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“The important thing is not to stop questioning.”

- Albert Einstein
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SUMMARY

The sustainability of the aquaculture industry hinges on its ability to operate in
harmony with the environment. To achieve this, it is essential to prioritize the welfare
of farmed fish minimizing the stress levels associated with aquaculture practices. In
this context, it is imperative to conduct a comprehensive study of fish physiological
stress. The stress response in fish is initiated by an elaborate endocrine machinery
that culminates in an overall metabolic reprogramming induced by the action of
glucocorticoids. It can either increase fithess or induce further changes at the whole
animal level and impair welfare. This process is orchestrated through a multilayered
cellular program, and thus a multiomics approach can provide a holistic overview of
the molecular stress response. Knowledge of the key regulators behind the adaptation
mechanisms could provide valuable markers of stress to complement the existing
measures. Sparus aurata, one of the most important species in Mediterranean
aquaculture, was used in this study. Adult fish were subjected to three challenges:
overcrowding, net handling, and hypoxia. The plasma proteome was assessed to verify
the effect of the different challenges on the fish immune system and to measure the
levels of typical stress indicators, i.e., cortisol, glucose, and lactate. A multiomics
approach was employed to characterize the hepatic stress response, as the liver is the
central organ in mounting the stress response. Lastly, skin mucus was used to identify
stress biomarkers as it is easily collectable, and a mucosal tissue known to respond to
stress. This work demonstrated that Sparus aurata can adapt better to high stocking
densities than to net handling or hypoxia. The latter two challenges induced stress in
hepatocytes and promoted several prosurvival pathways, e.g., autophagy, unfolded
protein response, and DNA replication stress. Furthermore, a set of 28 candidate
biomarkers was identified in the skin mucus, which could be further validated as lab-
based welfare indicators. This research provides scientific knowledge that can be used
to develop species-specific welfare assessment protocols, promote farmed fish safety,

and enhance positive societal outcomes while promoting aquaculture sustainability.

Keywords: Aquaculture; Gilthead seabream; Metabolomics; Proteomics; Stress;

Transcriptomics
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RESUMO

A produgéo de pescado de aquacultura tem vindo a registar um aumento
significativo nas ultimas décadas, devido a uma procura crescente para consumo
humano, aliada a uma forte diminuicdo dos stocks de peixe nos oceanos a nivel
mundial. A aquacultura € atualmente o setor da producéo alimentar que regista um
crescimento mais acelerado, tendo alcancado em 2020 um valor recorde de 87.5
milhdes de toneladas, equivalente a aproximadamente 50% da producédo de pescado
e de outros produtos derivados do mar, a nivel global. No mesmo ano, em Portugal,
registou-se uma producao de 17 mil toneladas de peixe de aquacultura, representando
um crescimento de 18.6% face ao ano anterior, sendo a dourada (Sparus aurata) uma
das trés espécies com maior producao.

A aquacultura desempenha assim um papel crucial no cumprimento das metas
propostas pelas Nacdes Unidas para um desenvolvimento sustentavel (SDG goals)
no ambito da Agenda 2030. No entanto, a crescente intensificacdo na producéo neste
setor gera também enormes desafios a nivel da sustentabilidade ambiental,
econOmica e social. Atualmente, o bem-estar animal € reconhecido como sendo um
fator preponderante para uma producdo mais sustentavel, assim como para a maior
aceitacdo e valorizagdo do produto ao nivel do consumidor. Por outro lado, a
preocupacdo com o0 bem-estar animal e a execu¢cdo de medidas visando a sua
implementacdo, tem vindo a ser adoptada nas politicas publicas hum namero
crescente de paises. O comprometimento das condicdes de bem-estar animal
traduzem-se normalmente numa maior suscetibilidade a agentes patogéneos e
aumento das doencas associadas, para além de um menor crescimento, resultando
em perdas econOmicas significativas para o setor aquicola. A evidéncia cientifica de
senciéncia, dor e sofrimento nos peixes desencadeou também um aumento
significativo no nimero de estudos com abordagem ao stress e iniciativas em prol do
bem-estar animal em peixes de aquacultura.

As condi¢gbes de cultivo adversas e determinados procedimentos de rotina,
como sejam 0 manuseamento e/ou o transporte, podem desencadear stress nos
animais. O stress ndo é necessariamente prejudicial, estando mesmo demonstrado
por diversos estudos que a exposi¢cao aguda a situacdes de stress pode ser benéfica,
na medida em que promove uma maior resiliéncia nos animais. No entanto, a longo-

prazo, este pode afetar o crescimento, a imunidade, o comportamento, e o0 bem-estar,
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podendo mesmo levar a morte nos casos mais extremos. Os peixes tém mecanismos
neuroendocrinos especificos para lidar com o desiquilibrio fisiologico através de uma
panoplia de adaptagbes metabdlicas, num processo globalmente designado de
‘resposta ao stress”. Este mecanismo € iniciado pela ativagdo do eixo hipotalamo-
pituitaria-interrenal (HPI) que induz a producéo e libertacéo de cortisol para a corrente
sanguinea, a hormona responsavel por ativar posteriormente diversas vias
metabdlicas em diferentes orgdos, promovendo a adaptacdo ao stress. O figado é o
orgdo central na integracdo da resposta ao stress, sendo responsavel pela biossintese
e distribuicdo de substratos energéticos, tais como a glucose e o lactato, essenciais
ao proprio figado, musculo e cérebro.

Numa exploragdo aquicola, por forma a avaliar o bem-estar dos peixes, séo
mais frequentemente utilizados os denominados ‘“indicadores de bem-estar
operacionais”, que englobam paradmetros tais como o comportamento, a
agressividade, a existéncia de lesbes externas e o nivel de oxigénio. Outros
indicadores de stress e.g., fisiolégicos, estdo associados a niveis elevados de cortisol
e glucose, para além dos indicadores hematoldgicos, que incluem niveis elevados de
eritrocitos e de hematocrito. Estes parametros sédo, no entanto, utilizados com menor
frequéncia, dado que implicam a colheita de amostras por pessoal especializado e
envio de amostras para analise em laboratorio. Estes indicadores sdo designados de
“‘indicadores de bem-estar laboratoriais” e, contrariamente aos anteriores, tendem a
ser mais eficazes na prevencéo atempada de consequéncias graves derivadas da
exposicao prolongada ao stress, evitando assim perdas econdmicas. Contudo, a
fiabilidade do cortisol como indicador de stress tem sido posta em causa,
nomeadamente em situacdes de stress cronico. De facto, os niveis de cortisol
regressam a valores basais passadas algumas horas apds a exposicéo ao stress. Por
outro lado, a existéncia de diversos fenétipos comportamentais nos peixes, traduzidos
em diferentes formas de lidar com o stress (i.e., coping styles) faz com que a resposta
ao cortisol possa ser afetada por outros aspectos nao diretamente relacionados com
0 stress, como sejam 0s ritmos circadianos, a propria espécie ou o estadio de
desenvolvimento. A variabilidade das respostas com base nestes parametros
fisiol6gicos levou a necessidade de identificar outro tipo de marcadores moleculares
gue fossem mais fiaveis e eficazes na avaliacao do stress e bem-estar em peixes de

aguacultura, complementares aos indicadores ja existentes.




As Omicas como técnicas analiticas de alto rendimento e elevada resolucéao,
em conjunto com a bioinformatica, tém sido amplamente utilizadas na descoberta de
biomarcadores associados a inimeros fenotipos em diversos animais, mas sobretudo
em humanos, com especial foco na resposta ao cancro. Nos estudos ligados a
aguacultura, estas técnicas tém sido utilizadas com enorme sucesso em abordagens
relacionadas com a nutricdo, rastreabilidade, reproducao, seguranca alimentar e bem-
estar. Neste trabalho, procedeu-se a uma abordagem “‘multibmica” visando a
integracdo das técnicas de proteOmica, transcriptomica e metabolémica na
caracterizacdo da resposta molecular ao stress em diferentes tecidos de dourada, de
modo a identificar um conjunto de biomarcadores putativos para diferentes tipos de
stress. Para tal, foram estabelecidos trés ensaios experimentais com douradas
adultas, de uma forma independente: 1) alta densidade, 2) manuseamento repetitivo
e 3) hipéxia. Em cada ensaio, testaram-se duas condi¢cdes de stress (uma de maior
intensidade, outra de menor), para além do respetivo grupo controlo. No final de cada
ensaio recolheram-se amostras de plasma sanguineo, figado e de muco obtido a partir
da epiderme. Os capitulos desta dissertacdo estdo organizados de acordo com 0s
diferentes tecidos estudados.

O “Chapter 2” incide sobre a analise protedmica baseada em gel (2D-DIGE) do
plasma sanguineo para avaliar o efeito dos diferentes tipos de stress no sistema
imunitario de douradas adultas. Esta andlise foi realizada em conjunto com a medi¢éo
dos niveis de cortisol, glucose e lactato no plasma, bem como a avaliacdo do pH e
rigor mortis no tecido do muasculo.

O “Chapter 3” encontra-se dividido em quatro sub-capitulos, focando na analise
multibmica de dourada sujeita a diferentes condicbes experimentais, com o objetivo
de estudar e identificar os diferentes mecanismos moleculares de regulagdo exercida
no figado em resposta ao stress, a nivel do genoma e metaboloma. No “Chapter 3.1”
foi avaliado o potencial da técnica metabolémica de espectroscopia de infravermelhos
designada de FTIR (Fourier Transformed InfraRed spectroscopy) na obtencédo de um
perfil espectral de infravermelho especifico de peixes submetidos a stress. No
“Chapter 3.2”, a técnica 2D-DIGE foi novamente utilizada, desta vez na comparacao
do proteoma de figado de peixes sujeitos a stress em relacdo a uma condig¢éo controlo.
Paralelamente, foram ainda medidos os niveis de glicogénio no figado, assim como
0s niveis de transcritos especificos (através da técnica de reacéo de polimerase em

cadeia em tempo real, RT-PCR) escolhidos com base nas respetivas proteinas




diferencialmente acumuladas em resposta ao stress. Nos “Chapters 3.3 e 3.4” foi
realizada uma analise multiomica do figado, integrando os dados de prote6mica (label-
free shotgun proteomics), transcriptbmica (RNA sequencing) e metabolomica
(untargeted LC-MS/MS), recorrendo a diferentes ferramentas de bioinformatica.

O “Chapter 4” incide sobre a descoberta com base em proteémica “shotgun”,
de um conjunto de potenciais biomarcadores de stress no muco de dourada,
especificos para cada condi¢cdo experimental. O poder discriminante e preditivo da
resposta ao stress de diferentes proteinas foi avaliado com base em modelos de
regressdo logistica. Esta matriz biologica serviu de base a identificacdo de
biomarcadores minimamente invasivos, por se tratar de uma barreira semipermeavel
entre a epiderme do organismo e o meio envolvente que faz parte do sistema
imunitario inato. O facto de o muco ser um biofluido externo facilita a recolha de
amostras diminuindo assim o stress associado ao manuseamento dos peixes.

No seu conjunto, este estudo demonstra que a dourada € capaz de se adaptar
mais rapidamente a situaces de alta densidade (até 45 kg m=), exigindo menos
alteracbes a nivel do sistema imunitario e do metabolismo, comparativamente a
exposicdo ao manuseamento repetitivo e a baixas concentracdes de oxigénio na
agua. No que respeita a estas duas ultimas condicfes, a resposta ao stress em
dourada aponta para a conservacao de energia, sendo esta canalizada para as vias
de sinalizacdo tipicas de resposta de stress celular (autofagia, endocitose, resposta
de stress associada ao reticulo endoplasmaético e interrupcao da replicacdo do DNA e
do ciclo celular), assim como para a sintese de proteinas envolvidas nessas mesmas
vias. A nivel do sistema imunitario a resposta foi distinta, havendo uma ativacéo do
sistema inato nos peixes expostos a manuseamento repetitivo, nomeadamente do
sistema hemostatico, e uma imunosupressao nos peixes em condi¢des de hipodxia.
Verificou-se, no entanto, uma regulacéo positiva do metabolismo do ferro, que esta
associada a respostas anti-inflamatdérias, nos peixes expostos aos trés tipos de stress,
sugerindo um papel importante na regulacdo da resposta imune e da resposta ao
stress. E de salientar ainda a elevada variabilidade de respostas dos indicadores
plasmaticos, reforcando assim a necessidade de complementar estes parametros com
outro tipo de indicadores de stress. Por fim, foram identificadas 28 proteinas a partir
do muco da pele, como potenciais biomarcadores especificos para cada tipo de stress.
Estes poderdo vir a ser validados futuramente como indicadores de bem-estar

laboratoriais, promovendo assim uma avaliacao precoce do nivel de stress em peixes
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de aquacultura, de uma forma mais eficaz, robusta, fiavel e holistica, essenciais na

prevencado de doencas e promoc¢do de um cultivo sustentavel das espécies alvo.

Palavras-chave: Aquacultura; Dourada; Metabolémica; Protedmica; Stress;
Transcriptomica.
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General Introduction

The unseen and unfamiliar life of fish has given them low visibility in civil society, in
policy circles, and in the animal welfare movement. Meanwhile, the number of farmed
fish outnumbers by far any other sentient animals farmed for food.

— Douglas Waley, Eurogroup for Animals

Part of this chapter has been published as review article in:
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2020. A Proteomics and other Omics approach in the context of
farmed fish welfare and biomarker discovery. Reviews in
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Chapter 1

1.1. THE STATE OF AQUACULTURE

The world’s population has reached a historic milestone of 8 billion people in
November 2022, according to the United Nations (UN), and is projected to reach 9
billion by 2037 (Zeifman et al., 2022). Unsurprisingly, this unprecedented demographic
growth has had severe consequences on the environment, including global warming,
climate change, deforestation, and biodiversity loss. One of the key drivers for slowing
down environmental degradation for future generations is the reshaping of the global
food production and consumption chain. Aquatic foods are making an increasingly
critical contribution to food and nutrition. According to the Food and Agriculture
Organization (FAQO), global consumption of aquatic foods has outpaced population
growth, with an average annual increase of 3% since 1961, compared to the 1.6%
growth of the population. In 2020, consumption of aquatic food reached 20.2 kg per
capita. Rising incomes and urbanization and changes in post-harvest practices and
distribution, coupled with modern dietary trends focused on health benefits, are behind
the growing demand for seafood products. Consequently, global fisheries and
aquaculture production are at a record high, reaching 214 million tonnes in 2020, of
which 122.6 million tonnes are produced by the aquaculture sector. Aquaculture
contributed a record 49.2% to global production of aquatic animals in 2020 (FAO,
2022).
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Figure 1.1. World aquaculture production between 1991 and 2020 (Source: FAO, 2022).
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Asia remains the main aquaculture producer in the world, accounting for 90%
of the total production of aquatic animals, with China leading this region. Europe
contributed 3.74% to the world’s production of aquatic animals, with Norway being the
top-producing country, accounting for 46% of Europe’s production, compared to 33%
of the European Union (EU). Regarding the main species groups, finfish dominate 90%
of the world’s inland aquaculture production, while in the case of marine and coastal
aquaculture, mollusks are the most produced. Nevertheless, in the case of European
aquaculture, production from marine and coastal systems is five times higher than that
from inland aquaculture, and finfish species remain the most produced. On a global
scale, grass carp (Ctenopharyngodon idellus) is the most produced finfish species in
the world, with 5,792 thousand tonnes of live weight in 2020, while in the case of marine
and coastal aguaculture, Atlantic salmon (Salmo salar) leads the production in the
same year (2,720 thousand tonnes) (FAO, 2022). In Portugal, a positive aquaculture
growth was observed for the period of 2000-2018, with an annual percentage rate
(APR) growth between 2.5% and 5% (Hough, 2022). In 2020, aquaculture production
in Portugal registered 17 thousand tonnes, an increase of 18.6% compared to the
previous year, with turbot (Scophthalmus maximus), gilthead seabream (Sparus
aurata), and European seabass (Dicentrarchus labrax) dominating the remaining
produced species (INE & DGRM, 2021). According to strategic goal 4 of the National
Ocean Strategy 2021-2030, which defines the course for the public ocean policy for
the next decade, Portugal aims to increase aquaculture production to 25 thousand
tonnesl/year.

Gilthead seabream (Sparus aurata) was the chosen species in this study as it
is one of the most produced species in marine Mediterranean aquaculture (Hough,
2022), which represents 16% of the total European production (Federation of
European Aquaculture Producers, 2022). Globally, this species occupies the fourth
place among the most produced species in marine and coastal aquaculture systems
(168.8 thousand tonnes of live weight in 2020) (FAO, 2022). Gilthead seabream cage
farming dominates Mediterranean aquaculture, with Turkey (39% of global production)
and Greece (21%) being the largest producers and exporters by volume (Hough,
2022). In Portugal, gilthead seabream production registered 1.8 thousand tonnes
(approximately 2% of EU production) in 2020 (INE & DGRM, 2021). In 2018, the
country represented 12.4% of the imports of this species by European countries, only
surpassed by lItaly (31.4%) and Spain (14.5%) (Hough, 2022). Sparus aurata
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(Linnaeus, 1758) is a ray-finned euryhaline species that belongs to the Sparidae family
and is mainly distributed along the Eastern Atlantic and Mediterranean Sea at depths
of approximately 30 m. It is a protandric hermaphrodite species that first matures as
male, and then as female, at approximately 3 years of age, living either solitarily or in
small aggregations. Valuable traits, such as robustness, plasticity, diet adaptability,
and iliness resistance, render it able to adapt to different conditions, making it ideal for
aquaculture. Gilthead seabream is mainly farmed in intensive systems, such as
raceways, tanks, and offshore sea cages, at average densities of 15-25 kg m3 (Pavlidis
& Mylonas, 2011).

1.2. AQUACULTURE AND SUSTAINABILITY

In 1987, the Brundtland Report, also known as “Our Common Future”, coined
the concept of sustainable development and defined it as a “(development that) meets
the needs of the present without compromising the ability of future generations to meet
their own needs” (Keeble, 1988). This publication also established the three pillars of
sustainability that aquaculture must adhere to: economy, society, and environment.
With almost 90% of global marine fish stocks fully exploited or overfished, aquaculture
has emerged as a responsible and sustainable complement to the traditional fishing
industry. Aquaculture helps to meet the growing global demand for seafood while
reducing the pressure on wild fish stocks, and is a key cornerstone of global food
security, ensuring safety, affordability, and traceability of fish products (Béné et al.,
2016; CONSENSUS, 2009; Risius et al., 2017; Valenti et al., 2018). International
policies, best practices guidelines, and EU initiatives have been developed to ensure
sustainable aquaculture practices, such as the FAO’s “Code of Conduct for
Responsible Fisheries” (FAO, 1995), the “Strategic Guidelines for a More Sustainable
and Competitive EU aquaculture”, and the EU’s “Farm to Fork”, “Blue Growth”, and
“Farmed in the EU” strategies. Furthermore, “Blue Growth” pointed out aquaculture as
one of the sectors with elevated potential for creating sustainable jobs and growth (EC,
2012), while the European Green Deal recognizes aquaculture as a source of protein
for food and feed with a low-carbon footprint (EC, 2021).

The rise in consumer awareness regarding the potential environmental impacts
of aquaculture has driven the development of a portfolio of third-party certification
schemes to recognize companies' sustainability efforts. These schemes, such as the
Aquaculture Stewardship Council (ASC), Best Aquaculture Practices (BAP/GAA),
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Friend of the Sea, and GlobalG.A.P., are based on a set of principles and criteria for
responsible aguaculture that align with or complement the FAO Technical Guidelines
on Aquaculture Certification (FAO, 2011). These organizations provide a verification
process for seafood producers, assessing their farming practices based on
environmental and social impacts, including resource conservation, animal welfare,
and community relations. The adoption of these certification schemes allows
companies to demonstrate their commitment to sustainable practices, whereas
consumers can make informed decisions and support responsible aquaculture.

On September 25, 2015, the UN introduced the 17 Sustainable Development
Goals (SDGs) of the 2030 Agenda for Sustainable Development to protect the planet
and promote prosperity. The SDGs, intended to be met by world leaders by 2030, are
based on at least one of five major tenets - People, Planet, Prosperity, Peace, and
Partnership — which address critical issues such as climate change, poverty, hunger,
equality, and ecological responsibility. To drive the achievement of the SDGs in the
food and agriculture sector, which includes aquaculture, the FAO created an action
plan to guide decision makers (FAO, 2018). FAQO’s approach comprises 20 actions
distributed across five key principles that map to several SDGs: (1) increase
productivity, employment, and value addition in food systems; (2) protect and enhance
natural resources; (3) improve livelihoods and foster inclusive economic growth; (4)
enhance the resilience of people, communities, and ecosystems; and (5) adapt
governance to new challenges. As summarized in Figure 1.2, aquaculture plays a
prominent role in this universal policy agenda and can contribute to almost all the SDGs
to different degrees.

Aquaculture is known for its high feed efficiency and to be one of the most
sustainable animal protein production systems (Fry et al., 2018). However, the industry
still faces sustainability challenges such as fish escaping, use of antibiotics, disruption
of ecosystems, long-term viability of fishmeal in aquafeeds, and animal welfare issues.
Another criticism of the industry is that certification schemes tend to focus on large
production sites, while neglecting smaller fish farmers. Moreover, with aquaculture
production projected to reach 106 million tonnes of aquatic animals by 2030, compared
to 87.5 million tonnes in 2020 (FAO, 2022), rapid scale-up could have devastating
effects on the environment, animal welfare, and public health, if not managed

sustainably.
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Figure 1.2. Schematization of aquaculture’s main contributions to the SDGs (Adapted from
Troell et al., 2021)

Animal welfare is already recognized as a key factor in responsible production
and social acceptability of animal production systems. Research on fish cognition and
suffering has lent great insights into the lives of fish, leading to increased consumer
concern about fish welfare. This has been the main driving force behind increased
discussion, research, and initiatives on this topic. In fact, the term “fish welfare” was
rarely used in aquaculture research before the turn of the century, yet currently, a brief

search on Scopus with this term generated over 3,000 document results.

1.3. FISH WELFARE: ORIGIN OF THE CONCEPT AND DEFINITIONS

The concept of fish welfare originated in public, researchers, consumers, and
animal caretakers’ concerns about how animals were kept and raised in intensive
aquaculture production systems. It was the book “Animal Machines”, published by Ruth
Harrison in 1964, that played a significant role in the history of the animal welfare
concept with relevant social, political, and scientific consequences. The scientific basis
of animal welfare was then established through the “Brambell report” in 1965, which

thoughts like “behavior assessment” or “animal’s needs” were exposed (Brambell,
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1965; Rollin, 1989). The “Five Freedoms” described in this report were long recognized
as the gold standard in animal welfare: (1) freedom from hunger and thirst; (2) freedom
from discomfort; (3) freedom from pain, injury, or disease; (4) freedom to express
normal behavior and (5) freedom from fear and distress. A refined version of the five
freedoms, now known as the five domains, was then revised by the UK Farm Animal
Welfare Council (FAWC) to include a feeling-based definition of animal welfare (Figure
1.3). This concept has been the reference for the development of recommendations
and legislation worldwide concerning fish welfare (McCulloch, 2013) and has been
used as the basis for animals to be considered sentient beings in the Lisbon Treaty of
2007 (Union, 2007). According to this framework, achieving good fish welfare and
health in aquaculture requires these five conditions to be respected, maintained, and
improved (Mellor & Stafford, 2001). Nevertheless, this model is criticized because it
suggests that the optimum environment is completely free of stress. This framework
has its grounds in strict homeostatic principles in which control of stress predicts a
linear relationship between stress-related welfare and stress load, which raises
controversy regarding the plasticity of fish (further detailed in Section 1.7.1. Stability
through change).

Since then, various definitions have been proposed for animal welfare.
Recently, a more general approach has emerged that describes welfare as being
related to an animal’s quality of life and subjective experiences (Prunet et al., 2012).
However, there is still no single universally accepted framework; most definitions fall
into one of the following three categories: (1) feelings-based, which links welfare to the
emotional (or emotional-like) state of the animal, and requires a balance between
negative experiences, such as pain or fear, and positive experiences, such as the
presence of counterparts in the case of social species; (2) function-based, which
focuses on the animal’s ability to adapt to its present environment and requires the
animal to be in good health, with its biological and physiological systems functioning
properly, and not being forced to respond beyond their capacity; and (3) nature-based,
which takes into account each species' inherent biological nature and requires animals
to be able to express their natural behavior and lead a natural life (Galhardo & Oliveira,
2009; Prunet et al., 2012). These categories broaden the concept of welfare beyond
physical health and the absence of stress. However, it is important to note that in a fish

farming context these definitions can be impractical since it is an environment that is
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not completely devoid of negative experiences and tracking fish emotional states can

be challenging.

Welfare domains :

Access to fresh water, appropriate diet in

1. Water and food deprivation composition and amount to full health and vigor

Access to suitable environment, shelter or
resting area whether indoor or outdoor

2. Environmental challenge

3. Disease, injury and functional Disease prevention or rapidly diagnosed and
impairment treated

Access to proper space, facilities and

4. Behavioral/interactive restriction conspecifics

Avoid conditions driving anxiety, fear, distress,
5. Mental and physical suffering boredom, sickness, pain, thirst, hunger and so
on

Figure 1.3. Five domains revised from the Brambell Report (1965) by UK Farm Animal Welfare
Council to ensure and assess welfare of animal reared and kept under artificial conditions
(Adapted from: FSBI, 2002)

1.4. A GLIMPSE INTO SENTIENCE AND CONSCIOUSNESS IN FISH

Fish pain was first politicized by J. L. B. Smith during the 1960s in its book “Our
Fishes”, published posthumously in 1968, in response to animal-rights groups’
opposition to angling (Vettese et al., 2020). Even though Smith defended that fish could
not feel pain because their brains lacked the frontal lobes found in the mammalian
neocortex, he structured the ensuing debate on this controversial topic that would
continue until today.

Despite the fact that the number of fishes farmed for human consumption greatly
outnumbers that of land animals (approximately 35 times more), fish are not easily
fathomed, and they are surely not offered the same level of attention and concern. The
fact that fish lack detectable facial expressions, and we do not frequently observe fish
lives as we do with terrestrial animals since they live underwater, may be behind our
lack of empathy towards fish. However, studies have shown that fish are sentient
creatures with consciousness, totally aware of their surroundings, able to feel pain,
express emotions, socialize, play, and use tools (Balcombe, 2016). In fact, teleosts
share multiple structural and physiological homologies with higher vertebrates, such
as humans, including genome homologies, cognitive behaviors, and cellular

structures(Howe et al., 2013). However, in practice, welfare assessment of farmed fish
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has been mainly based on a function-based approach that focuses on the maintenance
of physiological functions, normal growth, behavior, and good health. This approach
does not fully consider the feelings-based definition of welfare. Thus, to ensure a
comprehensive welfare assessment of fish, it is essential to investigate the mental
processes of fish and examine the extent to which they can make conscious choices
based on positive or negative expectations (Ashley, 2007; Huntingford et al., 2006;
Mejdell et al., 2007; Sneddon, 2007).

Research on fish sentience has been conducted over the last few years to
assess the aptitudes of these taxa to consciously experience the surrounding
environment, including both suffering and pain, as well as positive states (Braithwaite
& Boulcott, 2007; Braithwaite & Huntingford, 2004; Dawkins, 1998; Rose et al., 2012;
Sneddon, 2004). Despite lacking a developed neocortex, self-awareness, and the
same level of cognitive abilities as mammals, research suggests that fish are capable
of sensing noxious stimuli and experiencing pain and fear, to some extent (Sneddon,
2009), perceiving their environment (Millot et al., 2014) and expressing states similar
to emotions (Cerqueira et al., 2017). Recently, researchers have described the
capacity of zebrafish (Danio rerio) to express emotional fever, a physical reaction
triggered by stressful situations that is similar to fever and is normally used to identify
consciousness in mammals (S. Rey et al., 2015). The extensive evidence of fish
behavioral, cognitive, and pain perception abilities, combined with these studies,
underscores the importance of considering animal welfare in aquaculture from an
ethical perspective (Brown, 2015; Bshary & Brown, 2014; Grigorakis, 2009) rather than
only pragmatically.

In summary, evidence of fish sentience, pain, fear, consciousness, cognition,
and socialization skills has been continuously demonstrated and extensively reviewed
in previous studies (Braithwaite & Ebbesson, 2014; Brown, 2015; Sneddon, 2009,
2015). In addition, it supported the inclusion of these taxa in the national welfare
legislation worldwide (Mejdell et al., 2007). Moreover, the New York Times 2016
Bestseller by ethologist Jonathan Balcombe, entitled “What a Fish Knows: The Inner
Lives of Our Underwater Cousins” presents an array of fish studies conducted by
numerous researchers who concluded that fish are conscious and do feel pain
(Balcombe, 2016).
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1.5. FISH FARMING AND WELFARE: WHERE ARE WE?

Nowadays, protecting the welfare of farmed animals, including fish, has
unequivocally entered the public policy mainstream in a rising number of countries. In
Europe, the EU Council Directive 98/58/EC of 20 July 1998 has set minimum standards
for the protection of animals reared or kept for farming purposes, including fish. In
2005, the Council of Europe implemented a recommendation on farmed fish welfare,
and in 2008, the World Organization for Animal Health (OIE) adopted guidelines and
policies for fish welfare. In 2009, the European Food Safety Authority (EFSA) Panel on
Animal Health and Welfare (AHAW) issued an opinion on the general approach to fish
welfare and the concept of sentience in fish (Algers et al., 2009). The European
Directive 2010/63/EU, amended in 2019 by Regulation (EU) 2019/1010 (European
Parliament, 2010), has established guidelines and practical indications to ensure
optimal conditions for animals kept for scientific purposes. Moreover, the Federation of
European Aquaculture Producers (FEAP) has developed a Code of Conduct with
guidelines for responsible aquaculture (Federation of European Aquaculture
Producers, 2008), which is just one example of how farmers and consumers have
become increasingly concerned with fish welfare. Several EU initiatives and projects
have also been launched to promote high welfare principles for farmed fish, including
“Fish Welfare”, “Wealth”, “Benefish” (Berrill et al., 2009), the COST action “Welfare of
fish in European Aquaculture, and more recently in 2022 “Cure4Aqua” and “SEA2SEE”
projects. In Portugal, the project “WELFISH” in which this work is included, intends to
identify new ways to assess welfare in two important Mediterranean species, gilthead

seabream and European seabass (http://welfish.com/).

However, implementing these welfare guidelines or protocols across the
aguaculture sector and across all cultured species requires much work, as we are only
beginning to understand what constitutes positive welfare. This is still recognized as a
gap in welfare research, and building a bridge between the scientific community,
ethicists, and the fish farming industry has become fundamental to its resolution. In

this sense, the ongoing FishEthoBase project (http://fishethobase.net) has emerged to

meet this need by providing concrete solutions and pointing out welfare criteria for
farmed species based on scientific literature in areas such as ethology, ecology,
physiology, and general biology (Saraiva et al., 2019). Nevertheless, worldwide efforts
to incorporate high welfare standards as an integral component of the “sustainability”

labelling in existing certification schemes are currently underway. The Aquatic Life
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Institute (ALI) created the Aquatic Animal Alliance (AAA) in 2020, a coalition of 110
animal welfare organizations worldwide. The AAA advocates the inclusion of the
highest welfare standards in certification programs as well as clear and informative
labelling for consumers. GlobalG.A.P., RSPCA Assured, and Friend of the Sea have
started to cover animal welfare in their certification schemes. GlobalG.A.P. released a
new welfare standard for Atlantic salmon aquaculture and imposed a ban on shrimp
eyestalk ablation. Friend of the sea introduced species-specific welfare standards for
fish rearing, slaughter, transport, and handling. In addition, the ASC has launched its
fish welfare project and is seeking public input on the key impacts on farmed fish
welfare to develop new and improved standards. So far, the project has resulted in the

inclusion of humane slaughter standards for fish and a ban on the use of ice slurry.

1.6. FISH WELFARE AND AQUACULTURE SUSTAINABILITY

Welfare and stress are intimately connected, because exposure to potentially
stressful conditions in aquaculture can affect fish welfare (further detailed in section
1.7. Fish Welfare and Stress Physiology) and, consequently, the sustainability of
production. Routine procedures (e.g., handling, grading), environmental factors (e.g.,
hypoxia, temperature), health-related factors (e.g., parasites and wounds), and social
aspects (e.g., competition and aggressiveness) can be stressful (Table 1.1) for farmed
fish, depending on their nature, species, and resilience (Ashley, 2007; Baldwin, 2010;
Conceicéo et al., 2012; Conte, 2004; Eissa et al., 2017; Iversen et al., 2005; M. Pavlidis
et al., 2003; Sangiao-Alvarellos et al., 2005). In 2008, the EFSA issued a scientific
opinion report on different aspects of husbandry systems (e.g., dissolved oxygen (DO)
and stocking densities) in gilthead seabream and European seabass production
(Algers et al., 2008). In the natural environment, fish can also be subjected to many
types of stressful stimuli (e.g., injuries, diseases, parasites, floods, storms, predators,
or larger conspecifics). The main difference regarding common practices in
aquaculture that can become stressful is that these are mostly unavoidable and
chronic, and do not allow the animal to recover.

Reducing stress in aquaculture and improving fish welfare can consequently
improve fish health and decrease their susceptibility to diseases and parasites. This,
in turn, reduces the need for antibiotics, antimicrobials, and other medicines, which is
one of the main concerns in aquaculture. This will ultimately ensure food safety (SDG

3) and reduce the diffusion of toxic residues into the wastewater (SDGs 6, 12, and 15).
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Improving fish welfare will lead to increased productivity and efficiency (SDGs 2 and
12) and income generation (SDG 1), while reducing feed waste (SDG 12) and the

impact on marine ecosystems (SDG 14).

