Development of a
computational
toolbox for data
integration in
environmental
pathways analysis

Diana Catarina Seco Simoes

Master in Bioinformatics and Computational Biology
Department of Computer Science

Faculty of Sciences of the University of Porto

2025

[BAPORTO

'C

FACULDADE DE CIENCIAS
UNIVERSIDADE DO PORTO



Development of a
computational
toolbox for data
integration in
environmental
pathways analysis

Diana Catarina Seco Simoes

Dissertation carried out as part of the Master in

Bioinformatics and Computational Biology
Department of Computer Science
2025

Supervisor
Teresa Neuparth, Researcher, CIIMAR

Co-supervisor
Jodo Carneiro, Researcher, CBMA/IB-S

Co-supervisor
Monica Lopes-Marques, Researcher, CIIMAR

= é“t -
== climar
- v



Dedicated to Avé Paivita and my parents, for their unconditional support. I love you <3



FCUP | ii
Development of a computational toolbox for data integration in environmental pathway analysis

Author Statement

The work developed in this dissertation was entirely carried out by the candidate, closely
monitored and reviewed by the supervisor team. The work developed was
communicated in several scientific meetings during its development period in which |

was the main presenting author.

e Poster Communication: “Transgenerational Effects of Environmental
Contaminants in Gammarus locusta: Insights from Multi-Omic Analyses” Simdes
D., Machado, A., Lopes-Marques, M., Carneiro, J., Neuparth.,, T. XX ENBE
Annual Meeting of the Portuguese Association for Evolutionary Biology.
December 2024

e Poster Communication: “Transcriptomic Insights into Transgenerational Effects

of Environmental Contaminants in Gammarus locusta” Simdes, D., Machado, A.,
Lopes-Marques, M., Carneiro, J., Neuparth., T. DCC Master’s Day. April 2025

e Poster Communication: “Development of a computational toolbox for data

integration in environmental pathway analysis” Simées, D., Machado, A., Lopes-
Marques, M., Carneiro, J., Neuparth., T. IJUP Encontro de Investigagdo Jovem

da U.Porto. May 2025



Acknowledgements

Em primeiro lugar, quero expressar a minha profunda gratiddo a minha orientadora,
Teresa Neuparth, que desde o inicio me acolheu e me fez sentir que podia sempre
contar com o seu apoio. Agradeco por todas as vezes em que me explicou com
paciéncia os mecanismos dos efeitos transgeracionais, pelo interesse constante no
progresso do meu trabalho e pela forma como me guiou ao longo de todo o percurso.
Obrigada por estar sempre disponivel, mesmo fora de horas, para me ajudar,
especialmente nesta fase final, que foi tdo exigente. Agradego ainda a motivacao para
procurar ajuda sempre que me sentia bloqueada numa analise. Um simples “obrigada”
nao é suficiente para retribuir toda a dedicagdo, compreensao e paciéncia que mostrou.

Em segundo lugar, quero agradecer ao André Machado, que foi um verdadeiro mentor
nesta tese de mestrado. Mesmo no meio da escrita da sua propria tese de
doutoramento, dedicou parte do seu tempo para me acompanhar desde o inicio deste
trabalho. Foi ele quem me guiou nos primeiros passos em bioinformatica, explicou
conceitos fundamentais, mostrou como funcionava o cluster e partilhou referéncias e
artigos essenciais. Ajudou-me a compreender programas, o seu funcionamento e as
suas aplicagbes, incentivando-me constantemente a desenvolver pensamento critico
sobre os resultados e ferramentas que utilizava. Sou-lhe profundamente grata pela
paciéncia, pela forma acessivel e generosa como dedicou horas a explicar-me tudo até
eu compreender verdadeiramente, mesmo tendo tantas outras responsabilidades e
pessoas a recorrer a sua ajuda.

Em terceiro lugar, quero agradecer a Monica Marques, a minha segunda co-
orientadora, por me ajudar a compreender melhor alguns conceitos bioinformaticos em
transcriptomica que inicialmente eram pouco claros para mim. Agradeco por ter estado
sempre disponivel, por oferecer insights valiosos no desenvolvimento da minha
aplicacao e por demonstrar interesse em ajudar quando eu enfrentava dificuldades.

Em quarto lugar, agrade¢o ao Joao Carneiro, o meu primeiro co-orientador, por, mesmo
a distancia, incentivar a participagdo da equipa de orientagdo em projetos e atividades
de team-building, promovendo a interagdo entre todos. Sou grata também pelo seu
apoio nas duvidas sobre parametros especificos a usar e pelos insights valiosos que a
sua experiéncia em bioinformatica trouxe para aprimorar a minha aplicagao.

Quero agradecer as pessoas do CIIMAR que me apoiaram, em especial ao Diogo, que
dedicou horas a instalar programas no meu computador, a esclarecer duvidas e a fazer-
me companhia, e ao André, que também esteve presente quando precisei e que junto
do Diogo tornou as tardes no CIIMAR mais agradaveis.

Quero também agradecer as pessoas que estiveram mais préximas de mim ao longo do
mestrado: Ana Luisa, Tomas e Cecilia, que me acompanharam praticamente desde o
primeiro dia nesta faculdade nova para mim. Guardo com muito carinho todas as nossas
memorias; 0 nosso grupo € muito especial para mim e vocés marcaram de forma Unica
estes dois anos de mestrado. Pelas idas a karaokes, pelas francesinhas e por
simplesmente estarmos juntos nas aulas ou qualquer lado, cada momento foi incrivel e
tenho um enorme carinho por todos vocés.



FCUP | ii
Development of a computational toolbox for data integration in environmental pathway analysis

A outros colegas do mestrado, como Pedro, David e os Diogos, agradego pelas idas a
hackathons, que me permitiram crescer profissionalmente no desenvolvimento de
aplicagbes e no uso de novas linguagens de programacédo, e pela oportunidade de
aprender com pessoas tao fascinantes como vocés. Um obrigado também as pessoas
que conheci nesses eventos, em especial ao Daniel Cardoso, que me deixaram uma
marca positiva.

A Marta, ao Pedro e a Eneia, por terem marcado também o meu percurso na FCUP
logo desde o inicio e que me proporcionaram momentos muito felizes.

A todos os colegas de eventos de bioinformatica, que me deram insights valiosos e
com quem pude discutir métodos e analises do meu trabalho.

Agradeco as minhas amigas e amigos de Coimbra, que, apesar de ndo terem
acompanhado tdo de perto estes ultimos dois anos de mestrado, fizeram parte de
momentos inesqueciveis durante os trés anos da minha licenciatura, que foram, sem
duvida, alguns dos mais bonitos da minha vida.

Agradeco também a Filipa, por me fazer companhia neste ultimo ano de mestrado,
pelas idas ao ginasio juntas, pelos jantares na tua casa, onde me ajudaste a resolver
problemas da tese e por até me quereres dar comida nesta fase final. E a Alexandra,
minha amiga mais antiga, pelas longas caminhadas, conversas sobre a vida e por me
ajudar a distrair nos momentos mais dificeis.

Agradecgo ao Tiago, 0 meu querido namorado, que esteve comigo de perto ao longo de
todo este percurso no Porto e na FCUP, praticamente desde que me mudei para ca.
Obrigada por te preocupares sempre comigo, por perceberes os momentos dificeis
desta fase final da tese e por me motivares a dar o meu melhor. Obrigada por cuidares
de mim em todos os aspetos possiveis, por seres a minha familia aqui no Porto e por
todo o carinho e acolhimento que tu e a tua familia sempre me deram. Es uma pessoa
muito especial na minha vida e sou muito grata por te ter ao meu lado.

Por ultimo, mas ndo menos importante, quero agradecer aos meus pais por me
proporcionarem a oportunidade de realizar este mestrado no Porto, € a minha mae, em
particular, por se preocupar tanto comigo, sempre me incentivar a dar o meu melhor e
a querer o melhor para mim, oferecendo-me continuamente o seu apoio. Agradecgo
também a minha irma, por ser quem é e por trazer alegria a minha vida. Aos meus
familiares, em especial ao meu avd Simodes, que desde a minha infancia sempre disse
acreditar que eu teria um futuro brilhante, e a todos os outros familiares que, de forma
direta ou indireta, impactam a minha vida, contribuindo positivamente para que eu possa
dar sempre o meu melhor.



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

Resumo

O consumo global de contaminantes tem aumentado significativamente, incluindo
farmacos como a Sinvastatina (SIM), um medicamento amplamente prescrito para
reducdo do colesterol em humanos. Devido ao seu uso extensivo, a SIM é
frequentemente libertada para o ambiente através de efluentes farmacéuticos e aguas
residuais urbanas. As estagdes de tratamento de aguas residuais convencionais
geralmente ndo sio projetadas para remover completamente esses contaminantes,
resultando na sua detegdo generalizada em sistemas aquaticos, incluindo efluentes,
estuarios e ambientes marinhos. Organismos nao-alvo s&o, consequentemente,
expostos a concentragdes subletais, podendo sofrer efeitos moleculares, fisiolégicos e

reprodutivos.

Gammarus locusta, um anfipode marinho, constitui um organismo modelo
ecologicamente relevante para estudar os impactos de contaminantes, devido ao seu
papel-chave nas cadeias alimentares costeiras e a sua sensibilidade a stressores
quimicos. Este estudo avaliou os efeitos diretos e transgeracionais da exposi¢cao a SIM
em machos de G. locusta ao nivel molecular e correlacionou-os com fendtipos
observados em estudos anteriores. Foi gerado de novo um transcriptoma de referéncia
para machos (V1), devidamente anotado e agrupado em clusters, permitindo analises
detalhadas ao nivel de genes. A expressao génica diferencial foi avaliada com o
TransDegAnalyser, uma aplicagao desenvolvida para este estudo baseada em Shiny

para analise e exploracao interativa de dados de RNA-Seq.

A exposicdo a SIM induziu alteragbes transcriptomicas persistentes, afetando a
formagao do exoesqueleto, o metabolismo e as vias de resposta ao stress, consistentes
com a redugao do tamanho corporal observada nos machos FO e F3. Estes resultados
fornecem uma compreensdao mecanistica dos efeitos transgeracionais de
contaminantes ambientais e destacam o valor de ferramentas transcriptomicas

integrativas para a investigagdo ecotoxicologica.

Palavras-chave: Sinvastatina, farmacos, contaminantes ambientais, Gammarus locusta,

efeitos transgeracionais, transcriptéomica, RNA-Seq, ecotoxicologia, efeitos moleculares
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Abstract

The global consumption of contaminants has increased substantially, including
pharmaceuticals such as simvastatin (SIM), a widely prescribed lipid-lowering drug in
humans. Due to its extensive use, SIM is frequently released into the environment
through pharmaceutical effluents and urban wastewater. Conventional wastewater
treatment plants are generally not designed to fully remove such contaminants, resulting
in their widespread detection in aquatic systems, including effluents, estuaries and
marine environments. Non-target organisms are consequently exposed to sub-lethal

concentrations, potentially causing molecular, physiological and reproductive effects.

Gammarus locusta, a marine amphipod, represents an ecologically relevant model
organism for studying contaminant impacts due to its key role in coastal food webs and
its sensitivity to chemical stressors. This study evaluated direct and transgenerational
effects of SIM exposure in male G. locusta at the molecular level and related them to
observed phenotypes in previous studies. A high-quality male reference transcriptome
(V1) was generated de novo, annotated and clustered to enable detailed gene-level

analyses.

Differential gene expression was assessed using TransDegAnalyser, a Shiny-based
application developed in this study for analysis and interactive exploration of RNA-Seq
data. SIM exposure induced persistent transcriptomic changes affecting cuticle
formation, metabolism and stress-response pathways, consistent with the reduced body
size observed in FO and F3 males. These findings provide mechanistic insight into
transgenerational effects of environmental contaminants and highlight the value of

integrative transcriptomic tools for ecotoxicological research.

Keywords: Simvastatin, pharmaceuticals, environmental contaminants, Gammarus
locusta, transgenerational effects, transcriptomics, RNA-Seq, ecotoxicology, molecular

effects
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1. Introduction

1.1. Ecotoxicological Context and Biological

Background

1.1.1. Pharmaceuticals as Emerging Contaminants

Pharmaceutical compounds have become essential components of modern healthcare
systems worldwide, playing a pivotal role in the treatment and prevention of a wide range
of human and veterinary diseases (Aus der Beek et al.,, 2016). Over the past few
decades, their consumption has significantly increased, driven by factors such as
population growth, aging demographics, expanded access to healthcare and advances
in pharmaceutical research and global distribution (Van Boeckel et al.,, 2014). It is
currently estimated that over 3,000 active pharmaceuticals are in use worldwide, with
total production volumes reaching several hundred tons annually (Carvalho & Santos,
2016; Grenni et al., 2018).

This exponential growth in pharmaceutical use has led to the widespread occurrence of
parental pharmaceuticals and their transformation products in the environment, raising
emerging environmental concerns regarding their ecological impact (Ortiuzar et al.,
2022).

Following their administration, pharmaceuticals are often excreted in urine and feces as
active substances or metabolites (Sui et al., 2015; Aus der Beek et al., 2016). As a result,
these substances enter wastewater systems via domestic sewage, hospital discharges
and effluents from pharmaceutical manufacturing, ultimately reaching surface waters
(Michael et al., 2013; Verlicchi et al., 2012). This comes from the fact that conventional
wastewater treatment plants (WWTPs) were not specifically designed to remove
pharmaceutical compounds (Patel et al., 2019). WWTPs primarily target organic matter
that is easily or moderately biodegradable, such as sugars, proteins and simple fats,
which can be readily broken down by microorganisms and are typically present at mg/L
concentrations (Stackelberg et al., 2004). In contrast, pharmaceuticals often resist
microbial degradation and are biologically active even at much lower concentrations
(ng/L—pg/L), making them difficult to remove in conventional treatment systems. (Aus der
Beek et al., 2016; Patel et al., 2019; Verlicchi et al., 2012; Michael et al., 2013; Le-Minh
et al., 2010; Ziylan & Ince, 2011). Consequently, many bioactive substances, particularly
antibiotics, analgesics and lipid regulators are only partially degraded during wastewater

treatment processes and enter in surface waters. A comprehensive review by Aus der
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Beek et al. (2016) identified the presence of 631 pharmaceutical compounds in at least
71 countries. These substances have been detected in various water bodies, including
rivers, lakes, estuaries and coastal marine waters, highlighting their persistent and

diffuse presence in aquatic environments (Patel et al., 2019; Ortuzar et al., 2022).

Although pharmaceuticals are designed to target specific biological pathways in humans
or domestic animals, many of these compounds can also affect non-target aquatic
organisms (Neuparth et al., 2014; Aus der Beek et al., 2016). Growing evidence indicates
that even at environmentally relevant concentrations, often in the nanogram to low
microgram per liter range (ng/L-ug/L), pharmaceutical compounds can trigger a range of
sublethal effects in non-target organisms (Neuparth et al., 2014; Aus der Beek et al.,
2016). This sensitivity is particularly concerning given the chronic and often lifelong
exposure experienced by aquatic species, especially in ecosystems continuously
receiving wastewater effluents near to urban areas (Paut Kusturica et al., 2022).
Moreover, even brief or single exposures to certain pharmaceuticals may trigger
biological changes with transgenerational consequences, affecting unexposed offspring

across successive generations (Neuparth et al., 2020).

Given their persistence, biological activity at low concentrations and widespread
detection in aquatic environments, pharmaceuticals are now highly recognized as a
major group of Contaminants of Emerging Concern (CECs) (Aus der Beek et al., 2016;
Richardson & Ternes, 2021). This classification reflects their potential to harm
ecosystems and human health, as well as the current lack of comprehensive monitoring
and regulatory control (Patel et al., 2019; Fakhri et al., 2024). In fact, current regulatory
frameworks remain insufficient and many compounds were approved for medical use
long before their environmental fate and ecological effects were properly evaluated
(Ortazar et al., 2022).

1.1.2. Simvastatin as an Emerging Contaminant, Occurrence in

Aquatic Environments and Potential for Bioaccumulation

Among the CECs detected in aquatic environments, statins as lipid regulator
pharmaceuticals, have emerged as compounds of significant ecotoxicological concern
due to their widespread use, environmental persistence and potent biological activity at

low concentrations (Tete et al., 2020).

Statins are a class of hypolipidemic agents extensively prescribed to humans for the

prevention and treatment of hypercholesterolemia and cardiovascular diseases. This

3



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

condition is associated with elevated levels of circulating low-density lipoprotein (LDL)
cholesterol in the bloodstream (Stossel, 2008; Endo, 2010; Nunes, 2017; Sirtori, 2014).

Among all the statins, simvastatin (SIM) (Figure 1) is one of the most widely prescribed
pharmaceutical in Europe and the USA and consequently the most frequently detected
in aquatic environments, particularly near urban effluents and surface waters, often at
concentrations ranging from ng/L to pg/L (Miao and Metcalfe, 2003; Walley et al., 2005;
Ellesat et al., 2010; Santos et al., 2016; Tete et al., 2020).

WOH

Figure 1 — Simvastatin.

SIM enters wastewater systems in substantial amounts and has been frequently
detected in effluents and receiving waters across different countries. In Portugal,
influents to WWTPs have been reported to contain SIM at median concentrations of
2652.1 ng/L (Pereira et al., 2015), while in the southeastern United States, sewage
influents from a medium-sized WWTP contained 1230 ng/L (Ottmar, Colosi and Smith,
2012). Concentrations in WWTP effluents are generally lower than in influents but remain
detectable, ranging from 5 ng/L in the UK (Kasprzyk-Hordern et al., 2009; Boleda et al.,
2011) to 2.65 + 0.8 ug/L in South Africa (Tete et al., 2020) and up to 369.8 ng/L in
Portuguese effluents (Salgado et al., 2010), confirming that conventional treatment does
not completely remove SIM from wastewater and illustrating its pervasive occurrence
globally (Rebelo et al., 2021).

SIM has also been detected in surface waters at lower concentrations, ranging from 2.3
to 16.7 ng/L in the Jiulong River Basin and estuary in Southeast China (Lv et al., 2014)
and in Norwegian freshwater ecosystems, a predicted environmental concentration of
630 ng/L have been estimated (Santos et al., 2016) highlighting its presence even at
ng/L.

