RA.SpvsSu$keyword)

hsp_filtered <- keyword_filtered$Su.RAvsTR %>%
filter(keyword == "HSP")

View (hsp_filtered)

hsp_filtered$GeneNamelD

# common degs between seasons

# spring vs summer
dim(deg_SP[["Sp.TRvsRF"]]) # 1012

dim(deg_SP[["Su.TRvsRF"]]) # 192

common <- merge(deg_SP[["Sp.TRvsRF"]], deg_SP[["Su.TRvsRF"]], by = "Accession")
dim(common) # 110

overSp <- common %>% filter(logFC.x > 0)

dim(overSp)

overSu <- common %>% filter(logFC.y > 0)

dim(overSu)

H
H

# 3.1.1 without filterByExpr ----

deg_SP_without_filter <-run_and_save_DEG(Data_SP,
"SpP",
model_type ="QLF",
use_filter = FALSE,
use_lfc = FALSE)

# Get top 10 + summary
topl10_SP_without_filter <- get_top10_degs(deg_SP_without_filter$DEG_result,
use_filter = FALSE, "SP")

# 3.1.2 continuation .... Principal Component Analysis

#3.1.2.1 degs | with filterByExpr | counts
deg SP <- deg_SP_with_filter$DEG_result

PCAdata <- process_PCAdata(data = deg_SP, tsv_data = counts)
dim(PCAdata) # 1625
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
with-filterBy Expr-count-SP.pdf")

#3.1.2.2 degs | with filterByExpr | abundance
PCAdata <- process_PCAdata(data = deg_SP, tsv_data = abundance)
dim(PCAdata) # 1625



pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
with-filterBy Expr-abundance-SP.pdf")

#3.1.2.3 degs | without filterByExpr | counts
deg SP <- deg_SP_without_filter$DEG_result

PCAdata <- process_PCAdata(data = deg_SP, tsv_data = counts)
dim(PCAdata) # 1298
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
without-filterByExpr-count-SP.pdf")

#3.1.2.4 degs | without filterByExpr | abundance
PCAdata <- process_PCAdata(data = deg_SP, tsv_data = abundance)
dim(PCAdata) # 1298
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
without-filterByExpr-abundance-SP.pdf")

#3.1.2.5 dt | with filterByExpr | counts
dt_SP <- deg_SP_with_filter$decideTest_result

PCAdata <- process_PCAdata(data = dt_SP, tsv_data = counts)
dim(PCAdata) # 9645
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures/ pcaPlot-dt-with-
filterByExpr-count-SP.pdf")

#3.1.2.6 dt | with filterByExpr | abundance
PCAdata <- process_PCAdata(data = dt_SP, tsv_data = abundance)
dim(PCAdata) # 9645
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures / pcaPlot-dt-with-
filterByExpr-abundance-SP.pdf")

#3.1.2.7 dt | without filterByExpr | counts
dt_SP <- deg_SP_without_filter$decideTest_result

PCAdata <- process_PCAdata(data = dt_SP, tsv_data = counts)
dim(PCAdata) # 15937
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures/ pcaPlot-dt-with-
out-filterByExpr-count-SP.pdf")

#3.1.2.8 dt | without filterByExpr | abundance

PCAdata <- process_PCAdata(data = dt_SP, tsv_data = abundance)
dim(PCAdata) # 15937

pca_result <- runPCA(PCAdata)



plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/figures / pcaPlot-dt-with-
out-filterByExpr-abundance-SP.pdf")

# 3.1.3.1 with filterByExpr
dt_SP <- deg_SP_with_filter$decideTest_result

View(deg_SP_with_filter$DEG_result)
names(deg_SP_with_filter$decideTest_result)

res <- process_volcano_data(dt_SP[["Sp.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/ volcanoPlot-Spring-RAvsTR-with-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["Sp.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-Spring-RAvsRF-with-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["Sp.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-Spring-TRvsRF-with-filter By Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["Su.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-Summer-RAvsTR-with-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["'Su.RAvsRE"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/ volcanoPlot-Summer-RAvsRF-with-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["Su.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-Summer-TRvsRF-with-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["RA.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-RiaAveiro-SpvsSu-with-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["TR.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/ volcanoPlot-Troia-SpvsSu-with-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["RF.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/DEG-results/with-filterByExpr/fig-
ures/volcanoPlot-RiaFormosa-SpvsSu-with-filter By Expr-SP.pdf")



# 3.1.3.2 without filterByExpr

View(deg_SP_without_filter$DEG_result)
names(deg_SP_without_filter$decideTest_result)

dt_SP <- deg_SP_without_filter$decideTest_result

res <- process_volcano_data(dt_SP[["Sp.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/ volcanoPlot-Spring-RAvsTR-without-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["Sp.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/volcanoPlot-Spring-RAvsRF-without-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["Sp.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/volcanoPlot-Spring-TRvsRF-without-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["Su.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/ volcanoPlot-Summer-RAvsTR-without-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["Su.RAvsREF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/volcanoPlot-Summer-RAvsRF-without-filter By Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["Su.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/volcanoPlot-Summer-TRvsRF-without-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["RA.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results/ without-filterByExpr/ fig-
ures/volcanoPlot-RiaAveiro-SpvsSu-without-filterByExpr-SP.pdf")

res <- process_volcano_data(dt_SP[["TR.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results / without-filterByExpr/ fig-
ures/volcanoPlot-Troia-SpvsSu-without-filterBy Expr-SP.pdf")

res <- process_volcano_data(dt_SP[["RF.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/ DEG-results / without-filterByExpr/ fig-
ures/volcanoPlot-RiaFormosa-SpvsSu-without-filter By Expr-SP.pdf")

# TASK 3.2 - Zebrafish (with/without filterByExpr)



# 3.2.1 with filterByExpr

deg_Z with_filter <-run_and_save_DEG(Data_Z,
|IZ|I,
model_type = "QLF",
use_filter = TRUE,
use_lfc = FALSE)

deg Z <- deg_Z with_filter$DEG_result
# Get top 10 + summary

topl0_Z_with_filter <- get_top10_degs(deg_Z_with_filter$DEG_result,
use_filter = TRUE, "Z")

# 3.2.2 without filterByExpr

deg_Z without_filter<-run_and_save_ DEG(Data_Z,
||Z|l,
model_type ="QLEF",
use_filter = FALSE,
use_lfc = FALSE)

# Get top 10 + summary
topl0_Z_without_filter <- get_top10_degs(deg Z_ without_filter$DEG_result,
use_filter = FALSE, "Z")

# 3.2.2 continuation .... Principal Component Analysis

#3.2.2.1 degs | with filterByExpr | counts
deg 7 <- deg_Z with_{ilter$DEG_result

PCAdata <- process_PCAdata(data = deg_Z, tsv_data = counts)
dim(PCAdata) # 407
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-

with-filterBy Expr-count-Z.pdf")

#3.2.2.2 degs | with filterByExpr | abundance
PCAdata <- process_PCAdata(data = deg_Z, tsv_data = abundance)
dim(PCAdata) # 407
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-

with-filterByExpr-abundance-Z.pdf")

#3.2.2.3 degs | without filterByExpr | counts
deg Z <- deg_Z without_filter$DEG_result