Table 1.1. Main factors affecting fish welfare and most common indicators of impaired fish

welfare (adapted from Silva, 2013)
Factors impairing welfare

Temperature; pH; salinity; photoperiod
Environment O2; CO2; NHs; PO4%
Xenobiotics and pollutants

Pathogens
Somatic/fin lesions
Health .
Disease treatments

Vaccination side-effects

Food deprivation
Nutrition Malnutrition

Anti-nutritional factors
Sorting, Handling, Grading

Transporting; harvesting

Management practices Slaughtering; Sampling

Stocking densities

Sorting/grading

Enforced social contact
Social dynamics -

Genetic factors

Agonistic behaviors/competition

Research has demonstrated that although animal welfare is not explicitly
mentioned in the SDGs, improving animal welfare is compatible with achieving the
SDGs (Keeling et al., 2019) (Figure 1.4). In September 2021, the ALI issued a report
specifically on the benefits of aquatic animal welfare for sustainability, stating that
“animal welfare considerations serve as a cross-cutting solution to many of the
sustainable development challenges we face today” (Aquatic Life Institute, 2021). In
November 2022, the World Federation for Animals, which represents 42 members,
published a position paper to support negotiations at the 27" Conference of the parties
(COP27) with the United Nations Framework Convention on Climate Change
(UNFCCC), and to show how animal welfare improvement can play a key role in
climate change mitigation (Word Federation for Animals, 2022). Therefore, managing
stress and improving fish welfare in aquaculture can undoubtedly contribute to the

economic, social, and environmentally sustainable development of the sector.
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SDG 17

SDG 16

SDG 15

SDG 14

SDG 13

SDG 12

SDG 11

SDG 1
SDG 2

SDG 3

SDG 4

2 SDG 5

= \ SDG 6

SDG 7

SDG 8

SDG 10 SDG 9

A - Mean score of the impact of improving AW on achieving the SDG
-- 4 - Mean score of the impact of achieving the SDG on improving AW

Figure 1.4. Radar plot of the average score attributed to the link animal welfare (AW) —
sustainable developmental goal (SDG) (0 — consistent, 1 — enabling, 2 — reinforcing, 3 —
indivisible) (Source: Keeling et al., 2019)

1.7. FISH WELFARE AND STRESS PHYSIOLOGY
1.7.1. Stability through change

In 1956, Hans Selye first coined the “stress” concept as a “nonspecific response
of the body to any demand placed upon it”. However, this lack of specificity of the stress
response has been highly contested, and many other definitions have emerged
thereafter. Richard Lazarus later introduced the concept of “appraisal”’, which can be
defined as the process that detects the stimulus and prepares the body to react in
response (Lazarus, 1999). In 2004, Ursin and Eriksen proposed the “Cognitive
Activation Theory of Stress” (CATS), which suggests that the stress response involves
“neurophysiological activation and arousal and is regarded as a healthy process, if not
sustained over time” (Eriksen et al., 2005). Since then, several reviews on stress have
been published, discussing concepts and definitions (Koolhaas et al., 2011).

Fish have been demonstrated to be able to adapt and evolve with changing
environments, and to require occasional biological challenges to improve resilience
and achieve optimal well-being. In fact, rather than continuously making every effort
towards a static state, organisms have “the ability to achieve stability through change”
in a process called “allostasis” (McEwen & Wingfield, 2003), which accurately explains
the adaptive and dynamic nature of biological systems. Fundamentally, this dynamic

process refers to the re-tuning of neural, physiological, and behavioral mechanisms to
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successfully adapt to predictable and unpredictable stressors (McEwen & Wingfield,
2010; Sterling, 2012). In contrast to homeostasis, allostatic parameters are thus not
maintained within narrow ranges but instead fluctuate according to demand. Hence,
this concept explains how fish welfare is related to the stress load in a hyperbolic
manner (Figure 1.5), where:

e Too low and too high stress loads, i.e., “distress”, negatively impact welfare by
hypo-stimulation (aka “use it or lose it”) and unsuccessful coping (aka “wear and
tear”), respectively.

e An intermediate range of stress loads, i.e., “eustress”, improves welfare by
rewarding successful coping, stimulating learning and neurogenesis, and

improving future coping ability (Korte et al., 2007).

Eustress

Distress Distress
o N
£
(5]
=
8 Allostatic
o load ~
Standard
welfare
o
£
S
5 Allostatic
s Overload
Hypostimulation Hyperstimulation
\ 7

Environmental disturbance

Figure 1.5. Interaction between good and poor welfare and the subjective experiences
appraised by the fish: (1) “stability through constancy” strict linear model according to the
homeostasis concept; (2) “constancy through change” hyperbolic model according to the
allostasis framework. Hypostimulation from low environmental challenges may produce poor
welfare conditions; Hyperstimulation from high environmental challenges may also produce
poor welfare conditions (distress). Certain degrees of environmental challenge (eustress) will
improve welfare (represented above the standard welfare line). Allostatic load - beneficial
stress conditions that the fish can cope with; allostatic overload - stress conditions that will
cause illness, ultimately death (adapted from Korte et al. 2007).

This way, the allostatic framework complements the Five Freedoms concept,
which is considered outdated since it disregards the evidence of animals’ ability to
adapt to variations in the environment and the need for biologically relevant challenges
to maintain or achieve good physical and mental health and welfare. Fish welfare is

guaranteed when the regulatory range of allostatic mechanisms equals environmental
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demands and predicts environmental challenges, requiring the prediction of fish

perception based on earlier experiences. (Korte et al. 2007; Schulkin 2004).

1.7.2. The stress response

When a fish perceives an internal or external stimulus, a series of behavioral
and physiological adjustments occur to help the fish cope. This biphasic response,
globally termed “stress response” is triggered by a chain of neurological and endocrine
processes (Figure 1.6). First, the challenge is perceived by the fish and the arousal
response is activated. The sensory systems in the fish brain will narrow the attention
to the stimulus, evaluate it, and compare it with the actual state of the organism and
previous stress experiences (Galhardo & Oliveira, 2009). Second, if the stimulus is
interpreted as threatening to the fish internal homeostasis, the brain immediately
activates the hypothalamus-sympathetic-chromaffin cell (HSC) axis, inducing a rapid
release of catecholamines (adrenaline and noradrenaline) from the chromaffin tissue
located in the head kidney. These hormones increase cardiac and blood pressure and
induce the release of glucose from the liver into the bloodstream, mainly through the
activation of the glycogenolysis pathway. Third, almost simultaneously, the brain
activates the hypothalamic-pituitary-interrenal (HPI) axis, inducing the secretion of
corticosteroids (cortisol in teleost fish). This is followed by a longer latency, but usually
a more prolonged elevation in plasma cortisol levels following de novo synthesis by
the interrenal tissue in the head kidney (Wendelaar Bonga, 1997). Cortisol acts
synergistically with the previous hormones in mobilizing glucose, through the activation
of the gluconeogenesis pathway, enhancing the organism’s resistance to stress and
fueling a “fight-or-flight” response. Consequently, higher muscular activity results in the
release of lactate into the blood stream. Cortisol typically exerts his actions through
classical genomic action but in addition there is evidence for rapid non-genomic action
via G-protein coupled membrane receptors (Aluru & Vijayan, 2009; C. Das et al., 2018;
Faught & Vijayan, 2016). Following this alarm stage, secondary responses are
manifested by physiological and behavioral adjustments to support adaptation
processes. These include alterations to the overall metabolism, such as carbohydrate
metabolism (glucose release), as mentioned, as well as protein turnover, amino acid
metabolism, and lipolysis (Mommsen et al., 1999). These readjustments then induce
a wide range of hematological, respiratory, osmoregulatory, cellular responses, and

immunological changes. Finally, tertiary responses correspond to the cumulative
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results of prolonged stress exposure and are reflected in whole-animal performance.
At this stage, the fish response is mainly characterized by an overall exhaustion and
shutdown of metabolism, severely affecting the immune system, reproduction, welfare,
and growth, and can even culminate in death (Ashley, 2007; Barton, 2002; Iwama,
2007). The immunosuppressive effect of chronic stress can either be an attempt to
attenuate autoimmune damage or conserve the energy needed for processes critical
for survival when the organism is struggling to maintain homeostasis (Sapolsky et al.,
2000).

Catecholamines

Stress

Cortisol
Chromaffin cells Q P
Fe o Secondary

responses

Interrenal cells

(glucose and lactate release,
immunity suppression)

Pituitary

Tertiary responses

(decreased growth and reproduction
performances, altered behavior)

Figure 1.6. Summarized schematization of the stress response in fish. The perception of a
stressful stimulus by the brain induces the release of catecholamines and cortisol from the
head kidney into the bloodstream. These induce the release of glucose and lactate, and further
metabolic, immunological, and behavioral changes that, if sustained in time, may be
detrimental for fish welfare.

The extent of the impact of the stress response on fish can be difficult to predict
and diagnose because of the heterogeneity of the response. In the short term, a
biological challenge may elicit a stimulatory and restorative response (eustress) and
allow fish to learn from the experience (lwama et al., 2006). However, in the case of
prolonged exposure to stress or an increase in challenge severity, an overload of the
physiological and regulatory systems of the fish can occur, and the animal may no
longer be able to adapt (distress), impairing its welfare. What defines this threshold
may be individual-related, factors such as the species and level of domestication, sex,
developmental stage, and SCS, or stressor-related, i.e., predictability, intensity,
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duration, frequency, and type of disturbance (physiological or physical) (Alfonso et al.,
2020; Barton, 2002; Castanheira et al., 2017; Conte, 2004; Galhardo & Oliveira, 2009;
Martins et al., 2011).

1.7.2.1. The stress response at mucosal surfaces

A lion’s share of the work that has been published on the fish stress response
over the decades, since evidence of fish sentience has emerged, focuses on central
organs and tissues, such as the liver, head kidney, brain, muscle, and plasma. The
liver is the central organ that mediates most metabolic rearrangements taking place
during fish stress response. It plays a fundamental role in energy substrate
administration, since the hepatic tissue synthesizes glucose for non-hepatic tissues
during periods of stress, as well as in somatic growth regulation, immune response,
and detoxification (Faught & Vijayan, 2016; Madison et al., 2015; Moon, 2004; Nakano
et al.,, 2013; Olivares-Rubio & Vega-Lopez, 2016; Philip & Vijayan, 2015). Most
biological molecules produced in different organs during this response are released
into the plasma, as described in the previous section. Fish blood plasma, as in other
vertebrates, has important biological functions such as distribution of hormones,
nutrients, and proteins, excretion, and immunological defense, making it especially
important to understand the impact of stress on fish immunity. On the other hand, it
was only recently that the fish mucosal surfaces have started to gain attention
regarding their potential role during the fish stress response.

The mucosal epithelial barriers in teleost fish serve as the first line of defense
against the aquatic environment, which is constantly changing (Peterson, 2015). The
main mucosa-associated lymphoid tissues (MALT) are the gut-associated lymphoid
tissue (GALT), skin-associated lymphoid tissue (SALT), the gill-associated lymphoid
tissue (GIALT), and the recently revealed nasopharynx-associated lymphoid tissue
(NALT) (Salinas, 2015). The general aspects of MALT and innate and adaptive
mucosal immune responses in teleost fish have been extensively reviewed (Gomez et
al., 2013; Salinas, 2015).

The skin is the largest immunologically active organ in fish, and epidermal
mucus, its extrinsic layer, is the biochemical barrier between the skin and water
(Angeles Esteban & Cerezuela, 2015). It serves crucial functions in immunity, sensory
perception, locomotion, respiration, osmoregulation, and excretion (Angeles Esteban,

2012; Reverter et al., 2018). Fish skin mucus is mainly composed of O-glycosylated
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proteins (GPs), called mucins, which determine its viscoelasticity and rheology, and
are secreted by goblet cells, club cells, and sacciform cells in the fish epithelium
(Angeles Esteban, 2012; Angeles Esteban & Cerezuela, 2015; Y. Xiong et al., 2020).
It also comprises other biologically active compounds, such as proteins,
carbohydrates, lipids, metabolites, and antimicrobial components (e.g., lysozyme,
immunoglobulin, complement proteins, lectins, C-reactive proteins, proteolytic
enzymes, and proteases) (Dash et al., 2018). Recently, a review detailing the function
of all its bioactive compounds has been performed, and it has been proposed that fish
skin mucus is a promising biological matrix for fish health monitoring (Reverter et al.,
2018; Santoso et al., 2020).

Research has shown that stress can affect the viscosity, exudation, and
composition of fish skin mucus (Benktander et al., 2021; Cone, 2009; Cordero et al.,
2016; Easy & Ross, 2010; Fernandez-Montero et al., 2020; R. Jia et al., 2016; Khansari
et al., 2018; L. Liu et al., 2013; Ordofiez-Grande et al., 2021; Pérez-Sanchez et al.,
2017; Rajan et al., 2013; Van Der Marel et al., 2010). Studies on numerous fish species
have demonstrated that skin mucus is a promising complementary matrix to look for
molecular markers of stress (De Mercado et al., 2018; Franco-Martinez et al., 2022,;
Guardiola et al., 2016; Reyes-lopez et al., 2021; Sanahuja & Ibarz, 2015). Additionally,
its minimally invasive sampling techniqgue makes it ideal for welfare assessment.
Furthermore, skin mucus has been proposed to be part of a peripheral cutaneous
stress response system in fish (CSRS) (Kulczykowska, 2019), which may be more
immediate than the metabolic shift occurring in central organs during stress or physical
injury (H. Guo & Dixon, 2021).

1.8. INDICATORS OF FISH WELFARE
1.8.1. Operational and lab-based welfare indicators

Although it may be impossible to eliminate all stressors in aquaculture
production, it is important to monitor the impact of stress on the welfare of fish from
ethical, environmental, and economic perspectives, as previously explained. As the
definition of welfare has evolved, so has the number of variables used to assess the
state of the fish. Welfare indicators should include readily, and reliably recognizable
aspects related to the behavioral, psychological, and physiological performance of
captive individuals. Therefore, knowledge of the ethology and biology of farmed fish is

of utmost importance to correctly assess welfare. Several parameters relevant to
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welfare assessment have been recognized in previous reviews (Conte, 2004; Toni et
al., 2017, 2018). Another recent review classified emerging fish welfare indicators
according to their invasiveness (Barreto et al., 2022).

Indicators that can be assessed on-site are known as Operational Welfare
Indicators (OWI), which can be environmental- or animal-based. The latter can still be
divided into group- and individual-based methods (Figure 1.7). Animal-based
indicators are also sometimes known as outcome welfare indicators because they are
usually linked to tertiary stress responses; that is, most of the time, they become
apparent once the animal is already experiencing negative welfare. In contrast,
environmental indicators may help to predict future problems. However, even these
minimally invasive and easy-to-assess measures have some disadvantages, such as
observer bias, the qualitative nature of most indicators, and the fact that group-level
indicators (e.g., behavior) do not always accurately reflect the experiences of individual
animals. On the other hand, lab-based welfare indicators (LABWI) are quantifiable
measures that, if collected on a regular basis as part of a monitorization/management
plan, could more accurately predict an internal disturbance on the animal than the
former (Figure 1.7) (Noble et al., 2018). Comparatively, these are less explored than
the OWI, mainly because they include collecting samples from the water or the
animals, which requires trained personnel, suitable protocols to minimize fish stress
during sampling, and specialized equipment. Optimal species-specific protocols
integrating both OWI and LABW!I would be valuable early warning systems to detect
issues in production in a timely manner to improve fish welfare and avoid potentially
permanent consequences. However, appropriate combinations of welfare indicators
validated for specific species and developmental stages are limited. Nonetheless,
welfare assessment indices, based mainly on OWI, have been proposed for Atlantic
salmon, lumpfish (Cyclopterus lumpus), and grass carp (Ctenopharyngodon idella)
(Gutierrez Rabadan et al., 2021; Noble et al., 2018; Pedrazzani et al., 2022).

The consistency and effectiveness of welfare indicators and the development of
multidisciplinary assessment protocols are critical factors for ensuring the sustainability

of the industry and the quality of farmed fish.
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Figure 1.7. Most used operational and lab-based welfare indicators in aquaculture.

1.8.2. Physiological stress markers and their reliability as welfare indicators

The difference between resting and post-stressor cortisol levels is a commonly
used measure of physiological stress and is sometimes used as a welfare indicator
(LABWI). However, it should be noted that this autonomic rise in plasma cortisol levels
is merely indicative of arousal of the HPI axis and is not specific to distress and
negative welfare. Cortisol is a central hormone for the maintenance of allostasis, as it
supports other hormones during basal conditions and has a stress-induced regulatory
role (Mommsen et al., 1999) (see section 1.7.2. The stress response). Nevertheless,
this information alone is not sufficient to assess fish welfare, as cortisol also has an
adaptive physiological role, and several factors can trigger its release in response to
stressful conditions (Barton, 2002). Several constraints on the use of cortisol as a
single measure of distress and negative welfare can be identified, which can limit the
statistical power and skew the interpretation of data.

(1) Response to a stressor is a dynamic process that cannot be described by
unimodal trajectories. Hormonal measurements represent only a snapshot (i.e., the
maximum response may not be captured) and may not be representative of the stress
that was truly experienced.

(2) Cortisol levels may be biased during sampling, as fish capture, handling, and
blood collection may constitute a source of stress (Baker & Vynne, 2014).

(3) Most fish display a common pattern of increased cortisol levels when

exposed to a source of stress, followed by a return to basal levels within hours when
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the stressor is removed, which can be useless in the case of chronic stress. This occurs
because cortisol regulates the HPI axis by a series of negative feedback loops, with
cortisol mainly acting back at the hypothalamus, pituitary gland, and interrenal tissue
to inhibit its own synthesis (Galhardo & Oliveira, 2009).

(4) Habituation to chronic stress or impairment of the HPI axis, i.e., exhaustion
of the endocrine stress axis, can also occur. In this case, downregulation of the cortisol
response is observed because the interrenal tissue of stressed fish becomes less
sensitive to the action of pituitary hormones (Madaro et al., 2015; Mommsen et al.,
1999). However, although a cortisol response is not detected, the fish may never re-
establish the exact same pre-stress homeostatic ranges, leading to
immunocompetence loss and creating ideal conditions for disease development
(Einarsdottir et al., 2000; Segner et al., 2012).

(5) The basal cortisol level itself is very context-dependent and is affected by
factors such as feeding, season, maturation, domestication, photoperiod, circadian
rhythm, and unknown stressors (Galhardo & Oliveira, 2009).

(6) Both basal cortisol levels and the degree of cortisol induction during stressful
events display a high degree of inter-individual variation under the same challenging
situation (explained through the proactive-reactive continuum). Different behavioral
phenotypes and their resilience to stressful events have been related not only to
inherent predispositions but also to the cognitive appraisal that individuals often take
from complex and dynamic environmental stimuli, that is, the way individuals perceive
their surroundings (Faustino et al., 2015).

(7) Mechanistic connections between cortisol and any secondary/tertiary
measures are not always straightforward, as the same cortisol level at the same time
point may culminate in different outcomes (i.e., for one individual, it can indicate a
trajectory to death and for another a trajectory to recovery) (Schreck et al., 2016).

(8) The rate of cortisol clearance in the liver may be affected by extrinsic factors
(Mommsen et al., 1999).

Other plasma metabolites associated with secondary stress responses, such as
glucose and lactate, are sometimes used as proxy measurements of stress, as their
levels are also enhanced under adverse conditions (see section 1.7.2. The stress
response). However, these complementary indicators should also be interpreted with
caution (Martinez-Porchas et al., 2009), as problems similar to ones related to the

cortisol response may also arise. First, defining reliable reference or threshold values

22



Chapter 1

for these metabolites may not be simple, again, due to extrinsic and intrinsic factors to
the animal such as species, developmental stage, diet, time since last feeding, among
others (lwama, Afonso, & Vijayan, 2004). Second, different hepatic glycogen stores,
which are related to the species and nutritional status of the animal, may also affect
the glucose release. Finally, both glucose and lactate levels can show different cortisol
increase and recovery profiles. In the case of lactate, it has also been demonstrated
that plasma cortisol levels may rise without any change in plasma lactate levels, and
vice versa, and in situ recycling of muscle lactate, with limited release into the
bloodstream, may also occur (Thomas et al., 1999; Wright et al., 2007).

This suggests that cortisol, glucose, and lactate should be used with caution
when evaluating the magnitude of stress response in fish. Therefore, it is necessary to
complement these indicators with other molecular measurements to draw reliable
conclusions about the stress phenotype of fish and obtain a more complete picture of

the welfare of the individuals.

1.9. OMICS IN AQUACULTURE WITH A FOCUS ON FISH WELFARE
High-throughput omics technologies perform in-depth analysis of multiple
biological molecules in one or more samples simultaneously. The use of omics
technologies, such as genomics, transcriptomics, proteomics, metabolomics,
lipidomics, and multiomics, has grown at an astonishing rate in the last decade and
has been shown to be a powerful tool for gathering important knowledge regarding
biological systems and physiological aspects of organisms. Various omics approaches
have been used in many aquaculture research fields, with a wide range of applications,
such as traceability, nutrition, health, authentication, reproduction, allergens, and
welfare (Canellas et al., 2022; Sundaray et al., 2022; Tripathy et al., 2021). With rapidly
expanding capabilities and diversity of analytical platforms coupled with bioinformatics,
omics approaches allow us to obtain and mine huge amounts of data previously

unattainable and are likely to soon revolutionize the aquaculture research field.

1.9.1. Proteomics

Proteomics has emerged to provide a more complete description of what occurs
in living cells by offering the possibility of working with the whole proteome instead of
a single protein and providing relevant information concerning the organism’s

physiological state at a given moment (Rodrigues et al., 2012; Tripathy et al., 2021).
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Proteomics has been used to study all kinds of farmed animals, from cattle and poultry
to aquaculture, while helping reach common goals in any farming production, such as
high productivity and efficiency, and a high-quality and safe food product, accepted by
the final consumers (Almeida et al., 2014; Marco-Ramell et al., 2016; Nissa et al.,
2021). However, the use of proteomics technologies in the aquaculture field is
relatively recent compared to human research, since they have only emerged in the
215t century, with a more accentuated increase in the number of related publications in
the last decade (Eckersall et al., 2012; Rodrigues et al., 2012). The availability of fish
proteomes is expected to proceed at a slower pace than genome sequencing for
several reasons: (1) high dependency on sequenced genomes; (2) higher complexity
of protein structures, functions, and interactions compared to nucleic acids; (3) greater
number of protein species compared to the number of genes in an organism; (4) lack
of an amplification method for proteins; and (5) elevated cost of certain techniques,
instruments, and specialized staff for maintenance (Campos & de Almeida, 2016; X.
Zhou et al., 2012). Recent research consortia were crucial in trying to overcome these
difficulties as for the dissemination of proteomic advances in this area, like the FA1002

- Farm Animal Proteomics COST action (http://www.cost-faproteomics.org/) and the

PRIME-XS initiative (http://www.primexs.eu/).

Most welfare-related proteomic studies are concerned with environmental
sources of stress related to common aquaculture production systems, such as
diseases and parasites (Bujan et al., 2015; G. Chen et al., 2011; X. Chen et al., 2010;
Chongsatja et al., 2007; Ji et al., 2013; Lu et al., 2014; Ni et al., 2010; Riera-Ferrer et
al., 2022; Somboonwiwat et al., 2010; X.-P. Xiong et al., 2011; D. Xu et al., 2015; Yeh
et al., 2008), hypoxia (Douxfils et al., 2012; H. Jiang et al., 2009; Pédron et al., 2017;
Tiedke et al., 2015; G. Zhang et al., 2017), anoxia (R. W. Smith et al., 2009; Wulff et
al., 2008), temperature (Chang et al., 2016; Ghisaura et al., 2019; Ibarz et al., 2010;
Nuez-Ortin et al., 2018; Richard et al., 2016; Schrama et al., 2017), high stocking
densities (Alves et al., 2010; Cordero et al., 2016; E. Jia et al., 2022; Naderi et al.,
2018), handling procedures (Alves et al., 2010; Cordeiro et al., 2012a; B. Yang et al.,
2015), and pre- and post-slaughter stress (Morzel et al., 2006).

Contrarily to the fixed genome, the proteome is in a constant state of flux to
maintain proteostasis. Protein turnover mechanisms and post-translational
modifications (PTMs), which are, in major part, a result of extrinsic factors to the

animal, can markedly alter the localization, function, and activity of a protein (Bassols
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et al., 2014). Thus, the final amount of protein can differ greatly from that of transcripts
derived from a gene of interest. However, information at the genomic level is required
for the interpretation of proteomic results, which is a bottleneck in aquaculture
proteomics because of the lack of farmed fish species with fully sequenced genomes
(Crollius & Weissenbach, 2005; Wenne et al., 2007). Protein identification is in this
case achieved through homology searches.

Proteomics allows the easy separation of a complex mixture of proteins present
in each biological sample. This separation can be achieved by different techniques
(i.e., gel-based, or gel-free approaches) at the protein level (top-down approach)
(Westermeier & Naven, 2002) or at the peptide level (bottom-up approach) (Gevaert &
Vandekerckhove, 2011) (Figure 1.8). In gel-based approaches, proteins can be
separated by one- or two-dimensional gel electrophoresis (1/2DE) and protein spots in
the gel are detected using visible or fluorescent staining methods (e.g., colloidal
Coomassie, silver stain, Sypro™, Flamingo, and Deep Purple™) or through direct
detection of fluorescent dyes (e.g., difference gel electrophoresis (2D-DIGE)). The
latter uses amino-selective fluorescent dyes with different excitation wavelengths and
relies on an internal standard to eliminate gel-to-gel variability and increase
reproducibility (Minden, 2012). The intensity of protein spots is then evaluated by
means of dedicated software (e.g., Progenesis or SameSpots). Those with significantly
different intensities are excised and analyzed by mass spectrometry (e.g., matrix
assisted laser desorption ionization-time of flight (MALDI-TOF MS)).

The field of proteomics has withessed an increase in the popularity of gel-free
strategies, also known as MS-based techniques, attributed to ongoing concerns about
quantitative reproducibility and limitations in studying certain classes of proteins using
gel-based methods. MS has shown tremendous progress in proteomics and is a key
tool for the analysis of complex protein samples. However, these approaches should
be regarded as complements rather than replacements of gel-based methods. Instead
of being previously separated, peptides are typically fractionated in tandem with MS,
usually through high dimensional chromatography (e.g., ion-exchange
chromatography (IEC) and liquid chromatography (LC)). Quantification and
identification of proteins are achieved by MS analysis using label-based or label-free
methods (Soares et al., 2012). In the first approach, proteins can be metabolically or
chemically labelled (Bantscheff et al., 2007), depending on whether the protein label is

introduced in vivo by the growth medium (e.g., Stable Isotopic Labelling with Amino
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Acids in Cell Culture (SILAC)), or if the proteins or peptides are tagged on a chemical
reaction (e.g., Isotope-Coded Affinity Tag (iICAT), Isobaric Tags for Relative and
Absolute Quantification (iTRAQ), and Tandem Mass Tag (TMT)) (Schulze & Usadel,
2010), respectively. On the other hand, label-free approaches (e.g., LC-MS), also
called shotgun proteomics, are appealing alternatives since they are amenable to
almost all types of biological samples, are simpler and less time-consuming,
reproducible, cost-effective, and less prone to errors and side reactions related to the
labelling technique (Abdallah et al., 2012). Two analytical methods for data acquisition
can be distinguished: (1) data-dependent analysis (DDA), in which scanning of all
precursor peptide ions during the survey scan (MS1) is performed, followed by
precursor ion selection, based on its intensity, for subsequent fragmentation (MS2);
quantification is then achieved through spectral counting or peak intensities; and (2)
data-independent analysis (DIA) (also known as sequential window acquisition of all
theoretical mass spectra (SWATH-MS)), in which no parent ion is selected and data
acquisition of all charge states of eluted peptides is performed by a rapid switching of
the collision energy between low- and high-energy states (Krasny & Huang, 2021).
Lastly, peptide identification is performed by assigning fragment ion spectra to peptide
sequences to generate a set of Peptide-Spectrum Matches (PSM) using database
search engines, such as Mascot, SEQUEST and X!Tandem. Following, protein
inference is achieved by assembling the identified peptide sequences into a set of

confident proteins (T. Huang et al., 2012).

Top-down
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Figure 1.8. Different possible pathways that a typical proteomics workflow can follow in
aguaculture proteomics studies: gel-based or top-down and gel-free or bottom-up strategies.

Both approaches share the sample preparation feature and aim to identify the proteins of
interest.
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1.9.2. Transcriptomics

Transcriptomics is the systematic study of an organism’s transcriptome, the total
RNA content of a cell, and the product of the genome, providing an overview of active
and dormant cellular processes through differences in gene expression. In contrast to
the relatively stable genome, variations in the transcriptome can be observed following
changes in physiological conditions, developmental stages, and the external
environment of an organism, offering a correlation between genotype and phenotype.
Conventional microarray technigues present major shortcomings related to the need
to have the genomic sequence available, high background noise, and are extremely
time-consuming. Currently, more advanced techniques of whole-transcriptome
sequencing, such as RNA sequencing (RNA-seq), present clear advantages over
existing approaches (X. Qian et al.,, 2014). The introduction of next-generation
sequencing (NGS) has significantly increased the number of available reference
genomes and transcriptomes and has allowed the detection of single nucleotide
polymorphisms (SNPs) and other molecular markers. It is undoubtably nowadays the
most used technique, including in the aquaculture research field (Chandhini & Rejish
Kumar, 2019; Ye et al., 2018; Yue & Wang, 2017). The COST action “Functional
Annotation of Animal Genomes” (FAANG) (http://faang-europe.org/), closed in 2020,

aimed at improving the functional annotation of domesticated animal genomes to
improve the livestock sector, medical research, and animal welfare. The gilthead
seabream genome was first sequenced in 2018 using NGS (Pauletto et al., 2018). In
2019, a genome and transcriptome sequencing study revealed that half of the genes
showed multiple copies, with the majority not corresponding to the evolutionary
duplication event that took place in teleost fish (whole-genome duplication) (Glasauer
& Neuhauss, 2014), but are instead specific to the species and are mainly involved in
generating a response to environmental changes, such as immune or sensory
responses, as well as in genomic transcription. These genetic duplications may explain
the high plasticity and capacity of the species to adapt to diverse farming conditions
(Pérez-Sanchez et al., 2019).

In fish welfare research, most studies have been related to the response of the
stress transcriptome to xenobiotics and environmental pollutants (Colli-Dula et al.,
2018; Hook et al., 2018; Uren Webster et al., 2017; X. Zhang et al., 2017), temperature
(Hu et al., 2016; J. Huang et al., 2018; Mininni et al., 2014; Song & McDowell, 2021;
Y. Wang et al., 2019; T. Zhou et al., 2019), alkalinity stress (Y. Zhao et al., 2015),
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salinity (Z. Xu et al., 2015; X. Zhang et al., 2017), diseases and parasites (Y. Da Wang
et al., 2014; Ye et al., 2018), rearing densities (Ellison et al., 2020; Rodriguez-Barreto
et al., 2019), ammonia (Z. X. Zhu et al., 2019), fasting (Y. F. Dai et al., 2021; B. Qian
et al.,, 2016), and hypoxia (J. S. Huang et al., 2022). However, studies on the
transcriptional effects of other aquaculture stressors are lacking. Stress-related RNA-
seq studies on gilthead seabream have focused on the effects of ultraviolet B radiation
exposure in the skin (Alves & Agusti, 2022), gill tissue response to an ectoparasite
(Piazzon et al., 2019), whole-brain analysis of food-deprived individuals (Ntantali et al.,
2020), and the effects of mild hypoxia in the muscle (Naya-Catala et al., 2021).

Isolation of total RNA with sufficient integrity for library construction is a critical
step in any transcriptome analysis, as impure or degraded RNA will perform poorly in
subsequent enzymatic applications. The phenol-chloroform (Trizol) method followed
by DNase treatment is the most used RNA purification technique (Tan & Yiap, 2009).
The RNA is then disintegrated into short fragments (approximately 150 bp), reverse
transcribed into cDNA with an adapter attached into one or both ends, and finally
sequenced from one end (single-end sequencing) or both ends (paired-end
sequencing). Library construction prior to sequencing, can be performed using one of
two methods: depletion of rRNA or selection of polyadenylated RNA, using oligo dT
primers (Z. Wang et al., 2009). Widely used NGS platforms for library sequencing are
lllumina, Roche 454, and AB SOLid (L. Liu et al., 2012). After quality control analysis
of the sequenced reads using dedicated software (e.g., FASTQC), reads can be
filtered and trimmed if needed (e.g., FASTp, Trimmomatic), following mapping into the
reference transcriptome/genome, if a sequenced genome is available (e.g., STAR,
Bowtie2, HISAT), or otherwise de novo assembled (e.g., Trinity). After proper
assembly, the reads can be counted (e.g., HTSeq and RSEM), and differential gene
expression analysis can be performed using edgeR or DESeq?2.

Real-time quantitative reverse transcription polymerase chain reaction (QRT-
PCR) is used for the targeted expression analysis of specific genes and validation of
RNA-seq studies. Appropriate normalization in gRT-PCR (i.e., the expression ratio of
a target gene in relation to a reference gene) is needed for the accurate quantification
of the gene of interest by minimizing the experimental variation derived mainly from
the different initial amounts of RNA and performance of cDNA synthesis (Kozera &
Rapacz, 2013). Generally, housekeeping genes, the basic metabolic genes involved

in cell survival, are used as reference genes for internal control. However, in welfare
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studies, since stress might affect basic physiological and/or metabolic pathways, a
common housekeeping gene would not be appropriate for use as a reference gene for

normalization (Chervoneva et al., 2010).

1.9.3. Metabolomics

Metabolomics is the study of global metabolite profiles, that is, small molecules
produced by cellular metabolic functions, such as amino acids, fatty acids, and
carbohydrates, in a system under certain conditions (Dunn & Ellis, 2005; German et
al., 2005). Metabolomics usually involves the study of small molecules within a mass
range of 50 — 1500 daltons (Da). As the final downstream product of gene transcription,
the metabolome amplifies changes in both the transcriptome and proteome and is
currently one of the cornerstones of postgenomic techniques for integrative
guantitative analyses and data validation. One of the main advantages of
metabolomics, compared to proteomic and transcriptomic analyses, is that it involves
less sample preparation and has shorter turnaround times from sample collection to
data interpretation (Alfaro & Young, 2018). Another positive point is that most
metabolites are not species-specific, unlike many genes and proteins, and thus the
analytical assay does not need to be optimized for every animal model, and there is
no need to have a sequenced genome. However, some limitations of these techniques
are mainly their semi-quantitative approach, inability to differentiate isomers, high cost,
and challenges in novel compound identification and data interpretation.

Metabolomic approaches can be targeted or untargeted, and the two most
common techniques used in data acquisition are nuclear magnetic resonance (NMR)
and mass spectrometry coupled with gas or liquid chromatography (GC/LC-MS). MS-
based approaches are advantageous because of their higher sensitivity and higher
number of detectable metabolites; however, NMR-based analyses are usually favored
because they have higher reproducibility and almost no sample pretreatment is
required (Young & Alfaro, 2018).

Fourier transform infrared (FTIR) spectroscopy, a form of vibrational
spectroscopy, is an established metabolic fingerprinting technique and another
common approach in metabolomics, often of qualitative nature. Although it does not
result in comprehensive data at the metabolite level, it provides relevant chemical
information to rapidly and reproducibly discern prominent changes in the metabolome.