The octanol-water partition coefficient (log Kow) is a widely used indicator of a chemical’s

hydrophobicity and its tendency to accumulate in lipid-rich tissues. Compounds with
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higher log Kow values (= 3) are more lipophilic and therefore have a greater potential for
bioaccumulation and sorption to organic matter and sediments (Mitchell et al., 2013).
With a log Kow of 4.68, SIM shows high potential for bioaccumulation. Its moderate
hydrophobicity and structural stability promote strong partitioning to particulate matter
and sediments, where it can persist for prolonged periods and accumulate in benthic
zones (Santos et al., 2016). Such sorption enhances bioavailability to sediment-dwelling
organisms, including marine crustaceans like amphipods, either through direct contact

or ingestion of contaminated particles (Ritter & Bourne, 2024).

1.1.2.1. Simvastatin’s Mode of Action in Vertebrates and Invertebrates

SIM, like other statins, inhibits Hydroxymetylglutaryl-CoA reductase (HMGR),, a key
enzyme of the mevalonate pathway (Goldstein & Brown, 1990; Endo, 2010; Zhou & Liao,
2009; Attardo et al., 2022; Costa et al., 2025; Neuparth et al. 2020). While this pathway
is conserved across metazoans, its downstream products and physiological roles differ
between vertebrates and invertebrates (Figure 2) (Bellés et al., 2005; Lombard &
Moreira, 2010; Neuparth et al., 2020). Functional studies have shown that HMGR is
competitively inhibited by SIM in both vertebrates and arthropods (Zapata et al., 2002a,b;
Li et al.2003; Santos et al., 2016; Costa et al., 2025).
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Figure 2 - Schematic representation of the mevalonate pathway across metazoans, highlighting in orange the point of
statin inhibition and showing the metabolic divergence between vertebrates and arthropods. Figure from T. Neuparth, et
al., 2020.

In vertebrates, the mevalonate pathway primarily leads to cholesterol synthesis, an
essential component of cell membranes and a precursor for other important isoprenoids
(Bloch, 1992; Alberts et al., 1980; Miziorko, 2011). By inhibiting HMGR, mevalonate
production is reduced, leading not only to lower cholesterol levels (Figure 2 - blue), but
also to alterations in key intermediates, such as ubiquinone (coenzyme Q10) and
dolichols. (Littarru & Langsjoen, 2007; Vaklavas et al., 2009; Santos et al., 2016; Chen
et al., 2024). These intermediates are critical for mitochondrial electron transport, protein
prenylation and glycoprotein synthesis, meaning that SIM exposure can influence
cellular energy metabolism, protein function and overall cellular homeostasis (Ericsson
& Gustav Dallner, 1993; Rauthan & Pilon, 2011; Guerra et al., 2021; Pisanti et al., 2022).

In contrast to vertebrates, arthropods do not synthesize cholesterol de novo and instead
obtain it largely from their diet (Li et al., 2003). In crustaceans, the mevalonate pathway,
which shares most of the enzymatic steps with vertebrates (Figure 2 - grey), produces

the isoprenoid methyl farnesoate (MF) (Figure 2 - yellow) (Bellés et al., 2005; Neuparth
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et al., 2014). By inhibiting HMGR, mevalonate production is reduced, leading to lower
MF levels. MF is a juvenile hormone analogue crucial for regulating reproduction,
development and molting in crustaceans (Bellés et al., 2005; Goodman & Cusson, 1976;
Neuparth et al., 2014).

Although SIM inhibits HMGR in both vertebrates and arthropods, its downstream effects
differ: in arthropods, inhibition reduces farnesyl pyrophosphate production (the MF
precursor), disrupting endocrine signaling and impacting growth, molting and
reproduction (Neuparth et al., 2020; Santos et al., 2016).

Although SIM was originally developed to modulate lipid metabolism in humans, the
structural and functional conservation of the mevalonate pathway across metazoans
means that aquatic arthropods exposed to environmentally relevant concentrations of
SIM may experience sublethal and reproductive effects, despite lacking a cholesterol
metabolism equivalent to vertebrates. This susceptibility has been demonstrated in
several ecotoxicological studies, including transgenerational effects in marine sediment-
dwelling crustaceans such as G. locusta (Neuparth et al., 2014; Neuparth et al., 2020;
Neuparth et al., 2022).

The detection of SIM in coastal waters and sediments worldwide (Pereira et al., 2015;
Ritter & Bourne, 2024), together with the dependence of these taxa on endocrine signals
derived from the mevalonate pathway for reproduction and development, underscores a
tangible mechanistic risk for non-target crustacean species. By interfering with both
metabolic processes and endocrine regulation, SIM can trigger effects that cascade
across life stages and persist through generations (Neuparth et al., 2020; Neuparth et
al., 2022).

Given these widespread environmental exposures and the critical role of the mevalonate
pathway in crustacean reproduction, G. locusta has emerged as a relevant model
species to investigate the sublethal, reproductive and transgenerational effects of SIM,
as demonstrated in studies by Neuparth et al. and collaborators (2014; 2020). In this
context, SIM was selected in this study as a model compound to assess its effects

on the amphipod Gammarus locusta.

1.1.3. Gammarus locusta as a Model Organism
Gammarids are small, laterally compressed, shrimp-like crustacean amphipods
characterized by the absence of a carapace and a segmented body covered by a flexible

coxal plates, divided into three main regions: head, thorax (in red in Figure 3) and
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abdomen (in blue and green in Figure 3) (Gerhardt et al., 2011). They are widely
distributed in aquatic environments, including marine, freshwater and estuarine habitats

(Whiteley et al., 2011).
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Figure 3 - Model of a general amphipod. Characters used in identification of Gammarus highlighted. Adapted from Ola
Reibo based on Barnard & Karaman, 1991.

G. locusta (Figure 4) (Linnaeus, 1758) belongs to the phylum Arthropoda, class
Malacostraca, order Amphipoda and family Gammaridae. The genus Gammarus
comprises over 100 described species worldwide, with G. locusta being one of the most
ecologically significant and experimentally valuable (Gerhardt et al., 2011). This species
has gained prominence as a model organism in marine ecotoxicology due to its

sensitivity to a broad range of environmental contaminants including SIM, its ecological

Figure 4 — Gammarus locusta.
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relevance and ease of laboratory maintenance (Neuparth et al., 2002; Neuparth et al.,
2014; Santos et al., 2016; Ritter & Bourne, 2024).

G. locusta is naturally distributed along the northeastern Atlantic coasts of Europe, from
northern Norway to southern Portugal and is particularly abundant in the Sado estuary
(Costa & Costa, 1999). It inhabits intertidal and shallow subtidal zones, typically
associated with macroalgal beds, seagrass meadows and rocky substrates (Costa et al.,
1998; Costa & Costa, 1999; Costa et al., 2004; Whiteley et al., 2011; Neuparth et al.,
2014). These structurally complex habitats are ecologically productive yet vulnerable to
anthropogenic pressures, including pharmaceutical residues from wastewater effluents
and urban runoff (Neuparth et al., 2014; Santos et al., 2016; Neuparth et al., 2020).

As a benthic detritivore and omnivore, G. locusta contributes significantly to nutrient
cycling, organic matter decomposition and algal biomass regulation (Peschke et al.,
2014; De Lange et al., 2006; Bossus et al., 2014). Additionally, it serves as an essential
prey species for various fish, birds, seals and invertebrate species, which greatly
contributes to its high ecological value in coastal and transitional ecosystems such as
estuaries (Costa and Costa, 1999; Whiteley et al., 2011; Vellinger et al., 2012; Peschke
et al., 2014).

G. locusta is easy to work with in the laboratory due to its manageable size (=10-15
mm), robustness and tolerance to varying salinities. It reaches sexual maturity in about
35 - 45 days and females produce multiple broods of 40 - 80 embryos over their lifetime
(Neuparth et al., 2022). Its short generation time and high reproductive rate make it ideal
for multigenerational and transgenerational ecotoxicological experiments (Costa &
Costa, 1999; Neuparth et al., 2002).

Compared to fish and mollusks, G. locusta offers several advantages for ecotoxicological
studies, including logistical simplicity for breeding and testing, short life cycles, high
reproductive output and reliable responses to contaminants, while avoiding many of the
ethical concerns associated with vertebrate testing (Ré et al., 2009; Geffard et al., 2010;
Whiteley et al., 2011; Peschke et al., 2014; Neuparth et al., 2014).

G. locusta has been extensively employed in ecotoxicological research due to its
ecological relevance, sensitivity to contaminants, broad geographical distribution and
ease of use in laboratory. These characteristics makes G. locusta an ideal organism for

the study presented in this thesis.

Understanding the nature and implications of contaminant effects across multiple

generations is essential for ecotoxicological assessments. The following section focuses
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on the transgenerational effects of SIM in G. locusta, highlighting the complexity of

inheritance and exposure dynamics.

1.1.4. Transgenerational Effects of SIM in G. locusta

In ecotoxicology, it is important to distinguish between multigenerational,

intergenerational and transgenerational effects.

Multigenerational studies involve the continuous exposure of several consecutive

generations (FO, F1, F2, etc.) to a stressor, such as SIM.

In contrast, intergenerational effects are observed in generations that were not directly
exposed but still exhibit alterations due to parental exposure to the stressor. For
example, when a pregnant female (F0) is exposed, F1 embryos are directly exposed
during embryonic development within the contaminated FO female. F2 individuals are
also indirectly exposed because their germ cells were formed in the F1 (Figure 5b). In
male-mediated inheritance, exposure of the FO male affects the germ cells that
generate F1 offspring. As a result, F1 phenotypes reflect indirectly exposure (Figure 5a)
(Hime et al., 2021).

True transgenerational effects are defined as phenotypes that occur in generations
never directly or indirectly exposed (typically F3 and beyond in females, and F2 onward
in males), reflecting heritable changes passed through the germline (Skinner, 2008;
Skinner, 2014; Hime et al., 2021).

To better illustrate the conceptual framework of inter- and transgenerational inheritance,
an illustrative schematic showing male and female germline inheritance in a general

amphipod model is shown in Figure 5 to summarize generational definitions.
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Figure 5 - lllustrative schematic of intergenerational and transgenerational inheritance through the male and female

germlines in a general amphipod model.

Transgenerational studies are critical in ecotoxicology because they allow researchers
to assess not only the direct effects of contaminants, such as SIM on the exposed
parental generation (F0), but also the persistence of these effects in subsequent
generations (F1-F3), even in the absence of the original stressor. Such approaches
provide insight into heritable physiological, reproductive and molecular disruptions that

can have long-term population-level consequences (Bhandari et al., 2015).

In studies by Neuparth et al. with G. locusta, SIM was applied to the parental generation
(FO) at environmentally relevant concentrations and the F1 through F3 generations were
subsequently monitored in SIM-free water to detect any lasting inter- or transgenerational
effects. These studies evaluated reproductive output, growth, metabolic pathways, gene
expression changes and epigenetic modifications to assess indirect impacts of parental
SIM exposure across generations (Neuparth et al., 2014, 2020, 2022; Santos et al.,
2016; Alves et al., 2021; Rodrigues et al., 2024). Research has shown that exposure to
SIM induces significant physiological, reproductive and molecular disturbances in G.
locusta, with clear differences between male and female responses (Neuparth et al.,
2014, 2020, 2022; Santos et al., 2016; Alves et al., 2021; Rodrigues et al., 2024).

11
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1.2. Omics Approaches in Ecotoxicology and

Environmental Risk Assessment

Over the last two decades, omics sciences have emerged as transformative tools in
ecotoxicology, providing mechanistic insights into the effects of environmental
contaminants that go beyond classical apical endpoints such as mortality, growth and
reproductive output (Snape et al., 2004; Misra et al., 2018). The traditional approach of
ecotoxicology used only a few biochemical and physiological biomarkers (e.g., oxidative
stress enzymes, acetylcholinesterase activity vitellogenin induction) to assess chemical
impacts (van der Oost et al., 2003; Newman & Newman, 2014). This regulatory
endpoints continue to be important but they do not identify minor initial effects or explain

the biological processes that occur at the molecular level (Li et al., 2025).

Omics technologies, by contrast, offer high-throughput, hypothesis-generating
approaches capable of simultaneously profiling thousands of molecular features,
allowing the discovery of novel biomarkers and previously unrecognized toxicity
pathways (Ankley et al., 2006; Garcia-Reyero & Perkins, 2010; Mirbahai & Chipman,
2014). Having high-throughput technologies of varying kinds opened opportunities for
these branches of science to produce large-scale data for every biological system
(Snape et al., 2004; Li et al., 2025). Omics technologies developed for different systems
include genomics, which include the study of the architecture, function and evolution of
the genome, and thus a blueprint of the genetic makeup and possibilities of the organism.
Transcriptomics involves the study of all the transcripts in the cell and regulation
mechanisms, reflecting and capturing the sign of the molecular responses as they unfold
to different stimuli. Focusing on proteins, their quantity, modifications and interactions,
and thus their functional dynamics, proteomics becomes a vital functional layer. In
elucidating small metabolites and their transitions that drive a physiological state, cellular
processes and their dynamics, metabolomics provides a deeper understanding of the
cell. Other branches as epigenomics study the reversible, heritable and functional
changes that genes display without a sequence alteration to their nuclear DNA (e.g.,
changes by DNA methylation and histone modifications) (Sauer et al., 2017; Lind &
Spagopoulou, 2018). This way, omics technologies have rapidly advanced from
exploratory tools into valuable instruments for chemical hazard characterization and
ecological risk assessment (OECD, 2023; Villeneuve & Garcia-Reyero, 2010).
Increasingly, regulatory bodies recognize that omics data can support hazard

identification, elucidation of modes of action and translation of molecular changes into
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ecologically relevant endpoints, provided that data are collected and interpreted under
standardized frameworks such as the Organisation for Economic Co-operation and
Development (OECD) Omics Reporting Framework (OORF) (OECD, 2025; Buesen et
al., 2017).

One of the primary uses of omics is biomarker discovery. Biomarkers of exposure
indicate that an organism has come into contact with a chemical, whereas biomarkers of
effect reflect molecular alterations mechanistically linked to adverse outcomes (Graham
Van Aggelen et al., 2010; Gosh & Corneliu Duca, 2021; Shields, 2023). Untargeted
omics approaches, especially transcriptomics and metabolomics, are powerful tools for
generating new hypothesis. They allow us to spot unexpected patterns and coordinated
molecular responses that simpler, single-endpoint tests could easily overlook. These
discoveries can then guide the development of more focused assays, useful for

biomonitoring and regulatory applications (Song et al., 2023).

A key difficulty in risk assessment is linking early molecular changes to an organism's or
population's growth, reproduction, and survival. The Adverse Outcome Pathway (AOP)
framework was developed to address this issue, providing a structured way to link
molecular initiating events (MIEs) to a series of key events (KEs) and ultimately to
adverse outcomes (AOs) that are relevant for risk management (Ankley et al., 2010;
Tollefsen et al., 2014). Omics data are particularly well suited to detect MIEs and KEs,
offering mechanistic evidence that strengthens causal inference. For example,
transcriptomic changes indicating disrupted steroidogenesis or altered energy
metabolism can help explain observed reproductive impairments at the organismal level
(Neuparth et al., 2022).

Omics methods can help with quantitative risk assessment in addition to qualitative
insights. The derivation of transcriptomic points of departure (tPODs), which serve as
conservative thresholds for chemical safety assessment, is made possible by
transcriptomic concentration—response modeling. Several studies have demonstrated
that tPODs often align with traditional apical toxicity thresholds, supporting their use in
chemical prioritization, grouping and read-across strategies (Thomas et al., 2013; Costa
et al., 2021).

Omics datasets are vast and highly complex, as their high dimensionality makes them
prone to false discoveries. On top of that, natural biological differences, such as sex, life
stage, or environmental history, add further layers of variability. For non-model species,
the lack of complete genomic resources makes it harder to assign functions to genes or
map biological pathways (Ekblom & Wolf, 2014; Conesa et al.,, 2016). Moreover,

13
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integration across different omics layers and with classical endpoints requires advanced
bioinformatic and systems biology approaches, which are still under development (Smith
et al., 2025).

Even so, real-world applications are already showing how valuable omics can be for a
better ecology understanding. Studies on non-model organisms such as earthworms,
zebrafish and amphipods have consistently revealed conserved responses to
contaminants, including disruptions in oxidative stress regulation, lipid metabolism and
endocrine signaling, which correlate with sublethal phenotypes and reproductive
impairments (Blalock et al., 2018; Camilo Escobar-Sierra et al., 2024; Russo et al., 2020;
Lopez-Landavery et al., 2023, Neuparth et al., 2020). A particularly relevant example is
the case of SIM exposure in G. locusta females, where transcriptomic analyses revealed
transgenerational effects on reproduction, demonstrating how molecular-level data can
extend hazard characterization beyond single-generation endpoints (Neuparth et al.,
2020b; Neuparth et al., 2022).

In the future, standardizing experimental design, bioinformatic workflows and
mechanistic interpretation will be necessary for the regular incorporation of omics into
regulatory risk assessment. Linking omics signatures to AOPs, deriving tPODs and
embedding molecular key events into population-level or toxicokinetic-toxicodynamic
(TK-TD) models represent the next frontier in bridging molecular data to ecological

protection goals (Villeneuve & Garcia-Reyero, 2010; Villeneuve et al., 2024).

Among the different omics approaches, transcriptomics has proven especially practical
and insightful for ecotoxicology, offering a powerful way to study molecular responses in

non-model aquatic organisms.

1.21. Transcriptomics

Transcriptomics is an analysis of the total complement of RNA molecules, both
messenger RNAs (mMRNAs) and non-coding RNAs, within a cell, tissue, or organism
under specified conditions (Conesa et al., 2016). By providing a snapshot of cellular
activity, transcriptomics enables researchers to investigate how biological systems
respond to environmental stressors, including chemical contaminants, at a genome-wide
scale (Conesa et al., 2016; Ozsolak & Milos, 2010; Wang et al., 2009). In ecotoxicology,
itis valued as a sensitive early-warning tool because molecular alterations often precede
observable phenotypic or population-level effects (Villeneuve & Garcia-Reyero, 2010;
Head et al., 2024).