PCAdata <- process_PCAdata(data = deg_Z, tsv_data = counts)
dim(PCAdata) # 404
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
without-filterByExpr-count-Z.pdf")

#3.2.2.4 degs | without filterByExpr | abundance
PCAdata <- process_PCAdata(data = deg_Z, tsv_data = abundance)
dim(PCAdata) # 404
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/pcaPlot-degs-
without-filterByExpr-abundance-Z.pdf")

#3.2.2.5 dt | with filterByExpr | counts
dt_Z <- deg_Z with_filter$decideTest_result

PCAdata <- process_PCAdata(data = dt_Z, tsv_data = counts)
dim(PCAdata) # 2473
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures / pcaPlot-dt-with-
filterByExpr-count-Z.pdf")

#3.2.2.6 dt | with filterByExpr | abundance
PCAdata <- process_PCAdata(data = dt_Z, tsv_data = abundance)
dim(PCAdata) # 2473
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures/ pcaPlot-dt-with-
filterByExpr-abundace-Z.pdf")

#3.2.2.7 dt | without filterByExpr | counts
dt_Z <- deg_Z_without_filter$decideTest_result

PCAdata <- process_PCAdata(data = dt_Z, tsv_data = counts)
dim(PCAdata) # 2974
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures / pcaPlot-dt-with-
out-filterBy Expr-count-Z.pdf")

#3.2.2.8 dt | without filterByExpr | abundance
PCAdata <- process_PCAdata(data = dt_Z, tsv_data = abundance)
dim(PCAdata) # 2974
pca_result <- runPCA(PCAdata)
plot_pca(pca_result, save_plot = TRUE,
output_file ="./03-Output/01-DEG-Analysis/annotation-results/ figures/ pcaPlot-dt-with-
out-filterByExpr-abundance-Z.pdf")

# 3.1.3 volcano plots

# 3.1.3.1 with filterByExpr



View(deg_Z_with_filter$DEG_result)
names(deg_Z_with_filter$decideTest_result)

dt_Z <- deg_Z with_filter$decideTest_result

res <- process_volcano_data(dt_Z[["Sp.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-RAvsTR-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Sp.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-RAvsRF-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Sp.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-TRvsRF-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-RAvsTR-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-RAvsRF-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-TRvsRF-with-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["RA.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-RiaAveiro-SpvsSu-with-filterBy Expr-Z.pdf")

#res <- process_volcano_data(dt_Z[["TR.SpvsSu"]])
#plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE)

res <- process_volcano_data(dt_Z[["RF.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-RiaFormosa-SpvsSu-with-filterBy Expr-Z.pdf")
# 3.1.3.2 without filterByExpr

View(deg_Z_without_filter$DEG_result)
names(deg_Z without_filter$decideTest_result)

dt_Z <- deg_Z_without_filter$decideTest_result

res <- process_volcano_data(dt_Z[["Sp.RAvsTR"]])



plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-RAvsTR-without-filterBy Expr-Z.pdf")

res <- process_volcano_data(dt_Z[["Sp.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-RAvsRF-without-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Sp.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Spring-TRvsRF-without-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.RAvsTR"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-RAvsTR-without-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.RAvsRF"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-RAvsRF-without-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[["Su.TRvsRF"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-Summer-TRvsRF-without-filterByExpr-Z.pdf")

res <- process_volcano_data(dt_Z[['RA.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, resphighlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-RiaAveiro-SpvsSu-without-filterByExpr-Z.pdf")

#res <- process_volcano_data(dt_Z[["TR.SpvsSu"]])
#plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE)

res <- process_volcano_data(dt_Z[["'RF.SpvsSu"]])
plot_volcanoPlot(res$volcano_data, res$highlighted, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/volcano-
Plot-RiaFormosa-SpvsSu-without-filterByExpr-Z.pdf")

SPvsZ <- common_deg_SP_Z(deg_SP, deg_Z)

save_to_excel(SPvsZ$common, "./03-Output/01-DEG-Analysis/ DEG-results / with-fil-
terByExpr/degs-common][v2].xlsx")
save_to_excel(SPvsZ$unique_SP, "./03-Output/01-DEG-Analysis/ DEG-results/ with-fil-

terByExpr/degs-unique-SP[v2].xIsx")



save_to_excel(SPvsZ$unique_Z, "./03-Output/01-DEG-Analysis/ DEG-results / with-fil-
terByExpr/degs-unique-Z[v2].xIsx")

SPvsZ$common$Sp.RAvsTR
SPvsZ$common$Sp.RAvVsRF
SPvsZ$common$Sp. TRvsRF

SPvsZ$common$Su.RAvsTR
SPvsZ$common$Su.RAvVsRF
SPvsZ$common$Su. TRvsRF
SPvsZ$common$RF.SpvsSu

SPvsZ$common$RA.SpvsSu

SPvsZ$unique_SP$Sp.RAvsTR
SPvsZ$unique_SP$Sp.RAvsRF
SPvsZ$unique_SP$Sp.TRvsRF
SPvsZ$unique_SP$Su.RAvsTR
SPvsZ$unique_SP$Su.RAvsRF
SPvsZ$unique_SP$Su.TRvsRF
SPvsZ$unique_SP$RF.SpvsSu

SPvsZ$unique_SP$RA.SpvsSu

SPvsZ$unique_Z$Sp.RAvsTR
SPvsZ$unique_Z$Sp.RAvsRF
SPvsZ$unique_Z3$Sp. TRvsRF

SPvsZ$unique_Z$Su.RAvsTR
SPvsZ$unique_Z$Su.RAvsRF
SPvsZ$unique_Z$Su.TRvsRF
SPvsZ$unique_Z$RF.SpvsSu

SPvsZ$unique_Z$RA.SpvsSu

# bar plot's

#barData_common <- process_barplot_data(SPvsZ$common$Sp.TRvsRF, "common", metric =
"pident") # It doesn't work cus pident == pident.SP and pident.Z

barData_unique_SP <- process_barplot_data(SPvsZ$unique_SP$Sp.TRvsRF, "swissprot", metric
= "pident")

barData_unique_Z <- process_barplot_data(SPvsZ$unique_Z$Sp.TRvsRF, "zebrafish", metric =
"pident")

data_list <- list("unique_SP" = barData_unique_SP,
"unique_Z" = barData_unique_Z)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = FALSE)

plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-
Sp.TRvsRF-pident-uniqueSP-uniqueZ.pdf" )

#barData_common <- process_barplot_data(SPvsZ$common$Sp.TRvsRF, "common", metric =
"evalue")

barData_unique_SP <- process_barplot_data(SPvsZ$unique_SP$Sp.TRvsRF, "swissprot", metric
= "evalue")



barData_unique_Z <- process_barplot_data(SPvsZ$unique_Z$Sp.TRvsRF, "zebrafish", metric =
"evalue")

data_list <- list("unique_SP" = barData_unique_SP,
"unique_Z" = barData_unique_Z)

barData <- prepare_summary(data_list)

## Bar plot
plot_barplot(barData, save_plot = FALSE)

plot_barplot(barData, save_plot = TRUE,
output_file = "./03-Output/01-DEG-Analysis/annotation-results/figures/barPlot-
Sp.TRvsRF-evalue-uniqueSP-uniqueZ.pdf" )