It has a low-cost value for consumables and requires small amounts of samples (Talari
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et al., 2017). It has been successfully applied to differentiate functional biochemical
groups in the livers of fish exposed to different rearing conditions (Ceylan et al., 2014;
T. S. Silva et al., 2014).

Metabolomics, besides being the most recent addition to omics strategies, is
already widely used in different aquaculture areas. Metabolomic stress and welfare
studies have mainly addressed the effects of alkalinity stress (Y. C. Sun et al., 2018),
thermal stress (Jiao et al., 2020; M. Song et al., 2019), pollutants (Cappello et al., 2016;
Ziarrusta et al., 2018), and transport (Alfaro et al., 2021). Metabolomics studies of
gilthead seabream include a study on the identification of biomarkers of nutritional
status (Gil-Solsona et al., 2017) and another on metabolic responses to low

temperatures (Melis et al., 2017).

1.9.4. Multiomics

Most omics studies have focused on single-data-type designs without
considering the intricate relationships among the regulatory layers. The integration of
biological data from different omics layers, i.e., multiomics (Figure 1.9), as compared
to limiting studies of a single omics type, offers the opportunity to understand the
complete flow of information of the organism of study, adopting important hypothesis-
generating experiments that have greatly enhanced our knowledge and understanding
of physiological processes (Horgan & Kenny, 2011). Combining biological data from
as many different hierarchical levels as possible is currently considered the most
desirable approach to obtain an accurate picture of the physiological pathways and the
state of an organism; however, it also means having datasets with very different data
modalities, with their inherent challenges (e.g., different data scaling and
normalization), exponentially increased dimensionality, high computational burden,
and data storage issues. Multiomics data can be analyzed by integrating the findings
of single omics datasets (e.g., integration of enriched biological functions) or by
modelling omics datasets together. In the latter, robust integrative frameworks and
algorithms should be employed to avoid biased analysis towards a data modality with
significantly more features (e.g., Data Integration Analysis for Biomarker discovery
using Latent components (DIABLO), Multi-Omics Factor Analysis (MOFA), and joint
and individual variation explained (JIVE)). Additionally, weak correlations can often
occur between different data modalities, particularly between proteomic and

transcriptomic data. This is mainly due to the complex protein kinetics (e.g., PTMs) as
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to RNA splicing processes and variations in transcript half-lives and translation
products (Greenbaum et al., 2003; Haider & Pal, 2013). Thus, coincident results may
be confirmatory, but conflicting data must not be entirely interpreted as contradictory
but rather as complementary. The complexity of data analysis, coupled with many
other challenges that are amplified by an integrative multiomics approach, explains the
difficulty of benchmarking standard bioinformatics methods. A review of the available
resources, as well as the main challenges and pitfalls of this approach, was recently
published (Krassowski et al., 2020).
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Figure 1.9. Main questions addressed by the different omics platforms applied to the
aquaculture research (Source: Canellas et al., 2022)

Despite these challenges, these integrative multiomics approaches, although
mostly with two omics types, are already being applied in aquaculture research and
fish stress studies, demonstrating their advantages compared with single-omics
studies (Colas-Ruiz et al., 2022, 2023; Dale et al., 2020; Karlsen et al., 2011; Lazado
et al., 2021; J. Li et al., 2022; Y. Liu et al., 2022; Natnan et al., 2021; Roh et al., 2020;
Stentiford et al., 2005; Wen et al., 2019; E. jun Yang et al., 2022; Y. Zhang et al., 2022;
Z. X. Zhu et al., 2019). These strategies are also important for biomarker discovery
because they consider a complex system as a whole while simultaneously

investigating multiple molecules, offering a powerful approach to study biological
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pathways related to stress responses to discover candidate biomarkers in fish stress

and welfare.

1.10. IDENTIFICATION OF STRESS BIOMARKERS

One of the main goals of omics approaches in aquaculture welfare studies is to
identify molecular signatures as biological markers of the fish stress status (Di
Girolamo et al., 2014; Sanahuja & Ibarz, 2015). As demonstrated in sections 1.8.1 and
1.8.2, the identification of fish molecular stress markers (e.g., genes, epigenetic marks,
SNPs, proteins, and metabolites) would be extremely useful and complementary to the
existing physiological stress markers that are based on primary and secondary stress
responses (Marco-Ramell et al., 2016). These would constitute a set of reliable LABWI
aimed at providing complete and holistic species-specific welfare assessment
protocols, together with OWI. Martins and colleagues stated that “Welfare indicators
that are relevant for inclusion in an operational welfare assessment system should be
science-based, should measure welfare over extended time periods, should be
measurable on a commercial farm within a realistic framework and should be relevant
as a decision support system for the farmer” (Martins et al., 2012).

Biomarkers can be classified into four types: predisposition, diagnostic,
prognostic, and predictive biomarkers, according to the information they provide. High-
quality biomarkers should meet the following criteria: quantifiable, sensitive, inducible,
or repressible, highly accurate, and reproducible (Benninghoff, 2007). Since proteins’
expression, localization, and activity are ubiquitously affected by environmental
factors, proteomics provides an attractive avenue for biomarker research (Oskoueian
et al., 2016; Simpson et al., 2009). Studies related to the detection of these markers
proposed already potential candidates for stress biomarkers in farmed fish through
proteomics, like microglobulins, macroglobulins, apolipoproteins, alpha-1-antitrypsin,
transferrins, hemopexins, heat shock proteins (HSPs), plasminogen and complement
system proteins (Alves et al., 2010; Bendixen et al., 2011; Bohne-Kjersem et al., 2009;
Brunt et al., 2008; Kumar et al., 2009; Metzger et al., 2016; Russel et al., 2006).
However, none of these biomarkers has yet reached subsequent phases of verification
and validation.

A typical biomarker development proteomics study is divided into three phases:
discovery, verification, and validation (Figure 1.10). As the study moves along the

pipeline, fewer proteins are measured, and more samples are used to increase
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statistical power because individual heterogeneity is one of the main challenges in
biomarker identification. The discovery phase focuses on the identification of a large
number of candidate biomarkers, typically through untargeted label-free proteomics
coupled with data modelling. Candidate biomarkers for further validation are selected
by data-driven and knowledge-driven approaches to derive the most discriminative
proteins (McDermott et al., 2013). The verification step is usually performed using
targeted proteomics (e.g., selected reaction monitoring (SRM)), to confirm that a
candidate biomarker is indeed present and to provide a quantitative measurement of
the protein. At this step, a threshold for the difference in absolute abundance (i.e., fold
change) should be established to consider a candidate biomarker as confidently
detectable. Additionally, verification should be performed on the same samples as well
as on other samples from a different trial (i.e., the same species, developmental stage,
tissue, and experimental condition). Finally, the validation phase is usually carried out
using immunological assays, such as enzyme-linked immunosorbent assay (ELISA),
to confirm the usefulness, robustness, and reproducibility of the biomarker. In this step,
1-10 candidates are usually evaluated. It is also important to determine whether an
assay produces similar results when performed by different individuals and
laboratories. In every step, the number of samples depends on several factors,
including the number of candidate biomarkers to be tested; thus, it should always be
determined by power analysis. Finally, a biomarker, or a combination of biomarkers is
identified. As environmental factors and diseases do not affect only a single protein, a
panel of biomarkers is usually preferred, as it can more accurately predict a condition
and increase sensitivity and specificity. Several critical checkpoints should be
considered during the preparation of a biomarker study design, which was recently
addressed in a review (Nakayasu et al., 2021).

A validated stress biomarker should preferably have a minimally invasive
measurement method, such as in skin mucus, to facilitate welfare status monitoring
with any/reduced losses (refinement of the three Rs principle). In this sense, skin
mucus was the chosen biofluid in this work for stress biomarker discovery in gilthead
seabream. Notably, multiple studies have already demonstrated the potential of skin
mucus as an alternative biological matrix to identify minimally invasive stress
biomarkers in gilthead seabream using omics technologies (Cordero et al., 2017;
Reyes-16pez et al., 2021; Sanahuja & Ibarz, 2015).
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Figure 1.10. Classical biomarker workflow known as “triangular approach”. Discovery
proteomics is first employed to identify a wide set of candidate biomarkers, which are then
screened by targeted proteomics for confirmation and quantification. The few remaining
candidates are then validated through immunological assays. The number of samples usually
increases along the pipeline, contrasting with the number of candidate biomarkers.

1.11. OBJECTIVES

The sustainability of the aquaculture industry relies heavily on fish welfare.
However, comprehensive measures of species-specific welfare indicators are limited,
indicating a need to optimize current farmed fish welfare assessment methods.
Gilthead seabream, an important Mediterranean species, is projected to experience
growing demand for production. Therefore, understanding the stress response of this
species and identifying molecular stress markers to be used as lab-based welfare
indicators would greatly contribute to the sustainable growth of production while
considering fish welfare. In this study, fish were exposed to different challenges typical
in aquaculture production, including overcrowding, net handling, and hypoxia. The
gilthead seabream stress response was characterized in different organs and body
fluids, such as plasma, liver, and skin mucus, using different omics approaches (i.e.,
proteomics, metabolomics, transcriptomics, and multiomics) to reveal the underlying
molecular mechanisms of stress adaptation in this species from a systems biology
perspective. Following, minimally invasive candidate stress biomarkers were identified
in the skin mucus. Based on the understanding gained from this work, the primary
objective is to support future stress studies on this species and improve stress
management protocols, as well as to provide the basis for validating and establishing
a reliable stress biosignature for the development of future detection devices of stress

status. These devices would allow to assess fish welfare quickly, efficiently, and
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accurately in the field, ultimately enhancing the sustainability of aquaculture practices.
To achieve this overarching goal, the following objectives were pursued in this PhD
thesis:

e Chapter 2, aimed to measure physiological stress indicators based on primary
and secondary stress responses and analyze the plasma stress-responsive
proteome.

e Chapter 3, focused on performing a multiomics characterization of the gilthead
seabream hepatic stress response. This chapter comprises four sub-chapters:

e Chapter 3.1 involved the analysis of the comparative metabolic profiling
of the fish liver using vibrational spectroscopy.

e Chapter 3.2, aimed to assess the fish hepatic stress response using gel-
based proteomics and expression analysis of specific stress-related
genes.

e Chapter 3.3 aimed to provide an integrative analysis of the liver stress-
responsive proteome and metabolome.

e Chapter 3.4, focused on the transcriptomic analysis of the liver stress
response and multiomics integration.

e Finally, Chapter 4 aimed to discover candidate stress biomarkers in the skin

mucus through shotgun proteomics and bioinformatics.
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Protein changes as robust signatures of fish chronic

stress: a proteomics approach to fish welfare research

, , What we know about fishes is only a tiny slice of what they know.

— Jonathan Balcombe in “What a Fish Knows”

This chapter has been published as research article in:

Raposo de Magalhaes, C., Schrama, D., Farinha, A.P., Revets,
B BMC series D., Kuehn, A., Planchon, S., Rodrigues, P.M., Cerqueira, M.,
BMC Genomics 2020. Protein changes as robust signatures of fish chronic stress:
a proteomics approach to fish welfare research. BMC Genomics
21, 309. doi: 10.1186/s12864-020-6728-4
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2.1. ABSTRACT

Aquaculture is a fast-growing industry and therefore welfare and environmental
impact have become of utmost importance. Preventing stress associated to common
aquaculture practices and optimizing the fish stress response by quantification of the
stress level, are important steps towards the improvement of welfare standards. Stress
is characterized by a cascade of physiological responses that, in turn, induce further
changes at the whole animal level. These can either increase fithess or impair welfare.
Nevertheless, monitorization of this dynamic process has, up until now, relied on
indicators that are only a snapshot of the stress level experienced. Promising
technological tools, such as proteomics, allow an unbiased approach for the discovery
of potential biomarkers for stress monitoring. Within this scope, using gilthead
seabream (Sparus aurata) as a model, three chronic stress conditions, namely
overcrowding, handling and hypoxia, were employed to evaluate the potential of the
fish protein-based adaptations as reliable signatures of chronic stress, in contrast with
the commonly used hormonal and metabolic indicators. A broad spectrum of biological
variation regarding cortisol and glucose levels was observed, the values of which rose
higher in net-handled fish. In this sense, a potential pattern of stressor-specificity was
clear, as the level of response varied markedly between a persistent (crowding) and a
repetitive stressor (handling). Gel-based proteomics analysis of the plasma proteome
also revealed that net-handled fish had the highest number of differential proteins,
compared to the other trials. Mass spectrometric analysis, followed by gene ontology
enrichment and protein-protein interaction analyses, characterized those as humoral
components of the innate immune system and key elements of the response to
stimulus. Overall, this study represents the first screening of more reliable signatures
of physiological adaptation to chronic stress in fish, allowing the future development of

novel biomarker models to monitor fish welfare.
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2.2. INTRODUCTION

Managing welfare of fish in captivity is of increasing importance, both for
productivity and sustainability reasons (Huntingford et al., 2006). There is still no clear
consensus on how welfare should be defined or objectively measured, given the
complexity and controversy of the concept (Branson, 2008; Carenzi & Verga, 2009).
Challenges like divergent coping mechanisms, the incomplete knowledge regarding
the nociceptive system of fish (e.g., emotional-like states; cognitive abilities, pain,
suffering) (Braithwaite & Ebbesson, 2014; Castanheira et al., 2017; Cerqueira et al.,
2017; Rose et al., 2012)and the lack of reliable physiological indicators of fish welfare,
make its investigation even more difficult (Conte, 2004).

An aquaculture rearing facility deals with multiple stressful situations (stressors)
that are inherent to daily routines and can compromise fish well-being. These situations
are usually unpredictable and uncontrollable for the animal and can range in duration
and severity (Conte, 2004; Selye, 1950). Fish launch a physiological response when
faced with these threatening situations (Schreck, 2010; Selye, 1950). This adaptive
mechanism, known as stress response, involves a cascade of reactions and enables
the fish to cope with the stressor. However, when a stressful event is repeated or
prolonged, it exceeds the organism’s natural regulatory capacity and the fish fails to
regain homeostasis, consequently impairing welfare (Ashley, 2007; Korte et al., 2007).

The physiological stress response starts with the immediate activation of the
sympathetic response, followed by a slightly delayed activation of the HPI axis. As a
result, catecholamines and corticosteroids (cortisol in teleosts), respectively, are
released into the bloodstream (Mommsen et al., 1999; Wendelaar Bonga, 1997).
These hormones lead to a series of downstream responses involving alterations in the
energy metabolism and respiratory and immune functions (Pottinger, 2008). The rapid
mobilization of energy substrates such as glucose (the fuel needed for the coping
mechanisms) is caused by the activation of both the glycogenolysis in the liver or
muscle, and the hepatic gluconeogenesis, by the catecholamines and cortisol,
respectively (Fabbri & Moon, 2016; Vijayan et al., 2010). Stressful stimuli can also lead
to strenuous exercise fueled by anaerobic glycolysis in the muscle, generating lactate,
which is then released into plasma (Milligan & Girard, 1993; C. M. Wood et al., 1983).
Prolonged exposure to the stressor will inevitably lead to alterations that are reflected
in the whole-animal’s performance, like perturbations at the reproduction,

immunological, growth and behavior levels (Boonstra, 2013).
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The plasma levels of cortisol, alongside glucose and lactate, are the most
commonly used physiological indicators to assess stress in fish (T. Ellis et al., 2012).
Nevertheless, some inconsistencies have been reported in several experimental
studies. This demonstrates the unreliability of these indicators, mainly in cases of
chronic stress, which is mostly due to: (i) a high variability of response levels; (i) a
decrease of the cortisol levels to basal levels within minutes/hours following an acute
stressor; (ii) the fact that fish can adapt, to certain extent, to chronic stress and the
cortisol response is therefore attenuated; and (iv) the intrinsic and extrinsic factors (e.g.
age, sexual maturity, social status, level of domestication, prior experience, nutritional
status) that can affect cortisol secretion (Bonier et al., 2009; Davis Jr & McEntire, 2006;
Fast et al., 2008; Koakoski et al., 2012; Madaro et al., 2016; Martinez-Porchas et al.,
2009). In this sense, it is vital to complement the existing behavioral, biochemical, and
physiological measures for a correct interpretation of the welfare status of the fish. This
will be crucial to form a robust welfare assessment and to allow, in the future, the
development of targeted recommendations and legislation. With the increasing
research into the welfare of cultured fish, more advanced technologies are gaining
popularity. Proteomics are promising alternatives for the discovery of candidate
molecular markers that can indicate physiological alterations due to stress exposure
(Marco-Ramell et al., 2016). Despite the limitations to the use of these technologies in
the aquaculture field (Almeida et al., 2014), several studies prove already the huge
potential of proteomics for the identification of stress signatures (Alves et al., 2010;
Brunt et al., 2008; Cordeiro et al., 2012b; Metzger et al., 2016; Sanahuja & Ibarz, 2015).

There is very little data available concerning the process of long-term coping
with a chronic stressor and indicators used in this case. Considering this gap in
research, we aim, in the present study, to comparatively assess the stress responses
of fish at different levels (i.e., plasma stress markers, changes in plasma proteins’
abundance and muscle biochemistry). Using gilthead seabream (Sparus aurata) as
model, three chronic stress conditions were employed, and proteomics was used to
benchmark potential signatures of stress adaptation in the plasma proteome since
several proteins resulting from physiological events are released into circulation.
Gilthead seabream was the chosen species in this study since it is one of the most
important species in European aquaculture with high commercial value. This work aims
to pioneer a better understanding of the underlying molecular mechanisms behind fish

physiological adaptation to long-term stress. Additionally, it aims to bridge the gap
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between the scientific community and the industry by paving the way for the

development of novel biomarkers to monitor fish welfare.

2.3. MATERIALS & METHODS
2.3.1. Animals

Gilthead seabream (Sparus aurata) were obtained from a commercial fish farm
(Maresa, Mariscos de Estero S.A., Huelva, Spain) and kept under quarantine
conditions for a 2-week period at the Ramalhete Research Station (CCMAR, University
of Algarve, Faro, Portugal). The fish were then individually weighed and distributed
among conical fiberglass tanks (500 L), according to the density requirements of each
trial. The tanks were supplied with natural flow-through seawater from Ria Formosa
and kept under natural temperature (13.4 £ 2.2 °C) and photoperiod, salinity at 34.7 +
0.8 %o, and artificial aeration (dissolved oxygen above 5 mg. L™). Fish were fed by
hand once a day, with a diet manufactured by AquaSoja Portugal, following the

species’ nutritional requirements.

2.3.2. Experimental design

The study was performed in three separate trials: (1) Overcrowding (OC), (2)
Net handling (NET) and (3) Hypoxia (HYP), due to logistic issues. Each trial followed
a 2-week acclimation period, and the initial rearing density was established at 10 kg m"
3 (except in the experimental groups of high stocking densities). In the OC trial, during
the 54 days of experiment, fish (initial body weight (IBW) = 372.33 + 6.55 g) were
stressed using different high stocking densities, by increasing the number of fish in the
tanks. Three different experimental groups were tested in triplicate: Control — 10 kg m"
3 (OCCTRL), medium density — 30 kg m (OC30), high density — 45 kg m=3 (OC45).
The NET trial lasted for 45 days, and the fish (IBW = 375.69 + 11.88 g) were stressed
by 1-min air exposure, using nets designed to fit inside the tanks and to be lifted to
perform the stressful event. The experimental groups were established, in triplicate, as
follows: Control — undisturbed fish (the net was also placed in the tanks but not lifted)
— (NETCTRL), fish air-exposed twice a week (NET2) and fish air-exposed four-times a
week (NET4). In the HYP trial, fish (IBW = 397.99 = 16.56 g) were subjected to low
levels of saturated oxygen, by injection of nitrogen in the water, for 48 h, according to
the following experimental groups (in triplicate): Control — 100% saturated oxygen —
(HYPCTRL), 30% saturated oxygen (HYP30) and 15% saturated oxygen (HYP15).
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Different trial times are due to differences in the nature and severity of the stressor, to

which rearing protocols had to be adjusted accordingly.

2.3.3. Sampling procedure

Prior to the sampling day, fish were starved for 48 h to clean the digestive tract.
Nine random fish per tank were lethally anaesthetized with tricaine methanesulfonate
(MS-222; Merck KGaA, Darmstadt, Germany) for the following sampling procedures:
3 fish for rigor mortis index assessment, 3 fish for muscle pH measurement and 6 fish
for blood collection. Blood samples of approximately 2 ml were collected from the
caudal vein with a heparinized syringe and immediately centrifuged at 2000 g for 20
min. Plasma samples were immediately frozen at — 80 °C until posterior analyses. Fish
for the measurement of post-mortem biochemical changes (pH and rigor mortis) were
stored in polystyrene boxes with ice during the sampling period (72 h). All fish were

weighed and measured.

2.3.4. Plasma stress indicators’ measurement

Plasma cortisol levels were quantified using a commercial Cortisol ELISA kit
RE52061 (IBL International, Hamburg, Germany), following the manufacturer’s
instructions. Measurements were registered at 450 and 620 nm along with a prepared
standard curve on a microplate reader Biotek Synergy 4 Hybrid Technology™ (Biotek
Instruments Inc., Winooski, USA). Plasma glucose and lactate levels were assessed
through commercial colorimetric kits (Spinreact, Girona, Spain), following the

manufacturer’s instructions.

2.3.5. Biochemical and quality characterization of fish muscle

Muscle pH measurements were performed (n = 3 per tank), using a waterproof
pH spear for food testing (Oakton® Instruments, Nijkerk, Netherlands), in the dorsal
muscle, at 0, 1, 2, 4, 6, 8, 24, 48 and 72 h after death (HAD), approximately 1-2 cm
apart. At the same post-mortem periods, rigor mortis was assessed (n = 3 per tank) by
the rigor index (RI), as previously described (Erikson, 2001), using the formula:

RI (%) = (Lo - Lt)/ Lo x 100

Lo (cm) refers to the vertical distance between the base of the caudal fin and the table
surface (where the anterior half of the fish is placed), measured immediately after

death, whereas Lt (cm) corresponds to the same distance, however at selected time
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intervals. Fish were carefully handled during the measurements to avoid an

interference with the rigor onset.

2.3.6. Plasma proteomics analysis
2.3.6.1. Protein labelling

Plasma samples were diluted 80X in DIGE buffer (7 M urea, 2 M thiourea, 4 %
3-[(3-Cholamidopropyl) dimethylammonio]-1-propanesulfonate (CHAPS), 30 mM Tris
pH 8.5) and the protein content measured with Bradford assay using the BioRad Quick
Start Bradford Dye Reagent 1X (Bio-Rad Laboratories, Hercules, California, USA) and
bovine serum albumin (BSA) as standard, BioRad Bovine Serum Albumin Standard
Set (Bio-Rad Laboratories). Samples’ pH was checked with a pH indicator paper,
Sigma-P4536 (Sigma Aldrich) and adjusted to 8.5 using 0.1 M NaOH. DIGE minimal
labelling of 50 ug of protein was carried out using the CyDye™ DIGE fluor minimal
labelling kit 5 nmol (GE Healthcare, Little Chalfont, UK), with 400 pmol fluorescent
amine reactive cyanine dyes freshly dissolved in anhydrous dimethylformamide (DMF),
following the manufacturer’s instructions. Labelling was achieved on ice for 30 min, in
the dark, and the reaction quenched with 1 mM of lysine for 10 min. For each trial, six
samples per experimental condition were labelled with Cy3 and six with Cy5 to reduce
the impact of label difference, while an internal standard consisting of a pool of all
samples, with equal amounts, was labelled with Cy2. Samples were randomly sorted

to avoid labelling bias.

2.3.6.2. Protein separation by 2DE

For each strip, 150 ug of protein (50 ug from each dye) were loaded along with
rehydration buffer (8 M urea, 2% CHAPS, 50 mM dithiothreitol (DTT), 0.001%
bromophenol blue, 0.5% Bio-lyte 3/10 ampholyte (Bio-Rad Laboratories)) to complete
450 pL. Passive rehydration was conducted for 15 h on 24 cm Immobiline™ Drystrips
(GE Healthcare) with linear pH 4-7, on an IPG Box (GE Healthcare). Following,
isoelectric focusing (IEF) was performed in 5 steps: 500 V gradient 1 h, 500 V step-
and-hold 1 h, 1000 V gradient 1 h, 8000 V gradient 3 h and 8000 V step-n-hold 5h40
for a total of 60,000 Vhr using Ettan IPGphor at 20 °C (GE Healthcare). Focused strips
were reduced and alkylated with 6 ml of equilibration buffer (50 mM Tris-HCI pH 8.8, 6
M urea, 30% (v/v) glycerol and 2% SDS) with 1% (w/v) DTT or 2.5% (w/v)

iodoacetamide (IAA) respectively for 15 min each, in constant agitation. Strips were

45



Chapter 2

then loaded onto 12.5% Tris-HCI SDS-PAGE gels and ran in an Ettan DALTSsix Large
Vertical System (GE Healthcare) at 10 mA/gel for 1 h followed by 60 mA/gel until the
bromophenol blue line reaches the end of the gel, using a standard Tris-Glycine-SDS

running buffer.

2.3.6.3. Image acquisition and analysis

CyDye-labeled gels were scanned on a Typhoon™ laser scanner 9400 (GE
Healthcare) at 100 um resolution, with the appropriate laser filters for the excitation
and emission wavelengths of each dye (i.e., Cy2—-488/520 nm; Cy3-532/580 nm; and
Cy5-633/670 nm), according to the manufacturer’s recommendations. The voltages of
the Photo Multiplier Tube (PMT) were adjusted to obtain a maximum image quality with
minimal signal saturation and clipping. Gel images were checked for saturation during
the acquisition process using the ImageQuant TL software (GE Healthcare). The final
images were analyzed with SameSpots software (Totallab, Newcastle, UK), including
background subtraction (average normalized volume < 100,000 and a spot area < 500),
filtering, spot detection, spot matching, normalization, and statistical analysis. Spot
volume ratios that showed a statistically significant difference (abundance variation of
at least 1.0-fold, p < 0.05 - One-way analysis of variance (ANOVA) on log2-
transformed normalized spot volumes) were processed for further analysis. Protein
spots with statistically different intensities were manually excised from preparative gels
and identified by matrix-assisted laser desorption/ ionization time-of-flight/time-of-flight
mass spectrometry (MALDI-TOF/TOF MS).

2.3.6.4. Protein identification by MALDI-TOF/TOF MS

Spots from SYPRO® Ruby-stained (Invitrogen™, Carlsbad, CA, USA) gilthead
seabream plasma 2D gels were picked and subjected to in-gel tryptic digestion, similar
as reported before (Schiener et al., 2018). In this study, gel plugs were washed twice
with 50 mM ammonium bicarbonate solution in 50% (v/v) methanol (MeOH) for 20 min
and dehydrated twice for 20 min in 75% acetonitrile (ACN). Proteins were then digested
with 8 pL of a solution containing 5 ng/uL trypsin (trypsin Gold, Promega, Madison, WI,
USA) in 20 mM ammonium bicarbonate for 6 h at 37 °C. A 0.1% trifluoroacetic acid
(TFA) solution in 50% ACN and a solution of 7 mg/mL a-cyano-4-hydroxycinnamic acid
(CHCA) in 50% ACN/0.1% TFA were used for peptide extraction and spotting
respectively. MALDI TOF/TOF analysis was performed with a TOF/TOF™ 5800 (AB
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SCIEX, Redwood City, CA, USA) mass spectrometer in MS and MS/MS mode. For
each spot, the 10 most intense peaks of the MS spectrum were selected for MS/MS
acquisition. Database interrogation was carried out over with ProteinPilot v4.5 (AB
Sciex) on an in-house Mascot server version 2.6.1 (Matrix Science Ltd., London, UK).
Mass lists were searched against NCBInr database restricted to the taxonomy “other
Actinopterygii” (tax ID 7898 excluding 31,033 and 7955) with the following parameters:
maximum 2 missed cleavages by trypsin, peptide mass tolerance + 100 ppm, fragment
mass tolerance set to 0.5 Da, carbamidomethylation of cysteine selected as fixed
modification and tryptophan dioxidation, histidine, tryptophan and methionine
oxidation, and tryptophan to kynurenine as variable modifications. Protein hits not
satisfying a significance threshold (p < 0.05 and a total ion score > 60) were further
searched against vertebrate EST (expressed sequence tags) database also restricted

to the taxonomy “other Actinopterygii”.

2.3.7. Protein-protein interaction network and gene ontology enrichment
analyses

The theoretical molecular masses and isoelectric points (pl) of the MS identified
proteins were calculated using the amino-acid sequences (in one-letter code) on the

ProtParam Tool (http://us.expasy.org/tools/protparam.html). A significance cutoff was

applied for the identified proteins at log-fold change £+ 1.0. Following, the identified
proteins were blasted against Danio rerio, on the UniprotKB database, using the
FASTA protein sequences as queries. The orthologs were mapped using Search Tool
for the Retrieval of Interacting Genes/Proteins (STRING) web tool v11.0 (Szklarczyk
et al., 2019) to screen for protein-protein interactions (PPIl). Gene ontology (GO)
enrichment analysis and network visualization and analysis were performed on
Cytoscape v3.7.1 (Shannon et al., 2003) with the BINGO plug-in (Maere et al., 2005).
Important hub proteins were screened by counting the degree of connectivity of each
node in the network. Overrepresented GO terms were identified, using B. rerio as
reference, by selecting the hypergeometric test with a significance threshold of 0.05

after Benjamini & Hochberg FDR correction.

2.3.8. Statistical analyses
All univariate and multivariate statistical analyses were performed using R

v3.5.3 for MacOSX (https://www.rproject.org). Statistical analyses of the plasma
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parameters and the post-mortem muscle biochemical changes were performed using
plasma cortisol, glucose and lactate levels, muscle pH and rigor index as dependent
variables, and the stress treatment as factor. Statistical differences between
treatments were analyzed independently for each trial (OC, NET and HYP). For rigor
index and muscle pH, data were processed separately for each sampling time.
Differences in plasma and muscle parameters between treatments were assessed by
a One-way ANOVA on log10-transformed data, except for rigor mortis data, which was
transformed by arcsine square root. Multiple comparisons were carried out by the post
hoc Tukey HSD test. When transformed data failed the Shapiro-Wilk normality test, the
non-parametric Kruskal-Wallis on ranks was used, followed by Dunn’s test. When
transformed data did not verify homoscedasticity assumption by Levene’s test,
statistical significance was analyzed by Welch’s ANOVA, followed by Games-Howell.
A significance level of a = 0.05 was used in all tests performed. Experimental data is
expressed as mean * standard deviation (SD). Principal component analysis (PCA)
and hierarchical clustering analysis of the identified proteins were performed on the
log2-transformed normalized spot volumes obtained from SameSpots software, with
autoscaling. Heatmap was generated by comparing Z-scores of normalized spot
volumes and hierarchical clustering of samples and protein spots was performed using
the Euclidean distance and the maximum cluster agglomeration method as distance

metrics.

2.4. RESULTS
2.4.1. Fish general condition

Fish were monitored every day during the trials. The experimental periods
reached the end with a 100% survival rate. The overall condition and growth
performance of the fish were also monitored (Additional file 1 - online), and initial (IBW)
and final body weights (FBW) were recorded for each experiment. The average body
weight was reduced by the end of the net handling (NET) and hypoxia (HYP) trials, in
all groups, including the control. However, there were no significant differences in final
body weights between the control group and any of the stressed groups (p > 0.05),

suggesting that weight reductions were unrelated to the stressor.
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2.4.2. Plasma stress markers analysis

Circulating cortisol, glucose, and lactate levels were measured in gilthead
seabream submitted to different chronic stressors and in control fish (Figure 2.1). The
overall levels of these metabolites showed a high variability of biological responses in
all trials, with several data points considered outliers (outside of the interquartile

range). Cortisol levels presented the highest intervals of values.
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Figure 2.1. Violin plots showing the distributions of plasma cortisol (ng/ml), glucose (mg/dl)
and lactate (mg/dl) levels of gilthead seabream (Sparus aurata) submitted to different
challenges (A — overcrowding, B — net handling, C — hypoxia), in two intensities, and
unstressed fish (control) (n = 18). The boxplot inside includes observations from the 25" to the
75" percentiles as determined by R software; the horizontal line indicates the median value.
Whiskers extend 1.5 times the interquartile range. Single data points are outlying data. *p <
0.05; *p<0.01; **p<0.001; *™** p<0.0001. NS (not significant) indicates a p-value greater
than 0.05.
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In the OC trial, only lactate plasma levels presented statistically significant
differences, both between control and challenged groups (Lactatectr. — 13.46 £ 4.07,
Lactateocso — 17.79 + 5.29, Lactateocss—19.89 + 6.19, p = 2.89e7%). Curiously, in the
case of cortisol, although not significant, stressed fish showed decreased levels
compared to control (Cortisolctr. — 28.03 + 30.78, Cortisolocso — 12.51 + 13.13,
Cortisolocss — 8.54 + 10.92, p = 1.20e™). In the NET trial, statistically significant
differences were registered for the cortisol and glucose plasma levels, again between
control and the challenged groups (CortisolctrL — 29.38 + 38.06, CortisolneT2—55.69 *
41.05, Cortisolnets—84.83 + 50.77, p = 5.15e™#; Glucosectr. — 46.57 + 6.58,
Glucosenet2—69.76 + 12.90, Glucosenets— 66.60 = 13.74, p = 2.06e7°). In the HYP trial,
significant differences were only observed in the glucose levels (GlucosectrL — 55.85
+ 12.72, Glucosenypso— 96.22 *+ 45.53, Glucosenyp15—79.30 + 15.78, p = 1.07e™).
Cortisol values are presented as mean * standard deviation (SD) in ng/ml, and glucose

and lactate values in mg/dl.

2.4.3. Post-mortem muscle biochemical changes

Muscle pH declined over 72 HAD, in gilthead seabream stored in ice. Values
ranged from an average of 7.4, 7.7 and 7.4 immediately after slaughtering, to 6.3, 6.5
and 6.4 at the last sampling time, in fish from OC, NET and HYP trials, respectively.
Significant differences between conditions were found for the NET trial at 4 (pneT2-NET4
= 0.032) and 72 HAD (pctri-neT2 = 0.008), and for the HYP trial at O (pcTrL-HYP15 =
0.021), 8 (pctrL-HYP1s = 0.003, also in HYP30-HYP15 with lower significance), 48 (pcTr-
Hyp1s = 0.006) and 72 HAD (pHypso-Hyp1s < 0.001) (Figure 2.2). The onset and resolution
of rigor mortis (Figure 2.2) showed significant differences between treatments in the
NET and HYP trials, specifically at 8 HAD (pctri-NeT4 < 0.001), and at 8 (pHyp3o-HYP15 <
0.001) and 24 HAD (pnypso-Hyp15 = 0.020), respectively. In the OC trial, fish reached an
average maximum rigor strength at 24 HAD. In the NET trial, averaged maximum rigor
strength was reached at 48 HAD in CTRL and NET2, and at 24 HAD in NET4 group.
In the HYP trial, all groups reached averaged maximum rigor strength at 48 HAD.
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Figure 2.2. Post-mortem changes in muscle pH and rigor mortis of gilthead seabream (Sparus
aurata) submitted to different challenges (A — overcrowding, B — net handling, C — hypoxia), in
two intensities, and unstressed fish (control), stored in ice for 72 h. Data points are the mean
+ SD of n = 9 for each sampling time. Means labelled * are different at p < 0.05.