14



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

According to Lockhart and Winzeler (2000) and Nookaew et al. (2012), transcriptomic
profiling was previously dependent on microarrays, which enabled the simultaneous
quantification of thousands of predefined sets of transcripts. However, these systems
had limitations, including a limited dynamic range, low sensitivity for rare transcripts, and
a reliance on probe design. The field underwent a revolution with the introduction of RNA
sequencing (RNA-seq), which made it possible to detect all transcripts, including
alternative splice variants and novel genes, objectively and in large quantities. For RNA-
Seq analysis, short-read sequencing (e.g., lllumina platforms) remains the most widely
used approach due to its high accuracy, sensitivity and relatively low cost, allowing
robust quantification of transcript abundance and de novo transcriptome assembly in
species without reference genomes (Grabherr et al.,, 2011; Martin & Wang, 2011;
Neuparth et al., 2020a; Russo et al., 2020; Wang et al., 2023; Tan et al., 2023).

Emerging transcriptomic technologies offer additional resolution. Long-read RNA-seq
(PacBio, Oxford Nanopore) generates full-length transcript sequences, resolving
complex isoforms and splice variants but generally has higher error rates, lower
throughput and increased costs (Byrne et al., 2017; Wang et al., 2021). Single-cell RNA-
seq enables transcriptomic profiling at the level of individual cells, revealing cellular
heterogeneity and rare cell populations, although it remains technically challenging and
less commonly applied in ecotoxicology because of its high cost (Tang et al., 2009;
Svensson et al., 2018; Jovic et al., 2022). In the context of aquatic invertebrates such as
G. locusta, the absence of reference genomes and standardized dissociation protocols
further constrains the feasibility of applying these emerging approaches. Consequently,
short-read RNA-seq remains the most robust and cost-effective choice for
ecotoxicogenomic studies in such species (Orsini et al., 2016; Péden et al., 2019;
Neuparth et al., 2020a,b).

Even in the absence of reference genomes, transcriptomic profiling in non-model
organisms is possible through de novo assembly tools, such as Trinity. These tools allow
the reconstruction of transcriptomes from RNA data, enabling high-quality gene
expression analysis in species like G. locusta without the need for a reference genome
(Grabherr et al., 2011; Russo et al., 2020). As a result, transcriptomics has become an
increasingly valuable approach in ecotoxicogenomics, especially for uncovering
molecular responses to environmental stressors in organisms with limited genomic

resources.

In this context, RNA-seq data are commonly used to identify differentially expressed

genes (DEGs), construct co-expression networks, and perform functional enrichment
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and pathway analyses (e.g., Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG)), thus linking transcriptomic expression changes to affected biological
processes (Conesa et al., 2016; Langfelder & Horvath, 2008). In RNA-Seq, best
practices include careful experimental design, rigorous quality control and accurate
annotation strategies, which increase the reliability and biological interpretability of the
data (Neuparth et al., 2020a; Burns et al., 2024).

In G. locusta, transcriptomic approaches have provided valuable insights into the
molecular mechanisms underlying responses to environmental contaminants. For
example, research on G. locusta females has demonstrated that exposure to
contaminants, such as SIM, disrupts neuroendocrine signaling and induces
transcriptional alterations consistent with observed effects on reproduction and growth,
highlighting the value of transcriptomics for mechanistic interpretation of apical endpoints
(Rodrigues et al., 2024; Neuparth et al., 2020b).

Overall, transcriptomics, particularly short-read RNA-seq, provides a practical,
sensitive and mechanistically informative tool that will be used in the current study
with G. locusta males to assess the transgenerational effects of SIM and for linking
molecular perturbations to organismal and ecological outcomes, observed in the
Neuparth et al. 2014, 2020 studies. When combined with robust experimental design,
appropriate bioinformatic pipelines and mechanistic interpretation, transcriptomics
strengthens inference in ecological risk assessment and enhances the potential

integration of molecular evidence into environmental decision-making.

1.2.2. Bioinformatics Approaches for Transcriptomic Analysis in
the Present Study

In this study, transcriptomics analyses were carried out using bioinformatics tools, which
provided the computational capacity to millions of RNA-seq reads into meaningful
biological insights. In G. locusta, where no reference genome is available, bioinformatics
enabled the de novo reconstruction of the transcriptome, thereby generating a
reference framework that made it possible to capture the complete set of expressed

genes. This step was essential to establish the molecular basis for subsequent analyses.

Once assembled, the transcriptome was subjected to functional annotation, which
linked the recovered sequences to putative biological functions and enrolled pathways
through comparison with curated protein databases, GO terms and KEGG pathways.

Although annotation in non-model organisms is often constrained by the limited
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representation of invertebrates in these databases, it nonetheless provides crucial

insight into gene functions and their involvement in metabolic and signalling pathways.

On this basis, assembled transcriptomes could be further explored to identify DEGSs,
revealing which genes are significantly up- or downregulated in response to
environmental stressors. DEG analysis provides a direct connection between molecular
perturbations and organismal responses to environmental stressors, particularly when
followed by functional enrichment analyses. Enrichment approaches highlight
biological processes and pathways that are disproportionately affected, such as energy
metabolism, reproduction or stress responses, thereby supporting mechanistic

interpretations of toxicant effects in an ecotoxicological context.

To streamline these analyses in the present study, a dedicated bioinformatics platform,
TransDegAnalyser, was developed. This interactive application integrates transcript
counts, experimental metadata and functional annotations into a coherent workflow that
performs DEG analysis, functional enrichment and data visualization within a single
environment. By combining robust statistical analysis with intuitive, user-friendly
visualizations, this tool made it easier to explore transcriptomic responses across
treatments and generations in G. locusta males, giving biological meaning to the
annotated DEGs. Beyond enhancing reproducibility and interpretability,
TransDegAnalyser represents a flexible resource that can be adapted to other
ecotoxicogenomic transgenerational studies and species, bridging the gap between raw

sequencing data and ecological risk assessment.

2. Objectives
2.1. General Objective

To evaluate the direct and transgenerational effects of SIM exposure in G. locusta males,
combining transcriptomic profiling, functional interpretation and ecological endpoints and
to develop a user-friendly bioinformatics tool for facilitating data visualization, analysis
and interpretation linking molecular responses to observed phenotypic outcomes

observed in previous studies.
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2.2. Specific Objectives

o1 - Construct and validate a male reference transcriptome
Assemble and evaluate the quality and completeness of the G. locusta male
transcriptome to provide a robust reference for annotation and differential expression

analysis.

02 - Predict protein-coding regions from the reference transcriptome and conduct
functional annotation
Identify coding sequences and assign putative biological functions through comparison
with curated databases. This annotation not only identifies the coding regions but also
provides the foundation for interpreting transcriptomic responses, including GO and
KEGG enrichment analyses to highlight biological processes and pathways potentially

affected by SIM exposure.

03 - Develop an interactive tool (TransDegAnalyser) for differential expression
analysis and functional enrichment visualization
Implement a Shiny-based application to perform differential gene expression analysis
between FO (parental) and F3 (transgenerational) generations, comparing SIM-exposed
and control groups, while integrating functional enrichment results in accessible and

reproducible visualizations.

04 - Integrate molecular and apical endpoints
Link transcriptomic data with observed phenotypic effects observed in previous studies
(e.g.: growth and reproduction) to propose mechanistic explanations for the

transgenerational impacts of SIM and to identify potential molecular markers of effect.

3. Materials and Methods

This chapter describes the experimental design and the bioinformatic workflow used for
RNA-Seq analysis in G. locusta males. It includes the generation of RNA-Seq data,
transcriptome processing and the development of an interactive tool to perform

differential gene expression analysis and integrate functional annotation.
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3.1. Experimental Design

The methodology for RNA-seq data generation, including exposure conditions and
sample collection, followed the protocol described by Neuparth et al. (2020). Male
individuals from the parental generation (FO) were divided into a control group
(unexposed) and an exposed group (SIM 320 ng/L). Offspring from the FO exposed
group were reared in SIM-free water for three successive generations (F1-F3) to assess
transgenerational effects in F3 generation, while offspring from the FO control group were

maintained under identical SIM-free conditions to serve as controls for the F3 generation.

For RNA-seq analyses, samples were collected specifically from FO and F3 males. This
included four biological replicates for the FO control (n = 4), three for the FO exposed
group (n = 3) and three replicates each from the F3 control and F3 transgenerational

groups (n = 3 per group), totaling 13 samples for sequencing.

All experimental procedures were conducted under controlled laboratory conditions,
including a semi-static aquarium system with filtered seawater and sediment,
temperature maintained at 20°C, a 16:8 h light:dark photoperiod and regular monitoring
of water quality parameters, as detailed in Neuparth et al. (2020). RNA samples were
processed for library preparation using Illlumina TruSeq kits, following the manufacturer’s
protocols. Following library preparation, RNA-Seq was performed commercially at
Novogene (Hong Kong) on an lllumina HiSeq-2500 platform with paired-end 150 bp
(PE150) reads, targeting over 30 million reads per sample. This workflow generated
high-quality raw RNA-seq data in FASTA format, with reads separated into forward and
reverse pairs (paired-end), which were subsequently used for downstream gene
expression analyses. Forward read files end with 1 (e.g., S320_1G_1_1.fq) and reverse

read files with 2 (e.g., S320_1G_1_2.fq). The experimental design is shown in Figure 6.
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Figure 6 - Experimental setup for assessing direct and transgenerational effects of SIMin G. locusta males via RNA-Seq.

In total, 13 samples from the FO and F3 generations of both groups were collected and processed for RNA-Seq analysis.

3.2. Bioinformatic Approach for RNA-seq

Data Analysis

RNA-seq data from G. locusta samples were analyzed using a comprehensive
bioinformatic pipeline designed to transform raw sequencing reads into biologically
interpretable results (Conesa et al., 2016; Pola-Sanchez et al., 2024). The workflow
encompasses multiple stages, including pre-processing of raw RNA-Seq reads,
transcriptome assembly, Open Reading Frame (ORF) prediction, functional annotation
of the longest ORFs and the development of an interactive Shiny application
(TransDegAnalyser) for the identification and exploration of differentially expressed

genes and their associated biological pathways.

Computationally demanding steps, including transcriptome assembly, backmapping of
reads to transcriptome and ORF prediction were executed on a high-performance
computing (HPC) environment with up to 30 CPU threads and 500 GB of RAM to ensure
efficiency and reproducibility. The Galaxy Europe platform (usegalaxy.eu), which offers
a cloud-based environment with standardized tools and computational resources for
repeatable analyses, was used to perform functional annotation. The development and
execution of the Shiny application for differential expression analysis were carried out
locally on a personal workstation (HP laptop) running Windows 11, equipped with an
Intel® Core™ 7 processor, 16 GB of RAM, and 475 GB SSD storage. The overall
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workflow is summarized in Figure 7. All the scripts used to perform this bioinformatic
approach are available in Github and can be accessed through this link:
https://github.com/abiliaframboesa/Thesis RNASeq.
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with differential expression and the pathways that are linked to them are all included in the workflow. Each step's software
is displayed in orange boxes, input/output files are displayed in blue, and green checkmarks indicate quality control

procedures.

3.2.1. Pre-processing and Quality Control

The first step in the pipeline focused on ensuring high-quality input data for downstream
analyses. Raw RNA-seq FASTA files (eg: S320_1G_1_1.fq) were subjected to a rigorous
pre-processing and quality control workflow, including initial quality assessment, adapter

and low-quality base removal and sequencing error correction. These steps are essential
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to maximize read quality, reduce technical artefacts and improve the accuracy of de novo

transcriptome assembly, particularly in non-model organisms.

3.2.1.1. Initial Quality Assessment

Raw reads were first evaluated using FastQC (v.0.11.8)
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/), a standard tool for high-
throughput sequencing quality control. Key metrics assessed included per-base quality
scores, GC content, sequence length distribution, duplication levels and the presence of
adapter contamination (Andrews, 2010). Early quality assessment is critical to detect
common lllumina sequencing artefacts, such as 3' quality decay and residual adapter
sequences, which can lead to incorrect base calls, misaligned reads and artificial contigs,
ultimately affecting the accuracy of transcriptome assembly and downstream gene

expression analyses (Minoche et al., 2011).

3.21.2. Quality Trimming and Filtering
Adapter removal and trimming of low-quality bases were performed using Trimmomatic
(v.0.38) (Bolger et al., 2014), chosen for its robust sliding-window algorithm and

widespread adoption in RNA-seq workflows. The following parameters were applied:

e LEADING:5 and TRAILING:5 — remove bases with Phred quality <5 from read

ends.

o SLIDINGWINDOW:4:5 — dynamically trim reads when the average quality within
a 4-bp window falls below Phred 5.

e MINLEN:36 — discard reads shorter than 36 bp after trimming.

e ILLUMINACLIP — remove adapter sequences using the built-in TruSeq3

database.

Post-trimming read quality was reassessed using FastQC. These parameters were
consistent with previously published pipelines for G. locusta females (Neuparth et al.,

2020), ensuring comparability.
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3.2.1.3. Error Correction

Sequencing errors were corrected using Rcorrector (v.1.0.3) (Song & Florea, 2015) with
default parameters. Rcorrector employs k-mer frequency analysis via a De Bruijn graph
approach to distinguish between trusted and erroneous k-mers: those that appear
frequently in the dataset are considered reliable, while rare k-mers are flagged as
potential sequencing errors and corrected by aligning them to the most probable high-
frequency  counterparts (Song & Florea, 2015, NIH HPC, 2015).
Because sequencing errors can result in transcripts that are fragmented or
misassembled, this step is especially crucial. Error correction has been shown to
significantly improve transcriptome contiguity and reduce assembly artefacts, especially
in de novo assemblies from non-model organisms (MacManes & Eisen, 2013;
MacManes, 2014; Song & Florea, 2015).

The excellent quality of the processed reads was validated by a final FastQC run. The
high-quality FASTA files produced by these quality control procedures (shown by the
green checkmarks in Figure 7) were subsequently utilized for transcriptome assembly.
These programs were run with scripts present in

https://qgithub.com/abiliaframboesa/Thesis RNASeq.

3.2.2. Transcriptome Assembly - VO

Due to the absence of a reference genome for G. locusta, a de novo transcriptome
assembly was performed with the pre-processed FASTA files using Trinity v2.15.1
(following the methodology described by Haas et al., 2013).

This initial assembly (Version -VO) provided a provisional reference framework to which
RNA-seq reads from individual samples could be mapped, enabling preliminary
assessment of transcript representation, read distribution and overall assembly quality.
Due to possible high inter-individual variability across samples, including heterozygosity
and condition-specific expression profiles, a single assembly may not fully capture the
transcriptomic diversity or could introduce artefacts such as chimeric contigs or inflated
redundancy (Ojeda et al., 2019; Morteza Sheikh-Assadi et al., 2022).

To address these challenges, two VO assemblies were generated to explore different
strategies for representing the transcriptome, allowing informed selection of the most

reliable reference for downstream analyses:
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e VO All: including all 13 samples, to capture the full transcriptomic diversity across

conditions.

e V0 Subset: using only control-condition samples (n = 7), representing a simpler

and cleaner, baseline transcriptome.

For each assembly, reads from the selected samples were first combined into two paired
files, corresponding to forward (ending in 1.cor.fq.gz) and reverse reads (ending in
2.cor.fq.gz). For the VO All assembly, reads from all 13 samples were concatenated,
while for the VO Subset assembly only the seven control-condition samples were

combined.

For example, for the full assembly (VO All):
cat All_*_1.cor.fq.gz > All_paired_1.cor.fq.gz
cat All_* 2.cor.fq.gz > All_paired_2.cor.fq.gz

These paired files were then used as input for Trinity, which was executed with strand-
specific parameters (SS_lib_type RF), a minimum contig length of 300 bp, and in
silico read normalization to optimize both assembly quality and computational
efficiency. The assembly was performed on a HPC cluster using 30 CPU cores of Intel®
Xeon® E5-2650 v2 processors (2 sockets, 8 cores per socket, 2 threads per core,
2.60 GHz) and 500 GB of RAM memory, following standard Trinity best practices (Haas
et al., 2013). These parameters were consistent with previously published pipelines for

G. locusta females (Neuparth et al., 2020), ensuring comparability and reproducibility.

These assemblies correspond to Version 0 (V0) of the transcriptome. Both assemblies
were subsequently evaluated for quality using TransRate (Smith-Unna et al., 2016),
BUSCO (Benchmarking Universal Single-Copy Orthologs) (Siméao et al., 2015; Manni et
al., 2021) and Bowtie2 (Langmead & Salzberg, 2012). The results of these assessments
were used to guide the selection of the VO assembly that would serve as the reference
for generating the refined Version 1 (V1) transcriptome for downstream differential gene
expression and functional analyses. The script used for transcriptome assembly, along
with all other steps described in this methodology, is available on GitHub, with the link

provided in https://github.com/abiliaframboesa/Thesis RNASeq.
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3.2.2.1. Assembly Quality Assessment

To evaluate the structural quality, completeness and representativity of the de novo
transcriptome assemblies (VO All vs. VO Subset), a multi-step quality assessment was
conducted. This included structural scoring with TransRate (Smith-Unna et al., 2016),
completeness evaluation using BUSCO (Siméo et al., 2015; Manni et al., 2021) and
representativity assessment through read backmapping with Bowtie2 (Langmead &
Salzberg, 2012). The results of these analyses were used to determine which VO
assembly would serve as the reference for generating the refined, final Version 1 (V1)
transcriptome for downstream differential gene expression and functional analyses
(Haas et al., 2013; Smith-Unna et al., 2016).

3.2.2.1.1. TransRate Metrics

Assembly structural quality was evaluated using TransRate v1.0.3 (Smith-Unna et al.,
2016), a widely used reference-free tool for de novo transcriptome assessment. In this
analysis, TransRate was run using default parameters without input reads, focusing
exclusively on contig-level structural metrics rather than read evidence to provide an
unbiased, reference-free evaluation of assembly architecture. The same parameters
were applied in the previously published pipeline for G. locusta females (Neuparth et al.,

2020), ensuring comparability.

Metrics computed included total number of transcripts, N50, N9O, largest transcript
length, number of transcripts over 1 kb, total assembled bases and GC content. These
parameters provide information on contig length distribution, assembly completeness,
redundancy and base composition. For example, N50 and N90 indicate contig continuity,
while total transcript counts reflect potential redundancy or fragmentation. GC content
can reveal sequence composition biases or potential contamination (Li & Dewey, 2011;
Vijay et al., 2013).