## Data (with filterByExpr):

gseaobj <- read_excel("./03-Output/01-DEG-Analysis/ DEG-results/ with-filterByExpr/ decide-
Test-Z.x1sx")

View(gseaobj)

R to use multiGSEA package, we need a df with "Accession", "logFC", "PValue" columns ----

GSEA_data <- process_GSEAdata(gseaobj)

save_to_excel(GSEA_data, "./03-Output/02-Pathway-Enrichment/analysis-ready-data/with-
filterByExpr/GSEA-data.xlsx")

pathways <- perform_GSEA(GSEA_data)

View(pathways$ES_processed_result$Sp.TRvsRF)

save_to_excel(pathways$ES_processed_result, "./03-Output/02-Pathway-Enrichment/GSEA-
results/ with-filterByExpr/ pathways.xIsx")

#save_to_excel(pathways$ES_processed_result, "./03-Output/02-Pathway-Enrichment/GSEA-
results/without-filterByExpr/ pathways.xlsx")

# Plot top10
RA_SpvsSu <- process_GSEA_plotdata(pathways$top_10_result$RA.SpvsSu, "RA.SpvsSu")
Sp_TRvsRF <- process_GSEA_plotdata(pathways$top_10_result$Sp.TRvsRF, "Sp. TRvsRF")

data_to_plot <- list(c(RA_SpvsSu,Sp_TRvsRF))
data_to_plot <- bind_rows(RA_SpvsSu, Sp_TRvsRF)
View(data_to_plot)

plot_dotPlot(data_to_plot,save_plot = TRUE, output_file = "./03-Output/02-Pathway-Enrich-
ment/GSEA-results/ with-filterByExpr/ dotplot-Ra-SpvsSu-Sp-TRvsRF.pdf" )



# TASK - STRING analysis

# String (version 12.0):
# software link:
# https:/ /string-db.org/cgi/input?sessionld=bAHDVX8emb5Is&input_page_show_search=on

# steps:

# search -> Multiple proteins -> List Of Name -> Organisms -> Advance Settings
# | -> Required score

# | -> high confidence (0.700)

# tips:

# List Of Names -> one-per-line, use Gene.Names..primary from UniProt, if you try to use Ac-
cessions, it doesn't work!
# -> do not use all the Gene.Names..primary! It only work up to 2.000 entry

# -> try for instance:

# - only the degs (per-contrast)

# - only the under-expressed (per-contrast)

# - only the over-expressed (per-contrast)

# - only possible specific genes of interests selected (per-contrast)

# -> "per contrast" means that you have to search individually for each contrast, not all
together

# -> you cannot use it if the organisms are all different, as in BLAST against Swiss-Prot!
it fails

# Organisms -> use auto-detect, or the actual organism, in my case "Danio rerio"

# Data needed:

# Running UniProt may take approximately 5min (degs) to 3hours (dt).

# Alternatively, you can skip this step and read the saved file instead.

#

# DataZ decide test without filterByExpr

#decideTest_Z <- deg_Z_without_filter$decideTest_result

#SpvsSu <- decideTest_Z[c("RA.SpvsSu", "TR.SpvsSu", "RE.SpvsSu" )]

#Data_SpvsSu <- get_uniprot_taxainfo(SpvsSu)

#Su <- decideTest_Z[c("Su.RAvsTR", "Su.RAvsRF", "Su.TRvsRF" )]

#Data_Su <- get_uniprot_taxainfo(Su)

#5Sp <- decideTest_Z[c("Sp.RAvsTR", "Sp.RAvsRF", "Sp.TRvsRF" )]

#Data_Sp <- get_uniprot_taxainfo(Sp)

#uniprot_taxaobj <- c¢(Data_SpvsSu,Data_Su,Data_Sp)

#View (uniprot_taxaobj)

#save_to_excel(uniprot_taxaobyj, "./03-Output/02-Pathway-Enrichment/ preprocessed-
data/without-filterByExpr/uniprot-taxaobj-dtZ.xIsx")

# DataZ decide test with filterByExpr

#decideTest_Z <- deg_Z_with_filter$decideTest_result

#5pvsSu <- decideTest_Z[c("RA.SpvsSu", "TR.SpvsSu", "RE.SpvsSu" )]
#Data_SpvsSu <- get_uniprot_taxainfo(SpvsSu)

#Su <- decideTest_Z[c("Su.RAvsTR", "Su.RAvsRF", "Su.TRvsRF" )]



#Data_Su <- get_uniprot_taxainfo(Su)

#5p <- decideTest_Z[c("Sp.RAvsTR", "Sp.RAvVsRF", "Sp.TRvsRF" )]

#Data_Sp <- get_uniprot_taxainfo(Sp)

#uniprot_taxaobj <- ¢(Data_SpvsSu,Data_Su,Data_Sp)

#View (uniprot_taxaobj)

#save_to_excel(uniprot_taxaobyj, "./03-Output/02-Pathway-Enrichment/ preprocessed-
data/with-filterByExpr/uniprot-taxaobj-dtZ.xlsx")

# DataZ degs without filterByExpr

#deg Z <- deg_Z_without_filter$DEG_result

#5pvsSu <- deg_Z[c("RA.SpvsSu", "TR.SpvsSu", "RE.SpvsSu" )]

#Data_SpvsSu <- get_uniprot_taxainfo(SpvsSu)

#5u <- deg_Z[c("Su.RAvsTR", "Su.RAvsRF", "Su.TRvsRF" )]

#Data_Su <- get_uniprot_taxainfo(Su)

#Sp <- deg_Z[c("Sp.RAvsTR", "Sp.RAvsRF", "Sp. TRvsRF" )]

#Data_Sp <- get_uniprot_taxainfo(Sp)

#uniprot_taxaobj <- ¢(Data_SpvsSu,Data_Su,Data_Sp)

#View(uniprot_taxaobj)

#save_to_excel(uniprot_taxaobyj, "./03-Output/02-Pathway-Enrichment/ preprocessed-
data/without-filterByExpr/uniprot-taxaobj-degZ.xIsx")

# DataZ degs with filterByExpr

deg Z <- deg Z with_filter$DEG_result

SpvsSu <- deg_Z[c("RA.SpvsSu", "TR.SpvsSu", "RF.SpvsSu" )]

Data_SpvsSu <- get_uniprot_taxainfo(SpvsSu)

Su <- deg_Z[c("Su.RAvVsTR", "Su.RAvsRF", "Su.TRvsRF" )]

Data_Su <- get_uniprot_taxainfo(Su)

Sp <- deg_Z[c("Sp.RAvVsTR", "Sp.RAvsRF", "Sp.TRvsRF" )]

Data_Sp <- get_uniprot_taxainfo(Sp)

uniprot_taxaobj <- ¢(Data_SpvsSu,Data_Su,Data_Sp)

uniprot_taxaobj <- lapply(uniprot_taxaobj, function(df) {
df[order(df$logFC, decreasing = TRUE), ]

)

View(uniprot_taxaobj)

save_to_excel(uniprot_taxaobj, "./03-Output/02-Pathway-Enrichment/ preprocessed-
data/with-filterByExpr/uniprot-taxaobj-degZ.xlsx")
#