2.4.4. Plasma proteomics analysis

A comparative proteomics analysis of the gilthead seabream plasma between
the control and the stress treatments detected, 681, 752 and 681 protein spots for the
OC, NET and HYP trials, respectively, within the pH range of 4—7 and a molecular
mass range of 11-114 kDa. After statistical analysis, 19, 360 and 34 protein spots
within the OC, NET and HYP trials, respectively, were found to present significantly
differential abundance (significance threshold at p < 0.05) between experimental
conditions. From these, seven, 171 and 12 were manually excised from the 2D gels
for MALDI-TOF/TOF MS analysis. No proteins were identified with significance for the
OC trial. For the NET and HYP trials, 107 and two differential protein spots,
respectively, were successfully identified by a combination of peptide mass
fingerprinting (PMF) and MS/MS search, with significant scores (protein score > 76,
total ion score > 60, p <0.05). Among the spots identified from the NET trial, 13 showed
more than one significant protein identification (202, 326, 521, 559, 586, 604, 677, 877,
950, 959, 990, 996 and 1157), indicating that multiple proteins migrated to the same

spots on the gel. The identified proteins are listed in an additional file (see additional

51



Chapter 2

file 2 - online). A representative 2D gel of the gilthead seabream plasma proteome is

shown in Figure 2.3.
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Figure 2.3. Representative pattern of gilthead seabream (Sparus aurata) blood plasma on a
12.5% polyacrylamide 2D gel. Black circles represent the 107 proteins identified by MALDI-
TOF/TOF MS with significant differences in abundance in NET groups and black squares the
2 proteins with significant differences in abundance in HYP groups (p < 0.05).

Considering the number of identifications in each trial, only the 107 identified
protein spots from the NET trial were considered for further statistical and
bioinformatics analyses. At this step, a log-fold change cutoff of £ 1.0 (p < 0.05) was
applied (Figure 2.4.A) and a total of 56 identified protein spots (corresponding to 20
single entries) were considered significant. Of these, 19 were upregulated in stressed
fish and 34 were downregulated. Three spots (502, 990 and 1021) showed multi-
expression patterns and could not be classified as up- or downregulated. Seventeen
protein spots (502, 715, 841, 905, 908, 919, 937, 939, 967, 997, 1004, 1016, 1021,
1151, 1221, 1238 and 1250) were identified as apolipoprotein A-l, whereas 13 were
downregulated in stressed fish. Four spots (864, 869, 990 and 996) were identified as
apolipoprotein Eb and two were upregulated. Complement factor B was identified in 4
spots (144, 146, 152 and 737) and complement component C3 in 5 spots (591, 593,

595, 1048 and 1083) from which three from each were upregulated. Two protein spots
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(796 and 833) were identified as warm-temperature acclimation-related 65 kDa, 1
down- and one upregulated. Three spots (202, 206 and 209) identified as inter-alpha-
trypsin inhibitor heavy chain H3, 2 spots (224 and 229) as alpha-2-macroglobulin and
five (558, 751, 843, 904 and 1079) identified as transferrin were downregulated. Two
spots (663 and 710), identified as haptoglobin, were found to be upregulated.
Fibrinogen alpha-chain was identified in two spots (521 and 544) and were both
upregulated. Alpha-l-antitrypsin homolog, apolipoprotein B-100, beta-actin,
calcium/calmodulin-dependent protein kinase type |II, leucine-rich alpha-2-
glycoprotein, fetuin-B-like, hemopexin-like, hyaluronic acid-binding protein 2 and

pentraxin were identified in a single protein spot each.
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Figure 2.4. Volcano plots of the entire set of plasma proteins detected by DIGE analysis on
the NET trial samples. Each point represents the difference in abundance (fold-change)
between stressed fish (NET2 on the left; NET4 on the right) and control fish plotted against the
level of statistical significance. Dotted vertical lines represent a 2-fold variation in abundance,
while dotted horizontal line represent the significance level of p < 0.05. Red dots represent
proteins significantly up- and downregulated. B — PCA performed with the normalized spot
volumes of the 107 identified proteins in the plasma samples of gilthead seabream from the
NET trial (n = 6). Blue, orange, and red dots represent CTRL, NET2 and NET4 groups,
respectively. C — HCA of 107 significantly differential proteins identified in the plasma samples
of gilthead seabream from net handling (NET) trial. Rows represent expression patterns of
individual proteins, while each column corresponds to a biological replicate (fish). Cell color
indicates the normalized Z-scores of the spot volumes.

Hierarchical clustering (HCA) and PCA analyses were performed for the

identified 107 proteins spots with differential relative abundance across NET groups to
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check how well the samples grouped based on the expression patterns of the protein
spots. The PCA (Figure 2.4.B) showed two main clusters belonging to the control and
NET4 samples, while two biological samples belonging to the NET2 group clustered
together with the control samples and one with the NET4 samples. The 107 differential
protein spots were centralized into two principal components (PC), PC1 and PC2,
which represented the maximum variation (65.6%) and the next highest variation
(5.5%), respectively. The HCA (Figure 2.4.C) likewise revealed two main groups
regarding the biological replicates, as observed by the top dendrogram. The protein
spots were also grouped into two main clusters, one displaying a pattern of higher
relative abundance and the other of lower relative abundance in stressed fish, when
compared to the control. As described above for the PCA, higher variability in NET2
was also shown in the HCA.

For the network and GO enrichment analyses the subset of 20 single protein
identifications mentioned above was blasted against Danio rerio in the UniprotkKB
database. A PPI network (Figure 2.5.A) was generated on the STRING web tool
revealing 61 edges among 18 nodes/proteins (two proteins had no interaction with the
main network), with a clustering coefficient of 0.677 and a very significant enrichment
value (p < 1.0e71%). The analysis was performed on Cytoscape and specific topological
parameters were selected to demonstrate the importance and distribution of the nodes
in the network: a darker color intensity of the nodes indicates higher degree, while the
size was estimated using the variation in protein abundance (fold-change). For every
single entry, one protein spot was chosen as the most representative of each protein
(Table 2.1), based mainly on the protein score and experimental molecular weight and
pl close to the theoretical ones. From these 18 spots, 11 were down- and seven were
upregulated, however, these differences in abundance were mostly significant (log-fold
change > 1.0 or < - 1.0, g-value < 0.05) for the NET4 treatment (only two were
exclusively significant for the NET2 treatment and two were significant for both
treatments). Thus, the fold-change of these 18 spots between NET4 and CTRL groups
was used to estimate the size of the nodes on the PPI network, which ranged from -
4.04 to + 2.78. SERPINCL1 (antithrombin-Ill), TFA (transferrin) and FGA (fibrinogen
alpha-chain) occupied the most central positions in the network having the highest
number of interactions, while APOA1 (apolipoprotein A-1) showed the highest number
of experimentally demonstrated interactions, mainly with APOEB (apolipoprotein Eb),
APOBB (apolipoprotein B-100) and FGA. GO Enrichment analysis (Figure 2.5.B)
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revealed 19 overrepresented (hypergeometric test, FDR < 0.05) GO Biological
Process (BP) terms, mostly linked to the immune system and response to stimulus. No
annotations were retrieved for alpha-1-antitrypsin, leucine-rich alpha-2-glycoprotein-
like, apolipoprotein A-I, apolipoprotein B-100-like, haptoglobin, pentraxin and
hyaluronic acid binding protein 2. In the horizontal bar plot (Figure 2.5.B), only the nine
most significant terms are represented. GO Molecular function enrichment analysis
accounted for eight terms with five main proteins (alpha-1-antitrypsin, antithrombin-Iil,
inter-alpha-trypsin-inhibitor, kininogen and alpha-2-macroglobulin) while GO Cellular
component revealed four enriched terms with two main proteins (fibrinogen alpha-
chain and alpha-2-macroglobulin). A complete list of all GO terms is described on the

additional file 3 - online.
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Figure 2.5. PPI network generated with 18 differential proteins identified in the plasma of fish
from NET trial. Nodes represent proteins and edges the functional associations between them.
STRING annotations are described in Table 2.1. Red arrows represent upregulated proteins
in both treatments; blue arrows represent downregulated proteins in both treatments. D — GO
Enrichment analysis of the 18 proteins showing significantly differential abundance between
control and NET treatments (hypergeometric test, FDR < 0.05).
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Table 2.1. STRING annotations and fold-changes of the proteins in the PPI network. Bold lettering in the “FC” column indicates significant fold-
changes (> 1.0 and < -1.0). List is given in ascending order of spot number.

FCd Danio rerio homolog

. . - TRIN tati
NET2 NET4 (UnlprOtKB |dent|f|er) S G annotation

Spot2  Accession no.P Protein ID¢

PREDICTED: complement factor B-like [Stegastes

152 XP_008277007.1 partitus] 1.72 2.54 F1QFTO zgc:158446
202 XP_010753395.2 PREDICTED: antithrombin-IIl [Larimichthys crocea] -0.36 -1.61 Q8AYE3 serpincl
209 XP_019111370.1 @ REDICTED: inter-alpha-trypsin inhibitor heavy chain - o, 7¢ F1QTF9 2gc:110377
H3-like [Larimichthys crocea]
alpha-2-macroglobulin, partial [Kryptolebias
224 XP_017260893.1 -0.62 -1.74 AOAOR4IDD1 az2mi
- marmoratus]
316 AWP20152.1 putative apohpoprotem B-100-like isoform 2 .0.88 1.46 Q5TZ29 apobb
[Scophthalmus maximus]
367 XP_023285742.1 alpha-1-antitrypsin homolog [Seriola lalandi dorsalis] 1.17 2.78 Q6P5I9 serpinal
544 KKF22678.1 Fibrinogen alpha chain [Larimichthys crocea] 1.33 2.26 B8A5L6 fga
556 XP_018550494.1 PREDICTED.: leucine-rich alpha-2-glycoprotein-like 051 1.20 Q5RHES LRG1
[Lates calcarifer]
558 AEA41139.1 transferrin [Sparus aurata] -0.46 -2.18 AOA2R8RRA6 tfa
595 ADM13620.1 complement component ¢3 [Sparus aurata] 1.08 2.06 Q3MU74 c3b
710 ARI46218.1 haptoglobin [Sparus aurata] 1.39 1.53 F8W5P2 ENSDARS(;80000051
736 AJW65884.1 Hyaluronic acid binding protein 2 [Sparus aurata] -0.33 -1.53 Q1JQ29 habp2
796 ACN54269 1 warm temperature acclimation-related 65 kDa protein 0.85 113 QBPHG2 hpx
[Sparus aurata]
877 BAM36361.1 pentraxin [Oplegnathus fasciatus] -1.24 -0.73 Q7SZz53 crp2
XP_022604055.1  kininogen-1-like [Seriola dumerili] -1.24 -0.73 Q5XJ76 kngl
996 APO15792.1 apolipoprotein Eb [Sparus aurata] -0.10 -3.04 042364 apoeb
997 XP_010742296.3 apolipoprotein A-I [Larimichthys crocea] -0.92 -4.04 042363 apoala
1072 XP_020489366.1 fetuin-B-like [Labrus bergylta] -0.47 -1.07 E7FEQ90 fetub
aSpot no. — number of the spot in the 2D gel (Figure 2.3), attributed by the SameSpots software.
b Accession number — NCBI accession number
¢ Protein ID — protein identification by MALDI-TOF/TOF MS
dFC - Log2(fold-change) - significant changes in protein abundance (treated/control). Bold lettering indicates significant fold-changes (> 1.0 and < -1.0).
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2.5. DISCUSSION

In this study, the stress response of farmed gilthead seabream adults to chronic
stress conditions was primarily assessed by observing both changes in the
concentration of routine plasma stress indicators, namely cortisol, glucose and lactate,
and post-mortem biochemical parameters, explicitly pH and rigor mortis. To evaluate
the existence of possible unbiased and reliable markers of chronic stress, proteomics
was used to verify the potential of fish protein-based adaptations.

Cortisol is the most commonly used physiological indicator of the primary
response to stress (T. Ellis et al., 2012). However, it has been shown that this
corticosteroid is not a reliable biomarker of long-term stress exposure (T. Ellis et al.,
2002; Martinez-Porchas et al., 2009; Naderi et al., 2017; Zahedi et al., 2019). In this
study, gilthead seabream that endured high stocking densities over 54 days showed a
possible reconfiguration of the cortisol response. This is supported by the observed
downward trend of this metabolite, as compared to unstressed fish. This is suggestive
of either a non-activated or an altered responsiveness of the HPI axis, which
sometimes leads to the hyporeactivity of the corticosteroid response (Rotllant et al.,
2000). The same outcome was observed in juvenile gilthead seabream confined for 14
days at 26 kg m3 (Barton et al., 2005) and in meagre, cultured at different stocking
densities for 40 days (Millan-Cubillo et al., 2016). In the NET trial, however, apart from
the wide dispersion of observations, plasma cortisol levels were significantly higher in
handled fish. This result suggests that the fish were not able to appropriately adapt to
the handling stressor. Its persistence, unpredictability, and severity could have
prevented the possibility of habituation. Regarding the HYP trial, no effect of the 48 h
of hypoxia was reflected in these fish. This suggests an acclimation to the low oxygen
environment by a possible adjustment of the oxygen requirement (e.g., reduction of
high energy behaviors).

Overall, the aforementioned observations suggest that the cortisol response
and the capacity of adaptation are modulated by the nature, duration and intensity of
the stressor. However, other factors like species, age, sex, and individual coping
mechanisms seem to be ubiquitous and impact their adaptive processes (Fast et al.,
2008; Houslay et al., 2019; Rotllant et al., 2000). This process of stress habituation
was already suggested and demonstrated in other studies (Tort et al., 2001; Zahedi et
al., 2019), but this mechanism is not yet well-understood. High individual variability

was also observed in each trial, most likely due to individual differences in the stress
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response related to intrinsic factors of the animal (e.g., coping styles, cognitive
perception) (Barton, 2002; Barton et al., 2005; Castanheira et al., 2017). Additionally,
values registered for control fish, in every trial, are higher than the reference values
reported in the literature for this species (Yildiz, 2009). These discrepancies may have
several causes, which is why cortisol should be used with caution when evaluating the
magnitude of the stress response. Moreover, the difficulty of measuring resting cortisol
levels is also acknowledged to be one of the causes of these discrepancies. The lack
of proper planning when sampling cortisol, or the manipulation needed to net and
anaesthetize the fish, can result in high “control” cortisol levels that do not correspond
to the “genuine” basal levels i.e., the non-manipulated fish levels. Also, it is well-
established that following the perception of an acute stressor, the levels of circulating
stress markers increase within the first minutes or hours of stress response, returning
to basal levels as time elapses, usually within 24 h (Fanouraki et al., 2011; Naderi et
al., 2018; Vijayan et al., 2010).

Secondary physiological responses are characterized by an increase in glucose
and lactate levels in blood plasma to satisfy the increased energy expenditure.
Changes in glucose usually follow similar trends as cortisol after the stressor
(Wendelaar Bonga, 1997). This is corroborated in this study by the levels of plasma
glucose registered in all trials (Figure 2.1). Glucose levels, besides following the same
trend as cortisol levels, are, in general, below the basal values for this species (Yildiz,
2009). This could be related to the fish’s inability to maintain the same levels of glucose
in the blood due to the high demand for glucose mobilization to other tissues. The
decrease of plasma glucose levels in OC agrees with the decrease in the cortisol
levels, supporting the hypothesis of habituation or exhaustion of the endocrine system
(Martinez-Porchas et al., 2009). The significant increases in the plasma glucose levels
of stressed fish from NET and HYP trials are consistent with previous studies. These
showed that glucose rises during air exposure or low oxygen levels, due to stimulation
of muscle glycogenolysis and hepatic gluconeogenesis, where glucose is synthesized
to maintain the energetic substrates’ demand (Omlin & Weber, 2010). Similar to
cortisol, glucose and lactate circulating levels also return to basal levels within hours
post-stressor, which further makes these metabolites unreliable markers in case of
prolonged stressors (Gesto et al., 2013; Lopez-Patifio et al., 2014). Additionally,
studies also demonstrate that glucose variations in the blood are not only hormonal-

induced due to stressful practices. Factors like variations in the water temperature and
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pH, anesthesia, diet composition or fasting can also affect plasma glucose levels
(Gesto et al., 2008; Polakof et al., 2012).

When insufficient oxygen is available to maintain the aerobic ATP production,
fish resort to anaerobic metabolism to meet cellular requirements. This shift
consequently leads to lactate accumulation in the muscle (Weber et al., 2016; C. M.
Wood et al., 1983). In this study, changes in the circulating lactate levels do not follow
the same trends of cortisol and glucose variations. Statistically significant differences
in the lactate levels were only observed in the OC trial. In this case, if the cortisol
response is indeed lower due to HPI axis acclimation, as suggested before, the lactate
recycling rate in the hepatic glycogenolysis is reduced, explaining the significant
plasma lactate increase in stressed fish. Additionally, previous studies show that during
hypoxia or intense swimming activity, fish produce lactate in the muscle at a higher
rate than it can be processed by other tissues (Weber et al., 2016).

Post-mortem muscle pH and rigor mortis have been used as tissue indicators
of ante-mortem stress in numerous fish species (Acerete et al., 2009; Bahuaud et al.,
2010; Poli et al., 2005). After the fish death, both blood circulation and oxygen supply
cease. The major source of ATP to the muscle is thus lost since glycogen can no longer
be oxidized. However, for a limited time after death, ATP in the muscle is maintained
at a definite level by creatine kinase. Consequently, the depletion of ATP reserves
stimulates the breakdown of glycogen by anaerobic glycolysis in the muscle, in order
to maintain the energy expenditure. This process results in the accumulation of lactic
acid, generating H* ions and consequently lowering muscle pH (Bagni et al., 2007).
Glycolysis continues until all glycogen is consumed or the glycolytic enzymatic system
is made inactive by the low pH. Hence, the magnitude and rate of this pH fall depend
on the fish’s energy reserves prior to death. These energy reserves can be influenced
by the intensity and duration of the stress while fish is alive. To our knowledge, no
studies were performed with gilthead seabream regarding the effects of long-term
chronic stressors on the evolution of post-mortem biochemical processes in the
muscle. Results from this study (Figure 2.2) followed the same pH trends as previous
studies on gilthead seabream (Matos et al., 2013; T. S. Silva et al., 2012), however,
comparing this with the existent studies on pre-slaughter stress (Bahuaud et al., 2010;
Matos et al., 2010; Wilkinson et al., 2008), muscle pH values immediately after death
are lower than the ones found in this study, suggesting that stress at slaughter was low

in our fish. (Poli et al., 2005) state that in cases of exposure to a chronic stressor for a
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long time before death, the lactic acid produced can be gradually cleared from the
muscle, but simultaneously the energy sources, like glycogen, will likewise gradually
become exhausted. Hence, when the fish is killed, muscle pH does not suffer a
dramatic fall due to an early end of post-mortem anaerobic glycolysis caused by energy
source scarcity. This might explain the significant differences found in the HYP trial,
where the highest pH values were observed in the highly stressed fish (HYP15),
suggesting that these fish had lower energy reserves. Nevertheless, pH values
registered after the 24 HAD, in every treatment, agree with the reported by previous
studies in this species at the same sampling times (Ayala et al., 2010; Matos et al.,
2013).

Rigor mortis is inextricably correlated with muscle ATP and the pH decline. The
onset of rigor mortis occurs with ATP depletion. When ATP reaches low levels, actin,
and myosin in the muscle bind together, forming the actomyosin complex and causing
stiffness of the fish body (Delbarre-Ladrat et al., 2006). A strong relationship between
low muscle pH immediately after death, and a rapid onset of the rigor state was
demonstrated in a range of fish species (Bagni et al., 2007; Wilkinson et al., 2008). In
this study, the evolution of rigor mortis (Figure 2.2) was similar between treatments
and significant differences were only found in the NET and HYP trials at 8, and at 8
and 24 HAD, respectively. A delayed onset was observed, starting between 2 and 6
HAD in every trial and reaching the maximum rigor index between 24 and 48 HAD.
This delay is in agreement with the high muscle pH registered immediately after death,
supporting the hypothesis of low energetic reserves in our fish at the time of death.
Measuring glycogen and ATP content in the fish muscle and liver would be a
complementary assessment to infer about the energetic reserves and corroborate our
hypothesis.

Plasma proteins were evaluated in this study since blood plasma is a very
informative biological fluid, acting as a mirror of the physiological condition of the
organism. Stress and stress-related hormones are recognized as modulators of the
fish immune system (Eslamloo et al., 2014), however, responses depend on the
intensity and duration of the stressor. The innate immune system is a fundamental
defense mechanism in fish (Bayne & Gerwick, 2001). The acute phase response is
part of this system, and it is mainly regulated by cytokines and glucocorticoids (Cray
et al., 2009). This response is characterized by the release of acute-phase proteins
(APP), by the hepatocytes, into circulation (Charlie-Silva et al., 2019). APP can be
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classified as “positive” or “negative” depending on whether their plasma concentration
increases or decreases during activation of this response (Gabay & Kushner, 1999).
The response profile of our fish demonstrated the same tendency of protein changes.

In this study, the pattern of protein changes observed in the plasma indicates
that the fish immune system was affected mainly by net handling and hypoxia
challenges. Nevertheless, net handling was shown to be the most impacting. The
levels of 20 different plasma proteins (distributed by 56 significantly differential spots),
all related with immunological processes, were shown to be modulated by repetitive
net handling, compared to two proteins modulated by hypoxia. As mentioned
previously, the same proteins were often detected from different spots on the 2D gels.
Such a phenomenon may be due to existent isoforms or caused by adaptive changes
of the proteome to maintain cellular homeostasis. This adaptation may involve changes
at the level of protein degradation, localization, function, and activity — all of which can
be modulated by posttranslational modifications (PTMs) (Karve & Cheema, 2011).
PTMs can regulate fundamental biochemical processes and be more energetically
efficient than altering protein abundance, constituting potential interesting signatures
of stress. Studies on PTMs in fish are still scarce.

The changes detected in protein abundance (listed in additional file 2 - online),
along with the PPl network and GO enrichment analyses (Figure 2.5) performed,
confirmed the involvement of several components of the innate immune system in the
physiological adaptation to these stressors. Proteins considered to be “positive” APP
were likewise shown to be increased in abundance in the plasma of fish stressed by
net handling (fibrinogen alpha-chain, complement component C3, haptoglobin,
complement factor B, warm-temperature acclimation 65 kDa protein, alpha-1-
antitrypsin), while proteins considered as “negative” were decreased (transferrin,
interalpha-trypsin inhibitor, apolipoprotein A-1) (Roy et al., 2016). A diverse number of
proteins involved in the APR was also found previously to be modulated in chronically
stressed gilthead seabream (Pérez-Sanchez et al., 2017).

Apolipoprotein A-l1 (Apo-Al) was modulated only by net handling stress.
Seventeen proteoforms were identified in the plasma proteome map, being mostly
decreased in abundance when comparing with the unstressed fish. Apo-Al is the main
protein constituent of the high-density lipoprotein (HDL), playing a role in lipid
metabolism and participating in the reverse transport of cholesterol from tissues to the

liver (Concha et al., 2003; Pifieiro et al., 2007). Apo-Al was also found to be decreased
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in abundance in crowded Atlantic salmon (Veiseth-Kent et al., 2010). In cod (Gadus
morhua) it acted as a negative regulator of the complement system (Magnadéttir &
Lange, 2004). Other two apolipoproteins were also found to be downregulated in the
plasma of fish from NET2 and NET4 groups (Apolipoprotein Eb and apolipoprotein B-
100).

The complement system is an essential part of the innate immune system which
can be activated through three pathways: the classical, alternative and lectin pathways
(Boshra et al., 2006). Fish display a plethora of complement components, mainly
complement component C3 (C3), which may present around five proteoforms in a
single species (Sunyer et al., 1997). C3 is one of the most abundant proteins in the
plasma and plays a central role in the innate immune system, supporting the activation
of all three pathways (Boshra et al., 2006). In this study, C3, identified in 5 proteoforms,
and complement factor B (Bf), identified in 4, were found to be increased in abundance
by net handling. Contrarily, C3 was downregulated in fish exposed to low oxygen
levels. Bf also plays a role in complement activation by acting as the catalytic subunit
of C3 convertase, an enzyme responsible for the proteolytic cleavage of C3, in the
classical and alternative pathways (Boshra et al., 2006).

Several metal-binding proteins, existent in the plasma of vertebrates, can
chelate iron, zinc, and copper, which are essential elements for the virulence of
bacteria (Porcheron et al., 2013). Alpha-2-macroglobulin (A2M) is a multifunctional
protein (Funkenstein et al., 2005) found to be downregulated in the plasma of fish
submitted to handling stress. It is mostly known to act as a broad range serine
proteinase inhibitor and to bind metal ions (Porcheron et al., 2013). Contrarily,
haptoglobin, which is also responsible for the sequestration of iron by binding to
hemoglobin, was found to be increased in the plasma of handled fish. Similarly, warm-
temperature acclimation-related 65 kDa protein (Wap65), which is involved in the
scavenging of free heme (Dietrich et al., 2018), was increased in abundance by net
handling and hypoxia stressors. Wap65 in fish is the homologue of mammalian
hemopexin (Kinoshita et al., 2001) and in most teleosts presents two proteoforms
(Diaz-Rosales et al., 2014). In this study, two spots were also matched to this protein
suggesting the presence of these two proteoforms. Transferrin (Tf) decreased in
abundance in the plasma of fish stressed by net handling. Tf is a plasma protein also
capable of binding iron and an important constituent of the iron homeostasis (Sanahuja
& Ibarz, 2015).
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In fish, antiproteases are important participants of the non-specific humoral
immune defense mechanism (Roy et al., 2016). A2M is an important factor in this
mechanism. Alpha-1-antitrypsin is a serine protease inhibitor, upregulated in net-
handled fish, which is responsible for negatively regulating blood clotting molecules to
prevent thrombosis (Rebl & Goldammer, 2018). Inter-alpha-trypsin inhibitor H3 is also
a serine protease inhibitor, which was found to be downregulated in the plasma of fish
from NET groups. The same pattern of protein changes was verified for fetuin-B, a
cysteine proteinase inhibitor recently described in teleosts (C. Li et al., 2017). Finally,
fibrinogen alpha-chain, a beta-globulin involved in blood clotting, an integral part of
innate immunity (Rebl & Goldammer, 2018), was found to be upregulated in the plasma

of fish belonging to NET groups.

2.6. CONCLUSIONS

In summary, the overall results suggest that physiological changes were higher
in fish exposed to repeated handling, while mild and permanent stressors might have
allowed the fish to refine their physiological processes and adapt to certain challenges.
The variability in the response levels of cortisol, glucose, and lactate, in fish from the
same groups, alongside the possible adaptation suggested by the results, demonstrate
that these indicators may not be the most robust in case of chronic stress monitoring.
On the other hand, plasma proteomics allowed the detection of a cohesive network of
protein changes associated with essential immunological pathways in stressed fish.
These proteins will be useful in understanding the biological processes behind protein-
based stress adaptation in fish and may, therefore, represent the first screening for
potential biomarker candidates of chronic stress in gilthead seabream. This work is the
first step for a more scientific and reliable assessment of fish welfare. A
multidisciplinary approach, and the study of the stress response from the molecular to

the behavioral level might just be the holistic approach needed to achieve such a goal.

2.7. SUPPLEMENTARY MATERIAL
Supplementary tables are available for this paper at
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-020-6728-4#Sec22
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3

Multiomics characterization of the gilthead seabream

hepatic stress response

Nothing in life is to be feared, it is only to be understood. Now is the time to understand
more, so that we may fear less.

— Marie Curie
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3.1

Mid-infrared spectroscopic screening of metabolic alterations

In stress-exposed gilthead seabream (Sparus aurata)

trillion. To get a handle on the magnitude of a trillion fishes, if the average length of
each caught fish is that of a dollar bill, and we lined them up end to end, they would
stretch to the sun and back...

, , ...the number of fish killed (and reported) each year by humans is between 1 and 2.7

— Jonathan Balcombe in “What a Fish Knows”
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Chapter 3.1

3.1.1. ABSTRACT

Stress triggers a battery of physiological responses in fish, including the
activation of metabolic pathways involved in energy production, which helps the animal
to cope with adverse situations. Prolonged exposure to stressful farming conditions
may induce adverse effects at the whole-animal level, impairing welfare. Fourier
transform infrared (FTIR) spectroscopy is a rapid biochemical fingerprinting technique,
that, combined with chemometrics, was applied to disclose the metabolic alterations in
the fish liver as a result of exposure to standard stressful practices in aquaculture.
Gilthead seabream (Sparus aurata) adults exposed to different stressors were used as
model species. Spectra were preprocessed before multivariate statistical analysis.
PCA was used for pattern recognition and identification of the most discriminatory
wavenumbers. Key spectral features were selected and used for classification using
the k-nearest neighbor (KNN) algorithm to evaluate whether the spectral changes
allowed for reliable discrimination between experimental groups. PCA loadings
suggested that major variations in the hepatic infrared spectra responsible for the
discrimination between the experimental groups were due to differences in the intensity
of absorption bands associated with proteins, lipids, and carbohydrates. This broad
range technique can thus be useful in an exploratory approach before any targeted

analysis.

69



Chapter 3.1

70



Chapter 3.1

3.1.2. INTRODUCTION

Intensive and controlled fish production is necessary to meet the ever-
increasing demand for quality protein (FAO, 2020). However, intensification of
production, mainly by the aquaculture industry, inevitably leads to environmental and
welfare issues. Management practices often induce some level of disturbance, which
can elicit a stress response in fish and may result in more severe long-term
complications at the growth, reproduction, health, and behavior levels (Wendelaar
Bonga, 1997). Therefore, proper monitoring of stress in fish is crucial to reduce the
adverse effects of production routines. Also, a more in-depth knowledge of the
physiology of fish stress becomes fundamental.

Stress in fish has been extensively studied (Schreck et al., 2016), but only
recently, more modern, and sensitive techniques started to be applied in this endeavor.
High-throughput technologies have been gaining popularity to unveil the main changes
occurring in farmed fish metabolism caused by stressful rearing conditions (Raposo de
Magalh&es, Schrama, et al., 2020). Among them is metabolomics, which allows for the
non-selective chemical analysis of metabolites in a given biological system (Alfaro &
Young, 2018). Metabolomics in fish research has been focused mainly on the
environmental impacts on fish health (C. Guo et al., 2014; Southam et al., 2008) and
welfare (Karakach et al., 2009; Mushtaq et al., 2014). Metabolic fingerprinting is one
common approach in metabolomics, often of comparative nature, that can provide
qualitative information on the metabolic alterations caused by biotic or abiotic factors
(D. 1. Ellis et al., 2007). Among different techniques, FTIR spectroscopy, a form of
vibrational spectroscopy, is one common analytical platform used in metabolic
fingerprinting. It has been successfully applied to differentiate functional biochemical
groups in the liver of fish exposed to different rearing conditions (Ceylan et al., 2014,
T. S. Silva et al., 2014), to determine the changes caused by spoilage in gilthead
seabream (Fengou et al.,, 2019) and salmon (Saraiva et al., 2017), and to identify
alterations provoked by toxic chemicals, in rainbow trout (Cakmak et al., 2003; Coccia
et al., 2019), Mozambique tilapia (Velmurugan et al., 2018) and catfish (Matouke,
2019). Furthermore, FTIR spectroscopy was also applied to assess cod liver oil quality
(Guillén et al., 2008) and characterize hake lipids and lipid changes during frozen
storage (Sanchez-Alonso et al., 2012). Although the use of FTIR spectroscopy in fish
research is still in its infancy, these studies with such diverse contexts underline the

applicability of this technique to study different fish tissues.
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Vibrational spectroscopy is based on the ability of certain compounds,
presenting covalent bonds, to selectively absorb unique frequencies of
electromagnetic radiation, exciting the molecule to a higher vibrational state. Each
chemical bond can vibrate in numerous ways, and each vibration is called a vibrational
mode (e.g., stretching or bending). This absorption of energy by the vibrating chemical
bond results in an infrared spectrum. The most used techniques based on vibrational
energy are Raman and infrared spectroscopies (Keisham et al., 2014).

FTIR spectroscopy is a fast and relatively simple technique, with a low-cost
value regarding consumables (H. Zhao et al., 2004) and requiring a small amount of
sample (Talari et al., 2017). First, an interferogram is collected from a sample signal
using an interferometer. Then a Fourier transform (a mathematical algorithm) is applied
to the raw data (interferogram) to obtain the actual infrared spectrum, in the mid-
infrared region (D. I. Ellis et al., 2007). Hence, this technique allows to analyze changes
in band positions, widths, and intensities to obtain information on the metabolic
changes with alterations in main compounds, such as lipids, proteins, and
carbohydrates (B. C. Smith, 2011).

No reference has been found in the literature regarding the use of FTIR
spectroscopy to investigate the metabolic alterations in farmed fish induced by
everyday aquaculture production stressors. However, previous studies on the effects
of stressful conditions in algae (Stehfest et al., 2005), yeast (Corte et al., 2010),
bacteria (Portenier et al., 2005), and fish toxicology (Velmurugan et al., 2018)
demonstrate the potential of its application in this field. One great advantage of this
spectroscopic technique is its ability to provide a broad outlook on fish metabolism
without any preconceptions. Additionally, its holistic nature can offer a global overview
of the classes of biochemical compounds responding directly to external stimuli, which
can be extremely useful before any targeted and more accurate analysis.