3.2.2.1.2.  BUSCO Completeness Analysis

To evaluate the completeness of the assembled transcriptomes with respect to expected
gene content, BUSCO v5.5.0 (Simao et al., 2015; Manni et al., 2021) was employed in
transcriptome mode (-m tran), which is optimized for assemblies derived from RNA-
Seq data. BUSCO assesses completeness of the transcriptome based on the detection

of highly conserved single-copy orthologs, providing a biologically meaningful estimate

25



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

of transcriptome coverage along with the genes present in different databases selected

for the analysis.
Two lineage datasets of increasing taxonomic breadth were selected:

e arthropoda_odb10 - specific to arthropods, allowing detection of conserved

genes and potential lineage-specific losses;

e metazoa_odb10 — a broader dataset providing a general baseline for
transcriptome completeness across metazoans (Ungaro et al., 2017;
Waterhouse et al., 2017).

BUSCO was executed in offline mode to ensure reproducibility and to avoid potential
discrepancies due to database updates. Thirty CPU threads (-c 30) were allocated to

accelerate computation.

The percentage of complete (single/duplicated), fragmented and missing BUSCOs was
reported and used in conjunction with structural metrics to assess assembly

completeness.

3.2.2.1.3.  Read BackMapping (Bowtie2 + Samtools)

To evaluate the representativity and structural usability of the transcriptome assemblies,
read backmapping was performed using Bowtie2 v2.3.5 (Langmead & Salzberg,
2012). This approach estimates the proportion of RNA-seq reads aligning to the
assembled transcripts, serving as a proxy for transcriptome completeness, redundancy
and the ability of the assembly to represent transcripts across all experimental conditions
(Haas et al., 2013; MacManes, 2014).

Bowtie2 indices were first generated for each assembly (VO Subset and VO All) using
the bowtie2-build function. These indices create an index of the transcriptome that
allows Bowtie2 to efficiently and accurately align RNA-seq reads during the backmapping

step.

Subsequently, individual samples were mapped to the corresponding transcriptome
assembly using the parameters paired-end mode, --no mixed --no-discordant --end-to-
end --all --score-min L,-0.1,-0.1, which allow reporting of multiple valid alignments and
are recommended for transcript clustering (Davidson & Oshlack, 2014).Also 30 CPU

threads allocated per run to ensure efficient computation.

Three mapping strategies were performed:
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1. All concatenated cleaned reads from all experimental conditions (n = 13) mapped
to the global assembly (VO All).

2. Only concatenated control-condition reads (n = 7) mapped to the control-derived
assembly (VO Subset).

3. Individual mapping of each sample (n = 13) to the control-derived assembly (VO
Subset) to assess whether the assembly represents transcriptomic diversity

across conditions.

Alignments were generated in Sequence Aligment Map (SAM) format, then converted
to Binary Alignment Map (BAM), sorted and indexed using Samtools v1.13 (Li et al.,
2009; Danecek et al., 2021). Mapping statistics were generated using the flagstat
command of Samtools, reporting the proportion of reads successfully aligned to each

transcriptome, providing a quantitative measure of assembly representativity.

The results from this backmapping step, combined with structural metrics from
TransRate and completeness metrics from BUSCO, informed the selection of the final
Version 0 (V0) transcriptome for downstream functional annotation and differential

expression analyses.

3.2.3. Final Reference Transcriptome (V1)

After selecting the VO reference transcriptome assembly, Corset v1.09 (Davidson &
Oshlack, 2014) was used to cluster transcripts into putative gene groups, thereby

reducing transcript redundancy and enabling gene-level analyses.

Corset was then executed with biological replicate grouping enabled (-g parameter)
to group biological replicates (1,1,1,1,2,2,2,...), which clusters transcripts based on
shared read support across replicate groups rather than individual samples, reducing
transcript redundancy and possible technical noise enabling gene-level analyses.Next,
the fetchClusterSeqs.py script, included in the Trinity package, was used to extract
representative sequences for each cluster from the selected transcriptome (VO Subset),

generating the reduced reference transcriptome (V1 Transcriptome).

This step produced the V1 transcriptome, which served as the reference transcriptome
for downstream analyses. Specifically, it was used to generate the count matrix of
transcript clusters per sample for differential expression analysis, as well as for ORF
prediction and subsequent functional annotation. The script for this analysis is present in
https://github.com/abiliaframboesa/Thesis RNASeq.
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3.24. Generation of Count Matrix from V1 Transcriptome for

Differential Expression Analysis
With the final V1 reference transcriptome established, the next step was to quantify
transcript cluster expression levels across all samples. For this purpose, raw read counts

per transcript cluster were generated to produce a count matrix, which serves as the

primary input for differential expression analysis.
To generate this matrix, two key files derived from the Trinity assembly were required:

1. Trinity gene-transcript map — This file, produced by Trinity during assembly,
lists which transcripts (isoforms) belong to each gene cluster, allowing grouping

of isoforms into single biological units.

2. GTF (Gene Transfer Format) annotation file — Generated from the gene-
transcript map, the GTF file provides the coordinates and structure of each

transcript in a format compatible with counting tools.

These files were used in featureCounts v2.0.2 (Liao et al., 2013) to quantify how many
RNA-seq reads map to each transcript cluster present in V1 Transcriptome. This method
correctly assigns reads that align to multiple isoforms within the same cluster and

generates a count matrix of each cluster for all experimental samples.

The resulting matrix was then used as an input of the app for differential expression
analyses. The script used to run this process is presented in

https://github.com/abiliaframboesa/Thesis RNASeq.

3.25. ORF Prediction with TransDecoder

To enable functional annotation at the protein level, ORFs were predicted from the
refined V1 transcriptome using TransDecoder, following the author guidelines (v5.5.0;
Haas et al., 2013; https://transdecoder.github.io/). In de novo transcriptome analysis,
ORF prediction is an essential step because it identifies putative protein-coding regions,
which facilitates function annotation, pathway mapping, and subsequent homology

searches.

TransDecoder was executed in LongOrfs mode to extract candidate coding regions,
retaining the longest peptide per transcript as the most likely protein product. This was

the last step ran in HPC computing environment. No additional pre-annotation filtering
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was applied at this stage to maximize sensitivity. The resulting predicted peptide
sequences were counted and then splited into smaller chunks using Python scripts (see
attachment) to enable efficient parallelized processing in subsequent BLAST similarity

searches and functional annotation with EQgNOG-mapper.

3.2.6. Functional Annotation of Predicted ORFs

To functionally annotate the predicted protein-coding sequences from the V1
transcriptome, a multi-step homology approach and orthology-based assignment was
applied using Galaxy Europe (Afgan et al., 2018). The analysis leveraged chunked

ORF sequences to enable parallelized processing and reduce computational load.

Step 1: Sequence Similarity Searches

Protein sequences, split into chunks for parallelized processing (see
https://github.com/abiliaframboesa/Thesis RNASeq), were aligned against major
reference databases - NCBI NR (2023-07-28) and UniProtKB/SwissProt (2023-03),
using DIAMOND v2.1.13+galaxy0 BLASTP (Buchfink et al., 2014; Buchfink et al., 2021).

To maximize the reliability of homology detection, searches were restricted to
crustaceans (--taxonlist 6656) and weak or partial matches were filtered out by applying
stringent thresholds on E-value (<0.001), sequence identity (230%) and minimum
bidirectional coverage (250%) (Altschul et al., 1990). Sensitive alignment mode was
chosen to capture distant homologs, while still maintaining computational efficiency
(Buchfink et al., 2014). To increase the likelihood of finding several biologically relevant
homologs, up to 25 hits were initially kept for each query; however, only the best hit was
later used for downstream functional annotation (see

https://github.com/abiliaframboesa/Thesis RNASeq). Low-complexity regions were

masked to prevent spurious alignments and improve the reliability of homology-based
functional annotation (Li & Godzik, 2006) and the BLOSUM®62 scoring matrix was
applied as a robust standard for detecting homologous proteins at moderate evolutionary
distances (Henikoff & Henikoff, 1992; Buchfink et al., 2014).

Step 2: Orthology-based Functional Annotation
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Orthology-based annotations were performed on the predicted ORFs using eggNOG-
mapper (Galaxy v2.1.8; Huerta-Cepas et al., 2017) to assign orthologous groups,
functional categories, GO terms and KEGG pathways. The analysis was restricted to the
Arthropoda lineage (taxid 6656) to reduce spurious assignments from distant taxa,
while sensitive alignment mode ensured detection of more divergent homologs. Only
hits with 250% query coverage, 230% sequence identity and an E-value <0.001 were

retained to ensure high-confidence functional assignments.

Since GO terms and KEGG pathways were initially provided as identifiers (e.g.,
G0:0008150 for GO terms and ko04080 for KEGG pathways), a custom Python script
was implemented to retrieve descriptive names via the EBI QuickGO REST API (The
Gene Ontology Consortium, 2018; EMBL-EBI, 2025) and the KEGG REST API
(Kanehisa et al., 2020; KEGG API, 2024) (see
https://github.com/abiliaframboesa/Thesis RNASeaqt).

This step converts identifier-based annotations into interpretable functional information

for each transcript cluster, including:

e GO annotation — associated biological processes (BP), molecular functions

(MF) and cellular components (CC).

e KEGG pathway annotation - indicates the biological pathways (metabolic,

signaling, etc.) in which the gene/protein participates.

These functional annotations enhance biological interpretability and provide the basis for

downstream enrichment analyses.

The outputs from BlastP and eggNOG-mapper, including GO terms and KEGG
pathways, were then integrated to produce a comprehensive functional annotation
Excel file for the V1 transcriptome through Python scripts (see attachment). These
functional annotations were subsequently used as input for the user-friendly toolbox
developed in this study, supporting a biological interpretation for the differentially

expressed genes.
3.2.7. Development of an Analytical and Visualization App

(TransDegAnalyser) to Perform Differential Gene Expression

Analysis and Functional Interpretation Visualization
To facilitate the exploration and interpretation of the transcriptomic dataset, a dedicated
analytical and visualization application, TransDegAnalyser, was developed. This

platform integrates transcript counts, experimental metadata and functional annotations
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to provide a complete workflow for differential gene expression analysis and functional
interpretation visualization. Through an interactive and user-friendly interface, the
application guides the user from raw input files to statistical analyses and biological
insights, combining reproducibility with accessibility. The following subsections describe
the technical implementation of the application, the required input data and the

underlying computational framework.

3.2.71. R and Shiny Framework
The platform TransDegAnalyser was specifically designed to analyse differential gene
expression across generations and treatments in the transcriptome of male G. locusta

and to interpret the biological functions of significant genes.

The implementation of TransDegAnalyser was developed in R programming language
carried out in RStudio (v.4.4.0) (R Core Team, 2025) using the Shiny framework
(v.1.11.1) (Web Application Framework for R, 2021), which enables the development of
interactive applications. Shiny allows users to explore and visualize results without
requiring direct execution of R code, integrating a robust backend for statistical
analysis with a modern, user-friendly frontend for data visualization and

interpretation of the results.

The backend statistical analyses, including normalization, data manipulation and
differential gene expression testing, were performed with DESeq2 package (v.1.46.0)
(Love et al., 2014), while visualization of the results and user interactivity were supported

by a combination of specialized R packages.

To facilitate a dynamic exploration and an interpretation of transcriptomic data, the

application was designed with an interactive interface that allows users to:
e Explore differential expression results dynamically.
o Filter by generation, treatment group or significance thresholds.
e Visualize top enriched GO terms and KEGG pathways.

The choice of R and Shiny was motivated by their widespread adoption in
bioinformatics, their compatibility with high-dimensional transcriptomic datasets
and the availability of extensive packages for data manipulation, statistical analysis and

visualization of the results (Kasprzak et al., 2020).
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The application integrates three input files - counts, metadata and functional annotation
- which serve as the basis for performing normalization, dimensionality reduction (PCA),
differential expression analysis, transgenerational gene comparisons and functional
enrichment analyses of GO terms and KEGG pathways. Results are shown as plots and
tables, enabling dynamic and user-friendly exploration of expression patterns and their

biological significance.

Specifically, the packages used were package ggplot2 (v.3.5.2) (Wickham, 2016) that
was used for static visualizations such as PCA, volcano plots and barplots, while ggrepel
(v.0.9.6) was employed to improve labeling of points in these plots. Pheatmap (v.1.0.13)
supported clustered heatmaps of differentially expressed genes, while DT (v.0.33)
provided interactive tables of the results from the specific analysis. Transgenerational
comparisons were implemented with VennDiagram (v.1.7.3) and grid (attached to R,
v.4.4.0) and functional annotation was handled via readxl (v.1.4.5). Interface
customization and usability improvements were accomplished with shinythemes
(v.1.2.0) and shinycssloaders (v.1.1.0). The code used to create the app is available in
the Github and can be accessed with this link:
https://github.com/abiliaframboesa/Thesis RNASeq.

3.2.7.2. Input Data
The application integrates three types of input files, each serving a distinct role in the

analysis workflow:
1. Counts table

e TXT file containing raw read counts per transcript cluster per sample (counts
matrix), derived from the V1 reference transcriptome following the clustering
(Corset) and quantification (featureCounts) pipeline described in Section 3.2.4.
An additional column “Protein” was added using a custom script, providing the

corresponding protein identifier from NCBI for each cluster (see attachment).

e Columns include:
o Cluster: transcript cluster identifier (e.g., Cluster-60951.1)

o Protein: corresponding protein identifier from NCBI NR (e.g.,
XP_045121053.1)
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o Sample columns: one column per sample (e.g., S320_1G_1_sorted),

containing raw read counts per cluster

« The counts table was used directly to construct a DESeqg2 dataset via
DESegDataSetFromMatrix(), which was subsequently employed to perform
differential expression analyses as it allows direct mapping of clusters to

annotated proteins.

2. Metadata table

e A CSV file providing detailed experimental information for each sample, allowing

the mapping of count data to biological and experimental factors.
e Columns include:

o sample_id: matches exactly the column names in the counts table (e.g.,
S320_1G_1_sorted)

o group: experimental condition (treatment: S320 or control: SC)

o generation: experimental generation (parental: FO or transgenerational:
F3)

o combined_group: combined factor of generation and treatment (e.g.,

FO_S320), useful for combined comparisons

e The metadata table was used to construct the design formula in DESeq2 (e.g., ~
group or ~ generation + group) when creating the DESegDataSetFromMatrix()
object. It was also used to subset samples for specific comparisons (e.g.,
FO_S320 vs FO_SC) and generate group-level visualizations such as PCA plots

and heatmaps, linking expression patterns to experimental conditions.

3. Annotation table

e A XLSX file providing functional annotation data from EggNOG-mapper (Huerta-
Cepas et al., 2017), including GO terms and KEGG pathways. This file was

created through python scripts which are present in the attachment.
e Columns include:

o Gene: cluster identifier (e.g., Cluster-60951.1)



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

o EggNOG: ortholog description

o Category: COG (Cluster of Orthologous Genes) functional category
o GO: Gene Ontology terms (merged BP, MF and CC)

o KEGG_pathway: KEGG pathway identifiers (KO codes)

o EC_number: Enzyme Commission (EC) numbers

e The annotation table provides reference for functional interpretation and

enrichment analyses of DEGs.

3.2.7.3. Data Preprocessing and Normalization

Upon input on the app, counts and metadata files were validated and filtered to remove
incomplete or inconsistent entries. Genes with low total counts across all samples (<10
reads) were excluded to improve DEG detection sensitivity and reduce noise (Sha et al.,
2015).

Normalization was performed using DESeq2’s variance-stabilizing transformation
(vst()) (Love et al.,, 2014), which accounts for differences in total read counts and
stabilizes variance across the range of counts, reducing the impact of highly expressed
genes. The resulting normalized data were used for downstream analyses, including

PCA (Principal Component Analysis), heatmaps and functional enrichment.

3.2.7.4. Principal Component Analysis

To summarize the high-dimensional gene expression data and explore overall patterns
of variation across samples, PCA was performed on variance-stabilized counts
generated by DESeq2. By converting correlated gene expression variables into a smaller
collection of uncorrelated principal components, each of which accounts for a portion of
the samples' overall variance, PCA lowers the dimensionality of the dataset. This
approach enables the detection of clustering patterns related to treatment and
generation. PCA coordinates were obtained using the plotPCA() function, while

visualizations were created with ggplot2.
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3.2.7.5. Differential Expression Analysis

Differential expression analyses were conducted using DESeq2 for within-generation
comparisons. Genes showing statistically significant differences in expression between
treatment and control groups within each generation (FO and F3) were identified in these

analyses. These results were interpreted using the following key metrics:

e Log2 fold change (log2FC): shows how much and in which direction gene
expression varies between conditions. Genes with an absolute log2FC above a
predefined threshold are considered to show biologically meaningful changes.

(Positive values = upregulation; negative values = downregulation).

e Adjusted p-value (padj): calculated using the Benjamini-Hochberg method to
control for multiple testing. A padj below the chosen cutoff indicates that the

observed difference is statistically significant.

Users can select generations and treatments through interactive Ul elements
(uiOutput() function) and significance thresholds (log2FC and padj) are adjustable.
Clusters meeting the thresholds of log2FC = 1 and padj < 0.05 were considered
significantly differentially expressed. Results were visualized as volcano plots (ggplot2)
and presented in interactive tables (renderDT()), allowing simultaneous assessment of
both the magnitude and statistical significance of gene expression changes, facilitating
the identification of the most biologically relevant DEGsand providing insight into the
molecular responses associated with the experimental treatment (Love et al., 2014;
McDermaid et al., 2018). Volcano plots and interactive filters enable identification of the

most biologically relevant genes per comparison (McDermaid et al., 2018).
All DESeq2 steps were fully reproducible in the app using:

o DESeqDataSetFromMatrix() to construct the dataset

e DESeq() for statistical modeling

¢ results() to extract differential expression metrics

e Dynamic filtering based on user-defined thresholds

3.2.7.6. Heatmap Visualization
Significant genes were visualized using heatmaps generated with pheatmap package
via pheatmap(). Counts were row-normalized (scale = "row") to emphasize relative

expression differences across samples, ensuring that variation patterns could be
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compared independently of absolute expression levels (Bioinformatics at the National
Cancer Institute, 2025). Sample annotations indicating treatment group and generation
were added to facilitate interpretation of the heatmap. Users could dynamically select
generations, treatments and significance thresholds. This approach allows the
identification of co-regulated gene clusters, revealing groups of genes that show similar
expression patterns across conditions and highlights treatment- or generation-specific
expression profiles, thereby providing insights into coordinated molecular responses and

potential functional relationships among genes (Pola-Sanchez et al., 2024).

3.2.7.7. Transgenerational Comparison

To investigate potential direct (FO0) and transgenerational (F3) effects of SIM
exposure, genes identified as significantly differentially expressed in the FO and F3
generations when compared to control generations were identified and compared. This
comparative analysis aimed at determine which transcriptional changes were specific to
a single generation and which were consistently regulated across generations, providing
insights into potential heritable or epigenetic responses. Users could select thresholds

and choose which genes to display (FO, F3 or intersection).