# prepare data to use in string software:

## Data (with filterByExpr) decide test:
#uniprot_taxaobj_with <- read_excel("./03-Output/02-Pathway-Enrichment/preprocessed-
data/with-filterByExpr/uniprot-taxaobj-dtZ.xIsx")

# - to use STRING, we need the column "Gene.Names..primary." -----

#STRING_data <- process_STRINGdata(uniprot_taxaobj_with)

#save_to_excel(STRING_data, "./03-Output/02-Pathway-Enrichment/analysis-ready-
data/with-filterByExpr/STRING-data.xlsx")

## Data (with filterByExpr) degs:
uniprot_taxaobj_with ~<-  read_excel("./03-Output/02-Pathway-Enrichment/ preprocessed-
data/with-filterByExpr/uniprot-taxaobj-degZ.xlsx")

# e to use STRING, we need the column "Gene.Names..primary." -----
STRING_data <- process_STRINGdata(uniprot_taxaobj)



save_to_excel(STRING_data, "./03-Output/02-Pathway-Enrichment/analysis-ready-data/with-
filterByExpr/STRING-data.xIsx")

A.2.2 Functions Script

# package dependencies
## CRAN

library (showtext)
library(openxlsx)
library(stringr)

## BiocManager

library (tximport)
library(ggrepel)
library(PCAtools) # require package: ggrepel
library(limma)
library(edgeR) # require package: limma
library(UniprotR)
library (multiGSEA)
library(org.Dr.eg.db)

## tidyverse
library(tidyr)
library(dplyr)

## Plot

library(ggplot2)
library(ggVennDiagram)
library(pheatmap)
library(ggthemes)

P .

# Session info

sessionInfo()

# Constants and Global settings

sample_name <- c¢( "F14.5p_TR","F15.5u_TR","F16.Su_RA",
"F17.Sp_RF","F18.Sp_TR","F19.Sp_RA",
"F2.Su_RF" ,"F2.5u_TR" ,"F21.Sp_RA",
"F21.Sp_TR","F22.Sp_RF","F27.Sp_RA",
"F28.Su_RF","F30.Su_TR","F35.Sp_RF",
"F35.Su_RF","F38.5u_RA","F4.Su_RA")

load_blastp_data <- function(filename){
# Read data (table format)
data <- read.delim(filename, sep =";", header = FALSE)
# Assign column names
colnames(data) <- c(
"gseqid", "sseqid","pident","length","mismatch",
"gapopen", "gstart", "gend", "sstart", "send",
"evalue", "bitscore","sacc","qcovs", "stitle")
return(data)}



Add_GenelD_column <- function(blast_data) {
# Debugging:
# Example of correct gseqid: TRINITY_DNO_c10_g1_il
not_trinity <- blast_data$qseqid[!grepl("TRINITY_D", blast_data$qseqid)]
if (length(not_trinity) > 0) {
#cat("gseqid sem "TRINITY_D"\n")
#print(not_trinity)
} else {
#cat("Todos os gseqid tém "TRINITY_D'.\n")
}
blast_data <- blast_data[grepl("TRINITY_D", blast_data$qseqid), ]
blast_data$GenelD <- sapply(
blast_data$qgseqid,
function(x) strsplit(x, "i", fixed = TRUE)[[1]][1]
)

return(blast_data)}

select_best_hits <- function(blast_data){
# version 1
# Add GenelD column
blast_data <- Add_GenelD_column(blast_data)
# Debugging step
# Example: TRINITY_DNO_c10_g1_il
#example <- blast_data %>%
# filter(GenelD == "TRINITY_DN100212_c0_g1_") %>%
# select(c("gseqid","GenelD","evalue","pident"))
#View(example)
# Order: lowest evalue and highest pident
blast_data <- blast_data[order(blast_data$evalue, -blast_data$pident),]
# Best hits (first row)
best_hits <- blast_data[match(unique(blast_data$GenelD), blast_data$GenelD), |
# Debugging step
# Example: TRINITY_DNO_c10_g1_il
#example_best_hit <- best_hits %>%
# filter(GenelD == "TRINITY_DN100212_c0_g1_") %>%
# select(c("gseqid","GenelD","evalue","pident"))
#View(example_best_hit)
return(best_hits)

}

save_to_excel <- function(data, output_file) {

work_book <- createWorkbook()
if (is.data.frame(data)) {
sheet_name <- deparse(substitute(data)) # Get the variable name
addWorksheet(work_book, sheet_name)
writeData(work_book, sheet_name, data)
} else if (is.list(data) && all(sapply(data, is.data.frame))) {
for (name in names(data)) {
df <- data[[name]]
if (nrow(df) > 0) {
addWorksheet(work_book, name)
writeData(work_book, name, df)

}



}

}
saveWorkbook(work_book, file = output_file, overwrite = TRUE)

cat("Excel created successfully:", output_file, "\n")}

read_excel <- function(path){
# getting data from sheets
sheets <- openxlsx::getSheetNames(path)
dataframe <- lapply(sheets, openxlsx::read.xlIsx, xIsxFile=path)
# assigning names to dataframe
names(dataframe) <- sheets
return(dataframe)}

process_BpK_data <- function(BpK_data){

# Test

#BpK_data <- BpK_swissprot

#dim(BpK_data)

BpK_data <- BpK_data %>%

mutate(GeneNamelD = str_extract(sseqid, "(?<=\\ [)[*|[]+(?=_)"),
# sp | P79762 | ZP3_CHICK -> ZP3
Accession = str_extract(sacc, "(?<=\\ )[M"\\ []+(?=\\ |)"),
# sp | P79762 | ZP3_CHICK -> P79762
OS = str_extract(stitle, "(?<=0S=)[" ]+ [ ]+")
# sp | Q90508 | VIT1_FUNHE Vitellogenin-1 OS=Fundulus heteroclitus OX=8078 GN=vtgl
PE=1 SV=2 -> Fundulus heteroclitus

#table(BpK_data$GeneNamelD)

# Debugging step

# Example: ABCA1 (SwissProt)

#example <- BpK_data %>%

# filter(GeneNamelD=="ABCA1") %>%

# select(c("GeneNamelD","evalue","pident"))

#View(example)

# Order: lowest evalue and highest pident

BpK_data <- BpK_data[order(BpK_data$evalue, -BpK_data$pident), ]
# Select the best hit (1st row)

BpK_data <- BpK_data[match(unique(BpK_data$GeneNamelD), BpK_data$GeneNamelD), ]
#dim(BpK_data)

# Debugging step

# Example: ABCA1 (SwissProt)

#examplel <- BpK_data %>%

# filter(GeneNamelID=="ABCA1") %>%

# select(c("GeneNamelD","evalue","pident"))

#View(examplel)

#sum(is.na(BpK_data)) # 3 NA

#colSums(is.na(BpK_data)) # Column "OS"

#View(BpK_datalis.na(BpK_data$OS), ])