In the present work, gilthead seabream (Sparus aurata) adults, a widely cultured
species in European aquaculture, were submitted to three different stressful rearing
conditions, namely overcrowding, net handling and hypoxia. These stressors were
demonstrated before to induce significant changes in the levels of specific metabolites,
known to be associated with the physiological stress response in fish, and stress-
related proteins, in the blood plasma of farmed gilthead seabream (Sparus aurata)
(Raposo de Magalhdes, Schrama, et al., 2020). In this work, potential metabolic

changes were investigated in the liver of the challenged fish, since this organ plays a
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key role in the metabolic responses triggered by the stress response, mainly in the
supply of energy for the animal to cope with adverse situations (Wendelaar Bonga,
1997). FTIR spectra were obtained from liver tissue samples and different
chemometric techniques were employed for the efficient processing of the high-
dimensional datasets generated. This untargeted approach aimed to explore the
potential of this technique to screen for spectral changes in the fish liver's metabolic
profile and provide a broad overview of the alterations caused by specific farming

conditions.

3.1.3. MATERIALS & METHODS
3.1.3.1. Experimental design and sampling

The experiments were conducted at the Ramalhete Experimental Research
Station of CCMAR, in Faro, Portugal. For each trial, nine homogeneous groups of
gilthead seabream (Sparus aurata) adults (supplied by a commercial fish farm —
Maresa, Mariscos de Estero S.A., Huelva, Spain) were randomly stocked in indoor 500
L conical fiberglass tanks supplied with flow-through seawater. Each trial was
conducted in a different period. Throughout the trials, the physicochemical parameters
varied within a natural regime (natural photoperiod, temperature at 13.4 + 2.2 °C,
salinity at 34.7 + 0.8 %o and dissolved oxygen level above 5 mg L™). Fish were fed by
hand once daily, in the morning, according to the fish initial body weight and the water
temperature, with commercially available 6 mm feed (AquaSoja, Sorgal, S.A., Ovar,
Portugal).

Following a 2-week acclimation period, three stress trials were established: OC
—Overcrowding, NET — Net handling, and HYP — Hypoxia. Each tank, with an initial
rearing density of 10 kg m= (except for the high stocking groups), was randomly
allocated to one of the three treatments, in triplicate. The OC trial lasted for 54 days,
and the fish, with an IBW of 372.33 + 6.55 g, were subjected to high stocking densities
over the entire experimental period, by increasing the number of fish in the tanks. Two
intensities were tested, having as experimental groups: OCCTRL — 10 kg m3, OC30
— 30 kg m=3 and OC45 — 45 kg m3. For the NET trial, fish, with IBW of 375.69 + 11.88
g, were challenged for 45 days. Specific nets were designed, fitted inside the tanks,
and lifted to air-expose the fish for 1 min. The experimental groups were established
according to the number of times that the fish were lifted: NETCTRL — undisturbed

fish (the net was likewise fitted inside the tanks but not lifted), NET2 — fish air-exposed
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twice a week, and NET4 — fish air-exposed four-times a week. In the HYP trial, fish,
with an IBW of 397.99 £ 16.56 g, experienced low levels of saturated oxygen over 48
h. Nitrogen was injected in the water according to the experimental groups’
requirements: HYPCTRL— 100% saturated oxygen, HYP30 — 30% saturated oxygen,
and HYP15 — 15% saturated oxygen. Data regarding zootechnical parameters were
previously published by the authors (Raposo de Magalhdes, Schrama, et al., 2020).

At the end of each experimental period, three fish per tank (n = 9 per treatment)
were lethally anaesthetized using MS-222 (Merck KGaA). The livers of the sampled
fish were collected for FTIR analysis and immediately frozen at — 80 °C. Before
harvesting, fish were starved for 48 h to clean the digestive tract.

This study was approved by the ORBEA Animal Welfare Committee of CCMAR
and the Portuguese National Authority for the Animal Health (DGAV) on August 26,
2019. The experiment described was conducted in accordance with the European
guidelines on the protection of animals used for scientific purposes (Directive
2010/63/EU) and the Portuguese legislation for the use of laboratory animals, under a
“Group-1” license (permit number 0420/000/000-n.99-09/11/2009) from the Veterinary
Medicine Directorate, the competent Portuguese authority for the protection of animals,
Ministry of Agriculture, Rural Development and Fisheries, Portugal and following

category C FELASA recommendations.

3.1.3.2. Sample preparation and FTIR spectroscopy analysis

Prior to FTIR analysis, liver samples were lyophilized for 48 h in a FreeZone 6
L Freeze Dry System (LabConco, Kansas City, MO, USA), to prevent peaks derived
from O—H molecular vibrations of water molecules. Lyophilized samples were ground
in an agate mortar and pestle and blended with potassium bromide (Sigma Aldrich)
until homogeneous, in a 1:3 ratio. The mixture was then placed in an evacuated die
(13 mm diameter) and pressed (6 x 108 Pa) for 2 min to obtain approximately a 1 mm-
thick translucent pellet, which was then used for analysis by solid-phase transmissive
FTIR spectroscopy.

Two individual FTIR spectra were acquired per biological sample (at distinct
points of the pellet), in the transmission mode, using a FTIR Spectrophotometer
(TENSOR 27 series, Bruker Optik GmbH, Ettlingen, Germany) controlled by the OPUS
software (v5.5, Bruker Optik GmbH). To enhance the signal-to-noise ratio (SNR),

interferograms were averaged for 32 scans at 4 cm™ resolution, over the middle-
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infrared wavenumber range of 4000-600 cm™, to obtain a single spectrum. Atypical
observations (extreme outliers potentially due to technical errors during sample
preparation and/or spectral acquisition) were immediately inspected and repeated if
needed. Transmittance spectra generated were exported for further analysis.

3.1.3.3. Spectral preprocessing

The .dpt files from OPUS were imported into R v3.5.3 for MacOSX where alll
data preprocessing, univariate and multivariate statistical analyses were performed.
Each spectrum was corrected with a straight line fitted between 2410 and 2270 cm™
to compensate for the atmospheric CO2 peaks, converted from transmittance to
absorbance (A = log10 1/T) and truncated to the spectral region of interest between
3600 and 950 cm™. De trending was applied for baseline correction and standard
normal variate (SNV) transformation, followed by smoothing over 25 points with the
Savitzky—Golay filter (Figure S3.1.1 - APPENDIX). All preprocessing techniques were
applied using the prospectr package (Stevens & Ramirez-Lopez, 2013). Outlier spectra
detection was carried out by a robust PCA through the projection pursuit approach and
using the GRID algorithm (Filzmoser et al., 2008). One bad leverage point and one
orthogonal outlier were removed from the corresponding datasets (Figure S3.1.2 -
APPENDIX). The functions PCAgrid and pcaDiagplot used for this analysis belonged
to the pcaPP and chemometrics packages (Filzmoser et al., 2018; Filzmoser &
Varmuza, 2017), respectively. Data points considered outliers were removed from
further analyses. FTIR spectra from technical replicates were averaged by arithmetic
mean. Determination of FTIR band positions (wavenumber (cm™)) was performed, per
averaged spectrum, according to the center of weight, using the peak-picking function
of the Essential FTIR software (free trial version, Operant LLC, Madison, WI, USA).
Tentative assignments of spectral features to classes of biochemical compounds are
described in Table 3.1.1.

3.1.3.4. Multivariate statistical analyses

For statistical analyses, FTIR wavenumbers and absorbance values were
treated as independent and dependent variables, respectively. Each trial was analyzed
separately. To assess metabolic patterns between assigned bands, the Pearson’s
correlation coefficient and its significance were calculated for the FTIR band matrix

using the rcorr function, from package Hmisc (Harrell, 2019). The correlation matrix
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was illustrated through a correlogram using the function corrplot from package corrplot
(T. Wei & Simko, 2017). Detection of structural relationships between variables and
pattern recognition was carried out through an exploratory PCA, using the standard
prcomp R function in the auto-scaled matrices. The ordination diagram was generated
for each trial with the assigned object scores relative to each principal component (PC1
and PC2). The loadings corresponding to the most discriminative PCs were plotted to
visualize and identify the most informative spectral features. Finally, a supervised
classification analysis was performed to investigate whether the spectral changes
allowed for the reliable discrimination between experimental groups. Feature selection
was adopted to retain relevant information and deduct irrelevant information. This was
achieved by support vector machine based on recursive feature elimination (SVM-
RFE) and the top-ranked spectral features used as inputs for the KNN classifier. Data
splitting into training (70%) and testing (30%) sets was ten-fold cross validated to
ensure that every observation was incorporated into the testing set. Each training set
was normalized by centering and scaling, and the parameters used to normalize the
test set. Every training dataset was then used to train a model, and re-sampling was
achieved by leave-one-out cross-validation (LOOCV). External validation was finally
performed on a testing dataset, with control as the positive class. The optimal number
of neighbors (k) was also determined by inner LOOCV on the training sets, using
accuracy as the parameter for selection, from 1 to 5, with a step of 2. Feature selection
was performed using the package sigFeature (P. Das et al., 2020), and the
classification analysis using the functions trainControl and train from the caret package
(Kuhn, 2020). Categorization was predicted by the function predict from the same
package.

3.1.4. RESULTS AND DISCUSSION

In this study, gilthead seabream adults were submitted to three different rearing
conditions in separate trials. The chosen challenges are commonly encountered in
aquaculture production routines: overcrowding (OC), net handling (NET) and hypoxia
(HYP). The livers of stressor-exposed fish were compared to those of control fish using
FTIR spectroscopy (D. I. Ellis & Goodacre, 2006), which allows to perform a rapid
screening of the biological system under investigation and thus to detect unforeseen
metabolic alterations. Hence, this analysis generates a ‘holistic’ overview of the

potential changes in major functional groups retrieved from the challenged fish, making
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FTIR spectroscopy a suitable technique to be used prior to any targeted analysis (B.
C. Smith, 2011). To the best of our knowledge, this is a pioneering work using FTIR
spectroscopy to screen for the effects of stressors associated with standard
aguaculture practices in the metabolic profile of farmed fish.

3.1.4.1. FTIR spectra of gilthead seabream liver submitted to stressful conditions

Overall, the FTIR spectra of the fish liver from the three trials showed the typical
complex metabolic patterns with several overlapping bands observed mainly at two
frequency regions: 3600-2800 cm™ and 1800-950 cm™. Only the spectral region
between 3600 and 950 cm™ was used for further analysis as both the head and end
of the spectra showed excessive noise (Figure S3.1.1 - APPENDIX). For each
experimental treatment, 18 spectra were recorded. The acquisition of spectra in
transmission mode can be affected by several factors such as sample uniformity and
homogeneity, and thickness of the KBr pellet (Diem, 1994). Therefore, spectra were
pre-processed before multivariate statistical analyses. Variations were thus minimized
by detrending, which also removed the effects of baseline shifts, and the noise reduced
with Savitzky—Golay filtering. Raw and treated spectra are shown in Figure S3.1.1 -
APPENDIX. The total spectrum was characterized by 15 bands (Figure 3.1.1.A-C)
which were assigned to specific vibrational modes, functional groups and biochemical
compounds based on the correlation analysis performed and similar biological systems
described in the literature (Cakmak et al., 2006; Ceylan et al., 2014; Palaniappan et
al., 2010; Rodriguez-Casado et al., 2007; Sanchez-Alonso et al., 2012; T. S. Silva et
al., 2014) (Table 3.1.1). Different chemometric techniques were employed to
discriminate the different spectral regions and experimental treatments.
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Table 3.1.1. Tentative assignment of spectral bands to molecular vibrations of functional
groups and biochemical compounds, based on similar biological systems described in the
literature (Cakmak et al., 2006; Ceylan et al., 2014; Palaniappan et al., 2010; Rodriguez-
Casado et al., 2007; Sanchez-Alonso et al., 2012; T. S. Silva et al., 2014)

Band Wavenumber Vibrational modes and Main biochemical Other biochemical
(cm?) functional groups compounds compounds
N-H stretching of amides
i (Amide A) .
1 3315-3290 O-H stretching of Proteins Carbohydrates
polysaccharides
2 3065 Olefinic =C-H stretching Unsat;g?(tjid fatty Aromatics
3 3010 Olefinic =C-H stretching Unsat:g?éid el Aromatics
. Proteins,
4 2926 CHz, CHs asymmetric Saturated lipids carbohydrates,
stretching . .
nucleic acids
. Proteins,
5 2858 e Saturated lipids carbohydrates,
stretching : .
nucleic acids
i C=0 stretching of esters Triglycerides, Lipids,
6 1750-1739 and aldehydes cholesterol esters phospholipids
C=0 stretching of amides
(Amide 1) . Unsaturated fatty
[ L C=C stretching of B acids
unsaturated hydrocarbons
N-H bending and C-N
stretching of amides
8 1541 (Amide II) Proteins Aromatics
C=C stretching of aromatic
hydrocarbons
9 1455 i SIImEDE £ Lipids Proteins
asymmetric bending
10 1415-1395 COO- symmetric stretching Amino aC|d_s and Other carboxylates
fatty acids
Alcohols, aromatic
Olefinic C-H bending amino acids
11 1305 P=0 stretching in Unsaturated iy organic
acids
phosphates phosphates,
carboxylates
12 1240 POz asymmetric stretching Nucleic acids Phospholipids
CO-0-C asymmetric
13 11 stretching of esters and Phospholipids and Aromatics,
55
glycogen Carbohydrates cholesterol esters
=C-H bending in aromatics
C-O stretching of glycogen
14 1085 PO symmetric stretching Carbohydrates Phospholipids
15 1045-1025 C-O stretching of glycogen Carbohydrates

3.1.4.2. Correlation analysis

Correlation analysis of the 15 bands assigned to specific biomolecules (Table
3.1.1) revealed four major clusters in the OC trial, with significant Pearson’s correlation
coefficients greater than 0.71 for all band pairs (Figure 3.1.1.D). Cluster 1 (r > 0.95, p

< 0.001), counting from the top of the matrix, is comprised exclusively of carbohydrate-
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like bands, whereas cluster 2 (r > 0.71, p < 0.001) of bands assigned to proteins. The
third cluster (r > 0.76, p < 0.001) consisted of four bands assigned to lipids, with band
n° 13 assigned to carbohydrates and phospholipids. The fourth (r > 0.77, p < 0.001) is
a cluster of three bands, of which two are assigned to unsaturated fatty acids and the

third to nucleic acids and phospholipids.
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Figure 3.1.1. FTIR spectra of the liver of gilthead seabream (Sparus aurata) submitted to three
different stressful rearing conditions (overcrowding, net handling, and hypoxia) and Pearson’s
correlation coefficient matrices comparing the assigned bands of the spectra. (A—C) FTIR
spectra, for each treatment, are shown as absorbance values (in arbitrary units (A.U.)) of 8
averaged spectra (solid line) + standard deviation (shaded ribbon). For easier readability,
mean spectra were offset along the absorbance axis. Numbers indicate the bands assigned to
biomolecules, listed in Table 3.1.1. Plots in each row are prepared with the same vertical scale.
(D-F) Plots are ordered by hierarchical clustering with complete linkage. Numbers indicate the
bands assigned to biomolecules, following the same convention as Table 3.1.1. Thicker lines
represent clusters. The degree of pairwise correlation concerning Pearson’s correlation
coefficient is displayed by the color gradient and dot size, while the colors define the signal of
the correlation (positive or negative). The significance of the correlation is indicated by the
label “*” inside the dots (*0.05 < p < 0.01, **0.01 < p < 0.001, *** p > 0.001).

For the NET trial, the correlation analysis originated three very well-defined
clusters, with significant Pearson’s correlation coefficients greater than 0.58 for all
band pairs (Figure 3.1.1.E). The first cluster (r > 0.58, p < 0.001) grouped three bands
assigned to carbohydrates, cluster 2 (r > 0.66, p < 0.001) consisted of four bands

assigned exclusively to proteins, and cluster 3 (r > 0.58, p < 0.001) was formed mainly
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by bands assigned to lipids and band n° 12, which was assigned to nucleic acids and
phospholipids. In the HYP trial case, the correlation analysis grouped the bands in four
clusters, with significant Pearson’s correlation coefficients greater than 0.47 for all
band pairs (Figure 3.1.1.F). Clusters 1 (r > 0.65, p < 0.001) and 2 (r > 0.47, p < 0.02)
were mainly formed by bands assigned to lipids and band n° 12, which was assigned
to nucleic acids and phospholipids. Similarly to the NET trial, clusters 3 (r > 0.66, p <
0.001) and 4 (r > 0.63, p < 0.001) consisted of bands assigned to carbohydrates and
proteins, respectively. Band n°® 2 presented low correlations in the OC trial. Absorption
band n° 13 can be attributable to either carbohydrate and/or phospholipids. However,
the correlation analysis suggests that in the OC trial, it is more likely to represent
changes in the phospholipids’ content. Contrarily, in the NET and HYP trials, it seems
to correspond to carbohydrates.

3.1.4.3. Principal component analysis

PCA is an unsupervised method, with no a priori knowledge of experimental
structure, primarily used to reduce the dimension of the feature space, detect structural
relationships between variables and find potential clusters of observations. The original
correlated variables are transformed into a set of orthogonal uncorrelated variables,
linear combinations of the first ones (Jolliffe, 1986). In this study, PCA was employed
for exploratory analysis. A score scatter plot was generated, for each trial, with the
projection of the samples onto the first two principal components (PCs), which
accounted for 78%, 79.4% and 78.2% of the total variability of the data from OC, NET
and HYP trials, respectively (Figure 3.1.2.A—C). The analysis of the samples’ grouping
in the score plots suggests that the separation between the corresponding control
samples and those belonging to the OC30 (OC trial) and NET4 groups (NET trial)
occurred along the PC1 axis. At the same time, PC2 appears to be responsible for the
dissimilarities between the control group and the HYP15 group (HYP trial).
Observations from groups OC45, NET2, and HYP30 are largely overlapped with the
other experimental groups. Loading plots in Figure 3.1.2.D-F, illustrate the weight of
each of the original variables (wavenumbers) on the PCs, and thus, the contribution of
each spectral feature to discriminate the mentioned pairs of treatments. Positive
loading values in the OC30 and NET4 plots (Figure 3.1.2.D,E) indicate a higher
concentration, in challenged fish, of the biomolecules corresponding to the indicated

spectral ranges. The inverse is verified for the HYP trial loading plot (Figure 3.1.2.F).
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The various lobes observed in the plots with high absolute loading values suggest that
the separation of the two most distinct groups, observed in the score plots, is based
on different spectral regions. The PC1-loadings belonging to the OC trial (Figure
3.2.D), revealed the strongest negative loadings in the 3020-2800 cm™, 1740 cm™
and 1450 cm™ spectral regions, which correspond to vibrational bands highly
associated to lipids (bands n° 3, 4, 5, 6 and 9), and the strongest positive loadings in
the regions 1600-1500 cm™ and 1030 cm™ (bands n° 7, 8 and 15), which were
attributed to proteins and carbohydrates’ bands, respectively. The NET trial's PC1-
loading plot (Figure 3.1.2.E) shows the main positive loading peaks at 3060, 1710,
1450 and 1400 cm™ (bands n° 2, 9 and 10), which correspond to bands assigned to
vibrational modes of proteins and lipids, and the higher negative loading peaks around
1150 and 1030 cm™ (bands n° 13 and 15), corresponding to the carbohydrate
characteristic region. The PC2-loadings of the HYP trial (Figure 3.1.2.F) show the most
intense positive peak in the region between 3300 and 3400 cm™, and the strongest
negative loadings at 3000-2800, 1740 and 1350-1150 cm™, corresponding mainly to
lipid-assigned bands (bands n° 3, 4, 5, 6, 11, 12 and 13). These potential changes in
these absorption bands appear to be all correlated and suggest a metabolic
reprogramming in the fish system to deal with the increase of energy demand during
adverse situations. The plasma levels of specific metabolites associated with the
physiological response to stress were assessed in these fish in a previous study and
published elsewhere (Raposo de Magalhdes, Schrama, et al., 2020). Activation of the
HPI-axis was previously suggested and supports the hypothesis of a potential
metabolic reprogramming to deal with the stressors that fish were exposed to (Raposo
de Magalh&es, Schrama, et al., 2020). When fish is exposed to a challenging situation,
a physiological response initiates to compensate and/or adapt to the new situation
(Wendelaar Bonga, 1997). When the coping capacity is surpassed, the so-called stress
response mechanism is initiated by the rapid release of catecholamines into the
bloodstream, followed by the delayed response of cortisol, which further wide spreads
effects on various tissues (Aluru & Vijayan, 2007, 2009).
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Figure 3.1.2. PCA on the FTIR spectra collected from the livers of gilthead seabream (Sparus
aurata) submitted to three different stressful rearing conditions (overcrowding, net handling,
and hypoxia). (A—C) Score scatter plots on PC1 and PC2 computed for each trial with the
3600-950 cm™ spectral range. Each point represents the projection of one spectrum, and each
treatment is identified by a unigue color, as indicated in the legend. Percentages indicate the
proportions of explained variance. Ellipses represent an 80% probability of samples being
within the shape. (D—F) PC loadings along the corresponding wavenumber for each trial. (G—
I) Ranking of the spectral features according to the SVM-RFE method for feature selection,
along the wavenumber range of 3600-950 cm™. Most well classified features in the ranking
are shown in dark blue, while least important features are colored in yellow.

Carbohydrates are essential and rapid sources of energy for fish in stressful
situations (Schreck et al., 2016). A potential hepatic carbohydrate increment in fish
from OC30 group suggests the constant activation of the major gluconeogenic pathway
by the chronic cortisol release. This leads to the synthesis of glucose in the liver, which,
if not used or exported, can be stored in the form of glycogen (glycogenesis) (Vijayan
et al., 2010). Contrarily, the suggested decrease in hepatic carbohydrate content in
NET4 fish is consistent with the stressor’s physically more intense nature. This
reduction suggests the use of glycogen stores, by glycogenolysis, to synthesize
glucose, and its immediate uptake, for energy production, or outflow (L6épez-Patifio et
al.,, 2014; Wendelaar Bonga, 1997). These results are consistent with previously
reported plasma glucose levels for these fish (Raposo de Magalhaes, Schrama, et al.,
2020). Proteins and amino acids are essential non-carbohydrate substrates for the

gluconeogenesis and have been described as hepatic energy fuels in fish under
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different stressful conditions (Vijayan et al., 2010). Results suggest that the protein and
amino acid contents increased in the liver of OC30 and NET4 fish, which can be
indicative of a cortisol-mediated increased proteolytic activity and consequent
mobilization of amino acids to the liver to be used as gluconeogenesis precursors. To
some extent, this pattern reinforces the hypothesis of the activation of this pathway.
Nonetheless, increased protein content can also be explained by a higher protein
turnover and/or synthesis of proteins involved in gluconeogenesis (Mommsen et al.,
1999). Finally, the OC and HYP trials PC-loadings suggested that the separation
between control and OC30/HYP15 groups might be due, mainly, to potential
differences in the spectral bands associated to vibrational modes of lipids. Lipid
metabolism in fish is also modulated by cortisol (Vijayan et al., 2010). Glycerol,
resulting from the catabolism of triacylglycerols is a suitable precursor for
gluconeogenesis, while fatty acids are used as sources of energy in peripheral tissues
(T. S. Silva et al., 2012). These differences suggest a cortisol-mediated activation of
hepatic lipolysis and the posterior use of the lipids as substrates for gluconeogenesis
and/or mobilization to other tissues (Vijayan et al., 2010). Other studies with fish
exposed to high stocking densities report a reduction in hepatic lipid content and/or
increased exportation of fatty acids into the bloodstream (Hernandez-Pérez et al.,
2019; Montero et al., 1999). Previous studies on different fish species also report a
mobilization of lipids to the liver during exposure to prolonged hypoxia (Gracey et al.,
2011; Mustafa et al., 2015). More targeted hypothesis-driven approaches will be
interesting to confirm the effects of these farming conditions on the described

metabolic pathways.

3.1.4.4. Feature selection and k-nearest neighbor classification analysis

To assess if the spectral features suggested to be responsible for the separation
between the groups in the score plots generated by the unsupervised PCA were indeed
discriminatory, a supervised classification analysis was performed. A full infrared
spectrum contains hundreds or thousands of variables, and the neighboring
wavenumbers are always collinear. Hence, selecting the most discriminatory
wavenumbers and discarding the uninformative ones can improve the accuracy and
robustness of multivariate analyses and classification models (Q. Dai et al., 2015).
Spectral feature selection was achieved by a support vector machine based on SVM-
RFE (Guyon et al., 2002). Compared with other feature selection methods, SVM-RFE
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is a scalable and efficient wrapper method. Firstly, linear SVM is trained on the initial
set of features while assigning weights (w) to each one, and then RFE selects feature
subsets by recursively considering smaller subsets of features at each time (Duan et
al., 2005). Features were incrementally selected 5-30 features with five steps,
according to the importance of ranking, as input data to the classifier.

Plots displaying the importance of each spectral feature in the ranking are
shown along with the wavenumber range of 3600—950 cm™ in Figure 3.1.2.G—I for
comparison with the loadings generated by PCA. Selection of the most informative
wavenumbers is generally in accordance with PC loadings, except for the regions
between 3200-3000 and ~ 3300 cm™, in the spectra from NET and HYP trials. The
supervised classification analysis with the KNN algorithm was carried out for each trial,
using only two out of the three classes: “control” and the experimental group that
presented the clearest separation in the corresponding score plots (i.e., OC30, NET4
and HYP15, in the case of OC, NET and HYP trials, respectively). The KNN algorithm
IS a non-parametric supervised classification method that allows categorizing unknown
samples based on multivariate proximity to other samples of pre-assigned classes
(majority voting) (Mucherino et al., 2009). The unknown sample’s identity is based on
the class of the nearest known samples, where each class represents an experimental
group. In this process, 6 models were built, for each trial, with different subsets of
features. The optimal number of neighbors (k) was calculated by LOOCV, where one
point in the data set is set as the test data, and the remaining points are set as the
training data. The classifier's performance is shown in Figure 3.1.3 and presented as
the mean prediction accuracy £ SD for the train and test datasets along the different
subsets of selected features. The highest accuracy values were obtained for the
classification analysis of the OC groups, with a subset of 10 spectral features (87%
and 80% for the train and test datasets). Overall, the classification models for the NET4
and HYP15 trials had a satisfactory/poor performance in the discrimination of the
experimental groups, which appears to be due, mainly, to high variability of biological
responses. Increasing the number of observations per group could potentially improve

the classification models’ performance and predictive ability.
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Figure 3.1.3. Classification analysis performed by the k-nearest neighbor (KNN) algorithm on
the FTIR spectra collected from the livers of gilthead seabream (Sparus aurata) submitted to
three different stressful rearing conditions ((a) OC trial, (b) NET trial, (c) HYP trial). Predictive
performance of the models is presented as mean classification accuracy (%) of training and
testing sets for each subset of selected features by SVM-RFE. Error bars represent the
standard deviation obtained by ten-fold cross validation (CV) of the initial data splitting.

3.1.5. CONCLUSIONS

In light of the present findings, FTIR spectroscopy coupled with chemometric
analysis of spectral data presents itself as an exploratory starting approach for the
collective screening of alterations in the metabolism of proteins, lipids and
carbohydrates simultaneously. Moreover, its holistic nature makes this technique a
suitable analysis to be employed prior to any targeted approach. This study showed
the main spectral differences in the liver of gilthead seabream exposed to high rearing
densities (30 kg m3), net-handled four times a week and exposed to low levels of
saturated oxygen (15%) when compared to the control groups. These alterations point
towards a potential activation of the fish stress response and a consequent global
rearrangement of the metabolism of the main biochemical compounds. Finally, a
supervised classification analysis demonstrated that the ten most informative
wavenumbers could discriminate between control and crowded fish with relatively
reasonable classification accuracy. However, increasing the number of samples of the
experimental treatments could benefit the overall predictions. This work introduces
FTIR spectroscopy in fish stress research as a rapid broad-range tool to extract
untargeted information regarding alterations on the hepatic infrared spectra of fish
exposed to challenging farming conditions. Validation analysis will greatly contribute to
link these spectral changes to the fish liver biochemistry and potential alterations in
specific biochemical compounds and metabolic pathways involved in the fish

physiological stress response.
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3.1.6. SUPPLEMENTARY MATERIAL
Supplementary figures can be found in the APPENDIX.
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Metabolic plasticity of gilthead seabream under different
stressors: analysis of the stress responsive hepatic

proteome and gene expression

...to continue to eat large wild fish at the rate we've been eating them we would need
"four or five" oceans to support the current human population.

— Paul Greenberg in “Four Fish: The Future of the Last Wild Food”
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3.2.1. ABSTRACT

Hepatic metabolic adjustments are key adaptive mechanisms to stress in fish
targeting at increasing energy availability for the animal to efficiently cope with a
stressor. Teleosts exhibit a broad variety of these metabolic responses, depending on
the species biology, individual experiences, and the challenge’s characteristics.
Nevertheless, the molecular response to a prolonged stress can be more
heterogeneous and far more complex to interpret than that to an acute stress. A
comparative proteomics analysis was employed to discover the set of liver proteins
involved in the adaptive processes that tune the physiological response of Sparus
aurata to different suboptimal rearing conditions and physical challenges. Three
separate trials were established where fish were submitted to different conditions
(overcrowding, net handling, and hypoxia). The response at the transcript level of 13
genes was also assessed. Mass spectrometric analysis revealed 71 differential
abundant proteins distributed among the trials. Prolonged exposure to stress seems
to have induced widespread changes in amino acid, carbohydrate, and lipid
metabolisms, antioxidant response and protein folding, sorting, and degradation
processes. Two genes corresponding to heat-shock proteins were found to be
differently expressed in net handled fish. These results shed light on the dynamics and
extent of this species’ metabolic reprogramming under different challenges, supporting

future studies on stress markers’ discovery and fish welfare research.
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3.2.2. INTRODUCTION

Gilthead seabream (Sparus aurata) is one of the most economically important
marine species for the Mediterranean aquaculture industry. In 2018, it was the fourth
major species of finfish produced in Europe (FAO, 2020), with the largest amount
coming from intensive farming systems (Matos et al., 2017). Intensification of the
aguaculture sector may have deleterious effects on fish welfare and consequently on
the environment, ecosystems, and merchantable traits of the final product (Huntingford
et al., 2006). Routine procedures, such as manipulation and confinement are
unavoidable farming practices that can represent stressful situations for the fish
(Conte, 2004). Moreover, cumulative effects of these challenging conditions can be
reflected on behavior and physiology and jeopardize fish health and survival (Eslamloo
et al., 2014). The importance of managing stress in farmed fish is already being
recognized by the industry, as consumers are becoming increasingly aware of fish
sentience, raising concerns regarding fish welfare and sustainability. However, the
knowledge on the physiology of stress of the farmed species needs to be improved to
develop accurate recommendations for best practices.

When a stimulus is perceived as a serious threat by the fish, an adaptive
mechanism is triggered, known as physiological stress response. In the short-term it
elicits a stimulatory and restorative response (eustress) that helps the individual to
cope with the challenge and restore homeostasis, not necessarily equating impaired
welfare (lIwama et al., 2006). The immediate activation of the neuroendocrine pathway
is the first step following initiation of the physiological response, resulting in the release
of catecholamines and cortisol into the bloodstream (Mommsen et al., 1999). It is well
known that these hormones induce further changes in the metabolism, supplying
energy and glucose to compensate for the coping mechanisms, while other energy-
demanding processes such as growth and immune responses are concomitantly
suppressed (Fabbri & Moon, 2016; Vijayan et al., 2010). Therefore, if the stressful
stimulus persists and/or increases in severity, the stress response becomes
maladaptive (allostatic overload), and in this case, vital biological functions can be
altered or inhibited and welfare can be compromised (Boonstra, 2013; Korte et al.,
2007). The coping capacity and the extent of the impact of the stress response on the
fish physiology depends on the species biology, on the individual’s previous subjective
experiences and coping styles, on the severity of the stressor, among other factors
(Galhardo et al., 2009). This heterogeneity of the stress physiology and the myriad of

91



Chapter 3.2

mechanisms that are consequently modulated in the organism’s biological system
enhances the difficulty of defining a status of impaired welfare, especially after a long-
term or a repetitive stressor exposure (Ashley, 2007; Carenzi & Verga, 2009).
Knowledge about the network of proteins involved in the modulation of energy-
mobilizing metabolic pathways, cellular processes and molecular mechanisms when
affected by specific stressors, could be an important step toward the study of fish
chronic stress and the future discovery of new stress indicators. Proteins are
ubiquitously affected by abiotic and biotic stimuli, resulting in alterations in protein
abundance and in post-translation modifications. As these changes occur over a
slower timescale, comparing with endocrine responses, proteomics can thus be a
promising alternative to find indicators of an adaptive long-term stress response
instead of an early response (e.g., hormones), as that used in acute stress assessment
(Cowan & Vera, 2008; Marco-Ramell et al., 2016). The number of studies employing a
proteome-wide characterization to unveil the molecular adaptations behind the
physiological response to stress in fish has been considerably increasing (Raposo de
Magalhaes, Cerqueira, et al., 2020). However, the effects on metabolism and hepatic
proteome have been studied mainly as a response to environmental stimuli,
xenobiotics, diseases, and acute stressors (Causey et al., 2018; Gandar et al., 2017;
Ghisaura et al., 2019; Ibarz et al., 2010; Mahanty et al., 2016; Malécot et al., 2011;
Naderi et al., 2018; Pédron et al., 2017; Wiseman et al., 2007; X. Zhang et al., 2017).

The hallmark of the stress response is the activation and regulation of energy-
mobilizing pathways and posterior reallocation of resources. Thus, we considered the
importance of the liver and its multifaceted role in mediating metabolic adjustments
that promote the rewiring of energetic resources toward the stress response and used
it as the target tissue in this study. In this sense, we exposed gilthead seabream
(Sparus aurata) adults to different suboptimal rearing conditions and physical
challenges, specifically high rearing densities, net handling, and hypoxia. A previous
metabolic fingerprinting of these same fish’s liver samples demonstrated alterations in
the hepatic infrared spectra of the challenged fish, compared with undisturbed fish,
suggesting a challenge-specific metabolic reprogramming (de Magalhaes et al., 2020).
Here, a 2D-DIGE gel-based proteomics analysis was employed to disclose the set of
liver proteins involved in the gilthead seabream adaptive response to these challenges.
Validation was achieved by quantitative real-time polymerase chain reaction (RT-

gPCR) and the assessment of the hepatic glycogen storage. In this study we provide
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for the first time a comprehensive analysis of the gilthead seabream liver proteome
involved in adaptive metabolic reprogramming as a response to challenging conditions
common to an aquaculture rearing facility. This work provides a fingerprint of proteins
that can be further investigated as robust physiological indicators of stress, which could
complement the currently used stress assessment measures and contribute for the

future development of suitable stress management protocols for this species.