To illustrate the overlap and uniqueness of DEGs across generations, Venn diagrams
were created using the VennDiagram package and the
VennDiagram::draw.pairwise.venn() function. Both generation-specific and gene sets

that might be regulated across generations can be quickly identified using this diagram.

In addition, summary tables (renderDT()) cataloging the unique and shared genes were
created. These tables serve as a structured resource for downstream analyses, including
functional enrichment of GO terms and KEGG pathways and facilitate the identification
of candidate genes potentially involved in direct (FO) and transgenerational (F3)
responses. By integrating visual and tabular representations, this approach provides an
overview of how gene expression patterns may be transmitted over generations due to
SIM exposure in FO male individuals. These outputs were fully reproducible and could

be downloaded for downstream analyses.

3.2.7.8. Functional Enrichment Analysis
To gain biological insights from the DEGs, functional enrichment analysis was performed

by mapping significant genes to a curated annotation table described in Methods section
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3.2.6. The annotation table file contained EggNOG functions, COG categories, GO
terms, KEGG pathways and enzyme codes. Since not all genes were annotated,
because G. locusta lacks a reference genome and the presence of invertebrates in
databases is small, only DEGs with available functional annotations were considered for
enrichment analysis. This approach allowed the identification of GO terms associated
with biological processes, molecular functions cellular components and KEGG pathways
associated with metabolic pathways that are overrepresented in the DEG set relative to

the full transcriptome.

To perform enrichment analysis, associated functional terms for each DEG were
extracted andterm frequencies calculated. Results of this analysis were visualized using
barplots generated with ggplot2, highlighting the most enriched functional categories
and enabling rapid identification of key biological mechanisms. Comprehensive tables
listing DEGs and their functional annotations facilitated detailed exploration and
interactive filtering by generation, significance threshold or functional category in the

TransDegAnalyser application.

In summary, this functional enrichment framework links differential expression patterns
to biological processes and pathways, supporting mechanistic interpretation and
identification of candidate pathways potentially involved in physiological and

transgenerational responses to SIM exposure.

37



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

4. Results and Discussion

This chapter presents the results obtained from RNA-seq analysis of G. locusta males
and discusses the DEGs observed in both FO (exposed) and F3 (transgenerational)
generations compared to their respective controls, along with their potential biological
implications. High-quality RNA-seq data were successfully generated for all samples and
processed through the bioinformatic workflow developed in the current study described
in Section 3, including pre-processing, quality control, de novo transcriptome
assembilies, transcript cluster counts matrix, ORF prediction and functional annotation.
DEGs analyses were performed using the R/Shiny application also developed for this
study, which used DESeq2 to identify significantly altered transcripts and provided an
interactive interface to explore gene expression patterns across generations and
treatments. Functional enrichment analyses of GO terms and KEGG pathways were then
performed using DEGs identified by the application, with functional annotations provided
via a pre-prepared input file, enabling mechanistic insights into the biological processes

and pathways affected by SIM and its potential transgenerational impacts.

4.1. Rationale for Focusing on the SIM
impacts on Male G. locusta and perform a

Transcriptome Assembly

In the previous multigenerational and transgenerational study by Neuparth et al. (2020),
SIM at 320 ng/L caused the most pronounced adverse effects on ecologically relevant
endpoints, including growth and reproduction in G. locusta (males and females). That
study also reported significant transcriptomic alterations in females exposed to SIM.
Building on those findings, the present work applied RNA-seq analyses to males from
the FO generation and transgenerational lineage (F3) from 320 ng/L SIM treatment, as
this concentration produced the clearest and most consistent effects in key apical
endpoints in the Neuparth et al. (2020) study. The approach presented in this study
allowed for a more targeted and mechanistic investigation of the molecular basis of SIM-
induced effects in G. locusta males across generations, an aspect that had not been

previously studied.

The exclusive focus on males addressed an existing knowledge gap of previous SIM

studies in G. locusta that largely focused on female-specific endpoints (Neuparth et al.,
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2020). Moreover, male-specific molecular responses in direct exposed (FO) generation
to contaminants and in transgenerational lineages (F2, F3, and subsequent no exposed

generations) remain poorly characterized.

A de novo transcriptome assembly was generated for this study because no annotated
reference genome is currently available for G. locusta (Neuparth et al., 2020). Although
a female transcriptome has been published (Neuparth et al., 2020), its use was deemed
insufficient. Transcriptomic profiles can differ markedly between sexes, with many genes
exhibiting sex-biased expression or producing sex-specific isoforms (Ellegren & Parsch,
2007; Zhang et al., 2022). Using a female-only transcriptomic reference could omit

transcripts essential for understanding male-specific molecular responses to SIM.

4.2. RNA-Seq Data Quality and

Transcriptome Assembly

High-throughput sequencing of male G. locusta samples generated a total of 445 million
paired-end reads, corresponding to an average of ~33 million reads per sample. Table
1 summarizes the number of raw reads, reads removed during trimming and the final

number of high-quality reads retained for downstream analyses across all samples.

But before trimming, initial quality control of the raw reads was performed using FastQC
(Andrews, 2010) showing generally good per-base quality scores, with only a slight
decrease towards the 3’ ends in all samples, a common feature of Illlumina data
(Andrews, 2010; Conesa et al., 2016).

Table 1 - Summary of sequencing output and pre-processing results for male G. locusta RNA-seq samples.

Samples Raw sequencing reads Final number of reads
S320_1G_1 30,860,545 30,321,544 (98,25%)
S320_1G_3 36,866,621 36,152,331 (98,06%)
S320_1G_4 33,412,246 33,006,389 (98,79%)
S320_1G_5 30,905,928 30,531,022 (98,79%)
S320T_4G_2 40,370,541 39,716,419 (98,38%)
S320T_4G_3 41,918,743 41,125,744 (98,11%)
S320T_4G_5 31,966,257 31,592,258 (98,83%)
SC_1G_2 31,295,071 30,685,351 (98,05%)
SC_1G_3 39,663,314 38,889,620 (98,05%)
SC_1G_5 31,849,255 31,469,249 (98,81%)
SC_4G_1 30,526,392 30,022,895 (98,35%)
SC_4G_2 30,628,501 30,083,235 (98,22%)
SC_4G_3 35,246,752 34,521,736 (97,94%)

Totals 445,510,166 438,117,793 (98,34%)
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Figure 8a illustrates one sample as an example for these results. Adapter contamination
was negligible in all samples, GC content was consistent with an average of ~42% per
sample and sequence length distributions were uniform (150 bp) in all samples,
indicating good sequencing performance. To correct the small fraction of bases with
quality scores below 30 (illustrated in yellow in Figure 8a), Trimmomatic (Bolger et al.,
2014) was applied to trim low-quality regions and remove any residual adapters,

ensuring high-quality reads for downstream analyses.

Quality scores across sl bases {Sanger / llumina 1.9 encoding)

==
3 —_— -~

0 ® 123235676 a 1518 5034 4545 6064 7579 4004 105108 120124 135138 150
1234567886 1519 3034 4549 6064 7578 90-94 105109 120-124 135138 150 y
Pacition in read (bp}

Position in read {bp}

Figure 8a,b - Per-base sequence quality scores for sample S320_F0_4 before (a) and after (b) timming and filtering with
Trimmomatic. The raw data (a) show a slight decrease in Phred quality scores (<30) towards the 3’ end of the reads, a
common lllumina artefact, whereas the processed data (b) show uniformly high Phred scores (>30) across the entire read

length, indicating successful removal of low-quality bases and improved overall read quality.

Trimmomatic was then performed resulting in a substantial improvement in overall read
quality, as confirmed by post-processing FastQC reports showing uniformly high Phred

scores (>30) across read lengths (Figure 8b).

On average, 98.34 % of reads were retained after trimming (range: 97.9-98.8 %
between samples), with only ~1.66 % of reads removed across the dataset (Table 1).
This retention rate is considered excellent and consistent with other well-optimized RNA-
seq studies in non-model crustaceans and other invertebrates (Meyer et al.,, 2011;
Machado et al., 2022).

Subsequent error correction with Rcorrector (Song & Florea, 2015) further enhanced the
dataset by identifying and correcting low-frequency k-mers likely representing
sequencing errors, while preserving true biological variation. Given the complexity of the
G. locusta transcriptome and the lack of a reference genome, this step was especially

crucial (Neuparth et al., 2020). These adjustments helped to produce more accurate and
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coherent de novo assembly by lowering possible artifacts like incorrectly named bases.
Importantly, this process did not remove any reads, but corrected likely erroneous bases

that can arise during lllumina sequencing.

Overall, the pre-processing and quality control workflow yielded 438 million high-
quality paired reads across all samples, providing a robust foundation for de novo
transcriptome assembly and subsequent differential expression analysis (Table 1).
These curated reads were then used to generate two transcriptome assemblies (VO All

and VO Subset), whose metrics are reported and compared in the next Section.

4.3. Transcriptome Assembly and Quality

Assessment

De novo transcriptome assemblies were performed using Trinity with normalized reads
from the pre-processed samples to produce two reference transcriptomes and select the
best one. As explained in the Methods section 3.2.2, two transcriptome assemblies were
generated: VO All (assembly with all samples) and VO Subset (assembly with control
samples only). This dual approach allowed us to assess the impact of including
treatment-specific samples on transcriptome complexity and to select the most
representative reference for downstream analyses. Key assembly metrics are

summarized in Table 2.

Table 2 — Summary of transcriptome assembly metrics for the VO All (global) and VO Subset (control-only) assemblies of

male G. locusta.

Input Data Dataset (all samples) Subset (control samples)
Number of raw sequencing reads (PE) 438,117,793 199,209,285
Selected reads during normalization stage (Trinity) 408,111,404 195,672,086
Transcriptome Assembly Versions Global Assembly Control Assembly
Transrate Transcriptome Quality

Total number of Transcripts 575,712 393,397

n50 transcript length (bp) 1,365 1,490

n90 transcript length (bp) 429 450

Mean sequence length (bp) 982.14 1,046.72

Largest transcript (bp) 21,631 23,735

Number of transcripts over 1k nn 162,451 123,350

GC % 41 41

BUSCO (Met/Art)

Complete (%) 91.4/88.6 90.3/85.9

Single (%) 4.0/5.1 6.5/6.7

Multi (%) 87.4/83.5 83.8/79.2

Fragment (%) 3.7/5.0 3.8/5.6
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Missing (%) 4.9/6.4 5.9/8.5
Total Busco Groups (%) 95.1/93.6 94.1/91.5
Mapping Statistics % (Bowtie2)

All_samples 97.13 -
All_Control_samples - 97.13
S320_1G_1 - 95.93
S320_1G_3 - 95.88
S320_1G_4 - 95.62
S320_1G_5 - 96.01
S§320_4G_2 - 96.02
S§320_4G_3 - 95.73
S320_4G_5 - 96.53
SC_1G_2 - 96.05
SC_1G_3 - 96.19
SC_1G_5 - 97.06
SC_4G_1 - 96.47
SC_4G_2 - 96.28
SC_4G_3 - 96.45

During in silico normalization, Trinity retained 408,111,404 reads (=92%) for the global
assembly and 195,672,086 reads (=98%) for the control-only assembly, effectively
reducing redundancy from highly expressed transcripts while preserving transcript
diversity (Table 2 — Input Data). These high retention rates indicate excellent dataset
quality and complexity, consistent with other non-model crustacean transcriptomes
(Escobar-Sierra et al., 2025). For context, in the female G. locusta transcriptome
spanning four generations (FO—F3) (Neuparth et al., 2020b), 559 million reads were used
for assembly out of 563 million sequenced, corresponding to a retention rate >99%.
These observations suggest that our read retention (~92-98%) is within the expected
range for high-quality, complex de novo assemblies in G. locusta, supporting the

reliability of downstream transcript reconstruction.

Our resulting assemblies exhibited notable quality differences with Transrate (Table 2 —
Transrate Transcriptome Quality). The global assembly comprised 575,712 transcripts
(N50 = 1,365 bp; N90 = 429 bp; mean = 982 bp), whereas the control-only assembly
contained 393,397 (N50 = 1,490 bp; N90 = 450 bp; mean = 1,047 bp). The largest
transcripts had 21,631 bp and 23,735 bp, respectively, with consistent GC content (41%)
and high numbers of transcripts exceeding 1 kb (162,451 vs. 123,350). The larger
transcript count in the global assembly likely reflects increased complexity by including
rare, treatment-specific isoforms and allelic variants, whereas the control-only assembly
yielded longer, more contiguous sequences, indicative of a “cleaner” baseline

transcriptome.

For context, the female G. locusta raw transcriptome (FO, F1, F2 and F3 generations)
(Neuparth et al., 2020b) contained 1,607,378 sequences (N50 = 1,062 bp; mean length
= 690 bp; largest transcript = 43,269 bp). The markedly higher transcript diversity in
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females likely reflects the inclusion of multiple generations, which broadens isoform
representation, as well as the expression of reproduction-related and regulatory genes
(e.g., vitellogenesis, oogenesis and endocrine control pathways) that might be less active
in males. Thus, the lower number of assembled transcripts in males (393k—-575k) may
reflect a sex-specific expression profile focused on somatic and spermatogenic

processes rather than reduced assembly quality.

Overall, our assembly statistics of the male transcriptomes (N50 = 1,365-1,490 bp; mean
length = 982—-1,047 bp) are consistent with high-quality de novo assemblies for females
G. locusta (Neuparth et al,. 2020b) and other non-model crustaceans, including the
gonad transcriptome of Paracentrotus lividus (N50 = 1,842 bp; Machado et al., 2022)
and Gammarus pulex (N50 > 1,500 bp; Escobar-Sierra et al., 2025).

BUSCO analyses against the Metazoa and Arthropoda lineages performed in the current
study, indicated high assembly completeness for both global and control only
transcriptomes (Table 2 - BUSCOQO). Considering the sum of Complete and Fragmented
BUSCOs, the global assembly recovered 95.1% of Metazoa and 93.6% of Arthropoda
orthologs, while the control-only assembly showed slightly lower values (94.1% and
91.5%, respectively). These findings support the reliability of both assemblies by showing
that most conserved single-copy orthologs are represented (>90%) (Keiichi Kakui et al.,
2021).

As anticipated, completeness analyses of the transcriptomes using the Arthropoda
database showed lower completeness scores than with the Metazoa database. This is
commonly observed because the Arthropoda lineage contains a higher number of clade-
specific orthologs, some of which may not be expressed under the experimental
conditions, resulting in apparent absence and consequently a lower percentage of
orthologs identified with BUSCO in transcriptome assemblies (Simao et al., 2015; Manni
et al., 2021). Additionally, the dataset may lack closely related species to Gammarus,
which can further reduce the detection of expected orthologs. Therefore, the lower
Arthropoda scores do not indicate poor assembly quality but rather reflect both the
biological specificity of the dataset and the limited representation of closely related

reference species.

Comparison with the previously published female G. locusta transcriptome (Neuparth et
al., 2020) indicates that our male assemblies present slightly lower BUSCO
completeness percentages for both Metazoa and Arthropoda datasets. The female
transcriptome reported total BUSCO found values of 99.7% (Metazoa) and 97.5%
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(Arthropoda) for the raw assembly, whereas our male global assembly recovered 95.1%
and 93.6%, respectively (Neuparth et at., 2020 Annex 2).

This difference is likely due to methodological variations: the female transcriptome
pipeline included an additional taxonomic filtering step using Centrifuge, which removed
reads not classified as Arthropoda, thereby reducing background contamination and
non-target sequences. Our male transcriptome, on the other hand, used reads from the
entire organism without this filtering, which could have included transcripts from
symbionts, intestinal bacteria, or other environmental sources (Zhou et al., 2024).
Consequently, a larger pool of non-target genes could lower the apparent percentage of
conserved single-copy orthologs in Metazoa and Arthropoda datasets (Simao et al.,
2015; Manni et al., 2021). Additionally, some of the difference may reflect biological
variation, since females might express additional reproduction-related and regulatory
genes (e.g., vitellogenesis, oogenesis, endocrine control) that might be absent or

downregulated in males, contributing to a broader representation of orthologs.

Despite this, the observed BUSCO scores for both male assemblies remain high,
supporting their reliability as references for functional annotation and differential
expression analyses, as scores above 90% are generally considered indicative of good

transcriptome coverage and assembly quality (Keiichi Kakui et al., 2021).

Backmapping of RNA-seq reads to the assembled transcriptomes confirmed that both
assemblies captured transcriptome diversity with high efficiency (>95% mapping; Table
2 - Mapping Statistics Bowtie2). The global assembly (VO All) showed a mapping rate
of 97.13% across all concatenated samples and the control-only assembly (VO
Subset) reached the same mapping rate of 97.13% for concatenated control samples.
When mapping all individual samples (control, exposed and transgenerational) to the
control-only assembly, alignment rates remained high (95.62-97.06%), demonstrating
that the subset assembly adequately represents transcriptomic content across
treatments. These results are consistent with other research on crustaceans, which
found that mapping rates of 88% to 93% were a sign of high-quality assemblies (Shyamal
et al., 2018).

Despite similar representativity, the assemblies differed in redundancy and structural
quality. The global assembly contained 575,712 transcripts and a higher proportion of
duplicated BUSCOs (87.4% Metazoa / 83.5% Arthropoda), reflecting redundancy likely
driven by heterozygosity and treatment-specific isoforms (Manni et al., 2021). In contrast,
the control-only assembly reduced redundancy to 393,397 transcripts with fewer
duplicated orthologs (83.8% / 79.2%), while retaining >94% total conserved genes. It
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also exhibited slightly higher contiguity (N50 = 1,490 bp; N90 = 450 bp) and longer

maximum transcripts, indicating greater assembly coherence.

Assemblies incorporating multiple individuals or treatments can artificially inflate
transcript and isoform numbers by assembling allelic variants as separate contigs
(Grabherr et al., 2011). Restricting the assembly to controls mitigates this redundancy
while preserving transcriptome completeness, yielding a cleaner baseline transcriptome
that improves the accuracy of functional annotation and expression analyses (Grabherr
etal., 2011; Conesa et al., 2016). Based on these results, the VO control-only assembly

was selected as the V0 assembly reference.