# the extraction fail because stitle was incomplete (e.g., sp | Q3SYR3 | ABEC2_BOVIN Probable
C-)

# how to fix? (solution specific to my data results/problems)

# BpK_swissprot -> missing: HUMAN (Homo sapiens) | BOVIN (Bos taurus) | MOUSE (Mus
musculus)

# BpK_zebrafish -> missing: DANRE (Danio rerio)

# BpK_plat -> all ok!

if (anyNA(BpK_data)) {



BpK_data <- BpK_data %>%
# ifelse(test, yes, no)
# test
mutate(OS = ifelse(is.na(OS),
case_when(
grepl("HUMAN?", sseqid) ~ "Homo sapiens",
grepl("BOVIN", sseqid) ~ "Bos taurus",
grepl("MOUSE", sseqid) ~ "Mus musculus",
grepl("DANRE', sseqid) ~ "Danio rerio"),
}
#sum(is.na(BpK_data))
#head (BpK_data$0S, 20)
# confirm if it is well done:
example3 <- BpK_data %>%
filter(Accession %in% c("Q99]J72","P14060", "Q3SYR3")) %>%
select(OS, stitle)
#View(example3)
return(BpK_data)

}

evaluate_sequence_quality <- function(value, metric) {
# By annotation
if (metric == "pident") {
# pident -> percentage of identical positions
case_when(
value <30 ~ "Bad",
value >= 30 & value <= 70 ~ "Good",
value > 70 ~ "Excellent"

} else if (metric == "evalue") {
# evalue -> expect value
# The lower the E value, the more significant the score and the alignment.
case_when(
value > 1e-10 ~ "Bad",
value <= 1e-70 ~ "Excellent",
TRUE ~ "Good"
)
# By expression
} else if (metric == "logFC") {
case_when(
value < -1 ~ "Underexpressed",
value > 1 ~ "Overexpressed",
TRUE ~ "No Significant"

} else if (metric == "FDR") {
case_when(
value < 0.01 ~ "Excellent",
value <= 0.05 ~ "Good",
TRUE ~ "Bad"

)
}
)

format_table <- function(table) {

paste(names(table), table, sep=":

}

, collapse=" | ")



identify_putative_plat_genes <- function(reference_data, plat_data){
# Test
#reference_data <- Data_SP
#plat_data <- Data_P
matched_GeneNamelD <- merge(reference_data, plat_data, by = "GeneNamelD",
suffixes = c(".Ref", ".Plat"))
# R -> reference
# P -> plat
#View(matched_GeneNamelD)
if(nrow(matched_GeneNamelD)>0){
matched_GeneNamelD_processed <- matched_GeneNamelD %>%
mutate(
pident_category.Ref = evaluate_sequence_quality(pident.Ref, "pident"),
evalue_category.Ref = evaluate_sequence_quality(evalue.Ref, "evalue"),
pident_category.Plat = evaluate_sequence_quality(pident.Plat, "pident"),
evalue_category.Plat = evaluate_sequence_quality(evalue.Plat, "evalue")
) %>%
select(c(GeneNamelD,
pident.Ref,
pident_category.Ref,
evalue.Ref,
evalue_category.Ref,
pident.Plat,
pident_category.Plat,
evalue.Plat,
evalue_category.Plat,
OS.Ref,OS.Plat,
GenelD.Ref, GenelD.Plat))

#View(matched_GeneNamelD_processed)

putative_plat_data <- matched_GeneNamelD_processed %>%
#filter(
# evalue.Plat < evalue.Ref, #s6 com e-value -> 36
# OS.Ref == OS.Plat #evalue e mesmo OS -> 32

#)

# New strategy (Sat May 3 18:51:55 2025)

filter(
pident_category.Ref == "Excellent",
evalue_category.Ref == "Excellent",
pident_category.Plat == "Excellent",
evalue_category.Plat == "Excellent",

OS.Ref == OS.Plat
)
#View(putative_plat_data[, c("evalue.Plat", "evalue.Ref","OS.Ref","OS.Plat")]) # -> 32
GeneNamelD
#putative_plat_data%>% count(OS.Ref)
#
# Print summary
summary <- paste(
"--- SUMMARY ---",
paste("Total GeneNamelD in reference data:", nrow(reference_data)),
paste("Total GeneNamelD in plat data:", nrow(plat_data)),
paste("GeneNamelD in common:", nrow(matched_GeneNamelD)),




nn
4

"--- Categories ---",

paste("pident (Ref):", format_table(table(matched_GeneNamelD_processed$pident_cate-
gory.Ref))),

paste("evalue (Ref):", format_table(table(matched_GeneNamelD_processed$evalue_cate-
gory.Ref))),

paste("pident (Plat):", format_table(table(matched_GeneNamelD_processed$pident_cate-

gory.Plat))),
paste("evalue (Plat):", format_table(table(matched_GeneNamelD_processed$evalue_cate-

gory.Plat))),

nn
7

"--- OS in common (examples) ---",

paste("Common GeneNamelD with same OS:",
sum(matched_GeneNameID$OS.Ref == matched_GeneNameID$OS.Plat)),

paste("Most common organism in OS.Ref:",
names(which.max(table(matched_GeneNamelID$OS.Ref)))),

paste("Most common organism in OS.Plat:",
names(which.max(table(matched_GeneNameID$OS.Plat)))),

nn
7

"--- Putative parasite genes ---",

nn
7

"criteria:",

"e-value == Excellent (evalue <= 1e-70)",

"pident == Excellent (pident >=70)",

"Equal organism",

paste("We identify a total of", nrow(putative_plat_data), "putative parasite genes"),
paste(putative_plat_data$GeneNamelD, collapse =", "),

nn
7

paste("pident (Ref): Min:", min(putative_plat_data$pident.Ref), " | Max:", max(puta-
tive_plat_data$pident.Ref)),

paste("evalue (Ref): Min:", min(putative_plat_data$evalue.Ref), " | Max:", max(puta-
tive_plat_data$evalue.Ref)),

paste("pident (Plat): Min:", min(putative_plat_data$pident.Plat), " | Max:", max(puta-
tive_plat_data$pident.Plat)),

paste("evalue (Plat): Min:", min(putative_plat_data$evalue.Plat), " | Max:", max(puta-

tive_plat_data$evalue.Plat)),

"

# Print summary

cat(summary, sep = "\n")

#

#
} else {

cat("Coun't identify putative platyhelminthes genes")

}

return(putative_plat_data)}

analyse_overlap <- function(datal, data2, namel, name2, column_name = "GenelD"){
#test
#datal <- BpK_swissprot
#data2 <- BpK_zebrafish
#namel <- "swissprot"
#name?2 <- "zebrafish"