3.2.3. MATERIALS & METHODS
3.2.3.1. Ethics

This study was approved by the ORBEA Animal Welfare Committee of CCMAR
and the Portuguese National Authority for the Animal Health (DGAV) on August 26,
2019. The experiment described was conducted in accordance with the European
guidelines on the protection of animals used for scientific purposes (Directive
2010/63/EU) and the Portuguese legislation for the use of laboratory animals, under a
“‘Group- 1”7 license (permit number 0420/000/000-n.99-09/11/2009) from the
Veterinary Medicine Directorate, the competent Portuguese authority for the protection
of animals, Ministry of Agriculture, Rural Development and Fisheries, Portugal and

following category C FELASA recommendations.

3.2.3.2. Animals and rearing conditions

Three separated fish trials were conducted at the Ramalhete Experimental
Research Station of CCMAR, in Faro, Portugal. Nine homogeneous groups of gilthead
seabream (Sparus aurata) adults (supplied from the commercial fish farm Maresa,
Mariscos de Estero S.A., Huelva, Spain) were randomly distributed, per trial, in indoor
500 L fiberglass tanks supplied with flow-through seawater. Each trial was conducted
in a different time period (from November to March). Physicochemical parameters
varied within a natural regime (natural photoperiod, water temperature at 13.4 + 2.2 C,
salinity at 34.7 + 0.8 %0 and dissolved oxygen level above 5 mg L*?). Fish were fed by
hand once daily, in the morning, with commercial feed (Standard Orange 6, AqQuaSoja,
Sorgal, S.A., Ovar, Portugal), manufactured according to the species’ nutritional
requirements. During the trials, feeding amounts were adjusted according to the fish
initial body weights and the daily water temperature (varying between 1 and 1.5% of
the tank biomass).
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3.2.3.3. Experimental design

After a 2-week acclimation period for each trial, three challenging rearing
conditions were tested, namely: OC — Overcrowding, NET — Net handling and air
exposure, and HYP — Hypoxia. Each tank was set-up with an initial rearing density of
10 kg m3 (except for the high-stocking groups) and randomly allocated to one of the
three experimental groups, in triplicate. The OC trial lasted for 54 days, and the fish,
with an average IBW of 372.33 = 6.55 g, were submitted to high stocking densities, in
two intensities, by increasing the number of fish in the tanks. Experimental groups were
established as described: OCCTRL — 10 kg m3, OC30 — 30 kg m= and OC45 — 45 kg
m-3. For the NET trial, fish, with an average IBW of 375.69 + 11.88 g, were challenged
for 45 days. Nets were designed for the purpose, fitted inside the tanks, and lifted to
air-expose the fish for 1 minute. The experimental groups were established according
to the number of times, per week, that the fish were challenged: NETCTRL —
undisturbed fish (the net was also fitted inside the tanks but not lifted), NET2 — fish air
exposed twice a week, and NET4 —fish air-exposed four-times a week. The last stress
event was applied 72 h before sampling. In the HYP trial, fish, with an average IBW of
397.99 + 16.56 g, experienced low levels of saturated oxygen over 48 h. The required
saturations were achieved by nitrogen injection into the water: HYPCTRL — 100%
saturated oxygen, HYP30 — 30% saturated oxygen, and HYP15 — 15% saturated
oxygen. During the 48 h, the levels of saturated oxygen in the water were measured
every 30 min. If these were higher than the treatment’s requirement, nitrogen was
injected, while in contrast, if the levels were lower than the requirement, the water flow

was increased.

3.2.3.4. Sampling

At the end of each trial, three fish were collected from each tank, with a net, and
immediately anesthetized with a lethal dose of MS-222 (Merck KGaA). The livers of
the sampled fish were collected, cut into small pieces, and divided by different 2 ml
eppendorf tubes according to the different subsequent analyses. Sample tubes were
immediately frozen in liquid nitrogen and stored at -80 °C until further analysis. Before
harvesting, fish were starved for 48 h to clean the digestive tract. All sampled fish were
weighed and measured. Data concerning zootechnical parameters, such as specific
growth rate, were previously published by the authors (Raposo de Magalhées et al.,
2020).
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3.2.3.5. Liver proteomics analysis
3.2.3.5.1. Protein extraction

For total protein extraction, 50 mg of gilthead seabream liver tissue (n = 6, two
samples from each tank, randomly selected) were mixed with 500 ml of extraction
buffer (7 M urea, 2 M thiourea, 4% CHAPS detergent, 30 mM Tris pH 8.5), along with
5 ml of protease inhibitor cocktail (Merck KGaA) and 2 ml of ethylenedinitrilotetraacetic
acid (EDTA) 250 mM. Sample homogenization was achieved with an Ultra-Turrax IKA
T8 (IKA-WERG, Germany) for 5 cycles of 15 s, followed by ultrasound disruption.
Homogenates were incubated on ice for 30 min and centrifuged at 13,000 g, 4 °C for
15 min to remove insoluble material. Liver extracts were diluted in the initial buffer and
the protein content measured with Bradford assay using BioRad Quick Start Bradford
Dye Reagent 1X (Bio-Rad) and BSA, BioRad Bovine Serum Albumin Standard Set
(Bio-Rad), as standard. Extracts were then depleted of non-protein contaminants
(using 500 mg of protein) with a ReadyPrep™ 2D Cleanup kit (Bio-Rad) and
resuspended in the initial buffer. The pH of the cleaned extracts was checked with a
pH-indicator paper, Sigma-P4536 (Merck KGaA) and adjusted to 8.5 using 0.1 M

NaOH, if necessary.

3.2.3.5.2. Protein labeling and separation

Protein separation was achieved by the 2D-DIGE method, as follows. DIGE
minimal labeling was performed as described in (Raposo de Magalhdes, Schrama, et
al., 2020). Passive rehydration was carried out for 18 h on 24 cm Immobiline™
Drystrips (GE Healthcare) with linear pH 4-7, on an IPG Box (GE Healthcare). A total
of 150 mg of protein (50 mg from each dye) were loaded onto each strip, along with a
rehydration buffer [8 M urea, 2% CHAPS detergent, 50 mM DTT, 0.001% bromophenol
blue, 0.5% Bio-lyte 3/10 ampholyte (Bio-Rad)] to fulfill 450 ml. IEF was performed in 4
steps: 250 V gradient 4 h, 1000 V gradient 6 h, 8000 V gradient 3 h 40 min, 8000 V
step-n-hold 3 h 20 min for a total of 50,000 Vhr using the Ettan IPGphor at 20 °C (GE
Healthcare). Focused strips were reduced and alkylated with 6 ml of equilibration buffer
(50 mM Tris-HCI pH 8.8, 6 M urea, 30% (v/v) glycerol and 2% SDS) with 1% (w/v) DTT
or 2.5% (w/v) IAA, respectively, for 15 min each, in constant agitation. Strips were then
loaded onto 12.5% Tris-HCI SDS-PAGE in-house gels and ran in an Ettan DALTSix
Large Vertical System (GE Healthcare), using a standard Tris-Glycine-SDS running
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buffer, at 10 mA/gel for 1 h followed by 60 mA/gel until the bromophenol blue line

reaches the end of the gel.

3.2.3.5.3. Gel image analysis and protein identification

Gel images of CyDye-labeled 2D gels were acquired using a Typhoon™ laser
scanner 9400 (GE Healthcare) as described in (Raposo de Magalhéaes, Schrama, et
al., 2020). The final gel images were analyzed using SameSpots software v4.6.1.218
(Totallab), including background subtraction (average normalized volume < 100,000
and a spot area < 500), filtering, spot detection, spot matching, normalization, and
statistical analysis. Spots showing volume ratios with a statistically significant
difference (relative abundance variation of at least 1.0-fold, p < 0.05 - One-way ANOVA
on normalized log2-transformed spot volumes, followed by p < 0.05 — Dunnett’s post
hoc test) were manually excised from SYPRO R Ruby stained (Invitrogen™) 2D gels.
Subsequently, gel plugs were subjected to in-gel tryptic digestion and identified by
MALDI-TOF/TOF MS, as described in (Raposo de Magalhées, Schrama, et al., 2020).
The mass spectrometry proteomics data have been deposited to the
ProteomeXchange Consortium (Deutsch et al., 2020) via the PRIDE (Perez-Riverol et
al., 2019) partner repository with the dataset identifier PXD024804.

3.2.3.5.4. Proteomics data analysis
Using the amino acid sequences (in one-letter code), the theoretical molecular
weight (Mw) and isoelectric point (pl) of the identified proteins were computed using

the ProtParam Tool (http://us.expasy.org/tools/protparam.html). Normalized log2-

transformed spot volumes were imported into R v4.0.3 for MacOSX. Each trial was
analyzed separately. Volcano plots were obtained to elucidate about the number of
differential proteins between each experimental group and the corresponding control
group, using the EnhancedVolcano function from package EnhancedVolcano (Blighe
et al., 2021), after computing Student’s t-test (a = 0.05) for statistical significance. HCA
was achieved with the heatmap.2 function from package gplots (Warnes et al., 2020).
The differential proteins (One-way ANOVA, followed by Dunnett’s test, p < 0.05) were
normalized according to Z-score for hierarchical clustering of samples and protein
spots, taking the Euclidean distance as metrics and the average linkage as
agglomeration method. Protein functional annotation, including GO classification

analysis, on the basis of biological process, was performed using the OmicsBox
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software v1.4.11 (BioBam Bioinformatics SL, Valencia, Spain). The FASTA sequences
of the identified proteins were used as input and blasted using the NCBI blast C via
CloudBlast with Danio rerio and Sparus aurata as taxonomy filters. The top 10 blast
hits for each query protein, with an E-value less than 1.0e* were retrieved. Mapping
and annotation were performed based on the Blast2GO annotation methodology
(Conesa et al., 2005), using the default settings. Furthermore, the identified proteins
were blasted against Danio rerio, on the UniprotkKB database, using the FASTA protein
sequences, previously retrieved, as queries. The STRING web-based tool v11.0
(Szklarczyk et al., 2019) was then used to map the orthologs, screen for potential PPI
and perform a Kyoto Encyclopedia of Gene and Genomes (KEGG) pathway
enrichment analysis (FDR, q < 0.05). Protein nodes showing no interactions were
excluded from further analysis. Network visualization and topological analysis were
performed on Cytoscape v3.8.1 (Shannon et al., 2003). Important hub proteins were
screened and ranked by the degree values and betweenness centrality of each node
in the network.

3.2.3.6. Quantitative real-time reverse transcription polymerase chain reaction
(RT-gPCR) analysis
3.2.3.6.1. RNA isolation and two step reverse transcription PCR (RT-PCR)

Gilthead seabream liver samples were ground with a mortar and pestle in liquid
nitrogen (n = 6, corresponding to the same two samples per tank used for the
proteomics analysis). Total RNA was extracted from 100 mg of ground material using
Trizol R reagent (Invitrogen™) and treated with DNase | (RQ1 RNase-Free DNase;
Promega), to remove contaminating DNA, according to the manufacturer’s
instructions. The yield and purity of the RNA extraction were assessed with a NanoVue
Plus spectrophotometer (GE Healthcare) and the quality and integrity were verified by
1% agarose gel electrophoresis. First strand cDNA synthesis was prepared from 1 mg
of total RNA using the ImProm-IIT™ Reverse Transcription System kit (Promega), as
follows. The complete reverse transcription reaction (20 ml) contained 0.5 mg/reaction
of Oligo(dT)15 Primer, 4 ml of ImProm-II™ 5X Reaction Buffer, 5.8 ml of kit's MgClz, 1
ml of dNTP Mix, 0.5 ml of Recombinant RNasin® Ribonuclease Inhibitor, 1 ml of
ImProm-II™ Reverse Transcriptase and Milli-Q water up to 20 ml. Initially, a portion of
this reaction containing only Oligo(dT)15 and total RNA was incubated at 70 °C for 5

min, and immediately chilled on ice before adding the remaining components. The
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reaction was carried out at 25 °C for 10 min followed by extension at 42 °C for 1.5 h
and posterior inactivation of the reverse transcriptase at 70 °C for 15 min. Primers for
RT-PCR and RT-gPCR were newly designed using the GenScript web-based tool

(https://www.genscript.com/tools/pcr-primers-designer), with a melting temperature of

55 °C and length and GC content range of 19—24 bp and 50-55%, respectively. In silico
specificity of constructed primers was corroborated by BLAST. The primers and the
expected sizes of amplicons to be used as standard templates in absolute
quantification assays are listed in Table 3.2.1. PCR amplification of the cDNA was
performed using the Takara Ex tag™ DNA polymerase (Takara, Shiga, Japan) in a
total volume of 50 ml, along with 0.2 mM of each primer and 5 ml of cDNA template.
For the PCR reaction, initial denaturation was conducted at 95 °C for 5 min followed
by 24 reaction cycles, each consisting of a denaturation step at 95 °C for 45 s,
annealing at 55 °C for 45 sec, and extension at 72 °C for 45 s, with a final elongation

step at 72 °C for 5 min.

3.2.3.6.2. Gene cloning

The PCR products of the expected sizes were isolated and purified using the
QIAEX Il Gel Extraction kit (QIAGEN, Germantown, MD, United States), according to
the manufacturer’s instructions. The PCR-amplified DNA fragments were cloned onto
the pGEM R T-Easy plasmid (Promega), and the products were transformed into E.
coli DH5a competent cells and subsequently plated onto 2xYT with Ampicilin, X-Gal
and IPTG. Transformants were screened by colony PCR using the EmeraldAmpR GT
PCR Master Mix (Takara). Bacterial liquid cultures of positive clone products were
used for plasmid extraction, using FavorPrep™ Plasmid DNA Extraction Mini Kit
(Favorgen, Ping-Tung, Taiwan), and the DNA quantified using the NanoVue Plus
spectrophotometer (GE Healthcare). Purified plasmids were then sequenced by
Macrogen, Inc. (Seoul, Korea) (Supplementary Material 4 - online). Raw sequences
were checked for alignment with the designed primers using Genetyx software
(https://genetyx.co.jp) and stored for further use as standards for RT-gPCR.
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Table 3.2.1. Primers used for the RT-PCR and RT-gPCR analyses of the candidate reference genes and the target genes, and expected
amplicon sizes

Sfrg?lym Sc?cr:azzir; number Sﬁg‘f&) name  (SPAYS primers sequences 5’ to 3’ (FP/RP) %EE::Q%@ gr)j?(igg;? l;i:éssed
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adh  XM.030393331 dehyqogenase, | SSTCACTCIGOAGCTIGOASSAMGS 146 NET
mitochondrial-like
calr3 XM_030403713.1 calret.iculin 3b | g,:é?géfgg:ggfciﬁ%izziiéiﬁgij3 55 176 OC/NET
conta ooz SN TSl SCOWCCTETOTC NGy B @ o
s owoonsmer o fSTOYCqumMerioror s e ooner
T s
enol  XM_030az2583.1 SO I R AGACTIGOACCTTOS e oe
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wr o CTmGoews ssvecconcoceomoncy s o e
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oot xcsorsien [SSUpOEN®) | SweCCOGCCTICOGTGS s 138 NETHP
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3.2.3.6.3. RT-gPCR assay

Purified plasmids were linearized by restriction digestion with EcoRI (Takara).
To prepare each target gene’s standards, plasmid copy numbers were calculated
through the Avogadro’s constant, using the web-based tool:

http://cels.uri.edu/gsc/cndna.html, and serial dilutions were prepared to produce a ten-

fold eight-point dilutions series (10° — 10?). RT-gPCR reactions (in duplicate) were
carried out in 96-well plates using the LightCycler R 480 Instrument Il system (Roche
Molecular Systems, Inc., Indianapolis, IN, United States). Each standard reaction
volume was comprised 1 ml of cDNA template, 1 ml of forward primer, 1 ml of reverse
primer, 2 ml of ddH20 and 5 ml of LightCycler R 480 SYBR Green | Master (Roche
Molecular Systems, Inc.). RT-qPCR reactions were conducted in duplicate using the
following parameters: pre-incubation at 95 °C for 5 min, followed by 40 amplification
cycles of 95 °C for 15 s, annealing for 30 s and 72 °C for 30 s. Primers and annealing
temperatures used in this analysis are listed in Table 3.2.1. At the end of the
amplification process, the specificity was tested using melting curve analysis: 95 °C for
5 s followed by 65 °C for 1 min, then continuous temperature increase (1 °C/15 s) to
97 °C, with fluorescence measurement, and then cooling at 40 °C for 30 s. The
specificity of the amplicons was confirmed by the presence of a single peak. Data
acquisition was carried out by the LightCycler R 480 Software v1.5 (Roche Molecular
Systems, Inc.).

3.2.3.6.4. Expression stability of reference genes and normalization

Standard curves were computed by plotting the logarithm of the known RNA
standard concentration against their corresponding quantification cycle (Cq) values.
Absolute copy numbers of the target genes (enol, capnsla, echl, calr3, ctsd, grp94,
prdx2, aldh, fopl, ywhaba, grp78, ugdh, ftcd), chosen based on the corresponding
protein’s expression profile and their literature-based evidence of stress-related
function, in unknown samples were calculated from the respective linear logarithmic
regression line equations using the Cq values obtained from duplicate RT-gPCR
reactions. Raw Cq values from candidate reference genes, target genes and
corresponding standards are shown in Supplementary Material 3 - online. The chosen
candidate reference genes, 18s, actb and efl-a, were selected based on their frequent
usage for normalization in fish gene expression studies. Their expression stability was

evaluated through the commonly used algorithms Delta-CT method (Silver et al.,
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2006), BestKeeper (Pfaffl et al., 2004), NormFinder (Andersen et al., 2004), and
geNorm (Vandesompele et al., 2002) using the web-based tool RefFinder (Xie et al.,

2012) (https://www.heartcure.com.au/reffinder). RefFinder integrates the data

generated from all the algorithms and provides a comprehensive re-ranking of the
genes. Target genes’ expression data was normalized to the geometric mean of the
most stable endogenous reference genes for each sample. Normalized gene

expression data is presented in log2(fold-change treated/control).

3.2.3.7. Hepatic glycogen assessment

Gilthead seabream liver glycogen was assessed using a commercial kit
(MAKO16; Sigma-Aldrich). Briefly, 10 mg of liver tissue were homogenized in 100 ml
of Milli-Q water at 4 °C, using a tissue lyser (VWR, Radnor, PA, United States) and a
metal bead for 30 s at 25/s frequency, and boiled for 5 min to inactivate enzymes.
Samples were then centrifuged at 13,000 g for 5 min. Assays were then performed on
96-well plates, in duplicate, following manufacturer’s instructions, and read at 570 nm
along with a prepared standard curve on a microplate reader Biotek Synergy 4 Hybrid
Technology™ (Biotek Instruments Inc.). Sample blanks were run simultaneously in the

assays, in duplicate, for glucose subtraction from the sample readings.

3.2.3.8. Univariate statistical analyses

Univariate statistical analyses of gene expression data and glycogen levels
were performed using R v4.0.3 for MacOSX. Statistical differences between
experimental groups and the control group were analyzed independently for each trial
(OC, NET, and HYP), by One-way ANOVA on logl0-transformed data. Multiple
comparisons of gene expression data were carried out by the post hoc Dunnett’s test.
Normality of the residuals was assessed by a Shapiro-Wilk's test. When transformed
data from hepatic glycogen levels did not verify homoscedasticity assumption by
Levene’s test, statistical significance was assessed by Welch’s ANOVA, followed by
the post hoc test Games-Howell (specifically OC and NET trials). A significance level
of a= 0.05 was used in all tests performed. The correlation between genes’ expression
changes and the corresponding products was assessed by Pearson’s correlation. All

plots were generated using the R package ggplot2 (Wickham, 2016).
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3.2.4. RESULTS
3.2.4.1. Gel-based proteomics analysis of gilthead seabream liver

Changes in the liver proteome of gilthead seabream exposed to the different
challenges and undisturbed fish were assessed, comparatively, through gel-based
proteomics using the 2D-DIGE technique. The number of protein spots identified in

each trial is summarized schematically in Figure 3.2.1 to facilitate interpretation.
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Figure 3.2.1. Summary of the protein spots identified in the 2D-gels of the proteomics analysis
performed with the liver of gilthead seabream (Sparus aurata) submitted to different
challenges, and their expression profiles.

Analysis of CyDye-labeled gels revealed 1205, 974 and 1060 protein spots for
the OC, NET and HYP trials, respectively, within the experimental pH range of 4—7 and
molecular weights ranging from 11-90 kDa. Following a statistical analysis, 36, 165,
and 59 protein spots within the OC, NET and HYP trials, respectively, showed
significantly differential abundances (One-way ANOVA, followed by Dunnett’s test, p
< 0.05) among experimental groups. Spots were manually excised from corresponding
preparative gels and identified by MALDI-TOF/TOF MS. From these, 13, 52 and 26
were successfully identified by MS/MS, with significant scores, in two databases
(protein score > 76 (NCBI) or > 86 (EST), total ion score > 60, p < 0.05). All the
identified proteins and their attributes are listed in Supplementary Material 1 - online.

Of the protein spots identified in the OC trial, 7 were upregulated and 6 were
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downregulated in challenged fish, compared with control fish, while in the NET trial 22
protein spots were upregulated and 30 were downregulated. Finally, in the HYP trial,
18 of the identified protein spots were upregulated and 8 were downregulated in
challenged fish. Among the protein spots of NET trial with significant identifications
attributed, 12 showed more than one significant identification, while in the case of the
identified protein spots corresponding to the HYP trial, 8 spots also showed more than
one significant identification. Regarding the total protein identifications attributed to OC
protein spots, 12 corresponded to single entries, from which 7 are protein varying in
abundance uniquely in this trial, 2 corresponded to shared identifications with the NET
trial (heart-type fatty acid binding protein and calreticulin) and 3 with the HYP trial
(A%5,A?4-dienoyl-CoA isomerase, glutathione S-transferase and proteasome subunit
beta). In the case of NET trial, 42 protein identifications corresponded to single entries.
Among these, 34 proteins have differential abundance exclusively in this trial, and
apart from the 2 protein identifications shared with the OC trial, 6 other protein
identifications are also common between NET and HYP trials (14-3-3 protein
beta/alpha, actin, cytoskeletal type Il keratin 8, elongation factor-1-beta, peroxiredoxin
2 and serine—pyruvate aminotransferase). Apart from the common identifications, 19
additional proteins, corresponding to single entries, were found to be varying in

abundance exclusively in the HYP trial.

3.2.4.2. Univariate and multivariate statistical analyses of differential abundant
proteins

In order to identify, in each trial, which stress intensity induced the highest
number of differentially abundant proteins (DAPS), the fold-change of the protein spots
(log2-transformed) was plotted against their statistical significance (log10-
transformed). The originated volcano plots showed that the highest number of DAPs
was found between the fish from OC45, NET4 and HYP15, and their corresponding
control fish, in the OC (Figure 3.2.2.A), NET (Figure 3.2.3.A) and HYP (Figure 3.2.4.A)
trials, respectively. Although, in the case of OC and HYP trials, the highest fold-
changes were found between the proteins of OC30 and HYP30 groups and the control
group. These same observations were corroborated after HCL analysis. Separation
between groups was more evidenced in the NET trial (Figure 3.2.3.B), when compared
with OC (Figure 3.2.2.B) and HYP (Figure 3.2.4.B) trials, whereas the most divergent

groups were the control and NET4, as observed by the top dendrogram. Protein spots
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also grouped into two main clusters, one displaying a pattern of higher relative
abundance (including mainly proteins related to protein synthesis, folding and sorting)
and the other of lower relative abundance in challenged fish (including mainly proteins
involved in the amino acid and carbohydrate metabolisms), when compared to the
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Figure 3.2.2. Proteomics data analysis of OC trial. (A) Volcano plots of the differential proteins
detected by 2D-DIGE analysis on the OC trial liver samples (n = 6). Dotted vertical lines
represent a 1.5-fold variation in abundance, while the dotted horizontal line represents the
significance level of p < 0.05 (Student’s t-test). Triangles represent proteins significantly up-
and downregulated. (B) HCA of the 36 significantly different spots (One-way ANOVA, followed
by Dunnett’s test, p < 0.05) in the liver of gilthead seabream from OC trial. Rows represent
proteins’ expression patterns, while each column corresponds to a biological replicate (fish).
(C) Functional GO classification of the identified proteins. Pie chart shows the level 2 GO
annotations of biological process.

3.2.4.3. Functional GO annotation of identified proteins

To elucidate about the biological functions of the liver proteins responding to the
different challenges in gilthead seabream, a GO classification was performed.
Functional GO annotation of the identified proteins revealed, based on the top five level
2 BP GO terms, that the DAPs were mostly implicated in cellular (GO:0009987) and
metabolic processes (GO:0008152), response to stimulus (GO:0050896), biological
regulation (GO:0065007) and regulation of biological processes (GO:0050789). This
is shown in the pie charts of all three OC (Figure 3.2.2.C), NET (Figure 3.2.3.C) and

105



Chapter 3.2

HYP trials (Figure 3.2.4.C). Multi-level pie charts of BP GO terms of the identified
proteins from all three trials are shown in Figure S3.2.1 - APPENDIX. Regarding the
OC trial, four out of the 12 unique proteins were involved in the response to stimulus.
From these, three are upregulated [calreticulin (CALR), cathepsin (CTSD), and
ketohexokinase (KHK)] and one is downregulated [glutathione-S-transferase (GTSM)]
in challenged fish. Among the 42 unique proteins identified in the NET trial, 14 were
implicated in the response to stimulus, i.e., 78 kDa glucose-regulated protein (HSPAS),
protein disulfide-isomerase (P4HB), protein disulfide-isomerase A3 (PDIA3),
calreticulin (CALR), 94 kDa glucose-regulated protein (HSP90B1), serine-pyruvate
aminotransferase (AGXTB), aldehyde dehydrogenase (ADLH2.2), fructose- 1,6-
bisphosphatase (FBP1B), protein/nucleic acid deglycase DJ-1 (PARK7), Cu-Zn
superoxide dismutase (SOD1), liver-type fatty acid-binding protein (FABP1B.2),
phenylalanine-4-hydroxylase (PAH), peroxiredoxin 2 (PRDX2), and UDP-glucose-6-
dehydrogenase (UGDH). The first six proteins described are upregulated in challenged
fish, while the last eight are downregulated, when compared with control fish. The HCL
analysis also shows that a subset of these proteins, specifically, the first five proteins
mentioned, which are implicated in protein folding processes, are all grouped in the
same cluster. In the case of the HYP trial, seven differential proteins were implicated
in the response to stimulus. From these, four are upregulated in challenged fish, being
these AGXTB, rho GDP-dissociation inhibitor (ARHGDIG), erlin-2 (ERLIN2), and
glutathione-S-transferase (GSTM), while the other three are downregulated [inositol
monophosphatase (IMPAL1), peroxiredoxin 2 (PRDX2), and regucalcin (RGN)].

3.2.4.4. PPl network analysis and KEGG pathway enrichment

A PPI analysis was carried out with the unique protein identifications from each
trial to elucidate about the biological interactions between the DAPs in the liver of
gilthead seabream exposed to the different challenges. The unique proteins were
blasted against Danio rerio and the orthologs were used to generate a network using
the STRING web-based tool. For each unique entry, one protein spot was chosen as
the most representative of each protein (Supplementary Material 1 - online), based
mainly on the protein score and the closeness between experimental and theoretical
molecular weights and pl. In the case of OC trial, no interactions were found in the
STRING database between the identified proteins. Contrarily, in the NET trial, the
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generated PPI network (Figure 3.2.3.D) revealed 70 edges among 34 nodes, with a

clustering coefficient of 0.501 and a very significant enrichment value (p < 1.0e16).
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Figure 3.2.3. Proteomics data analysis of NET trial. (A) Volcano plots of the differential proteins
detected by 2D-DIGE analysis on the NET trial liver samples (n = 6). Dotted vertical lines
represent a 1.5-fold variation in abundance, while the dotted horizontal line represents the
significance level of p < 0.05 (Student’s t-test). Triangles represent proteins significantly up-
and downregulated. (B) HCA of the 165 significantly different spots (One-way ANOVA,
followed by Dunnett’s test, p < 0.05) in the liver of gilthead seabream from NET trial. Rows
represent proteins’ expression patterns, while each column corresponds to a biological
replicate (fish). (C) Functional GO classification of the identified proteins. Pie chart shows the
level 2 GO annotations of biological process. (D) PPI network generated with 34 DAPs
identified in the liver of fish from NET trial. Nodes represent proteins and edges the functional
associations between them. Colored areas indicate enriched KEGG pathways (FDR < 0.05).
(E) Bubble plot representing the statistical significance and number of proteins belonging to
each KEGG enriched pathway (lower level) overrepresented in the PPl network. BC,
betweenness centrality

Likewise, the HYP PPI network (Figure 3.2.4.D) revealed 28 edges among 26
nodes, with a clustering coefficient of 0.551 and an enrichment value of 1.51e!!. The
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topological analysis of each network was performed separately on Cytoscape and
specific coefficients were selected to highlight the importance and distribution of each
node in the network, i.e., the size of the nodes indicates betweenness centrality
(ranging from O to 0.28 in NET and from 0 to 0.62 in HYP), the divergent color mapping
was estimated based on the fold-change (log2-transformed) of each protein (ranging
from -0.85 to 1.52 in the NET network and from -1.4 to 0.7 in the HYP network), and
the colored node border indicates proteins with a fold-change of at least 1.5-fold. In the
NET network, 17 of the 34 nodes represent upregulated proteins in challenged fish
(red nodes), while the remaining 17 represent downregulated proteins (blue nodes).
PDIA3 (protein disulfide-isomerase A3), HSPA5 (78 kDa glucose-regulated protein),
and SOD1 (Cu-Zn superoxide dismutase) showed the highest number of established
edges (nine), followed by HSP90B1 (94 kDa glucose-regulated protein) with eight, and
finally by P4HB (protein disulfide-isomerase) and HAAO (3-hydroxyanthranilate 3,4-
dioxygenase) with seven. Regarding the HYP network, 18 nodes represent
upregulated proteins in challenged fish (orange nodes) while the remaining eight
represent downregulated proteins (green nodes). EIF5A (eukaryotic translation
initiation factor 5A), AGXTB, thioredoxin (TXN) and PRDX2 (peroxiredoxin 2) showed
the highest degree of connectivity among the nodes, with four edges.

It was also possible to discriminate, in the NET network, five cohesive
overrepresented clusters summing up the five enriched KEGG pathways (FDR, q <
0.05). The colored areas in the network (Figure 3.2.3.D) indicate the higher level
enriched KEGG pathways. The lower level KEGG enriched pathways are represented
in the bubble plot in Figure 3.2.3.E. Protein processing in endoplasmic reticulum (term
ID: dre04141) was the most overrepresented (FDR = 2.35e) pathway in the liver
response to the net handling, accounting for six proteins in the network. Amino acid
metabolism accounted for nine proteins in the network, however these were distributed
over six lower level KEGG pathway terms, i.e., phenylalanine metabolism (term ID:
dre00360), tyrosine metabolism (term ID: dre00350), glycine, serine and threonine
metabolism (term ID: dre00260), tryptophan metabolism (term ID: 00389), arginine and
proline metabolism (term ID: dre00330), and cysteine and methionine metabolism
(term ID: dre00270). Regarding the HYP network, three KEGG pathways were
overrepresented (Figure 3.2.4.E), being these glyoxylate and dicarboxylate
metabolism (term ID: dre00630), peroxisome (term ID: dre04146), and proteasome

(term ID: dre03050). The network community represented by the latter was the most
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over-represented KEGG pathway (FDR = 3.5e), which in fact represents a protein

complex that integrates the proteasome.
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Figure 3.2.4. Proteomics data analysis of HYP trial. (A) Volcano plots of the differential
proteins detected by 2D-DIGE analysis on the HYP trial liver samples (n = 6). Dotted vertical
lines represent a 1.5-fold variation in abundance, while the dotted horizontal line represents
the significance level of p < 0.05 (Student’s t-test). Triangles represent proteins significantly
up- and downregulated. (B) HCA of the 59 significantly different spots (One-way ANOVA,
followed by Dunnett’s test, p < 0.05) in the liver of gilthead seabream from HYP trial. Rows
represent proteins’ expression patterns, while each column corresponds to a biological
replicate (fish). (C) Functional GO classification of the identified proteins. Pie chart shows the
level 2 GO annotations of biological process. (D) PPI network generated with 26 DAPs
identified in the liver of fish from HYP trial. Nodes represent proteins and edges the functional
associations between them. Colored areas indicate enriched KEGG pathways (FDR < 0.05).
(E) Bubble plot representing the statistical significance and number of proteins belonging to
each KEGG enriched pathway (lower level) overrepresented in the PPI network. BC,
betweenness centrality
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3.2.4.5. Expression stability of candidate reference genes

The raw Cqg values of the three candidate reference genes (Supplementary
Material 3 - online) ranged from 7.75 (18s) to 18.29 (actb), from 7.47 (18s) to 19.34
(actb), and from 6.55 (18s) to 19.58 (actb), in the OC, NET and HYP trial assays,
respectively. The threshold fluorescence for actb was always higher than the other
genes, indicating a low expression level. On the other hand, 18s was the most
expressed gene among the candidates. Overall, considerable variations were
observed between the expression levels of the different candidate reference genes.

The candidate reference genes were ranked separately for the three trials,
according to their expression stability values, using standard algorithms (Table 3.2.2).
In general, within each trial, the ranks were consistent across the different algorithms,
however, between trials, the results were differential. The geNorm M value of 1.5 was
employed as threshold and therefore, only genes with an M value below 1.5 were used
as reference genes. Genes actb and 18s were the most stable reference genes across
all trials, while efl-a was not used in NET trial since its M value was above the
established threshold.

Table 3.2.2. Expression stability analysis of each candidate reference gene for gilthead
seabream liver RT-gPCR analysis, based on different algorithms (R - rank).
Delta-CT BestKeeper NormFinder geNorm RefFinder

Gene R sSTpey R Swdbev o SV R M R GM
[ Cp]

OC trial
18s 2 0932 1 0222 2 0672 1 078 2 3.000
actb 3 1008 3 0815 3 0.844 2 0934 3 1414
efl-a 1 0862 2 0648 1 0.408 1 0786 1 1.189
NET trial
18s 2 1654 3 139 2 1.053 1 1243 2 1861
actb 1 1570 1  1.019 1 0662 1 1243 1 1.000
efl-a 3 1981 2 1.031 3 1777 2 1735 3 2711
HYP trial
18s 3 1194 3  1.049 3 1.057 2 1.058 3 300
actb 2 0993 2 0.988 2 0569 1 0786 2 1.682
efl-a 1 0987 1 00938 1 0542 1 078 1 1.0

3.2.4.6. Amplification specificity and efficiency, and absolute quantification

The gilthead seabream response to the different challenges was also assessed
at the transcript level. Based on the DAPs obtained in the liver proteomics analysis, 13
corresponding genes (enol, capnsla, echl, calr3, ctsd, grp94, prdx2, aldh, fbpl,
ywhaba, grp78, ugdh, ftcd) were selected for gene expression analysis by RT-gPCR.
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A melting curve analysis was carried out at the end of each amplification and used to
determine primer specificity. The resulting melting peaks are shown in Figure S3.2.2 -
APPENDIX. The amplification efficiency (E) was calculated for each standard curve
used for absolute quantification, which varied from 92 to 110%, with a correlation
coefficient (R?) kept above 0.987 (Supplementary Material 3 - online).