4.4, Transcriptome Reduction and Final
Reference (V1)

Taken together, these results supported the selection of the VO control-only assembly
as the most suitable baseline for downstream analyses, as it combines high
completeness with lower redundancy and improved contiguity compared to the global
assembly. Nevertheless, with nearly 400,000 transcripts, the raw VO Subset still
contained a considerable degree of redundancy, reflecting alternative isoforms, allelic
variants and assembly artefacts inherent to de novo transcriptome reconstruction. To
address this, we implemented a transcriptome reduction pipeline aimed at collapsing
redundant contigs into clusters while retaining the most biologically representative
isoforms. The final reference transcriptome (V1) was produced as a result of this step

and was used as the foundation for further analyses.

The refinement of the control-only VO transcriptome resulted in a final, high-confidence
reference transcriptome (V1) for G. locusta males. Transcripts were clustered based
on shared read support across biological replicates using Corset v1.09 (Davidson &
Oshlack, 2014), resulting in a V1 transcriptome exhibiting substantial reduction of

redundancy while retaining the majority of biologically relevant isoforms.

After filtering, the total number of transcripts decreased from 393,397 in the VO control
assembly to 136,740 in V1 (-65%) (Table 3). This reduction markedly improved
interpretability and assembly coherence by consolidating redundant isoforms and
assembly artefacts into coherent transcript clusters, a crucial step for non-model
organisms with high heterozygosity such as G. locusta. This was evident in the quality

assessment of the assembled VO transcriptome of G. locusta females, where BUSCO
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analysis also reported a high proportion of duplicated orthologs (>90%) (Neuparth et al.,
2020b Annex 2) and post-assembly redundancy reduction has likewise been
recommended in non-model RNA-seq studies (Yang & Smith, 2013). Indeed, the
combined effects of heterozygosity, isoform complexity and assembly artefacts are
known to inflate transcript counts, fragment contigs and introduce artificial duplications

in marine invertebrate transcriptomes (Lima et al., 2017).

Table 3. Assembly statistics and BUSCO completeness of the control-derived transcriptome before (V0) and after (V1)

redundancy reduction and filtering.

Transcriptome Assembly Versions V0 (control samples) V1

Total number of Transcripts 393,397 136,740
n50 transcript length (bp) 1,490 1,405
Mean sequence length (bp) 1,046.72 1,087
Largest transcript (bp) 23,735 23,735
Number of transcripts over 1k nn 123,350 44,705
GC % 41 41
BUSCO (Met/Art)

Complete (%) 90.3/85.9 89.2/85.2
Single (%) 6.5/6.7 62.7/60.9
Multi (%) 83.8/79.2 26.5/24.3
Fragment (%) 3.8/5.6 3.7/4.7
Missing (%) 5.9/8.5 7.1/10.1
Total Busco Groups (%) 94.1/91.5 92.9/89.9

Importantly, this reduction preserved most of the biologically relevant content. BUSCO
analysis confirmed that V1 maintained high completeness (92.9% Metazoa; 89.9%
Arthropoda), with only a slight decrease relative to VO (94.1% and 91.5%, respectively).
The marked drop in duplicated BUSCOs (Metazoa: 83.8% — 26.5%; Arthropoda: 79.2%
— 24.3%) indicates successful removal of redundancy likely caused by allelic variants
or mis-assembled paralogs, resulting in a transcriptome that better represents the gene

space.

N50 length and mean transcript length remained stable (N50 = 1,405 bp; mean = 1,087
bp), indicating that transcript contiguity was not compromised. Although the number of
transcripts >1 kb decreased (123,350 — 44,705), this likely reflects the elimination of
low-confidence isoforms rather than loss of core genes, consistent with the maintained

BUSCO completeness.

Following transcriptome refinement with Corset v1.09 (Davidson & Oshlack, 2014), read
counts for each transcript cluster across all samples were quantified using
FeatureCounts v.2.0.2 (Liao et al., 2014) and a count matrix with clusters as rows and
samples as columns was generated (Table 4). Each row represents a coherent transcript

cluster appropriate for further gene expression analysis thanks to the method of
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clustering transcripts by sample similarity using Corset, which also minimizes technical
noise from potential alternative isoforms that could appear and make the analysis

redundant or potential assembly artifacts.

Table 4 - Excerpt from count matrix (FeatureCounts output, post-Corset clustering).

Cluster §320_1G_1 S320_1G_3 S320_1G_4 S320_1G 5 SC_1G_2 SC_1G_3
Cluster-0.0 5 2 3 10 50 40
Cluster-1.0 3 5 7 4 10 15
Cluster-27.1 2 14 0 2 10 46
Cluster-69.0 14 79 96 21 18 390
Cluster-120.13 24 197 62 97 51 94

Note: Only a subset of clusters and samples are shown for illustration; full count matrix includes all clusters and biologica |
replicates.

The V1 transcriptome makes it easier to quantify gene expression by grouping redundant
isoforms into clusters. In non-model organisms with high heterozygosity, individual
isoforms often reflect alternative alleles or assembly artefacts rather than biologically
distinct transcripts. In order to improve interpretability and statistical power in differential
expression analyses, clustering makes sure that expression is measured per gene or
biologically relevant unit rather than per potentially redundant isoform. This approach
aligns with best practices for de novo transcriptome refinement in non-model species
(Haas et al., 2013; MacManes, 2018), offering a robust foundation for investigating SIM-

induced transcriptional changes across generations.

4.5, ORF Prediction

ORFs were predicted from the refined V1 male transcriptome using TransDecoder
(v5.5.0; Haas et al., 2013), a standard tool for de novo transcriptome analyses that
identifies putative protein-coding sequences. This step enables downstream functional
annotation, including homology searches, domain identification and pathway mapping
(Conesa et al., 2016; Grabherr et al., 2011).

From the 136,740 clusters present in the V1 transcriptome, a total of 75,042 ORFs were
identified, with the following distribution by type: complete ORFs: 37,324 (49.7%),
internal ORFs: 10,388 (13.8%), 5’-partial ORFs: 20,967 (27.9%) and 3’-partial ORFs:
6,363 (8.5%) (Table 5). While partial ORFs may indicate truncated transcripts as a result
of incomplete assembly or biological isoforms, complete ORFs correspond to sequences

that contain both start and stop codons (Moreno-Santillan et al., 2019; Gilchrist et al.,
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2015). The observed proportion of complete ORFs (~50%) is consistent with other de
novo transcriptome studies in non-model invertebrates, where assembly fragmentation
and variable transcript expression often lead to partial ORFs (Grabherr et al., 2011;
Smith-Unna et al., 2016).

Table 5 — Summary of predicted ORFs in the V1 transcriptome of G. locusta males.

ORF Type Number of ORFs Percentage (%)
Complete 37,324 49.74

Internal 10,388 13.84

5’-partial 20,967 27.94

3’-partial 6,363 8.48

Total 75,042 100

All ORFs, both complete and partial, were retained for functional annotation. By
maximizing sensitivity, this method guarantees that biologically significant sequences,
including truncated transcripts and isoforms with low expression, are included in
subsequent analyses (Moreno-Santillan et al., 2019; Gilchrist et al., 2015). Retaining
partial ORFs is a valid practice in transcriptomes of crustaceans, particularly in non-
model species, as these sequences can contain important functional information, such
as conserved domains, homology to known proteins and functional annotations including
GO terms and KEGG pathways (Huerlimann et al., 2018; Vysakh et al., 2025). Equally,
Neuparth et al. (2020) retained all predicted ORFs to functionally annotate the female G.

locusta transcriptome.

The ORF prediction results support the V1 transcriptome's suitability as a reference for
RNA-seq analyses and differential expression studies by showing a high-quality
transcriptome assembly with a significant proportion of transcripts encoding putative
proteins. The distribution of complete and partial ORFs (49.7% complete, 13.8% internal,
27.9% 5’-partial, 8.5% 3’-partial) reflects both technical factors, such as assembly
fragmentation and read coverage and biological complexity, highlighting the capacity of
the male V1 transcriptome to capture coding potential across different tissue types and

developmental processes. (Conesa et al., 2016; Huerlimann et al., 2018).
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4.6. Functional Annotation of the V1

Transcriptome

Functional annotation of the 75,042 predicted ORFs resulted in a large proportion of
sequences with significant matches to crustacean proteins (taxid: 6656), yielding a
comprehensive dataset of putative protein-coding genes with homology, domain and

pathway information (Table 6).

Table 6 — Summary of functional annotation of predicted ORFs in the V1 males G. locusta transcriptome, before and after

redundancy removal.

Annotation Database / Pre-curation (nr % of total Post-curation (removal of % of curated

Feature clusters) ORFs duplicated clusters) clusters

NCBI NR hits 17,766 23.7% - -

SwissProt hits 4,458 5.9% - —

eggNOG hits 6,208 8.3% 5,950 95.8%

COG category 6,051 8.3% 5,801 97.5%

eggNOG description 6,051 97.5% of 5,801 97.5%
6,208

GO terms 4,132 66.6% of 3,950 66.4%
6,208

KEGG pathways 2,916 47.0% of 2,791 46.9%
6,208

EC numbers 1,934 32.50% 1,755 29.50%

In total, of the 75,042 predicted ORFs, 17,766 had significant BLASTP hits against NCBI
NR and 4,458 ORFs matched entries in SwissProt. Among the EggNOG-annotated
ORFs, 6,051 sequences (97.5%) had descriptive annotations and respective COG
categories, 4,132 (=66.6%) were associated with GO terms, 2,916 (=47.0%) were linked
to KEGG pathways and 1,934 (32.5%) had enzyme commission numbers.

To avoid redundancy, a curated dataset of 5,950 unique gene clusters was generated

by removing 258 duplicated clusters with identical annotations in EggNOG, GO, KEGG
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and EC annotations. After curation, 5,801 clusters (97.5%) retained EggNOG annotation
and COG categories, 3,950 (=66.4%) had at least one GO term, 2,791 (=46.9%) were
mapped to KEGG pathways and 1,755 (29.5%) had EC number. After duplicates were
eliminated, the percentage of annotated clusters stayed constant, indicating that

functional information that was biologically significant was retained.

The NCBI nr annotations were used to create a new column in the counts table file to
assign to each cluster a protein identifier. SwissProt annotations were not used, as the

NCBI nr database was selected instead, following the approach of Neuparth et al. (2020).

The information of the Cluster combined with EggNog Description, GO terms, COG
categories, KEGG pathways and EC number was retrieved to a single XLSX file to serve

as input for the app developed in this study. The annotation file is as follows in Table 7.

Table 7 - Summary of selected clusters from the annotation file used in this study. Only a subset of clusters is shown for

illustration purposes.

Gene EggNOG Categoria GO terms KEGG pathway EC
number
Cluster- ligand-gated ion T plasma membrane protein Neuroactive -
28429.1 channel (TC 1.A.9) complex; regulation of cellular ligand-receptor
family process; transmitter-gated ion interaction
channel activity (ko04080)
Cluster- Transmembrane P intracellular chemical - -
9904.1 transporter activity homeostasis; regulation of pH;
sulfate transmembrane
transport
Cluster- actin binding z - Lysosome -
36097.8 (ko04142);
Endocytosis
(ko04144)

This curated, non-redundant dataset served as a robust reference for downstream
analyses, including functional enrichment and pathway reconstruction. Despite COG
categories and EC numbers are annotated, we didn’t use them for the enrichment
analyses. To enable interactive exploration of these curated data and facilitate differential
expression and functional enrichment analyses, we subsequently developed a custom

Shiny application.



FCUP
Development of a computational toolbox for data integration in environmental pathway analysis

4.7. Development of the TransDegAnalyser
Tool for Differential Expression Analysis and

Functional Enrichment Visualization

As part of this work, a custom web-based Shiny application, TransDegAnalyser, was
developed in R (v.4.4.0; R Core Team, 2025) using the Shiny framework (v.1.11.1; Web
Application Framework for R, 2021) to enable interactive exploration of G. locusta
male RNA-seq data (Figure 9). The platform integrates three primary data files — counts
matrix, experimental metadata and functional annotations (EggNOG, GO and KEGG) -
into a single environment, facilitating dynamic and reproducible transcriptomic analyses
across generations. The app also includes downloadable example files which can serve
as input to perform the analyses and each plot/table have an interactive description
summarizing parameters used for the analysis and the outputs. The application is
available in GitHub and can be accessed through this link:
https://github.com/abiliaframboesa/Thesis RNASeq.

This computational toolbox provides a user-friendly interface, making it accessible to
users without bioinformatic experience, for performing multilevel transcriptomic analyses

between generations.

The interface of TransDegAnalyser is organized into six main tabs, the first
corresponding to a welcome page and the subsequent each corresponding to a stage of

transcriptomic analysis (Figure 9):

e Welcome - introduction to the platform and the biological context of
transgenerational effects, overview of the available functionalities and a quick-

start guide with instructions on uploading input files and navigating the results.

e PCA - visualization of global gene expression patterns that enables users to
analyse biological replicate clustering and identify key sources of variation across

samples.

o Differential Analysis — identification of DEGs between experimental conditions,

presented in volcano plots and interactive tables to facilitate rapid inspection.

e Heatmap - visualization of DEG expression profiles across treatments and
generations, enabling users to detect condition-specific and shared expression

trends.
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e Transgenerational Comparison - identification of genes uniquely or
consistently affected across generations, visualized through Venn diagrams and

linked interactive tables.

e Functional Enrichment - integration of GO terms, KEGG pathways and
eggNOG annotations to link transcriptional changes with biological functions and
pathways, with enrichment results displayed as barplots and complemented by

interactive, gene-level annotated tables.

To perform the analyses in the PCA, Differential Analysis, Heatmap and
Transgenerational Comparison tabs, users first need to provide the metadata and counts
tables containing protein identifiers, as described in the Methods section 3.2.4. For the
Functional Enrichment tab, the functional annotation table must also be supplied,

following the procedure outlined in the Methods section 3.2.6.

TransDegAnalyser

Welcome  PCA

TransDegAnalyser

Welcome to TransDegAnalyser — your platform to explore differential gene expression across

generations and uncover potential transgenerational effects.

4 Understanding What TransDegAnalyser & Explore Generations &
Transgenerational Effects Does Comparisons
Some gene expression changes persist Explore global variance (PCA), identify Compare generations to detect shared

in generalions that wer

ver directly or unique

maternal ex st true

transgenerati

patemal exposu

FO# - F1»F2 > F3TX

Key Features

B} Upload Data 2] B} Functional Enrichment
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Figure 9 - Welcome tab of the TransDegAnalyser Shiny application for transcriptomic analysis. The app allows interactive
exploration of global gene expression patterns, identification of differentially expressed genes, transgenerational

comparisons and functional enrichment analysis in G. locusta male RNA-seq data.

By consolidating these functionalities, the platform allows efficient assessment of data
quality, reproducibility among replicates, detection of genes uniquely or consistently
affected across generations and exploration of biological pathways associated with
observed direct exposure and transcriptional changes. The application thus represents
a key result of this thesis, demonstrating how high-dimensional RNA-seq datasets can

be transformed into interpretable results in an interactive and reproducible manner.

In the following subsections, the platform was employed to explore global expression
patterns, differential expression, transgenerational effects and functional enrichment,
providing insights into both direct exposure and transgenerational responses to 320 ng/L

SIM treatment in G. locusta males.

4.8. PCA

Initial data analysis was conducted to investigate global patterns of gene expression
across generations and treatment conditions in G. locusta males. PCA was performed
on variance-stabilized counts obtained from DESeq2 and visualized using the custom
Shiny application developed for this study. This approach allowed assessment of sample
clustering and evaluation of major sources of variation within the dataset. Figure 10a
illustrates the PCA tab of the app and Figure 10b illustrates the PCA plot-only for

a better visualization analysis.
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TransDegAnalyser

Welcome PCA Differential Analysi: Heatmap

1l PCA (Principle Component Analysis) shows the overall variation in your
data and and how samples cluster by group. Upload the metadata and
counts files to run PCA. Make sure they follow the expected format.

Step 1: Metadata File

Contains information about each sample. This file is essential to link your
count data to experimental conditions.

File should be in CSV or TSV format with at least the following columns:

« sample_id - must match column names in the counts table below.
« group - eg treatment or condition name.
« generation - e.2. FO.F3.
« group_generation - combined label (used for PCA grouping).

Upload Metadata (CSV/TSV)

m metadata2.csv

Example Metadata File

ak Download Example Metadata
Step 2: Counts Table
The counts table is the output from Corset (or similar software) and
contains raw read counts for each gene or cluster across samples. An extra
column for Protein IDs is included for downstream annotation, although it is
not required for PCA.
File should be in TXT format with at least the following columns:

« First column: Cluster ID.

» Second column: Protein identifier.

« Remaining columns: counts for each sample (must match sample.id in
metadata).

Upload Counts Table (.txt)

counts it annotationtt

Example Counts Table

Frr——

Transgenerational Comparison
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Principal Component Analysis (PCA) was performed on 13 samples divided into 4 groups (FO_SC, F3_SC, F0_S320, F3_5320). The first principal component (PC1) and the
second principal component (PC2) are axes that summarize the overall di i t les. PC1 captures the largest source of variation
which samples are most different from each other overall, while PC2 captures the second largest source of variation thatis independent of
PC1, highlighting subtler differences. PC1 explains 47% of the total variance and PC2 explains 26%, providing a f sample relati
les from different groups form distinct cluster: ing clear differences in global expression patterns. Additionally, 1 samplels) appear to deviate from the main
cluster and could be considered outliers. The PCA plot visualizes how similar or different the samples are based on overall expression profiles. Each point represents a
sample, and points close together i i

& ) Download PCA Interpretation & O Download PCA Plot

Figure 10a - PCA tab panel of TransDegAnalyser app. The tab shows the interface of this tab, the structure of the input

files required to run the PCA plot and PCA plot of gene expression data with a description of the results. Samples are
colored by combined group (FO_SC, FO_S320, F3_SC, F3_S320) to illustrate clustering by generation and treatment.
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Figure 10b — Shows a detailed view of the PCA plot shown in Figure 10a. Samples are colored by combined group

(FO_SC in green, FO_S320 in orange, F3_SC in purple, F3_S320 in blue) to illustrate clustering by generation and

treatment.
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To specifically explore potential direct exposure and transgenerational effects, we first
performed a PCA on variance-stabilized counts from all expressed genes in male G.
locusta samples. This exploratory approach enables visualization of complex datasets in
less dimensions, revealing patterns, clusters and differences between samples (Ivosev
et al., 2008). Specifically, we aimed to determine whether F3 transgenerational samples
cluster with FO exposed samples, which would indicate that exposure effects
experienced by the parental generation (FO) had been transmitted to unexposed

transgenerational F3 descendants.