#column_name <- "GenelD"
dim(datal) # 37824
valuel <- unique(datal[[column_name]])
numl <- length(valuel) # 37824
numl
head(valuel)
dim(data2) # 17932
value2 <- unique(data2[[column_name]])
num? <- length(value2) # 17932
num?2
# find common values (e.g., GenesID | GeneNamelD)
common <- intersect(valuel, value2)
num_common <- length(common)
num_common
percentage_in_1 <- 100*(num_common/num1)
summary <- paste(
"--- SUMMARY ---",
paste("Overlap analysis:", namel, "vs", name2),
paste(namel, ":", num1),
paste(name2, ":", num2),
paste("Common:", num_common),
paste("% of", namel, "in", name2, ":", round(percentage_in_1,2)),
paste("% of", name2, "in", namel, ":", round(percentage_in_2,2)),
Sep = ll\nH
)
# Print summary
cat(summary)
# Data frames for common and unique values
# common
common_df <- merge(datal, data2, by = column_name, suffixes = c(".1", ".2"))
# unique to datal
unique_to_1 <- anti_join(datal, data2, by = column_name)
# unique to data2
unique_to_2 <- anti_join(data2, datal, by = column_name)
#all rows from data2 whose value in column_name does not appear in datal
return(list(common_values = common, common_df = common_df,
unique_to_1= unique_to_1,
unique_to_2 = unique_to_2))}

analyse_taxonomic_representation <- function(data){
taxa_occurrance <- list()
if(is.list(data)){
for (df_name in names(data)) {
df <- data[[df_name]]
occurrance_df <- df %>%
count(OS, name = "Count", sort = TRUE) %>%
as.data.frame()
num_os <- nrow(occurrance_dyf)
top_taxa <- head(occurrance_df, 5)
total_entries <- nrow(df)
top_taxon <- top_taxa$OS[1]
top_taxon_count <- top_taxa$Count[1]
top_taxon_percentage <- round(100 * top_taxon_count / total_entries, 2)
summary <- paste(
"--- SUMMARY ---",
paste0("Total entries: ", total_entries),



paste0("Number of unique taxa (OS): ", num_os),
paste0("Most represented taxon: ", top_taxon, " (", top_taxon_count,
top_taxon_percentage, "%)"),
"Top 5 taxa by representation:",
paste0(
apply(top_taxa, 1, function(row) {
sprintf(" - %s: %s entries (%.2£% %)",

row["0S"],
row["Count"],
100 * as.numeric(row["Count"]) / total_entries)

entries, ",

N,
collapse = "\n"
)s
sep = u\nu
)
cat(summary, "\n\n")
taxa_occurrance[[df_name]] <- occurrance_df

}

return(taxa_occurrance)}

perform_DEG <-function(data, model_type, use_filter = FALSE, use_lfc =FALSE){
data <- data
# constants
_value <- 0.05
log_fold_change <-1.5
adjust_method <- "fdr”
experimental_groups <- ¢(
I|Sp_TRl|,lISu_TRH/HSu_RAH’
”Sp_RF”/"Sp_TR”,"Sp_RA”,
I'SU_RF” ,”SU_TR" ,”Sp_RA”,
I'SP_TR”,”Sp_RF”,”Sp_RA”,
||Su_RF||,llSu_TRl|,l|Sp_RFll,
||Su_RF||/IlSu_RAlI,lISu_RA|l)
# data preparation
dge <- DGEList(counts = data[ ,17:34],
group = experimental_groups,
genes = data[ ,1])
dge$samples
# pre-processing
## Filtering to remove low counts
if(use_filter){
keep <- filterByExpr(dge, group = experimental_groups)
#table(keep)
dge <- dge[keep, ,keep.lib.sizes = FALSE]
}
## Normalization for composition bias
# Normalization by trimmed mean of M values (TMM)
# eliminate composition biases between libraries
dge <- calcNormFactors(dge)
dge$samples
# Model setup
design <- model.matrix(~0+experimental_groups, data = dge$samples)
colnames(design) <- levels(dge$samples$group)
design
# Dispersion estimation
dge <- estimateDisp(dge, design)




#plotBCV(dge)
# Model fitting
# Model: Quasi-likelihood negative binomial generalized log-linear model
# Fit : quasi-likelihood F-test
if (model_type == "QLF"){
fit <- glmQLFit(dge, design, robust = TRUE)
head(fit$coefficients)
#plotQLDisp(fit)
# Model: Negative binomial generalized log-linear model
# Fit : likelihood ratio test
} else {
fit <- glmFit(dge, design)
head (fit$coefficients)
}
# Testing for differential expression
result_list <-list()
decideTest_list <- list()
## (2 seasons + 3 sites)
## seasons: spring | summer
## sites: Ria de Aveiro | Troia | Ria Formosa
## single contrasts:
## season vs season in site
## site vs site in season
# Define contrast pairs-------
my_contrasts <- makeContrasts(
Sp.RAvsTR =Sp_RA - Sp_TR,
Sp.RAvsRF =Sp_RA - Sp_RF,
Sp.TRvsRF = Sp_TR - Sp_REF,
Su.RAvsTR = Su_RA -Su_TR,
Su.RAvsRF = Su_RA - Su_RF,
Su.TRvsRF = Su_TR - Su_REF,
RA.SpvsSu =Sp_RA - Su_RA,
TR.SpvsSu = Sp_TR - Su_TR,
RFE.SpvsSu = Sp_RF - Su_RF,
levels = design
)
#
contrast_name <- colnames(my_contrasts)
for(name in contrast_name){
cat("Performing contrast: ", name, "\n")
if(model_type == "QLF"){
result <- glmQLFTest(fit, contrast = my_contrasts[,name])
} else {
result <- glmRT(fit, contrast = my_contrasts[,name])
}
# Assessing Results
if(use_lfc){
# Identify which genes are significantly differentially expressed for each
# contrast from a fit object containing p-values and test statistics.
summary_result <- summary(decideTests(result,
p-value = p_value,
lfc =log_fold_change,
adjust.method = adjust_method))
decideTest_result <- as.data.frame(decideTests(result,
p-value = p_value,
Ifc = log_fold_change,




adjust.method = adjust_method))
Jelsef
summary_result <- summary(decideTests(result,
p-value = p_value,
adjust.method = adjust_method))
decideTest_result <- as.data.frame(decideTests(result,
p-value = p_value,
adjust.method = adjust_method))
}
# Extracts the most differentially expressed genes
DEGs <- topTags(result,
n = nrow(result$table),
p-value = p_value,
adjust.method = adjust_method)$table
# Processing Results
if(is.null(DEGs)){
cat("No significant DEG's found", "\n")
result_list[[name]] <- data.frame()
decideTest_list[[name]] <- data.frame()
decideTest <- cbind(result, decideTest_result)
decideTest_with_data <- merge(decideTest, data, by.x = "genes", by.y="GenelD")
decideTest_list[[name]] <- decideTest_with_data
next
}
merge_degs_with_data <- merge(DEGs, data, by.x = "genes", by.y="GenelD")
merge_degs_with_data <- merge_degs_with_data %>% arrange(desc(logFC))
result_list[[name]] <- merge_degs_with_data
decideTest <- cbind(result, decideTest_result)
decideTest_with_data <- merge(decideTest, data, by.x = "genes", by.y="GenelD")
decideTest_list[[name]] <- decideTest_with_data
print(summary_result)

}

return(list(DEG_result = result_list, decideTest_result = decideTest_list))}

run_and_save_DEG <- function(data, blast_siglas, model_type,
use_filter=TRUE,use_lfc = FALSE){
# ---run deg ---
results <- perform_DEG(data,
model_type,
use_filter = use_filter,
use_lfc = use_lfc)

deg <- results[["'DEG_result"]]
dt <- results[["decideTest_result"]]
# --- save deg ---
out_dir <-"./03-Output/01-DEG-Analysis/ DEG-results"
filter_label <- ifelse(use_filter, # test (use_filter = TRUE or FALSE)
"with-filterByExpr", # yes (use_filter = TRUE)
"without-filterByExpr") # no (use_filter = FALSE)
save_to_excel(deg, file.path(out_dir, filter_label,
paste0("deg-", blast_siglas, ".xIsx")))
save_to_excel(dt, file.path(out_dir, filter_label,
paste0("decideTest-", blast_siglas, ".xIsx")))
return(list(DEG_result=deg, decideTest_result= dt))