The absolute copy numbers of the target genes were calculated based on the
standard curves constructed with the linearized cDNA plasmids. Subsequently, the
absolute copy numbers of the target genes were normalized by the absolute copy
numbers of the reference genes, obtained by the geometric mean of the candidate
reference genes selected in the expression stability analysis (Table 3.2.2). The higher
fold-changes between challenged fish and control fish were found in the NET trial.
Statistically significant differences (One-way ANOVA, followed by Dunnett’s test, p <
0.05) were found exclusively in the NET trial, specifically in genes grp78 (NET2-CTRL:
p = 0.002, NET4-CTRL: p = 0.018) and grp94 (NET2-CTRL: p = 0.001, NET4-CTRL:
p = 0.027), which were found to be upregulated in challenged fish from both
experimental groups (Figure 3.2.5). These genes correspond to the proteins 78 kDa
glucose-regulated protein (HSPA5) and 94 kDa glucose-regulated protein (HSP90B1),
respectively, which were also found to be significantly upregulated in the livers of fish
from NET4 group. Although no significant differences were found for the other target
genes, the expression profiles of gene and protein expression in the NET trial were
highly correlated, with a Pearson’s correlation coefficient (r) of 0.892 and a statistical

significance of 0.0029.
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Figure 3.2.5. Expression profiles of 13 different transcripts in the liver (n = 6) of gilthead
seabream (Sparus aurata) exposed to different challenges (A) OC trial, (B) NET trial, (C) HYP
trial, obtained by RT-gPCR. The normalized absolute copy numbers of the target genes are
presented in log2(fold-change treated-control). Bars labeled * indicate statistically significant
differences when compared with the control group (One-way ANOVA, followed by Dunnett’s
test, * p < 0.05; **p < 0.01).
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3.2.4.7. Liver glycogen levels

Glycogen stores were assessed in the liver of gilthead seabream exposed to
the different challenges using commercial kits. Statistical differences were found
exclusively for the NET trial (Welch’s ANOVA, p < 0.05), between control and
challenged fish from both experimental groups (Games-Howell post hoc test, NET2-
CTRL: p=0.001, NET4-CTRL: p =0.12), whereas significantly lower levels were found
in the latter group (Figure 3.2.6). High dispersion of biological responses was found for
the fish from OC30 (Coefficient of variation (CV) = 25.6%), NET4 (CV = 64.6%), HYP30
(CV =43.2%) and HYP15 (CV = 46.8%).

3.2.5. DISCUSSION

This study provides a comprehensive characterization of the liver proteome
responses and related genes of gilthead seabream exposed to three different
challenges, namely, overcrowding, net handling, and hypoxia. Our findings
demonstrate that fish respond to stress via a complex regulatory network, rather than
relying on a few specific stress-related proteins. Furthermore, the different magnitude
of regulatory changes observed among trials suggests a specific response influenced
by its severity. This scenario agrees with a previous FTIR exploratory analysis
performed on the liver of these fish, where a metabolic reprogramming was proposed
to meet the energy demands required during the physiological stress response (de
Magalhées et al., 2020).

When an external challenge is perceived by the fish, the HPI axis in the brain is
activated, initiating a physiological response which aids the fish to cope with the
situation (Wendelaar Bonga, 1997) The inherent release of cortisol and
catecholamines influences a diverse array of downstream biological functions,
including growth, immune function, reproduction, and metabolism (Pottinger, 2008). A
well-studied role of cortisol in fish is the activation of specific metabolic pathways in the
liver, aiming to increase the glucose production and its allocation to meet the energy
requirements (Vijayan et al., 2010). After stimulation by external factors, a rapid
generation of glucose occurs through glycogenolysis by the consumption of hepatic
glycogen storage, while long-term production is mainly achieved through
gluconeogenesis (Pankhurst, 2011). The regulation of these pathways occurs at
multiple levels, such as hormonal, transcriptional, and allosteric regulation, mediated

by the action of insulin, glucagon, and cortisol (Faught & Vijayan, 2016).
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Figure 3.2.6. Boxplots showing the distribution of glycogen levels in the liver of gilthead
seabream (Sparus aurata) submitted to three different challenges (A) OC trial, (B) NET trial,
(C) HYP trial. The boxplots include observations (n = 9) from the 25" to the 75" percentiles as
determined by R software; the horizontal line indicates the median value. Whiskers extend 1.5
times the interquartile range. Single data points represent outlying data. Lower case letters
indicate statistically significant differences (p < 0.05).

3.2.5.1. Carbohydrate metabolism

Cortisol activates the gluconeogenic pathway in the liver by genomic and non-
genomic signaling, although the former is the most well described mechanism in fish
(Faught & Vijayan, 2016). It diffuses through the cell plasma membrane, binds to the
glucocorticoid receptor (GR), and then translocates into the nucleus to induce the
expression of gluconeogenic genes (Teles et al., 2013). Binding of other transcriptional
regulators to these gene promoters is required to activate their transcription, such as
those mediated by the hormone glucagon via a complex series of enzymatic reactions
(Forbes et al., 2019). Plasma cortisol levels of fish handled four times a week (NET4
group from NET trial), published in another work (Raposo de Magalhées, Schrama, et
al., 2020), were significantly increased when compared with control fish. However,
proteomics results from this study suggest a downregulation of gluconeogenic activity
in these fish. The rate-limiting step of gluconeogenesis is the irreversible
dephosphorylation of fructose 1,6-bisphosphate into fructose-6-phosphate, which is
catalyzed by fructose 1,6-bisphosphatase (FBP1) (Figure 3.2.7), a key regulatory
enzyme (Timson, 2019). This enzyme is tightly regulated beyond transcriptional
regulation. It is inhibited by the substrate fructose 2,6-biphosphate, which it is by itself
regulated by the hormone glucagon, via cyclic adenosine monophosphate (CAMP)
(Enes et al., 2009). Allosterically, FBP1 is also inhibited by adenosine monophosphate
(AMP), when adenosine triphosphate (ATP) levels are decreased, since

gluconeogenesis is an energy consuming process (Gizak et al., 2012). FBP1 was
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significantly downregulated in the liver of NET4 fish, suggesting that gluconeogenesis
was suppressed. Results from the assessment of hepatic glycogen stores (Figure
3.2.6), which show significantly decreased values in the fish from NET4 group, suggest
that the glucose required for stress coping processes was most likely being produced
through glycogenolysis, by the breakdown of glycogen. The elevated plasma glucose
levels for these fish, previously measured and published in another work (Raposo de
Magalh&es, Schrama, et al., 2020), support these observations. It has been described
that the liver is the major organ supplying glucose to the gills and brain under situations
of high energy requirement. However, it is important to note that changes in plasma
glucose can be influenced by a panoply of other factors, such as diet and muscle
glycogenolysis, which under stressful situations is mostly activated by catecholamines
(Mommsen et al., 1999). Other proteins (DCXR, LOC570613 and UGDH) involved in
the carbohydrate metabolism, specifically in the glucoronate pathway (which is within
the enriched KEGG pathway named “pentose and glucuronate interconversions”),
were significantly altered in abundance in the liver of NET4 fish. Changes in this
pathway were detected in yellow drum liver, exposed to cold and/or starvation stress,
to compensate for the energy deficit and convert other carbohydrates into glucose
(Jiao et al., 2020).

Similarly, in the OC trial, a repression of the gluconeogenic/glycolytic pathway
appears to have occurred in challenged fish, since alpha-enolase (ENO1A), the
enzyme responsible for catalyzing the interconversion of phosphoenolpyruvate into
glycerate-2-phosphate, was downregulated in challenged fish (Figure 3.2.7). Previous
studies on fish stress agree with our observations. Chronic cortisol administration in
gilthead seabream repressed the expression of the ENO1 gene (Teles et al., 2013),
while in Senegalese sole, repeated handling stress induced the downregulation of the
protein ENO1A (Cordeiro et al., 2012b). The RT-gPCR analysis also demonstrated a
downregulation of the ENO1 and FBP1 genes, however, no statistically significant
differences were found, most likely due to high biological variability in the transcript
levels. Another DAPs in the OC trial (significantly upregulated in the liver of fish from
OC45 group), identified by the functional GO annotation in this study as being involved
in the response to stimulus, is KHK. This protein initiates the fructose metabolism by
the phosphorylation of fructose into fructose-1-phosphate (Figure 3.2.7). This substrate
can be further converted either into glyceraldeyde-3-phosphate, which serves as a key

triose intermediate for the gluconeogenic/glycolytic pathway, or into glycerol-3-
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phosphate as substrate for the synthesis of triglycerides (Diggle et al., 2009). This
suggests that overcrowded fish might be producing energetic resources from other
alternative sources, such as by supplying triose sugars for gluconeogenesis. No
significant changes were found for the plasma glucose levels in OC45 fish, when
compared with control fish (Raposo de Magalhdes, Schrama, et al., 2020), although
glucose can be being used by other energy-requiring tissues, such as the brain and
muscle. In fact, a gel-based proteomics analysis of the muscle tissue (data not
published) showed that the protein beta-enolase was significantly upregulated in these
fish (log2 fold-change = 0.62; One-way ANOVA, followed by Dunnett’s test, p =
0.0369), suggesting that muscle glycolysis was most likely taking a part in glucose
disposal. The significantly higher plasma lactate levels registered for these fish
(Raposo de Magalhdes, Schrama, et al., 2020) indicate a potential anaerobic

consumption of glucose in the muscle, which results in lactate production.

3.2.5.2. Amino acid metabolism

The carbohydrate and the amino acid metabolisms are intimately linked
(Mommsen et al., 1999). In this study, key proteins involved in the catabolism of
specific amino acids were found to be significantly downregulated mostly in fish from
NET4 group, when comparing with the control group. In fact, carbohydrate metabolism
and amino acid metabolism were the two overrepresented higher level KEGG
pathways in the NET PPI network comprising the highest number of proteins (Figure
3.2.3.D). Indeed, hepatic gluconeogenesis relies on noncarbohydrate substrates for
glucose production, such as lactate, amino acids, fatty acids, and glycerol. Glucogenic
amino acids are thus essential precursors for gluconeogenesis and have already been
described as hepatic energy fuels in fish under different stressful conditions (Vijayan
et al., 2010). Notably, these can enter the gluconeogenic pathway either by conversion
into pyruvate or into intermediates of the tricarboxylic acid (TCA) cycle, which, by
conversion into oxaloacetate, enter the gluconeogenic pathway. The 4-
hydroxyphenylpyruvate dioxygenase (HPDA) and the PAH are two proteins involved
in the phenylalanine (Phe) metabolism (Figure 3.2.7). There are two main routes by
which Phe can be metabolized: oxidation to tyrosine (Tyr) and transamination to

phenylpyruvate (Shafik et al., 2014).
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Figure 3.2.7. Schematic representation of the metabolic pathways affected by the different
challenges. Yellow, red, and green arrows represent differences in abundance (One-way
ANOVA, followed by Dunnett’s test, p < 0.05) in the liver of Sparus aurata from OC, NET and
HYP trials, respectively. Dark orange pathway names indicate affected metabolic pathways,
while light orange pathway names indicate non-affected pathways. Pointed arrowed lines
indicate substrate transport across the mitochondria’s membrane, while dashed arrowed lines
represent more than one enzymatic reaction. a-KG, a-ketoglutarate; 4-HOG, 4-hydroxy-2-
oxoglutarate; 4-HPP, 4 hydroxyphenylpyruvate; 4-MAA, 4-maleyl-2-acetoacetate; DHAP,
dihydroxyacetone phosphate; F1,6-BP, fructose 1,6-biphosphate; F1P, fructose-1-phosphate;
F6P, fructose-6-phosphate; GA3P, glyceraldeyde-3-phosphate; G1P, glucose-1-phosphate;
G2P, glyceraldehyde-2-phosphate; G3P, glycerol-3-phosphate; G6P, glucose-6-phosphate; L-
2-HG, L-2-hydroxyglutarate; PEP, phosphoenolpyruvate; UDP-D-GIcUA, UDP-D-glucuronate;
UDP-G, UDP-glucose.

HPDA is responsible for converting phenylpyruvate into 2-
hydroxyphenylacetate, whereas PAH catalyzes the oxidation of Phe into Tyr. Both
proteins were found to be downregulated in fish from NET4 group. Following the cycle,
Tyr then enters the tyrosine metabolism, where HPDA also patrticipates, being involved
in the conversion of 4-hydroxy-phenylpyruvate into homogentisate (Ruetschi et al.,
2000). The latter can then be converted into 4-maleyl-acetoacetate by an enzyme
called homogentisate 1,2- dioxygenase (HGD) (Figure 3.2.7). However, this was also
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found to be downregulated in the liver of the challenged fish from our NET experiment.
Downregulation of Phe and Tyr catabolism has been reported in gilthead seabream
exposed to cold stress (Ghisaura et al., 2019; Ibarz et al., 2010) and hepatotoxins
(Malécot et al.,, 2011). The substrate 4-maleyl-acetoacetate can be converted into
fumarate, an intermediate of the TCA cycle. Here, fumarate is converted into malate,
which is subsequently converted into oxaloacetate to enter the gluconeogenic
pathway. The enzyme which reversibly catalyzes the oxidation of malate into
oxaloacetate, malate-dehydrogenase (MDH) (Musrati et al., 1998), was found to be
downregulated in challenged fish, thus intercepting the TCA cycle at this step (Figure
3.2.7). MDH was also found to be downregulated in the liver of rainbow trout exposed
to 24 h of crowding stress (Naderi et al., 2018). Betaine-homocysteine S-
methyltransferase (BHMT) was another protein found to be downregulated by stress
in the liver of fish from NET4 group. It is important to mention that BHMT was identified
as a differential abundant protein in three spots, whereas two were significantly up-
and one was downregulated (spot n0.373). However, in this last spot more than one
significant identification was found. This protein exerts catalytic functions in the
methionine (Met) cycle, converting L-homocysteine into Met, by transferring a methyl
group from betaine. Met is a key factor in the protection of oxidative stress, reacting
with a variety of reactive oxygen species (ROS) to form methionine sulphoxide (MetO),
which is then reduced back to Met (Séité et al., 2018). This way, betaine is converted
into dimethylglycine, a reaction likewise catalyzed by BHMT (Figure 3.2.7). AGXTB,
which converts serine and pyruvate into hydroxypyruvate and alanine (Y. Sun et al.,
2019), is another DAP in the same KEGG pathway (Glycine, serine, and threonine
metabolism) as the last reaction mentioned. In the case of fish from NET4 group,
AGXTB was found to be significantly upregulated. AGXTB was also reported to be
upregulated in the kidney of rainbow trout exposed to handling stress (Krasnov et al.,
2005). The proteins HAAO, aldehyde dehydrogenase (ALDH2.2) and agmatinase
(AGMAT) were other DAPs involved in the amino acid metabolism, specifically in the
tryptophan, and in the arginine and proline metabolism (Figure 3.2.7), which were also
found to be downregulated in fish from this same group. Additionally, PAH, AGXTB
and ALDH2.2 are proteins involved in the response to stimulus, according to the
functional GO classification performed (Figure 3.2.3.C). The downregulation of amino
acid catabolic pathways in net handled fish suggests that amino acids may be being

redirected toward protein synthesis.
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Contrarily, in the HYP trial, the pattern of changes in protein abundance
suggests an increase of amino acid catabolism. The protein 4-hydroxy-2-oxoglutarate
aldolase (HOGA1l) is an enzyme that catalyzes the conversion of 4-hydroxy-2-
oxoglutarate into pyruvate or glyoxylate, which can enter the TCA cycle or the
glyoxylate metabolism, respectively (Figure 3.2.7). Additionally, the enzyme
adenosylhomocysteinase (AHCY), is involved in the Met cycle, catalyzing the
reversible hydrolysis of S-adenosyl-homocysteine into adenosine and L-homocysteine
(Ghisaura et al., 2014). This last intermediate of the cycle can be converted either back
to methionine, or into L-cysteine, which can enter the glutathione metabolism (Figure
3.2.7). Both proteins (i.e., HOGA and AHCY) were found to be upregulated in the
challenged fish from HYP trial.

3.2.5.3. Lipid metabolism

In addition to energy repartitioning from carbohydrate metabolism, it is also well-
known that stress plays a role in enhancing lipid metabolism in fish liver (Mommsen et
al., 1999). Cortisol is known to enhance the lipase activity, increasing lipid catabolism
and the conversion of triglycerides into glycerol and free fatty acids (FFA). However,
the mechanisms behind this action in fish are not fully described (Vijayan et al., 2010).
For most fish species, fatty acid (FA) beta-oxidation is the major source of energy, in
the form of ATP, which occurs in the mitochondria and peroxisomes. The degradation
of FAs originates acetyl-CoA, which supports gluconeogenesis, ketogenesis and ATP
production through the TCA cycle (Olivares-Rubio & Vega-Lépez, 2016). Enoyl-coA
hydratase is an enzyme which participates in both the mitochondrial and the
peroxisomal beta-oxidation, while A3%5 A%4-dienoyl-CoA isomerase is an auxiliary
enzyme in the degradation of unsaturated fatty acids (Poirier et al., 2006) (Figure
3.2.7). Both were found to be upregulated in the liver of hypoxia-exposed fish, which
agrees with previous studies on Nile tilapia exposed to hypoxia stress (M. Li et al.,
2018). Similarly, in the OC trial, A®®,A24-dienoyl-CoA isomerase was also found to be
upregulated in the liver of overcrowded fish. Fatty-acid binding proteins (FABPSs), which
are implicated in the transport of these molecules to different cell compartments
(Furuhashi et al., 2011), were also found to be differentially abundant in challenged
fish from OC and NET trials. FABP3 was significantly downregulated in the liver of
overcrowded fish, while in the NET4 group, two protein spots corresponding to this

protein were identified as differently abundant, one up- and one downregulated,
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making impossible to infer about the expression pattern of this protein in these fish.
Contrarily, FABP1B.2 was downregulated in fish from NET4 group. The observed
changes in lipid metabolism, similar to the pattern of changes observed in
carbohydrate metabolism, add more weight to the different ways energetic resources

can be used according to the severity of the challenge.

3.2.5.4. Antioxidant system

Reactive oxygen species (ROS) are generated as byproducts during the normal
course of aerobic metabolism. ROS accumulation can lead to DNA mutation, mMRNA
and protein denaturation, membrane lipid peroxidation and ultimately, cell death
(Bhattacharya, 2015). Generation of antioxidant proteins is the primary liver response
against oxidative stress, such as SOD, peroxiredoxins (PRDX), thioredoxins (TXN) and
glutathione (GSSH) system-related proteins. SOD is the first enzyme involved in ROS
scavenging. It is a metalloenzyme responsible for catalyzing the dismutation of
superoxide anion (O?) into O2 and hydrogen peroxide (H202). Peroxiredoxins catalyze
the reduction of peroxides with the help of thioredoxin (Valero et al., 2015).
Glutathione-S-transferase (GST) catalyzes the conjugation of cellular components
damaged by ROS with reduced glutathione (GSSH) and nicotinamide adenine
dinucleotide phosphate (NADPH) (Storey, 1996). All these proteins were found to be
downregulated in challenged fish from all 3 trials (GSTM in OC trial, SOD1 and PRDX2
in NET trial, and PRDX2 and TXN in HYP trial), except for GSTM in hypoxia-exposed
fish which was upregulated. The transcription levels of SOD1 were also found to be
decreased in Atlantic cod exposed to hypoxia (Olsvik et al., 2006), while gilthead
seabream exposed to cold stress also showed a decreased abundance of TXN
(Ghisaura et al., 2019). This might suggest that FA beta-oxidation, in fish from
overcrowding and hypoxia stress, occurred mainly in the mitochondria and not in the
peroxisome, since the main byproduct of peroxisomal beta-oxidation would be H20:2
(Poirier et al., 2006). Moreover, as previously proposed, dysfunction of the ability to
detoxify is itself a reflection of oxidative stress (Banh et al., 2016; Nuez-Ortin et al.,
2018). This hypothesis is also supported in NET trial by the downregulation of BHMT
which is responsible for maintaining steady levels of the glutathione precursor S-
adenosylmethionine and preventing homocysteine accumulation (Obeid, 2013).
Additionally, reduction in the abundance of ALDH2.2, which is an important protein in

the detoxification of aldehydes (Xiao et al., 2009), may aggravate the effects of
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potential oxidative stress in fish from NET4 group. Nevertheless, the secondary
response to oxidative stress, characterized by the increased abundance of

chaperones, was activated.

3.2.5.5. Cellular stress response

In the current study, a broad scale increase in abundance of chaperones and
stress response proteins was observed in response to net handling and overcrowding
challenges, whereas the majority was involved in the unfolded protein response (UPR).
When there is an excessive accumulation of unfolded and/or misfolded proteins in the
endoplasmic reticulum (ER) (ER stress), the UPR is activated to mitigate the situation
and avoid apoptosis. This process can thus be interpreted as a quality control of protein
conformation, whereas the correctly folded proteins are exported to the Golgi complex.
In contrast, incorrectly folded proteins are retained at ER for refolding, by heat shock
proteins, or targeted for proteasome-mediated degradation (Ji & Kaplowitz, 2006). The
widely studied heat shock protein (HSP) family is composed of proteins with a
cytoprotective role that are involved in protein refolding and assembly (Roberts et al.,
2010). These proteins are usually upregulated in fish tissues in response to an array
of different stressors (lwama, Afonso, Todgham, et al., 2004; Vijayan et al., 2010). In
our study, two different HSPs were significantly upregulated in the liver of net handled
fish, the 78 kDa glucose-regulated protein (HSPA5/GRP78) and the 94 kDa glucose-
regulated protein (HSP90B/GRP94). Regarding HSPAS, three spots were detected as
DAPs, whereas only one presented downregulation in challenged fish (spot no. 319).
However, more than one protein was significantly identified in this spot. This same
increased regulation was also verified at the transcript level, whereas the RT-gPCR
analysis of the corresponding gene expression showed statistically significant
differences in GRP78 and GRP94 genes, between the challenged and the control fish
from NET trial (Figure 3.2.5.B). The close relation of HSP90 with GR is well established
in mammals. In teleosts, HSP90 was proposed to increase the stability of GR before it
binds to cortisol (Sathiyaa & Vijayan, 2003). Moreover, in vitro exposure of rainbow
trout hepatocytes to cortisol showed an upregulation of HSP90 (Aluru & Vijayan, 2007).
The high plasma cortisol levels observed in net-handled fish, published in another work
(Raposo de Magalh&es, Schrama, et al., 2020), corroborates the transcript and
corresponding proteins changes observed in this study. Calreticulin (CALR) together

with protein-disulfide isomerases (PDI) are also involved in UPR(Grek & Townsend,
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2013). CLR is the major calcium-binding protein of the ER (Kales et al., 2007). P4HB,
PDIA3 and PDIP5 are different isoforms of the protein-disulfide isomerase family and
play a crucial role in catalyzing disulfide bond formation (Grek & Townsend, 2013).
These chaperones were significantly upregulated in challenged fish from NET trial,
while CALR was likewise upregulated in challenged fish from OC trial. However,
differential abundance of proteasome degradation proteins suggests that protein
degradation was inhibited in net handled fish, since 26S protease regulatory subunit
6B (PSMC4) was downregulated. In hypoxia-exposed fish, no conclusive hypothesis
can be generated since two isoforms of proteasome degradation proteins were
identified, being one upregulated (PSMB3 and PSME?2) and the other downregulated
(PSMB2). Downregulation of proteasome degradation proteins was reported in the
liver proteome of Atlantic cod following exposure to elevated temperatures (Nuez-Ortin
et al., 2018). Contrarily, in overcrowded fish, proteasome subunit beta type-6 (PSMB6)
and CTSD, a lysosomal protein also responsible for protein degradation, were found
to be upregulated. CTSD was previously reported to be upregulated in the liver of trout
following an acute stressor (Wiseman et al., 2007) and after a cortisol treatment (Aluru
& Vijayan, 2007). These significant changes in the chaperones’ abundance suggest
that the high intensity of these challenges might have compromised the antioxidant
defense barrier but enhanced the expression of heat shock proteins since oxidative
stress may damage proteins.

3.2.5.6. Protein synthesis

Other proteins showing significant changes in abundance levels were related to
the purine and pyrimidine metabolism, including nucleoside-diphosphate kinase
(NME2B.1), purine nucleoside phosphorylase (PNP4B), and guanosine-30,50-
bis(diphosphate) 30-pyrophosphohydrolase (HDDC3), to transcription [heterogeneous
nuclear ribonucleoprotein (HNRNPABB)], and to translation, such as elongation factor-
1-beta (EEF1B2), eukaryotic translation initiation factor 5A (EIF5A), 60S acidic
ribosomal protein P2 (RPLP2), and ribosomal 40S subunit (RPSA), all undergoing
upregulation to different extents in NET and HYP trials, thus indicating an overall

increase in protein synthesis.
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3.2.6. CONCLUSIONS

Our study demonstrates that the metabolic shift occurring in gilthead seabream
liver to cope with a challenge and restore homeostasis, comprises an intricately
complex network of proteins involved in different but coordinated metabolic pathways
and cellular processes. Long-term exposure to repetitive net handling, coupled with air
exposure, was associated with significantly perturbed carbohydrate metabolism and
amino acid catabolism, and ER stress. The latter was also associated with
overcrowded fish, although to a lower extent, together with alterations in lipid
metabolism. In contrast, a shorter-term challenge (hypoxia) induced a different
rearrangement of the stress response. However, considering the number of DAPSs, net
handling was undoubtedly the stressor that caused the highest impact on the liver
proteome response. Additionally, two genes were found to be differently expressed in
net-handled fish. However, a high variability was verified within the same group, which
could be associated to individual biology or sample processing differences.
Undeniably, a broader transcriptomic approach would be necessary to evaluate the
direct activity of the genome under the conditions tested. Collectively, results suggest
a response influenced mainly by the severity of the challenge, which appeared to be
tightly associated with the plasma glucocorticoid levels. Differences in the circulating
levels of cortisol could explain the different magnitude of proteome alterations after
exposure to a continuous (overcrowding) and a repetitive (net handling) challenge. A
possible habituation or exhaustion and desensitization by the overcrowded fish can
skew interpretation of a “stressed state”. Finally, this work demonstrates the potential
of proteomics approaches for the study of protein interactions and their roles in the
mounting of the adaptive response to stress. Additionally, it provides a set of proteins
that could be further investigated as novel stress markers to complement the currently
used stress indicators. However, this data needs to be thoroughly validated before
inferring about potential candidate biomarkers. Further integration of other omics
modalities could provide a complete picture of the underlying biology behind the stress
response modulation, across multiple organizational levels. Establishing, as accurately
as possible, resting levels of the desired markers and studying the link between the
guantification of the stress response with fitness traits and fish performance metrics
would also be necessary. Nonetheless, this will provide a complementary approach to
classical physiological and behavioral observations for the future development of a

multidisciplinary welfare assessment.
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3.2.7. SUPPLEMENTARY MATERIAL

Supplementary figures can be found in the APPENDIX. Supplementary tables are
available for this paper at:
https://www.frontiersin.org/articles/10.3389/fmars.2021.676189/full#supplementary-

material
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Gilthead seabream liver integrative proteomics and
metabolomics analysis reveals regulation by different

prosurvival pathways in the metabolic adaptation to stress

It is a curious situation that the sea, from which life first arose should now be
, ’ threatened by the activities of one form of that life.

— Rachel Carson in “The Sea Around Us”

This chapter has been published as research article in:
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3.3.1. ABSTRACT

The study of the molecular mechanisms of stress appraisal on farmed fish is
paramount to ensuring a sustainable aquaculture. Stress exposure can either
culminate in the organism’s adaptation or aggravate into a metabolic shutdown,
characterized by irreversible cellular damage and deleterious effects on fish
performance, welfare, and survival. Multiomics can improve our understanding of the
complex stressed phenotype in fish and the molecular mediators that regulate the
underlying processes of the molecular stress response. We profiled the stress
proteome and metabolome of Sparus aurata responding to different challenges
common to aquaculture production, characterizing the disturbed pathways in the fish
liver, i.e., the central organ in mounting the stress response. Label-free shotgun
proteomics and untargeted metabolomics analyses identified 1738 proteins and 120
metabolites, separately. Mass spectrometry data have been made fully accessible via
ProteomeXchange, with the identifier PXD036392, and via MetaboLights, with the
identifier MTBLS5940. Integrative multivariate statistical analysis, performed with
DIABLO, depicted the 10 most-relevant features. Functional analysis of these selected
features revealed an intricate network of regulatory components, modulating different
signaling pathways related to cellular stress, e.g., the mTORC1 pathway, the unfolded
protein response, endocytosis, and autophagy, to different extents according to the
stress nature. These results shed light on the dynamics and extent of this species’
metabolic reprogramming under chronic stress, supporting future studies on stress

markers’ discovery and fish welfare research.
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3.3.2. INTRODUCTION

Over the past 20 years, global aquaculture has been thriving and developing
toward the critical goals of environmental, economic, and societal sustainability.
Producing more food (i.e., calories, proteins, amino acids) per unit of land area is the
current model for overcoming global population expansion. With the continuous
intensification of aquaculture, the welfare of farmed fish is becoming a key issue, for
which stress management has become a powerful tool to continue improving the
sector’s sustainable growth (F. Huntingford, 2008). Exposure to minor stressors is
known to promote fish resilience, while major stressors can affect whole-animal
performance and, in more severe cases, survival (lwama et al., 2006). Fish respond to
stressful stimuli through an elaborate endocrine machinery that provides the chemical
mediation of a hypothalamic combined signal through the action of glucocorticoids, to
manage the production and expenditure of energy and allow for a proper fight-or-flight
response (Mommsen et al., 1999). The liver is the central organ in the energy
management adaptation response, responsible for processes such as the synthesis of
glucose and fatty acids degradation, to compensate for coping mechanisms. However,
if the severity of the stimulus increases, the stress response can shift to an energy
conservation state, and high-energy costly biological functions, such as immunity and
growth, are suppressed, which might compromise fish welfare (Boonstra, 2013). At the
hepatocyte level, cells undergo immediate changes to help their metabolism adapt and
to protect themselves against potential damage. This process is orchestrated through
a multilayered cellular program, which involves the concerted action of diverse stress-
signaling pathways regulated at different levels of biological organization (Pakos-
Zebrucka et al., 2016). The cellular stress response was recently reviewed in fish
subjected to salinity (Evans & Kiltz, 2020) and temperature stress (Somero, 2020).
However, studies addressing the specific signaling pathways supporting the cellular
stress response at different organizational levels are scarce.

High-throughput technological advances, such as “omics” approaches, allow for
a deeper understanding of the intricate network of signaling pathways involved in the
regulatory mechanisms responsible for the specific metabolic adaptation to different
stressors. Proteins and metabolites represent the downstream outcome of an
organism’s genome and its interaction with the environment. Thus, untargeted
proteomics and metabolomics analyses can provide a high-resolution snapshot of a

fish subjected to a certain stressful stimulus. Proteomics has been extensively used to
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study fish hepatic metabolism in response to different stressors (Causey et al., 2018;
Gandar et al., 2017; Ghisaura et al., 2019; Naderi et al., 2018; Pédron et al., 2017;
Quan et al., 2021; Raposo de Magalhées et al., 2021; G. Zhang et al., 2017). On the
other hand, the use of untargeted metabolomics in fish stress research, although less
explored, has been occurring in recent years (Alfaro et al., 2021; Jiao et al., 2020;
Ziarrusta et al., 2018). However, integrated multiomics studies are still limited.
Combining omics strategies permits a more holistic understanding of the
interrelationships of the active biomolecules and their corresponding functions, and it
is becoming a powerful tool for life science research. However, in fish and aquaculture
research, this approach is still hampered by the lack of genomic data, analytical tools,
and comprehensive databases, among other aspects (Raposo de Magalhaes,
Cerqueira, et al., 2020). Notably, few studies with different fish species, combining
different omics platforms, have provided remarkable insights into nutrition (Y. Wei et
al., 2021) and exposure to environmental stressors (Colas-Ruiz et al., 2022; Dale et
al., 2020; Wen et al., 2019; Z. X. Zhu et al., 2019) and pathogens (Ge et al., 2020; J.
N. Li et al., 2020; Long et al., 2015).

Gilthead seabream (Sparus aurata) is one of the most produced finfish species
in Mediterranean aquaculture and the fourth major species produced in Europe (FAO,
2022). Therefore, molecular insights into the stress physiology of this species could
provide the industry with deeper knowledge on welfare conditions, eventually devising
stress-mitigation strategies by conventional and modern farming to develop improved
recommendations on best practices. To the best of our knowledge, the present work
is the first multiomics study to portray signaling and metabolic pathway perturbations
in challenged gilthead seabream. Herein, we subjected gilthead seabream adults to
different challenges with different severities, simulating standard practices and
conditions in an aquaculture farm, such as overcrowding, net handling and hypoxia,
and conducted an integrated proteomics and metabolomics analysis of the liver tissue
through high-resolution liquid chromatography coupled with mass spectrometry (LC-
MS/MS). These data will link the interplay of different stress-signaling pathways to
complex stress variation and enhance our understanding of biological stress pathways
decoded by the animal stress response. We henceforward envisage an increase in the
use of more-integrated approaches within fish stress research built upon the
knowledge attained from comprehensive and system-wide studies to improve

aquaculture sustainability and bring about a less-damaging food system.
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3.3.3. MATERIALS & METHODS
3.3.3.1. Ethics

The present study was officially approved by the Responsible Body for Animal
Welfare (ORBEA) of CCMAR and the Portuguese National Authority for the Animal
Health (DGAV), on 26 August 2019. The animal experiments followed the European
guidelines on the protection of animals used for scientific purposes (Directive
2010/63/EU) and Portuguese legislation for the use of laboratory animals, under a
“Group 17 license (permit number 0420/000/000-n.99—-09/11/2009) from the Veterinary
Medicine Directorate, the competent Portuguese authority for the protection of animals,
Ministry of Agriculture, Rural, Development and Fisheries, following the category C

FELASA recommendations.