The PCA provided an overview of the main sources of variation in the dataset. The first
principal component (PC1, x-axis) explained 47% of the total variance, while the second
principal component (PC2, y-axis) explained 26%, capturing secondary differences
(Figure 10b). This means that nearly half of the differences in global gene expression
profiles between samples can be described along the first axis (PC1), with a further
quarter explained by the second axis (PC2). In practical terms, PC1 represents the
principal source of expression variability, separating experimental groups most clearly,

while PC2 explains additional, less pronounced differences.

In the PCA plot, FO exposed samples, orange points in PCA S320_1G (G. locusta
males exposed to 320 ng/L of SIM in the FO generation) are separated along PC1 from
the other groups: FO control, green points in PCA SC_1G (G. locusta males in the
control FO generation), F3 control, violet points in PCA SC_4G (G. /ocusta males in
the F3 control generation) and F3 transgenerational, blue points in PCA S320_4G (G.

locusta males truly unexposed to SIM in the F3 generation) (Figure 10b).

In this analysis, no clear clustering was observed between FO direct exposed and
F3 transgenerational samples, which would have indicated strong transgenerational
inheritance of SIM exposure effects at the global transcriptome level. Instead, F3
transgenerational samples clustered entirely with FO controls and partially with F3
controls along PC1. This suggests that the majority of variance in gene expression (47%,

captured by PC1) is dominated by direct SIM exposure effects in FO.

These results indicate that transgenerational effects are not immediately evident
throughout the entire transcriptome. Although this provides an overview of global
expression patterns, the fact that PCA includes all expressed genes may mask more
subtle and biologically meaningful signals, which might could be observed by using
DEGs in posterior analysis. This is what we will see later, where analyses focusing on
DEGs revealed clearer associations between FO exposed and F3 transgenerational

samples. These associations are illustrated in the following sections through heatmaps
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of DEGs, suggesting that transgenerational effects may be detectable at the level of

DEGs rather than the entire transcriptome.

4.9. Differential Expression Analysis

Differential expression analysis was performed using DESeq2 to compare SIM-treatment
group versus control group within each generation, using the control group as reference
to know if a gene in up- or down-regulated in F3 generation. Genes with low counts (<10)
were filtered before running the analysis and significance thresholds were set in the
TransDegAnalyser interface at log2 fold change (log2FC) = 1 and adjusted p-value (padj)
< 0.05, as explained in Methods section 3.2.7.5 (Figure 11a).

TransDegAnalyser

Differential Analysis ansgenerational Comparison |
Volcans Piot - FO (SC vs $920)
# Differential Expression Analysis identifies genes that are significantly
up- or down ety cle
same metadata and counts files uploaded

ons. Use the

Step 1: Upload files
Upload the same metadata and counts table used for PCA:

« Metadata [CSV/TSV) - must contain sample_id, group and g
generation.

* Counts table {.txt) - raw counts of each gene/cluster per sample:
Pratein 1D column.

Upload Metadata (CSV/TSV)

metadata2.csv

Upload Counts Table f.txt}

counts_with_annotation.txt
re tested, of which 1959

Differential expression analysis for generation FO com,

320 A total of 103226 genes w

1.9%) showed significant changes in
genes, 1032 (52.68%) were upregulated, meaning their express nigher in $320, while 927
as higher in SC. This summary helps to understand how the treatments influence gene expression and

expression (padj < 0.05 and [log2FC] > 1). Among t

Step 2: Select generation re downregulated, meaning their expressi

Selecionar geragtio provides a foundation for further functional analysis.
Fo -
3 &
Step 3: Choose treatment levels
T s e Differentially Expressed Genes - FO (SC vs 5320)
SC 5320 Show| 10~ entries Search:
Step 4: Set Thresholds gene Protein + log2FoldChange pualue pad]

Genes are considered significantif they meet BOTH criteria:

Clustes XP.056642689.1 4502 66606 0002
« Absolute log2 fold change above the threshold - indicates that the
expression of the gene is maningfully different between the selected Cluste XP_055943673.1 6043 216e-04 001
Eroups, suggesting it is up- or dowr biologically relevant
change). Up-regulation (positive log2FC); Down-regulation negative mn Sl s el v
log2FC). : R » o 5
+ Adjusted p-value (Benjamini-Hochberg) below the cutoff - indicates Cluste ! XP_055915723.1 sk 1404 ont
that the observed difference is unlikely to have occurred by chance Cluster-48089.5 XP 0553891131 4787 285004 0018

(statistically significant).

Cluster 3959 )00 a6

Log2 Fold Change Threshold Cluste 395 0001 0.04
4122 347e-04 0020

Cluster-56590.1 3190 607e-05 0,007

Adjusted p-value Threshold

Cluster-46139.0

0.003

005

Cluster-422350 XP_055389078.1 3691 47904 0025

# Run Differential Analysis Showing 110 10 of 1,959 entries vevious | 1 2 3 4 5 . 19 Next

Figure 11a - Differential Analysis tab panel of the TransDegAnalyser app. The sidebar shows the input files needed for
differential gene expression analysis, allows the user to choose the generation and treatment groups to compare and
provides options to set thresholds for log2 fold change and adjusted p-value. The main panel shows a volcano plot
highlighting significantly differentially expressed genes (red dots) for the selected treatment comparison (control vs
exposed) based on log2 fold change and adjusted p-value thresholds, along with an interactive table providing detailed

information for each identified gene.
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From the initial set of 136,740 transcript clusters, 103,226 clusters with more than
10 counts in the FO generation were retained for DEGs analysis. Similarly, 96,161
clusters with more than 10 counts in the F3 generation were retained for DEGs
analysis (Table 8). This filtering step ensured that only reliably expressed clusters were
included in the analysis. By excluding very low-abundance genes, it helped minimize

transcriptional noise that is unlikely to provide meaningful biological insights.

Table 8 — Summary of differential expression analysis for FO and F3 generations

Generation FO F3

Clusters >10 counts 103,226 (75.49%) 96,161 (70,32%)
Clusters dif. expressed 1,959 (1.9%) 5,390 (5.61%)
Clusters Up-regulated 1,032 (52.68%) 1,195 (22.17%)
Clusters Down-regulated 927 (47.32%) 4,195 (77.83%)
Annotated with NCBI nr 125 (6.38%) 259 (4.81%)

In the parental exposed generation (F0) (Figure 11b), from the 103,226 clusters with
>10 counts from the V1 transcriptome, a total of 1,959 clusters (1.9%) were identified
as significantly differentially expressed for a padj < 0.05 and a log2fc = 1 (Table 8).
Among these DEGs, 1,032 clusters (52.7%) were up-regulated and 927 clusters
(47.3%) were down-regulated, showing that the treatment produced a similar effect
across the transcriptome. Only a small fraction of DEGs (125 clusters, 6.4%) could be
functionally annotated against the NCBI NR database. This low annotation rate is
expected in non-model species such as G. locusta, for which no reference genome is
available, and is further compounded by the limited representation of invertebrate
genomes in public databases. Nevertheless, the annotated DEGs give us clues about
which molecular pathways the treatment might affect and highlight genes that are worth

studying in more detail in further functional investigation.

Volcano Plot—F0 (SC vs $320)

significativo
Nio

-log10(p-valor]

1092 Fold Change

Differential expression analysis for generation FO comparing SC vs $320: A total of 103226 genes were tested, of which 1959 (1.9%) showed significant changes in
expression (padj < 0.05 and |log2FC| > 1). Among the significant genes, 1032 (52.68%) were upregulated, meaning their expression was higher in $320, while 927
(47.32%) were downregulated, meaning their expression was higher in SC. This summary helps to understand how the treatments influence gene expression and
provides a foundation for further functional analysis.
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Figure 11b — Differentially expressed gene clusters in the FO generation of male G. locusta. From 103,226 clusters, 1,959
clusters (1.9%) were significantly differentially expressed between treatment groups (padj < 0.05, log2FC = 1) and 1,032
clusters (52.7%) were up-regulated and 927 clusters (47.3%) were down-regulated. Only 125 clusters (6.4%) had

functional annotations in the NCBI NR database. The figure illustrates the distribution of up-and down-regulated DEGs.

In the F3 transgenerational lineage (Figure 11c), from the 96,161 clusters (70.32%)
with >10 counts in the V1 transcriptome, 5,390 clusters (5.61%) were identified as
significantly differentially expressed (padj < 0.05, log2FC = 1) (Table 8). From these
DEGs, 1,195 clusters (22.2%) were up-regulated, while 4,195 clusters (77.8%) were
down-regulated, showing that down-regulation was more common in the
transgenerational response. . Only 259 DEGs (4.8%) could be functionally annotated
against the NCBI NR database, with the majority remaining unannotated, which is

expected for a non-model species such as G. locusta.

Volcano Plot— F3 (SC vs 5320)

Significativo

Nio

-log10{p-valor]

log2 Fold Change

Differential expression analysis for generation F3 comparing SC vs $320: A total of 96161 genes were tested, of which 5390 (5.61%) showed significant changes in
expression (padj < 0.05 and |log2FC| > 1). Among the significant genes, 1195 (22.17%) were upregulated, meaning their expression was higher in $320, while 4195
(77.83%) were downregulated, meaning their expression was higher in SC. This summary helps to understand how the treatments influence gene expression and
provides a foundation for further functional analysis.

Figure 11c - Volcano plot of DEGs in the F3 generation of male G. locusta. Each dot represents a transcript cluster and
red dots indicate significant DEGs (padj < 0.05, log2FC = 1). In total, 5,390 DEGs were identified, including 1,195 up-
regulated and 4,195 down-regulated.

We observed a marked discrepancy between generations: whereas FO showed 1,959
DEGs with a relatively balanced number of up- and down-regulated genes (1,032 up;
927 down), the transgenerational F3 generation displayed 5,390 DEGs, with a
pronounced predominance of down-regulated genes (4,195 down vs 1,195 up). This
pattern may reflect biological differences between generations, but it could also indicate
that the number of DEGs increases across generations due to the progressive action of
epigenetic mechanisms. Over successive generations, molecular effects may

accumulate or amplify, resulting in a broader transcriptomic response in F3. In
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other words, the higher number of DEGs observed in F3 may reflect epigenetic
inheritance and transgenerational reprogramming, revealing regulatory mechanisms

that fully manifest only in subsequent generations following direct parental exposure.

To further investigate whether these patterns reflect genuine transgenerational effects,
follow-up analyses were performed: (i) heatmap clustering of DEGs to visualize whether
FO exposed and F3 transgenerational samples show similar expression patterns,
potentially indicating transgenerational transcriptional alterations; and (ii) overlap

analysis of DEGs between FO and F3 to assess shared DEGs across generations.

4.10. Heatmap Visualization

To explore potential direct and transgenerational effects at the level of specific gene
subsets, heatmap clustering was performed on DEGs identified in direct exposed
generation (FO) and transgenerational lineage (F3). This approach made it easy to see
gene expression patterns across samples and to check if F3 transgenerational samples
show similar patterns to FO exposed samples, which could suggest inherited effects. The
heatmap (Figure 12a,b) shows gene expression for parental (FO, directly exposed to
SIM) and transgenerational (F3, unexposed) samples, along with their controls (SC).
Hierarchical clustering groups similar expression patterns, with colors showing levels of
expression (red = upregulated, blue = downregulated). Group annotations indicate
treatment (represented in blue and purple in Figure 12) and generation annotations
indicate generational origin of the samples (represented in green and orange in Figure
12). This visualization is crucial for validating differential expression results and for
identifying gene co-expression patterns, which can reveal shared molecular responses

and underlying transcriptional networks (Eisen et al., 1998).
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Figure 12a,b — Heatmap tab of the TransDegAnalyser app and respective detailed visualization . Heatmap of differentially
expressed genes (log2fc >1 and padj<0.05) across generations (FO and F3) and treatments (S320 vs. SC). Hierarchical
clustering groups similar expression patterns, with colors showing levels of expression (red = upregulated, blue =

downregulated). Group annotations indicate treatment and generational origin of the samples.

In the heatmap, it is possible to observe a clear separation between control (violet) and
exposed/transgenerational groups (blue) within each generation (FO - green; F3 -
orange). Genes that are upregulated in one treatment group (e.g., FO exposed) are
generally downregulated or show no differential expression in the corresponding control
group, and a similar pattern is evident in F3. Itis also possible to observe that FO exposed
samples cluster together with F3 transgenerational samples, while FO and F3 controls
also cluster together. This indicates that transcriptional changes induced by direct SIM
exposure in FO are largely maintained in the unexposed F3 generation, suggesting that
potential transgenerational effects are concentrated in DEGs rather than across the

entire transcriptome.

This DEG-based clustering gives a clearer view than the previous PCA, where no clear

separation between control and exposed/transgenerational samples was observed. By
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focusing on genes that show significant differential expression, the heatmap shows the

subset of genes where transgenerational effects are more present.

To interprete these patterns, we compared the male data with previously published
female results using similar experimental conditions (Neuparth et al.,, 2020). Female
heatmaps also showed clear separation between exposed and control groups, indicating
that SIM induces sex-independent molecular effects. Importantly, the clustering of FO
exposed with F3 transgenerational males aligns with female patterns and supports the
conclusion that transcriptional effects observed in FO can persist in F3, reinforcing the

biological relevance of transgenerational responses.
Overall, the heatmap analysis demonstrates that:

1. DEGs effectively separate exposed/transgenerational and control groups within

each generation.

2. Similarity between FO exposed and F3 transgenerational samples indicates the

preservation of transcriptional changes across generations.

3. These patterns, consistent with both male and female data, suggest that heritable
molecular alterations may be transmitted through transgenerational mechanisms,

requiring further investigation of underlying epigenetic processes.

4.11. Transgenerational Comparison of DEGs

The analysis of DEGs between the FO and F3 male generations revealed both shared
and generation-specific transcriptional changes, highlighting transgenerational effects.
TransDegAnalyser tab for transgenerational comparisons contains a Venn diagram
(Figure 13) illustrating these patterns, showing 1,959 (1,759 FO + 200 shared) DEGs in
FO and 5,390 (5,190 F3+ 200 shared) DEGs in F3, with 200 genes consistently altered
across both generations. These shared genes represent a core molecular signature of
SIM response, which persists in the absence of direct exposure and potentially reflect
heritable transcriptional by epigenetic modifications (Vandegehuchte et al., 2008;
Nikinmaa, 2014).
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Figure 13 — Transgenerational Comparison tab from TransDegAnalyser. Comparison of DEGs
showing which genes are unique or shared based on the chosen log2FoldChange and adjusted p-value thresholds. A
Venn diagram shows the distribution, and a table lists the genes found in both generations with their protein IDs, fold

changes, and statistical values.

4.12. Functional Enrichment Analysis

To understand the biological meaning of the changes in gene expression, we performed
functional enrichment analysis on the DEGs found in male G. locusta. This approach
allows us to determine which biological processes, molecular functions, cellular
components (GO terms), signalling pathways (KEGG) and functional categories

(EggNOG) are overrepresented among the DEGs.
DEGs were analysed in two distinct groups:

e Shared DEGs (F0 + F3) - genes differentially expressed in both the directly
exposed FO generation and the transgenerational F3 generation. These genes
represent persistent transgenerational effects, showing the molecular

changes caused by SIM exposure in FO that continue in later generations.

e F3-specific DEGs - genes differentially expressed only in the F3 generation.

These genes may reflect secondary or compensatory responses arising in the
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transgenerational generation, potentially modulating additional pathways beyond

the original FO effects by epigenetic reprogramming mechanisms.

The following subsections present the enrichment results for these groups, providing
insights into the potential molecular mechanisms underlying direct and transgenerational

effects of SIM in G. locusta males.

4.12.1. Enrichment Analysis for the Set of Shared DEGs (FO+F3)

For this analysis, the annotation file described in Methods 3.2.6 was uploaded to the
TransDegAnalyser app. Although the annotation file contained multiple columns, only
the EggNOG description, GO terms and KEGG pathways were used for enrichment
analysis. After uploading the file and selecting the generation ‘Intersection’, significance

thresholds, and the number of top terms to display, bar plots were generated.

To gain insights of how many DEGs mapped to NCBI, Eggnog, GO and KEGG pathways
databases, we looked at the description of the barplot available in the app (Figure 14a),
it was possible to see the identification of a core set of 200 shared DEGs, of which 39
(19.4%) had functional annotation in NCBI. A smaller fraction was annotated through
EggNOG, with 8 (3.98%) genes linked to functional descriptions, 5 (2.49%) assigned to
GO terms and 8 (3.98%) mapped to KEGG pathways. This limited annotation reflects

the challenges of functional interpretation in non-model organisms such as G. locusta.
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Figure 14 a- Functional Enrichment tab of the TransDegAnalyser. This tab requires the input of an annotations file witt
functional annotation of the transcript clusters. The selection of the generation (intersection, fO or f3) and significant
thresholds is also required. The main panel enables the visualization of barplots representing the number of the most
expressed GO terms and Kegg Pathways amongst the transcripts of the selected generation and descriptions for how

many clusters mapped to functional annotations.

To further explore the functional patterns within the gene subset, we looked at the
enrichment barplots generated in TransDegAnalyser (Figure 14 a,b). In Figure 14b the
enrichment annotations present in the plots are more perceptible. These plots show the
most common GO terms and KEGG pathways among the annotated DEGs. They give a
visual overview of the main biological processes and pathways that might be affected

across generations.
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Figure 14b -Barplots showing the top 10 GO terms and KEGG pathways for the Intersection generation, which
corresponds to the merge of the DEGs forboth FO and F3 generations, helping to identify biological process and pathways

of the genes that were affected due to transgenerational inheritance.

The 10 most significantly enriched GO terms and KEGG pathways were analysed and

are summarized below.
Key GO Terms Enrichment (FO/F3 Intersection)

The functional enrichment analysis of the core set of DEGs shared between FO and F3

generations highlighted several biologically relevant processes in male G. locusta.