}



get_topl0_degs <- function(result_list, use_filter = TRUE, blast_siglas){
top10 <- list()
for (contraste_name in names(result_list)) {
contrast <- result_list[[contraste_name]]
if (nrow(contrast) > 0) {
cat("\nPerforming contrast: ", contraste_name, "\n")
top10_over <- contrast %>%
filter(logFC > 0) %>%
arrange(desc(PValue)) %>%
head(10)
# Top 10 under-expressed | downregulated (logFC < 0)
top10_under <- contrast %>%
filter(logFC < 0) %>%
arrange(PValue) %>%
head(10)
# Top 10 global
top10_global <- contrast %>%
arrange(PValue) %>%
head(10)
min_fdr_gene <- top10_global %>%
filter(FDR == min(FDR)) %>%
pull(GeneNamelD)
max_fdr_gene <- top10_global %>%
filter(FDR == max(FDR)) %>%
pull(GeneNamelD)
# Dataframe with the top 10 under- plus the top 10 overexpressed genes
top10_over_top10_under <- rbind(top10_over, top10_under)
top10[[contraste_name]] <- top10_over_topl0_under
# Print parameter summary
summary_top10 <- paste(
"--- SUMMARY ---",

nn
4

"-—- total counts ---",

paste("Total DEGs:", nrow(contrast)),

paste("Total over:", nrow(contrast%>%filter(logFC>0))),
paste("Total under:", nrow(contrast%>%filter(logFC<0))),

nn
7

"--- over-expressed (logFC > () ---",
paste(topl0_over$GeneNamelD, collapse =" |"),

nn
4

"--- under-expressed (logFC < 0) ---",
paste(topl0_under$GeneNamelD, collapse =" |"),

nn
7

"--- Global Top 10 (Independent of logFC) ---",
paste(top10_global$GeneNamelD, collapse =" |"),

nn
7

"--- FDR Summary ---",

paste("FDR (Over): Min:", min(top10_over$FDR), " | Max:", max(top10_over$FDR)),
paste("FDR (Under): Min:", min(top10_under$FDR), " | Max:", max(top10_under$FDR)),
paste("FDR (Global): Min:", min(top10_global$FDR), " | Max:", max(top10_global$FDRY)),
# Nota.: The min /or max GeneNamelD, coud be several, there is different

# geneNamelD with the same FDR

n "
4

nn
7

sep = u\nn



# Print summary
cat(summary_top10, sep ="\n\n")
#
}
}

# --- save deg ---

out_dir <-"./03-Output/01-DEG-Analysis/ DEG-results"

filter_label <- ifelse(use_filter,"with-filterByExpr","without-filterBy Expr")
save_to_excel(top10, file.path(out_dir, filter_label, paste0("top10-", blast_siglas, ".xIsx")))
return(top10)}

get_GeneNamelD_contrasts <- function(deg_list) {
# Remove empty data frames from the list
deg_list <- deg_list[sapply(deg_list, function(df) nrow(df) > 0)]
# For each contrast, extract GeneNamelD and rename the column to the contrast name
gene_dfs <- lapply(names(deg_list), function(contrast) {
deg_list[[contrast]] %>%
select(GeneNamelD) %>%
rename(!!contrast := GeneNamelD)
)
# Combine all the data frames into one
contrasts_GeneNamelD <- bind_rows(gene_dfs)
# Convert to long format and summarize which contrasts each GeneNamelD appears in
result <- contrasts_GeneNamelD %>%
pivot_longer(
cols = everything(),
names_to = "contrast",
values_to = "GeneNamelD",
values_drop_na = TRUE
) %>%
group_by(GeneNamelD) %>%
summarize(
contrast = toString(unique(contrast)),
.groups = "drop"
)
b <-a %>% count(contrast) %>% arrange(desc(n))
return(result)}

common_deg_SP_Z <- function(deg_SP, deg_Z) {
merged_list <- list()
not_in_common_list_SP <- list()
not_in_common_list_Z <- list()
for (contrast_name_Z in names(deg_Z)) {
for (contrast_name_SP in names(deg_SP)) {
if (contrast_name_SP == contrast_name_Z) {
contrast_z <- deg_Z[[contrast_name_Z]]
contrast_sp <- deg_SP[[contrast_name_SP]]
# Check if either data frame is empty
if (nrow(contrast_z) == 0 | | nrow(contrast_sp) == 0) {
next
}
common_degs <- merge(contrast_sp, contrast_z, by = "GeneNamelD",
suffixes = c(".SP", ".Z"))
common_degs <-common_degs %>%
select(GeneNamelD,
logFC.SP,logFC.Z,



PValue.SP, PValue.Z,
FDR.SP, FDR.Z,
pident.SP, pident.Z,
evalue.SP, evalue.Z,
OS.SP,0S.Z) %>%
arrange(logFC.SP) %>% #(menor -> maior)
mutate(
pident_category.SP = evaluate_sequence_quality(pident.SP, "pident"),
pident_category.Z = evaluate_sequence_quality(pident.Z, "pident"),
evalue_category.SP = evaluate_sequence_quality(evalue.SP, "evalue"),
evalue_category.Z = evaluate_sequence_quality(evalue.Z, "evalue"),
FDR_category.SP = evaluate_sequence_quality(FDR.SP, "FDR"),
FDR_category.Z = evaluate_sequence_quality(FDR.Z, "FDR"))
# Genes NOT in common
not_in_common_SP <- anti_join(contrast_sp, contrast_z, by = "GeneNamelD")
not_in_common_Z <- anti_join(contrast_z, contrast_sp, by = "GeneNamelD")
not_in_common_SP <- not_in_common_SP %>%
select(GeneNamelD,logFC, PValue, FDR, pident, evalue, OS) %>%
arrange(logFC) %>%
mutate(
pident_category = evaluate_sequence_quality(pident, "pident"),
evalue_category = evaluate_sequence_quality(evalue, "evalue"),
FDR_category = evaluate_sequence_quality(FDR, "FDR"))
not_in_common_Z <- not_in_common_Z %>%
select(GeneNamelD,logFC, PValue, FDR, pident, evalue, OS) %>%
arrange(logFC) %>%
mutate(
pident_category = evaluate_sequence_quality(pident, "pident"),
evalue_category = evaluate_sequence_quality(evalue, "evalue"),
FDR_category = evaluate_sequence_quality(FDR, "FDR"))

#
# Save the data frame in the list
merged_list[[contrast_name_SP]] <- common_degs
not_in_common_list_SP[[contrast_name_SP]] <- not_in_common_SP
not_in_common_list_Z[[contrast_name_Z]] <-not_in_common_Z
# Mini summary
cat("\nContrast:", contrast_name_SP)
cat("\ndeg swiss-prot:", nrow(contrast_sp))
cat("\ndeg zebrafish:", nrow(contrast_z))
cat("\nIln common: ", nrow(common_degs))
cat("\nunder: ", nrow(common_degs %>% filter(logFC.SP < 0)))
cat("\nover: ", nrow(common_degs %>% filter(logFC.SP > 0)),"\n")
}