¢ Protein modification and glycosylation:

Most significant enriched GO terms included protein N-linked glycosylation
(G0O:0006487), protein modification process (G0:0006464), glycoprotein
biosynthetic process (GO:0009101), and obsolete glycosylation (GO:0070085).
These processes are important for protein folding, stability and function and may
influence key factors such as signalling proteins and hormone receptors involved
in male reproductive systems (Willey, 1999; Campo et al., 2019; Huang et al.,
2023).

e Metabolic processes:
GO terms such as nucleobase-containing small molecule metabolic process

(G0O:0055086) indicate adjustments in nucleotide and small molecule
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metabolism, potentially supporting energy allocation, detoxification or other
metabolic demands in males exposed to SIM (Rodrigues et al., 2024; EMBL-EBI,
2025a).

Epigenetic and transcriptional regulation:

Enriched terms associated with epigenetic mechanisms included negative
regulation of gene expression, epigenetic (G0O:0045814), obsolete positive
regulation of histone modification (GO:0031058), protein methylation
(GO:0006479), regulation of cellular process (G0:0050794) and positive
regulation of organelle organization (GO:0010638). These processes suggest
that transgenerational inheritance could be mediated via epigenetic
reprogramming mechanisms, potentially influencing male-specific physiological
responses to SIM (Neuparth et al., 2020b; Alves et al., 2021).

Key KEEG Pathways (FO/F3 Intersection)

Metabolic and hormonal pathways (KEGG):

KEGG pathway enrichment highlighted metabolism-related pathways, including
Amino sugar and nucleotide sugar metabolism (ko00520) and Alanine, aspartate
and glutamate metabolism (ko00250), as well as broader Metabolic pathways
(ko01100) and Insulin resistance (ko04931), reflecting potential systemic
metabolic adjustments. Additionally, Steroid hormone biosynthesis (ko00140)
was enriched, which is particularly relevant in G. locusta, as crustaceans rely on
tightly regulated hormonal pathways for male reproductive function. Changes in
steroid hormone production can therefore directly affect fertility, mating behavior

or sex-related traits (Hosamani et al., 2017; Knigge et al., 2021).

To identify which clusters were associated with enriched functions, we consulted the

Interactive Table within the Functional Enrichment tab and retrieved the corresponding

clusters (Figure 15).
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Figure 15 — Interactive table from the Functional Enrichment tab of TransDegAnalyser. It is required to upload an
annotations file, select the generation to analyse and the significant thresholds. The interactive table presents a description
forthe % of annotated genes foreach database and the respectivetable allows the exploration of DGEs and its respective
enrichment analysis. This table provides a comprehensive overview of functional information and allows filtering and
searching for specific genes or functional categories, facilitating a detailed exploration of the DEGs.

Clusters associated with enriched functions (FO/F3 Intersection)

Individual transcript clusters reveal how these functional shifts manifest at the gene level.

For the intersection of the FO and F3 generations, the annotated clusters obtained were:

e Cluster-35201.1 (Cytochrome P450):
This gene is associated with detoxification processes (GO not assigned) (Lu et
al., 2021). Its expression is downregulated in both FO (log2FC = -2.34) and F3
(log2FC = -1.57), suggesting that the effect of SIM exposure on detoxification and
possibly hormone metabolism persists across generations.
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e Cluster-44095.2/3/4 (Protein involved in carbohydrate biosynthesis):
These genes are linked to glycoprotein biosynthesis and protein modification
(G0O:0006487, GO:0006464). Interestingly, they increase in FO (log2FC = 1.52—
1.70) but decrease in F3 (log2FC =-1.57-1.80). This switch suggests that energy

metabolism and protein modification may adjust or adapt across generations.

e Cluster-44271.12 (Sulfotransferase):
This gene participates in steroid hormone biosynthesis (ko00140) and shows a
similar flip, being slightly upregulated in FO (log2FC = 1.22) but downregulated in
F3 (log2FC = -1.33). Such changes could indicate endocrine adjustments for

example in reproduction in males as a long-term effect of parental exposure.

e Cluster-41387.2 (WD domain, G-beta repeat):

Associated with epigenetic regulation (GO0:0045814, GO:0006479) and
regulation of histone modification (GO:0031058), this gene is up in FO (log2FC =
2.68) and down in F3 (log2FC = -2.34). This pattern suggest that SIM exposure
initially activated epigenetic pathways in FO, likely involving changes in DNA
methylation and histone modifications that regulate gene expression. In F3, the
downregulation suggests that these epigenetic changes are either reset or
compensated, reflecting transgenerational regulatory mechanisms that maintain
cellular homeostasis and prevent persistent overactivation. Such modulation may
have functional consequences for reproductive physiology or stress responses in
the descendants, highlighting the dynamic nature of epigenetic inheritance (Alves
et al., 2021; Rodrigues et al., 2024)

4.12.2. Enrichment Analysis of The Transgenerational DEGs (F3)

with Apical Observations Correlations

For this analysis, the same methodological procedure as for the shared genes was
applied in the TransDegAnalyser App, except for the generational selection which
instead of choosing ‘Intersection’, we chose F3. The functional enrichment analysis of
the core set of DEGs in F3 generations highlighted the transgenerational effects
observed on several biologically relevant processes in male G. locusta. The barplot
showed for all annotated DEGs, which were 5,390 for generation F3 that passed the
thresholds (log2FC > 1 and padj < 0.05), the top 20 most expressed GO terms and KEGG
pathways. Among these, 1,306 (24.23%) were annotated to NCBI NR (Protein), 494
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(9.16%) had EggNOG annotations, 282 (5.23%) were assigned GO terms and 494
(9.16%) were linked to KEGG pathways (Figure 16).

Top Enriched Terms (Barplot)
KEGG

@
o

The barplot shows the top 20 enriched functional terms for generation F3. Bars represent the number of genes associated with each term. Of the 5395 differentially
expressed genes, 24.23% were annotated to NCBI NR (Protein), 9.16% had EggNOG annotations, 5.23% were assigned GO terms, and 9.16% were linked to KEGG
pathways. This visualization highlights the most prominent biological processes (GO) and pathways (KEGG) affected in this generation.

Figure 16 - The barplots show the top 20 enriched functional terms forgeneration F3. Bars represent the number of genes
associated with each term. Of the 5390 differentially expressed genes, 24.23% were annotated to NCBI NR (Protein),
9.16% had EggNOG annotations, 5.23% were assigned GO terms, and 9.16% were linked to KEGG pathways. This

visualization highlights the most prominent biological processes (GO) and pathways (KEGG) affected in this generation.

GO terms and KEGG pathways enrichment in F3:

Functional enrichment analysis of F3 males revealed that SIM exposure induced broad

transcriptional changes spanning development, structural organization, metabolism and

stress-response pathways (Figure 16).

GO enrichment:

GO enrichment highlighted multicellular organismal and developmental processes (e.qg.,
G0:0032501, GO:0050793, GO:0048856), cellular and organelle organization
(GO:0006996, GO:0043229), structural components of the cuticle and extracellular
matrix (G0:0042302, GO:0031012), as well as metabolic and stress-response
processes (G0:0044237, GO:0006950). These terms point to molecular shifts that can
underlie the observed apical effects in G. locusta, including reduced body size, altered

vacuole abundance and diameter and histological modifications in the tubular epithelium

(Neuparth et al., 2014; 2020).
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KEGG pathways enrichment:

KEGG enrichment further supported these findings, with significant terms related to
general metabolic pathways (ko01100), amino sugar and nucleotide sugar metabolism
(ko00520), (ko00480),

endoplasmic reticulum (ko04141). These pathways show that metabolism and cell

glutathione metabolism and protein processing in the
maintenance change across generations. Signaling pathways like MAPK (ko04013) and
Rap1 (ko04015) might be involved in the regulation of cell growth, differentiation and

stress responses.

Clusters associated with enriched functions in F3 Transgenerational with Apical

Correlations

Individual transcript clusters reveal how these functional shifts manifest at the gene level

in F3 transgenerational males. Clusters associated with enriched functions are

summarized in the Table below (Table 9).

Table 9 - Functional enrichment of F3 transgenerational male G. locusta genes.

Functional Category/  EggNOGDescription GO term / KEGG log2FC Function
Cluster
Multicellular &
developmental
processes
38347.1 Zona Pellucida, ZP domain G0:0045995 +7.865 Embryonic development; may influence
gamete formation
2426.6 Insect cuticle protein G0:0042302, +8.583 Cuticle structure, reduced body size,
G0:0032501 structural remodeling
53297.0 PI3/Pl4-kinase family G0:0050793 +4.228 Tissue differentiation, growth regulation
33993.0 Microtubule motor activity G0:0050793 +3.895 May relate to tubular epithelium thickening
55647.0 Kinesin family G0:0000578 +4.594 Embryonic axis  specification, vesicle
transport
2663.31 Actin family G0:0042692 -1.166 Muscle differentiation, cytoskeletal changes
49305.0 Rho GTPase G0:0048814, +3.145 Dendrite  morphogenesis, developmental
G0:0050793 regulation
Cellular & organelle
organization
58460.0 Sequence-specific DNA binding G0:0003677 +5.997 Transcription factor, TGF-beta signaling,
cellular remodeling
34348.4 lon channel regulatory protein G0:0006811 +5.449 Muscle system regulation, tubular epithelum
UNC-93 adjustments
45971.0 UDP-glycosyltransferase ko00140 +4.846 Steroid hormone biosynthesis, detoxification
17891.2 Protein secretion ko04141 +4.044 ER function, protein processing
14477.4 Calcium ion binding G0:0005509 +3.051 Golgi organization, ion homeostasis
43773.0 Mitochondria-eating protein G0:0005739 -2.882 Organelle organization, energy availability
2663.28 Actin G0:0043231 -2.172 Cytoskeleton and organelle organization
43244.2 Ribosomal RNA maturation G0:0006364 -1.706 Protein synthesis capacity
37622.11 Immunoglobulin G0:0043231 +2.522 Organelle organization, cell differentiation
Structural & extracellular
matrix
42284.3 Insect cuticle protein G0:0042302 +36.970 Molting, cuticle biosynthesis
38347.1 ZP domain G0:0045995 +7.865 ECM formation and organelle coordination
29955.3/4/5 & 44251.0 Chitinases / Glycosyl hydrolase G0:0005975 +3.049- Cuticle degradation during molting
3.711
31093.14 Insect cuticle protein G0:0042302 -3.387 Old cuticle component downregulation
Metabolic &  stress-
response processes
48685.0 / 38765.x Alpha-Anhydrase Carbonic G0:0004089 +8.855 Calcification/sclerotization of cuticle
12688.2 / 6866.0 Metaloaminopeptidase M1 G0:0008233 +7.352 Protein recycling, molting
28774.9 Alpha-lactalbumin / Lysozyme C G0:0006952 +6.243 Immune function, ECM degradation
55199.0 Serine/Threonine kinase— MAPK ~ GO:0004674 +4.353 Stress-response and development
49225.0 Glutathione S-transferase G0:0004364 +2.493 Oxidative stress response
38659.9 / 35883.2 Pyruvate  dehydrogenase /  GO:0006090 -1.425to - Reduced energy metabolism, trade-off for
Cytochrome c oxidase 1.968 structural processes
Localization & binding
functions
3067.0 Chitin-binding / Chitin G0:0008061 +5.161 Processes old cuticle material
deacetylase
22641.0 MYND finger G0:0046872 +8.819 Metal ion binding, supports calcification
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49549.x / 42347.0 Lectin C-type domains G0:0005515 +5.099 ECM organization, immune protection
37434.0 Syntaxin binding / G0:0005488 +6.304 Vesicle transport, vacuole formation
Neurotransmitter transport
45453.2 BTG family G0:0008285 +4.397 Negative regulation of proliferation, focus on
structural protein synthesis
58460.0 Sequence-specific DNA binding G0:0003677 +5.997 Master regulator of molting, structural

remodeling, stress-response genes

To further explore these enriched functions, individual transcript clusters associated with
these GO terms and KEGG pathways were analysed for their potential impact on apical

outcomes in F3 transgenerational males.
e Structural and developmental regulation:

Clusters related to cuticle proteins (e.g., Cluster-2426.6, Cluster-42284.3) and chitin-
binding proteins (Cluster-3067.0) were strongly upregulated in F3 males. Since chitin
is the main component of the exoskeleton in G. locusta, these transcriptional
changes suggest active remodeling of the exoskeleton, encompassing both
synthesis and degradation of cuticle and chitin during growth and molting. Such
regulation likely helps build the extracellular matrix, supports tissue differentiation
and keeps structural integrity. These molecular patterns are consistent with the
reduced body size observed in both FO and F3 males (Neuparth et al., 2014),
supporting a mechanistic link between transcriptional remodeling of structural

components and apical growth effects.
e Cellular organization:

Upregulation of ion channel regulators (Cluster-34348.4) and calcium-binding
proteins (Cluster-14477.4) in F3 males suggests adjustments in ion transport and
homeostasis, potentially underpinning the increased tubular epithelium thickness
and the elevated number and diameter of non-digestive vacuoles observed in FO
exposed males (Neuparth et al., 2014). Additionally, vesicle transport-related genes
(Cluster-37434.0) were enriched, indicating coordinated intracellular trafficking and
extracellular matrix assembly. These transcriptional patterns are consistent with the
FO histological observations by Neuparth et al. (2014) and suggest that similar

cellular machinery remains transcriptionally primed in F3 descendants.
e Metabolic and stress responses:

Glutathione S-transferase (Cluster-49225.0) and carbonic anhydrases (Clusters-
48685.0/38765.x) were upregulated, pointing to enhanced oxidative stress defense
and calcification/pH regulation. Conversely, pyruvate dehydrogenase and
cytochrome ¢ oxidase clusters (Clusters-38659.9 / 35883.2) were downregulated,

indicating a reduction in basal energy metabolism. Upregulation of metal ion-binding
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proteins (Cluster-22641.0) suggests that interactions with essential metals, like Fe,
Zn, Cu, and Ca are altered. Because many enzymes that manage oxidation need Fe
or Cu, these changes may show oxidative stress and activation of detox pathways
(Lushchak, 2011). This shift in metabolism likely moves energy from growth to stress

responses, which fits with the smaller body size observed.

Overall, these findings indicate that transgenerational SIM exposure in males primarily
impacts multiple biological functions that are directly linked to observed apical outcomes.
Altered clusters related to structural and developmental regulation (e.g., cuticle and
chitin-binding proteins) correlate with reduced body size and active exoskeleton
remodeling. Changes in cellular organization genes (e.g., ion channel regulators,
calcium-binding proteins, vesicle transport genes) align with increased tubular epithelium
thickness and the higher number and diameter of non-digestive vacuoles. Modulation of
metabolic and stress-response pathways (e.g., glutathione S-transferases, carbonic
anhydrases, pyruvate dehydrogenase) reflects enhanced oxidative stress defense and
energy reallocation, possibly supporting structural maintenance at the cost of growth.
Taken together, the persistence of these transcriptional programs across FO and F3
suggests epigenetic mechanisms maintain molecular responses even in the absence of
direct exposure, providing a mechanistic link between molecular signatures and

transgenerational phenotypic effects.

These molecular alterations are consistent with previously documented phenotypic
effects, namely reduced body size and impaired reproductive output in both the parental
and transgenerational lineages following SIM exposure in the FO generation. Such
changes have the potential to disrupt ecosystem functioning. Reduced growth decreases
the energetic value of G. locusta as prey, meaning predators may need to consume a
greater number of individuals to meet their metabolic demands. At the same time,
impaired reproduction can lead to lower population densities of G. locusta, reducing prey
availability. Together, these effects may propagate through the food web, compromising
energy transfer across trophic levels and potentially affecting higher-level consumers,
including commercially relevant species that humans rely on. Thus, transgenerational
impacts of SIM have the potential to induce broader ecological consequences that

extend beyond the directly exposed organisms.
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4.13. Limitations and Future Perspectives

This study has some limitations. First, the analysis used three input files, two of which
came from intermediate RNA-Seq steps (FeatureCounts count matrix and functional
annotation files). Creating these files required extra bash scripts for the construction of
the count matrix and Python scripts for annotation, which had to be run outside the main
tool. This approach allowed us to study gene expression and functional enrichment, but

it added variability and made reproducing the analysis more complex.

Second, we focused on transcriptomic data. This shows gene expression, but not protein
levels or activity. So, our interpretations of biological pathways are indirect. Similarly,
although we found genes linked to epigenetic regulation, we did not measure DNA
methylation or histone modifications. Evidence for epigenetic effects is therefore indirect

and needs more study.

For future studies, a more integrated and user-friendly pipeline could help. Automating
annotation, normalization, and preprocessing in a single workflow would reduce
variability and simplify reproducibility. Using containerized environments (e.g., Docker or
Conda) or workflow systems (e.g., Snakemake or Nextflow) would also improve
reproducibility. Adding quality control metrics, visualization tools, and standardized
output formats would strengthen confidence in analyses and make results easier to

interpret.

Finally, integrating multi-omics approaches combining RNA-Seq with proteomics,
metabolomics and epigenetics would give a fuller picture of how gene expression affects
physiology. The workflow could also be applied to study other environmental
contaminants, helping us understand how pollution affects inheritance and adaptation in

natural populations.

5. Conclusions

This study provides a comprehensive evaluation of the direct and transgenerational
effects of SIM in G. locusta males, integrating high-resolution transcriptomic profiling with
functional interpretation of phenotypic effects. By examining both the directly exposed
parental generation (FO) and the transgenerational unexposed third-generation males
(F3), this study identified persistent molecular alterations that likely underpin SIM-

induced transgenerational phenotypic effects, including reduced body size.
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The custom Shiny-based tool TransDegAnalyser, developed as part of this study allows
interactive and reproducible exploration of male G. Jlocusta transcriptome.
TransDegAnalyser provides dynamic visualization of PCA, volcano plots, heatmaps and
functional enrichment, allowing researchers - even those without bioinformatics expertise
- to easily perform analysis, explore and interpret RNA-Seq data. While designed for G.
locusta, TransDegAnalyser can be readily adapted for transcriptomic analyses in other
species, offering a userfriendly framework for high-dimensional data
exploration.Overall, SIM exposure induces heritable transgenerational effects in males
that are potentially related with epigenetic programming, with persistent transcriptional
changes spanning structural, metabolic and stress-response pathways. The integration
of a male-specific transcriptome, functional annotation and interactive analysis via
TransDegAnalyser provides a robust framework to link molecular signatures to
phenotypic effects and offers valuable resources for future ecotoxicological studies in

non-model aquatic species.
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Attachments

The bioinformatics pipelines developed in this work, including the code for the
TransDegAnalyser application, are publicly available on GitHub:
https://github.com/abiliaframboesa/Thesis RNASeq



https://github.com/abiliaframboesa/Thesis_RNASeq