}

}

return(list(
common = merged_list,
unique_SP = not_in_common_list_SP,
unique_Z = not_in_common_list_Z

Dl

get_uniprot_taxainfo <- function(deg_list, specific_accession = NULL) {
uniprot_info <- list()
for (contrast_name in names(deg_list)) {
contrast <- deg_list[[contrast_name]]



if (nrow(contrast) > 0) {
# Decide which accession(s) to use
Accession <- if (lis.null(specific_accession)) specific_accession else contrast$Accession
## 1. Get Taxonomy Information
TaxaObj <- GetNamesTaxa(Accession)
merge_data <- merge(contrast, TaxaObj, by.x="Accession", by.y="Entry", all.x = TRUE)
uniprot_info[[contrast_name]] <- merge_data
}
}

return(uniprot_info)}

get_uniprot_proteinFunction <- function(deg_list, specific_accession = NULL) {
uniprot_info <- list()
for (contrast_name in names(deg_list)) {
contrast <- deg_list[[contrast_name]]
if (nrow(contrast) > 0) {
# test
#Accession <- deg_SP[["Sp.RAvsTR"]]$Accession
# Decide which accession(s) to use
Accession <- if (lis.null(specific_accession)) specific_accession else contrast$ Accession
## 1. Get protein function Information
Obj <- GetProteinFunction(Accession)
merge_data <- merge(contrast, Obj, by.x="Accession", by.y=0, all.x = TRUE)
uniprot_info[[contrast_name]] <- merge_data

}
}

return(uniprot_info)}

get_uniprot_GOinfo <- function(deg_list, specific_accession = NULL) {
uniprot_info <- list()

for (contrast_name in names(deg_list)) {

contrast <- deg_list[[contrast_name]]

if (nrow(contrast) > 0) {
# test
#Accession <- deg_SP[["Sp.RAvsTR"]]$Accession
# Decide which accession(s) to use
Accession <- if (lis.null(specific_accession)) specific_accession else contrast$ Accession
## 1. Get GO terms
Obj <- GetProteinGOInfo(Accession)
#merge_data <- merge(contrast, Obj, by.x="Accession", by.y=0, all.x = TRUE)
uniprot_info[[contrast_name]] <- Obj
#uniprot_info[[contrast_name]] <- merge_data

}
}

return(uniprot_info)

}

datasubset_keyword_filtered <- function(deg_list, keyword_pattern = NULL, column_name =
NULL) {

result <- list()
for (contrast_name in names(deg_list)) {

contrast <- deg_list[[contrast_name]]

if (nrow(contrast) > 0) {

data_filtered <- contrast %>%
filter(grepl(keyword_pattern, .data[[column_name]], ignore.case = TRUE)) %>%



mutate(keyword = str_extract(.data[[column_name]], regex(keyword_pattern, ignore_case
= TRUE))) %>%
select(Accession, GeneNamelD, logFC, FDR, pident, evalue, Function..CC., keyword )
result[[contrast_name]] <- data_filtered

}
}

return(result)}

process_STRINGdata <- function(uniprot_taxaobj){
preprocessing <- function(df){
df %>%
select("Gene.Names..primary.", "logFC") %> %
arrange(logFC)}
STRING_data <- lapply(uniprot_taxaobj, preprocessing)
return(STRING_data)}

process_GSEAdata <- function(uniprot_taxaobj){
preprocessing <- function(df){
df %>%
select("Accession", "logFC", "PValue") %> %
arrange(PValue)}
GSEA_data <- lapply(uniprot_taxaobj, preprocessing)
return(GSEA_data)}

process_EnrichmentScores <- function(enrichment_scores){
# convert to a data frame
ES <- as.data.frame(enrichment_scores)
# leadingEdge -> [1] "A8E7C5" "Q6PC64" -> list
# collapse leadingEdge list to string (to facilitate data manipulation)
ES$leadingEdge <- sapply (ES$leadingEdge,
function(x) paste(x, collapse =";"))

# out: leadingEdge -> "A8E7C5;Q6PC64" -> string
ES <-ES %>%

arrange(padj)
# remove pathway prefix if present
pathway_prefix <- "\ \ (KEGG\ \)"
if ("pathway" %in% colnames(ES)){

ES$pathway <- sub(pathway_prefix, "", ES$pathway)

}
return(ES)}

perform_GSEA <- function(GSEA_data){
databases <- c("kegg") # options: kegg, reactome, GO
pathways <- getMultiOmicsFeatures(
dbs = databases,
layer = "transcriptome",
returnTranscriptome = "UNIPROT", # options: SYMBOL, ENTREZID, UNIPROT, ENSEMBL,
REFSEQ
useLocal = FALSE,
organism = "drerio"
)
pathways_short <- lapply(names(pathways), function(name){
head(pathways[[name]], 2)
)
names(pathways_short) <- names(pathways)
#pathways_short



tome)

# ES - [E]nrichemnt [S]core

raw_ES <- list()

processed_ES <- list()

top_10 <- list()

for (contraste_name in names(GSEA_data)) {

# test

contrast <- GSEA_data[["Sp.RAvsTR"]]
contrast <- GSEA_data[[contraste_name]]
if (nrow(contrast) > 0) {

omics_data <- initOmicsDataStructure(layer = c("transcriptome"))

layers <- names(omics_data)

print(layers)

# ranks

omics_data$transcriptome <- rankFeatures(
contrast$logFC,
contrast$PValue

)

#print(head(omics_data$transcriptome))

names(omics_data$transcriptome) <- contrast$Accession

omics_data$transcriptome <- sort(omics_data$transcriptome)

#print(head(omics_data$transcriptome))

set.seed(42)

enrichment_scores <- multiGSEA (pathways,

omics_data) # ranks

#print(head(enrichment_scores))

#View (enrichment_scores[["transcriptome"]])

# Save the results

if(is.null(enrichment_scores)){
raw_ES[[contraste_name]] <- data.frame()
processed_ES[[contraste_name]] <- data.frame()
top_10[[contraste_name]]<-data.frame()
next

}

raw_ES[[contraste_name]] <- enrichment_scores

processed_enrichment_scores <- process_EnrichmentScores(enrichment_scores$transcrip-

processed_ES[[contraste_name]] <- processed_enrichment_scores %>% filter(padj < 0.05)
top_10[[contraste_name]]<- processed_enrichment_scores %>% head(10)

}

return(list(ES_raw_result = raw_ES,

ES_processed_result = processed_ES,
top_10_result = top_10))



Nota.: No presente trabalho foram utilizadas ferramentas de inteligéncia generativa, nomeadamente
https:/fwww.perplexity.ai/ , para revisido gramatical, reformulagio de texto. Estas ferramentas foram empregues
sob a supervisio do autor e todos os contetidos gerados foram verificados quanto a sua precisdo. A autoria e a
validagdo dos contetidos permanecem inteiramente sob a responsabilidade do autor, estando a utilizacdo da inteli-
geéncia artificial em conformidade com as normas institucionais de integridade académica
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