3.3.3.2. Fish and stocking conditions

Sparus aurata adults were randomly distributed in 500 L fiberglass tanks
provided with flowthrough seawater from Ria Formosa. Physicochemical parameters
varied according to natural fluctuations (natural photoperiod, water temperature at 13.4
+ 2.2 °C, salinity at 34.7 + 0.8 %o, and dissolved oxygen level above 5 mg L™). Fish
were fed once daily, by hand, with a commercial feed (Standard Orange 6) from
‘AquaSoja, Sorgal, S.A” (Ovar, Portugal), according to the species’ nutritional
requirements. Experimental trials took place at the Ramalhete Research Station of
CCMAR (Faro, Portugal), and fish were supplied by the company “Maresa, Mariscos
de Estero S.A.” (Huelva, Spain).

3.3.3.3. Experimental design

Three separate experimental trials were conducted, where fish were subjected
to three challenges: OC—overcrowding; NET—repetitive net handling, coupled with
air exposure; and HYP—nhypoxia. Two experimental groups were set for each trial: (1)
control group (CTRL) and (2) challenged group. Triplicate tanks were used for each
group (i.e., a total of six tanks per trial), with an initial rearing density of 10 kg m
(except for the high-rearing-density group, as further described). In the OC trial, fish
with average IBW of 373.89 + 11.04 g were subjected to high stocking densities of over
54 days. Experimental groups were established as follows: (1) CTRL — 10 kg m~3 and
(2) OC45 — 45 kg m~3. In the NET trial, fish (IBW = 376.52 + 8.96 g) were challenged
for 45 days with specific nets designed for the purpose: (1) CTRL — undisturbed fish
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(the net was likewise fit inside the tanks but not lifted) and (2) NET4 — fish netted four
times a week (fish were lifted and air-exposed for one min). The last air-exposure
challenge was performed 72 h before sampling. In the HYP trial, fish (IBW = 405.74 +
35.14 g) experienced low levels of saturated oxygen in the water over 48 h.
Experimental groups were established as follows: (1) CTRL had 100% saturated
oxygen and (2) HYP15 had 15% saturated oxygen. Measurements of saturated oxygen
levels were conducted every 30 min to keep track of potential fluctuations and adjust
nitrogen injection if necessary. Zootechnical results were previously published by the

authors (Raposo de Magalhdes, Schrama, et al., 2020).

3.3.3.4. Sampling

At the end of each trial, fish were starved for 48 h to clean the digestive tract,
according to normal practice in aquaculture production. Three fish were randomly
sampled from each tank and immediately anesthetized with a lethal dose of MS-222
(Merck KGaA). Liver samples were collected, chopped, divided into two Eppendorf
tubes (i.e., one for proteomics and one for metabolomics), immediately frozen in liquid

nitrogen, and stored at =80 °C until further use.

3.3.3.5. Sample preparation

For proteomics analysis, liver protein extracts (n = 6, two fish per tank; tank unit
as biological replicate) were obtained from 50 mg of tissue solubilized with 500 uL of
ex-traction buffer (7 M urea, 2 M thiourea, 4% CHAPS, 30 mM Tris pH 8.5), 5 uL of
proteases’ inhibitor (PI) cocktail (Merck KGaA), and 2 yL of 250 mM EDTA. Sample
homogenization was conducted by using a tissue lyser (VWR) with 5 mm metal beads
for two cycles of 30 s, at a frequency of 25/s. Homogenates were incubated at 4 °C for
30 min, in constant rotation and centrifuged at 13,000 g and 4 °C for 15 min to remove
insoluble material. Liver extracts were diluted in the initial buffer, and the protein
content was measured by using the BioRad Quick Start Bradford Dye Reagent and
BSA Standard Set (Bio-Rad). Extracts were then depleted of nonprotein contaminants
by using the ReadyPrep™ 2D Clean-Up kit (Bio-Rad), following the manufacturer’s
instructions. The cleaned protein pellet was further resuspended in 100 mM Tris pH
8.5, 1% sodium deoxycholate, 10 mM TCEP, 40 mM chloroacetamide, and protease
inhibitors for 10 min at 95 °C at 1000 rpm (Thermomixer, Eppendorf, Hamburg,

Germany). Subsequently, samples were prepared according to the solid-phase-
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enhanced sample-preparation (SP3) protocol (Hughes et al., 2018). Enzymatic
digestion was conducted with 2 pg Trypsin/LysC overnight at 37 °C at 1000 rpm.

For metabolomics analysis, 10 mg of liver tissue (n = 9, three fish per tank; tank
unit as biological replicate) were homogenized on a tissue lyser, with chloro-
form/methanol/water 1:3:1 (v/v/v) at 4 °C and a 5 mm metal bead, for 30 s, at 25/s
frequency. Homogenates were incubated at 4 °C for 1 h, in constant rotation, and lastly
centrifuged for 3 min at 13,000 g and 4 °C. The supernatant was collected and
analyzed by LC-MS/MS. In addition, 10 pL from each supernatant sample was pooled

as the quality control (QC) sample.

3.3.3.6. Label-free shotgun proteomics analysis
3.3.3.6.1. NanoLC-MS/MS analysis

Peptides from enzymatic digestion (500 ng) were analyzed through online
nanoLC using an UltiMate™ 3000 system coupled with a Q-Exactive Hybrid
Quadrupole-Orbitrap mass spectrometer (Thermo Scientific, Bremen, Germany).
Samples were loaded onto a trapping cartridge (Acclaim PepMap C18 100 A, 5 mm x
300 um i.d., 160454, Thermo Scientific) in the mobile phase (2% ACN, 0.1% FA at 10
uL min™1). After 3 min loading, the trap column was switched inline to a 50 cm by 75
pMm inner-diameter EASY-Spray column (ES803, PepMap RSLC, C18, 2 ym, Thermo
Scientific) at 250 nL min~. Separation was achieved by mixing A: 0.1% FA and B: 80%
ACN, 0.1% FA, with the following gradient: 5 min (2.5% B to 10% B), 120 min (10% B
to 30% B), 20 min (30% B to 50% B), 5 min (50% B to 99% B), and 10 min (hold 99%
B). Subsequently, the column was equilibrated with 2.5% B for 17 min. Data acquisition
was achieved by using Xcalibur 4.0 and Tune 2.9 software (Thermo Scientific).

The mass spectrometer was operated in data-dependent acquisition (DDA), in
positive mode, alternating between a full scan (m/z 380-1580) and a subsequent HCD
MS/MS of the 10 most-intense peaks from the full scan (normalized collision energy of
27%). The ESI spray voltage was 1.9 kV and capillary temperature was 275 °C. Global
settings were: use lock masses best (m/z 445.12003), lock-mass injection full MS, and
chromatography peak width (FWHM) of 15 s. Full scan settings: 70k resolution (m/z
200), AGC target 3e6, and maximum injection time 120 ms. DDA settings: minimum
AGC target 8e3, intensity threshold 7.3e4. Charge exclusion: unassigned, 1, 8, > 8,
peptide match preferred, exclude isotopes on, dynamic exclusion 45 s. MS2 settings:

microscans 1, resolution 35k (m/z 200), AGC target 2e5, maximum injection time 110
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ms, isolation window 2.0 m/z, isolation offset 0.0 m/z, dynamic first mass, and spectrum
data—type profile. MS analyses were performed at the Proteomics Scientific Platform

of i3S, Porto, Portugal.

3.3.3.6.2. Protein identification

Raw MS data were processed by using SEQUEST® on Proteome Discoverer™
soft-ware 2.5.0.400 (Thermo Scientific) and searched against the UniProtkKB
Eupercaria database (taxon ID 1489922; Release 2020_05; 651,914 sequences). The
SEQUEST HT search engine was used for the identification of tryptic peptides. The
ion mass tolerance was set at 10 ppm for precursor ions and 0.02 Da for fragmented
ions. A maximum of two missed cleavage sites was allowed, with a minimum peptide
length of six amino acids and 144 as maximum. Cysteine carbamidomethylation was
defined as constant modification. Methionine oxidation, protein N-terminus acetylation,
and loss of methionine and Met-loss+Acetyl were defined as variable modifications.
Peptide confidence was set to high. The Inferys rescoring node was considered for this
analysis. The processing node Percolator was enabled with the following settings:
maximum delta Cn 0.05; decoy database search target FDR < 1%, validation based
on g-value. Protein label-free quantitation was performed with the Minora feature
detector node at the processing step. Precursor ions quantification (TOP3) was
performed at the processing step with the following parameters: peptides to use unique
plus razor, precursor abundance was based on intensity, normalization mode was
based on total peptide amount, and the pairwise protein ratio calculation and
hypothesis test were based on a t-test (background based). Magellan storage files
(.msf) were imported into Scaffold v.4.11.1 (Proteome Software Inc., Portland, OR,
USA) to validate MS/MS-based peptide and protein identifications. A second search
engine, i.e., X! Tandem algorithm (the GPM, thegpm.org; version X! Tandem Alanine
2017.2.1.4), was applied to all MS/MS samples, by using a reverse-concatenated
subset of the UniProtKB Eupercaria database (release 2020_05; 651,914 entries), also
assuming Trypsin digestion and parent ion tolerance of 10 ppm and a fragment ion
mass tolerance of 0.020 Da. Carbamidomethyl of cysteine was specified as a fixed
modification and Glu->pyro-Glu of the N-terminus, ammonia-loss of the N-terminus,
gln->pyro-Glu of the N-terminus, oxidation of methionine and acetyl of the N-terminus
as variable modifications. Peptide identifications were accepted if they could be
established at a greater than 92% probability to achieve an FDR less than 0.1% by the
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peptide prophet algorithm (Keller et al.,, 2002) with Scaffold delta-mass correction;
protein identifications were accepted at a minimum 99% probability to achieve an FDR
less than 1% by the protein prophet algorithm (Nesvizhskii et al., 2003), containing at
least three identified peptides. Proteins containing similar peptides that could not be
differentiated based on MS/MS analysis alone were grouped to satisfy the principles
of parsimony. The MS proteomics data were deposited on the ProteomeXchange
Consortium (Deutsch et al., 2020) via the PRIDE (Perez-Riverol et al., 2019) partner
repository with the dataset identifier PXD036392 and 10.6019/PXD036392.

3.3.3.7. Untargeted metabolomics analysis

All samples were analyzed on a Thermo Scientific Q-Exactive Orbitrap mass
spectrometer, running in positive/negative switching mode, connected to a Dionex
UltiMate™ 3000 RSLC system (Thermo Fisher Scientific, Hemel Hempstead, UK)
using a ZIC-pHILIC column (150 mm % 4.6 mm, 5 ym column, Merck Sequant,
Gillingham, UK). The column was maintained at 30 °C, and samples were eluted with
a linear gradient (20 mM ammonium carbonate in water for A and acetonitrile for B)
over 46 min at a flow rate of 0.3 mL/min as follows: 0 min 20% A, 30 min 80% A, 31
min 92% A, 36 min 92% A, 37 min 20% A, and 46 min 20% A. The injection volume
was 10 uL, and samples were maintained at 5 °C prior to injection. The MS settings
were as follows: resolution 70,000, AGC 1e6, m/z range 70-1050, sheath gas 40,
auxiliary gas 5, sweep gas 1, probe temperature 150 °C, and capillary temperature
320 °C. For positive mode ionization: source voltage +3.8 kV, S-Lens RF Level 30.00,
S-Lens Voltage 25.00 (V), Skimmer Voltage 15.00 (V), Inject Flatopole Offset 8.00 (V),
and Bent Flatopole DC 6.00 (V). For negative mode ionization: source voltage was 3.8
kV. The calibration mass range was extended to cover small metabolites by including
low-mass calibrants with the standard Thermo calmix masses (below m/z 138):
butylamine (CsH11N1) for positive ion electrospray ionization (PIESI) mode (m/z
74.096426) and COFs for negative ion electrospray ionization (NIESI) mode (m/z
84.9906726). To enhance calibration stability, lock-mass correction was also applied
to each analytical run (positive mode: lock mass (m/z) 144.9822; negative mode: lock
mass (m/z) 100.9856). To assess the running of the instrument, the pooled samples
(QC) were assessed for reproducibility and were run throughout the sample analysis,
every fifth sample.
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The raw mass spectrometry data were preprocessed using the polyomics-
integrated metabolomics pipeline (PiMP) (Gloaguen et al., 2017). Briefly, data were
converted from Thermo proprietary raw files (.raw) to the open format mzXML and
uploaded to PIMP. Within PiMP, unique signals were extracted by using the XCMS
centwave algorithm (C. A. Smith et al., 2006) and matched across biological replicates
based on a mass-to-charge ratio (m/z) and retention time. These grouped peaks were
then filtered on the basis of relative standard deviation and combined into a single file.
The combined sets were then filtered on signal to noise score, minimum intensity, and
minimum detections. The final peak set was then gap filled and displayed in the PiMP
user interface. Filters were applied using MZMatch (Scheltema et al., 2011). Metabolite
identifications were validated by comparing the chromatographic retention times and
the m/z values against a set of in-house standards. The metabolites’ level of
identification was classified according to the Metabolomics Standards Initiative (MSI)
(Table S4 - online) (Sumner et al., 2007). The MS metabolomics data were deposited
on MetaboLights (Haug et al., 2020) with the dataset identifier MTBLS5940.

3.3.3.8. Univariate and multivariate statistical analyses

Protein abundance was estimated based on TOP3 precursor intensity, and
normalized values (against the sum of all ion intensities in each sample replicate) were
log10 transformed prior to statistical analysis (Farinha et al., 2021). The residuals’
normality and homoscedasticity were confirmed by using the SPSS™ Statistics
software v.25.0 (IBM™, Armonk, NY, USA). Univariate statistical analyses of
proteomics data were performed in the Perseus software (Tyanova et al., 2016),
including only proteins quantified in at least four out of six replicates per experimental
group. Differences in protein abundance between control group and experimental
group, within each trial, were analyzed by using a Student’s t-test (p < 0.05) with FDR
controlled at 0.05. Statistical analyses of the metabolomics data were performed on
MetaboAnalyst 5.0 (Pang et al., 2021), using only the metabolites detected in at least
six out of nine replicates per experimental group. Prior to univariate hypothesis testing,
peak intensities were logl0 transformed and Pareto scaled, and the missing values
were imputed based on one-fifth of the minimum positive value of each variable.
Differential analysis was achieved by a Student’s t-test (p < 0.05) with FDR controlled
at 0.05.
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A multivariate statistical analysis was performed by using R v.4.2.0 (R Core
Team, 2022) for MacOSX. Group separation and replicates’ variability were analyzed,
for each data modality, through PCA, using the prcomp R function in the auto scaled
matrices. Missing values were imputed based on the feature median. Biplots were
generated by using the R package factoextra (Kassambara & Mundt, 2020). DIABLO
algorithm, within the R package mixOmics (Rohart et al., 2017), was used to perform
the integrative analysis of proteomics and metabolomics datasets (identified proteins
and metabolites) and depict the 10 most-correlated and discriminatory features
between both data modalities. The parameters of the final DIABLO model were tuned
based on three-fold CV repeated five times and using the centroids distance as

distance metric.

3.3.3.9. Functional analyses

Joint pathway analysis (JPA) of DAPs and differentially abundant metabolites
(DAMs) was performed on MetaboAnalyst 5.0, using the Entrez IDs for proteins and
compound KEGG IDs for metabolites as queries and Danio rerio as reference.
Overrepresentation analysis (ORA) was achieved with two-sided hypergeometric test,
followed by Benjamini-Hochberg method for p-value correction and using the
combined p-values at the pathway level as integration method. Enriched terms and the
corresponding features were visualized on a cnetplot using the R package enrichplot
(Yu, 2022a). The search tool for the interactions of chemicals (STITCH) (Kuhn et al.,
2008) was used to generate, for each trial, a metabolic reaction network (protein-
metabolite) of DAPs and DAMs. Protein identifiers from the STRING database
(Szklarczyk et al., 2021) and compound names were used as queries. Networks were
visualized and topologically analyzed with the Cytoscape software v.3.8.1 (Shannon
et al., 2003), using the plugin MCODE (Bader & Hogue, 2003) to extract significant
clusters from the main network according to the default parameters. Enriched
REACTOME terms within the features selected by the DIABLO model were depicted
by using the analysis tool from the knowledgebase REACTOME (Fabregat et al.,
2017), with the identifiers projected to human orthologs as queries and visualized as
Voronoi plots.

All figures were created by using the open-source graphics editor Inkscape
(http://www.inkscape.org/).
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3.3.4. RESULTS
3.3.3.1. Proteomics and metabolomics data overview

Proteomics analysis of gilthead seabream liver led to a mean of 40% + 2% of
peptide spectrum matches (PSM) out of a mean of 27,122 + 917 total spectra per
MS/MS sample (Table S1 - online). About 1738 proteins were identified with a
probability higher than 99% to achieve a false discovery rate (FDR) of < 1% assigned
by the protein prophet algorithm, with at least three peptides, on the Scaffold software
(Table S2 - online). From these, 1443, 1435, and 1418 reproducible proteins, present
in at least four out of six replicates were selected from OC, NET, and HYP trials,
respectively, for further statistical analyses. On the other hand, metabolomics analysis
detected 3393, 5846, and 3616 peaks for the OC, NET, and HYP liver samples,
respectively, from which 840, 1189, and 894 metabolite-like signals were annotated on
the basis of mass and retention time, and 84, 112, and 89 were identified against
authentic in-house standards (Table S4 - online).

A differential analysis of the liver proteomes between the control and challenged
groups revealed 40, 349, and 46 differentially abundant proteins (DAPs) (Student’s t-
test, p < 0.05, 5% FDR) among the OC, NET, and HYP trials, respectively, from which
20, 202, and 20 were upregulated in the challenged group, and 20, 147, and 26 were
downregulated (Table S3 - online). A Student’s t-test with 5% FDR correction of the
metabolomic data identified 40 and 58 peaks corresponding to confidently identified
metabolites, significantly changing in abundance (p < 0.05) in NET- and HYP-
challenged groups, compared with the corresponding control group. No DAMs were
identified between control fish and challenged fish in the OC trial (Table S5 - online).

The score scatter plots (Figure 3.3.1) of the PCA showed that the first two
principal components were able to capture 35.8%, 41.5%, and 27.9% of the total
variability of OC, NET, and HYP trials data, respectively. A clear separation between
groups was obtained for the NET data along the PC1 axis. The plots display the top-
five features with the highest loading values as variable arrows. The PCA of the
metabolomics data, conducted with the identified and single-annotated metabolites,
showed that PC1 and PC2 were able to explain 38.7%, 41%, and 37.9% of the
variability within OC, NET, and HYP datasets, respectively, achieving a better group
separation for the NET and HYP trials than the PCA did, according to the proteomics
data. In Figure 3.3.1, the top-five features with the highest loading values are displayed

as variable arrows in the biplots.
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Figure 3.3.1. PCA biplots of the liver proteomics and metabolomics data of gilthead seabream
subjected to overcrowding (OC), net handling (NET), and hypoxia (HYP) challenges. Each
point represents a biological replicate’s projection, and experimental groups within trials are
represented by a unique color, as indicated in each legend. The largest point represents the
group mean. The axes’ percentages indicate the proportions of explained variance. The arrows
depict the top-five most weighted variables.
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3.3.4.2. Integrated stress response analysis

An overrepresentation analysis (ORA) of differential proteins and metabolites
from NET fish liver resulted in 12 overrepresented KEGG terms with FDR < 0.05, the
three most enriched being ribosome (FDR = 1.032 x 10-??), protein processing in ER
(FDR = 2.384 x 10'%), and one-carbon pool by folate (FDR = 0.002) (Figure 3.3.2;
Table S6 - online). Regarding the HYP analysis, 11 enriched terms were revealed:
ABC transporters (FDR = 4.926 x 10°8), aminoacyl-tRNA biosynthesis (FDR = 0.003)
and alanine, aspartate, and glutamate metabolism (FDR = 0.003) were the three most
enriched (Figure S3.3.1 - APPENDIX). No joint pathway analysis (JPA) was performed

for the OC data because no DAMs were identified by univariate hypothesis testing.
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Figure 3.3.2. A gene-concept network of enriched KEGG terms (FDR < 0.05) within the
differential abundant proteins (DAPs) and metabolites (DAMs) identified in the liver of gilthead
seabream subjected to the net handling (NET) challenge. Central nodes represent the
enriched term, with color and size representing FDR and the number of associated
biomolecules, respectively. The concept nodes represent biological concepts, where shape
corresponds to the omics modality and color to the regulation of that biomolecule, determined
by Student’s t-test with FDR controlled at 0.05.
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A metabolic reaction network (metabolite protein) was generated for each trial,
i.e., NET and HYP, with the corresponding DAPs and DAMs. The topological analysis
on Cytoscape revealed a network with 296 nodes, 3176 edges, and a clustering
coefficient of 0.428, for the NET trial, with four main clusters highlighted by MCODE
plugin (Figure 3.3.3). The top three nodes with the highest betweenness centrality were
succinate, phenylalanine, and alanine. The JPA conducted on each cluster individually
showed that the enriched KEGG terms were involved mainly in translation, folding
processes, and amino acid metabolism (Figure 3.3.3). The HYP trial DAPs and DAMs
generated a network with 71 nodes, 438 edges, a clustering coefficient of 0.704, and
one highly interconnected cluster identified by MCODE. Proteins in this cluster were
enriched mainly in KEGG terms related to amino acids, nucleotides, and lipid
metabolism. The highest betweenness centrality values were attributed to phosphate,
ATP, and ADP metabolites (Figure S3.3.2 - APPENDIX).
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Figure 3.3.3. Metabolic reaction network generated with the differential abundant proteins and
metabolites identified in the liver of gilthead seabream subjected to a net handling challenge.
Node shape and color represent the type of biomolecule, according to the legend. Edges
represent functional linkages between them. The highlighted clusters, depicted with the
MCODE plugin within Cytoscape software, represent the most interconnected regions, with
the corresponding overrepresented in KEGG terms (FDR < 0.05).
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DIABLO was used to perform a correlation analysis between both data
modalities and to depict each trial’s 20 most discriminatory features (10 metabolites
and 10 proteins). The arrow plot (Figure 3.3.4.A) of the first two components of the
NET DIABLO model showed that group separation was achieved over the first
dimension and that replicates’ variability was consistent across omics datasets.
Proteomics and metabolomics data showed a Pearson correlation of 0.95 on the first
component, with six proteins and five metabolites showing r > 0.9, as demonstrated in
the circos plot from Figure 3.3.4.B. The features from the first component were then
subjected to an ORA on the REACTOME database (Table S7 - online), according to
their expression patterns, to depict the biological functions and pathways that were
most affected by the NET challenge (Figure 3.3.4.C).

A total of 106 terms presented FDR < 0.05, for the upregulated proteins and
metabolites, where transport of small molecules (FDR = 2.19 x 10?), cellular
responses to stimuli (FDR = 2.19 x 10-?) and metabolism of proteins (FDR =2.19 x 10
2) were the three most enriched higher-level terms. In the case of the downregulated
features, 10 lower-level terms showed FDR < 0.05, being mostly implicated in the
metabolism of certain amino acids and peroxisomal processes. Regarding the HYP
trial, the final DIABLO model calculated two components that could separate control
from the hypoxia challenged group along the dimension 1 axis, according to the arrow
plot in Figure S3.3.3.A - APPENDIX. The Pearson correlation between both data
modalities on the first component was 0.96, while four proteins and six metabolites
among the selected features demonstrated r > 0.8 (Figure S3.3.3.B - APPENDIX). A
REACTOME overrepresentation analysis of the selected upregulated and
downregulated features (Figure S3.3.3.C - APPENDIX) showed that 84 terms were
upregulated (FDR < 0.05), the transport of small molecules (FDR = 6.91 x 10),
metabolism (FDR = 2.16 x 10-?), and cellular responses to stimuli (FDR = 6.47 x 10?)
being the most enriched. On the other hand, among the 77 downregulated terms with
FDR < 0.05, the three most enriched were mainly integrating energy metabolism,

protein repair, and the metabolism of vitamins and cofactors.
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Figure 3.3.4. Integrated proteomics and metabolomics analysis, conducted with DIABLO, of
the liver of gilthead seabream subjected to the net handling challenge (NET). (A) Arrow plot of
the separation between groups achieved with the first two components of the DIABLO model.
Different shapes represent different data modalities. (B) Circos plots representing the Pearson
correlation (correlation cutoff = 0.9) between the 10 most-discriminatory proteins and
metabolites selected by the first component of the DIABLO model. (C) Voronoi plots obtained
with a REACTOME analysis tool represent two of the most overrepresented high category
terms (FDR < 0.05), among the upregulated features selected by DIABLO. The p-value scale
indicated in the figure legend corresponds to the adjusted p-value.

3.3.5. DISCUSSION

The stress response is a regulatory mechanism conserved among vertebrates,
which comprises a cascade of events from the molecular to the whole individual level.
This internal disturbance can either culminate in the organism’s adaptation,
characterized by a compensating stress response (i.e., reallocation of energy
resources with reversible physiological damage and potentially improved fish fitness),
or scale up to a metabolic shutdown, characterized by irreversible cellular damage and
resulting in permanent deleterious effects on fish performance and survival. What

defines this threshold depends on individual (e.g., species, age, previous experiences,
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coping styles) and/or stressor-related factors (e.g., severity), increasing the difficulty of
defining a stressed phenotype in fish (Wendelaar Bonga, 1997). The molecular
regulation of this complex response occurs at different biological levels, and therefore,
the integrated approach employed in this study provides a systemic perspective of the
main interactions between the hepatic proteome and metabolome and unveils the main
pathways underpinning this species’ stress response to different challenges. In aquatic
animals, the liver is responsible for the storage, production, and reallocation of energy
resources and is one of the most profoundly affected organs during a stress response
(Vijayan et al., 2010). It has been shown that the magnitude of the liver response
greatly depends on the severity of the stimulus (Raposo de Magalhées et al., 2021),
specifically acute vs chronic stimuli. At the cellular level, this translates into stress
responses that can be manifold, ranging from the activation of survival pathways,
which are geared toward helping the cell recover from the insult, to eliciting
programmed cell death. The cell’s fate critically relies on its ability to mount an
appropriate stress response.

In this study, the numbers of dysregulated proteins and metabolites in the liver
suggested that net handling was the challenge that induced the most intense metabolic
reprogramming in gilthead seabream (349 DAPs and 40 DAMs vs 46 DAPs and 58
DAMs in the HYP trial and 40 DAPs and 0 DAMs in the OC trial), most likely related to
its severity (1¥2 months compared with the 48 h of the hypoxia challenge). These
results might also suggest a multistress effect, as recently proposed (Petitjean et al.,
2019), which might have resulted from a synergetic combination of net handling and
air exposure. Previous plasma and liver analyses conducted on these same fish,
published elsewhere (Raposo de Magalhdes et al., 2021; Raposo de Magalhaes,
Schrama, et al., 2020), also verified this same difference in response to these different
challenges. According to the ORA performed with REACTOME on the NET proteins
and metabolites selected by the DIABLO model (Table S7 -online), terms related to
the metabolism of amino acids, amino acid transport across the plasma membrane,
UPR, and translation were included among the most enriched ones. Notably, pathways
related to the catabolism of amino acids were mainly downregulated, whereas
pathways related to the biosynthesis of a specific set of amino acids were essentially
upregulated. Simultaneously, amino acid transport, translation, and UPR were
upregulated (Figure 3.3.4.C). These results suggest that net handling most likely

induced cellular stress and that challenged fish coped with the stress by activating this
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prosurvival pathway, i.e., UPR. UPR is directly and indirectly related to the other
overrepresented pathways through different regulatory processes, in an intricate
network of signaling pathways to ensure cell survival and tissue homeostasis, as will
be further discussed. The protein—metabolic interaction network also demonstrated
this interconnection between these pathways (Figure 3.3.3).

During normal and stressful circumstances, secreted proteins undergo
maturation in the ER before being exported to the Golgi apparatus, if properly
assembled. Cellular stress may disturb this process, resulting in the accumulation of
unfolded/misfolded proteins in the ER and culminating in the orchestration of the UPR.
This response is initiated by three ER-resident molecular proteins, most notably
inositol-requiring protein-1 (IRE1), protein kinase RNA (PKR)-like ER kinase (PERK),
and activating transcription factor 6 (ATF6), which will activate three intracellular signal
transduction pathways. PERK phosphorylates eukaryotic initiation factor 2 (elF2a) and
allows the translation of activating transcription factor 4 (ATF4), which may, in turn,
activate the transcription of chaperones and other proteins involved in the regulation
of apoptosis (e.g., C/EBP Homologous Protein (CHOP)), autophagy (e.g., autophagy
related 12 (ATG12)), and amino acid metabolism (e.g., asparagine synthetase
(ASNS)). PERK can also directly phosphorylate the transcription factor NF-E2-related
(NRF2), which induces the expression of antioxidant genes (Fulda et al., 2010). In this
study, proteins elF2a and ASNS were upregulated in NET-challenged fish.
Accordingly, in largemouth bass exposed to heat stress, elF2a gene was also reported
to be upregulated, along with other UPR-related genes (X. Zhao et al., 2022). In
contrast, ATF6 is first activated in the Golgi and then acts as a transcription factor of
chaperones, such as the 78 kDa glucose-regulated protein (BiP/GRP78/HSPA5) and
the 94 kDa glucose-regulated protein (HSP90B1), x-box-binding protein 1 (XBP1), and
genes involved in the ER quality control machinery (e.g., calreticulin (CALRL)) (Fulda
etal., 2010). HSPA5 and HSP90B1 were upregulated in NET-challenged fish, together
with five other heat-shock proteins (HSPs) (Table S3 - online). In fact, the upregulation
of proteins from the HSP family is a commonly reported response to stress in fish
(wama, Afonso, Todgham, et al., 2004; Vijayan et al., 2010). Corroborating these
results, these proteins were previously reported to be upregulated in the liver of these
same fish, after a gel-based proteomics analysis, along with a positively correlated
expression pattern of the corresponding genes, assessed by real-time polymerase
chain reaction (RT-PCR) (Raposo de Magalhaes et al., 2021). Lastly, IRE1 catalyzed
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the alternative splicing of XBP1 mRNA, leading to the expression of the XBP1
transcription factor (TF). Subsequently, this TF activated the expression of numerous
genes, encoding proteins from the ER quality control machinery (e.g., hypoxia
upregulated 1 (HYOUL), DnaJ heat-shock protein family member B11 (DNAJB11),
protein disulfide-isomerase 6 (PDIP5)), ER-associated degradation (ERAD), and lipid
synthesis (Fulda et al., 2010). In summary, in NET-challenged fish, several proteins
that participated in these processes, i.e., UPR, protein folding, quality control, protein
tracking to Golgi (COPII-dependent anterograde transport), and ERAD, were
upregulated, suggesting that NET-challenged fish’s hepatic cells activated UPR to
attempt to improve the balance between protein load and folding capacity, by
translating specific proteins, and consequently to attenuate ER stress. The
upregulation of different aminoacyl-tRNA synthetases and several translation-related
proteins (Table S3 - online) corroborated this hypothesis. Furthermore, previous
studies have reported an upregulation of ER stress in seawater-transferred rainbow
trout livers (Morro et al., 2021), common carp exposed to hydrogen peroxide (R. Jia et
al., 2020), rainbow trout following overcrowding stress (Valenzuela et al., 2020), and
gilthead seabream exposed to low temperatures (Mininni et al., 2014). On the other
hand, PDIP5 was found to be downregulated in hypoxia-exposed fish, exposing again
the divergent responses of NET and HYP fish according to the challenge severity. A
schematic diagram summarizing these stress mechanisms and the associated
dysregulated proteins is depicted in Figure 3.3.5.

The ERAD system mediates the removal of incorrectly folded proteins in a
multistep process involving the recognition and targeting of substrates, followed by
ubiquitination, retrotranslocation, and degradation (Tepedelen & Kirmizibayrak, 2019).
After ubiquitination, protein recycling can occur through autophagy and/or the ubiquitin-
proteasome system (UPS) (Kocaturk & Gozuacik, 2018). NET fish presented 12
proteins involved in the ERAD process that were found to be upregulated, suggesting
that protein degradation was stimulated in challenged fish. Nevertheless, two proteins
belonging to the proteasome showed ambiguous expression patterns (PSMD3 was
upregulated, whereas PSME1 was downregulated). The same was verified for HYP
fish (PSMD6 was upregulated, whereas PSMD5 was downregulated) (Figure 3.3.5). In
OC fish, proteasome subunit beta type-6 (PSMB6) was upregulated. Changes in
proteasome subunits were reported in Atlantic cod in response to V. anguillarum

infection (Rajan et al., 2013) and high-temperature exposure (Nuez-Ortin et al., 2018).
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Interestingly, heat-shock protein family A (Hsp70) member 8 (HSPAS8), an upregulated
protein in NET-challenged fish’s ERAD response, is involved in a process called
“chaperone-mediated autophagy”, which entails the direct delivery of cytosolic
proteins, targeted for degradation, to the lysosomes. However, this cellular function
has been poorly described in fish because, until recently, it was presumed to be
exclusive to mammals and birds (Lescat et al., 2018, 2020). Moreover, the
upregulation of HSPA8 was also observed in Senegalese sole following repeated
handling stress (Cordeiro et al.,, 2012b) and in gilthead seabream fed maslinic-

supplemented diets (Matos et al., 2013).
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Figure 3.3.5. Overview of the cellular processes and signaling pathways affected by net
handling and hypoxia in gilthead seabream hepatocytes. The proteins and metabolites
represented were differentially different in abundance, according to a Student’s t-test with FDR
controlled at 0.05.

Macroautophagy, the best-described form of autophagy, is a key pathway in
stress-induced metabolic adaptation and damage control. It is responsible for
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degrading intracellular substrates, such as organelles or proteins, in bulk or selectively
by encasing them in double-membraned vesicles, called autophagosomes, which are
then delivered to the lysosome (Cuervo, 2004). On the other hand, the degradation
and recycling of extracellular substrates are facilitated by endocytosis. The dynamic
remodeling of the plasma membrane proteome is crucial to the cellular adaptation to
stress, as many signaling cascades originate at the cell surface receptors. In clathrin-
mediated endocytosis (CME), responsible for most of this flux, formed vesicles later
fuse with lysosomes for content degradation. CME also contributes to the uptake of
material such as metabolites, hormones, and other proteins from the extracellular
space (Lopez-Hernandez et al., 2020). The degradation in the lysosome is then
mediated by the action of hydrolases, including cathepsins. Both NET- and HYP-
challenged fish had upregulated proteins involved in these pathways (Figure 3.3.6),
suggesting that endocytosis also participated in the cellular stress response to these
challenges. Cathepsin d (CTSD) has previously been reported to be upregulated in the
liver of trout following an acute stressor (Wiseman et al., 2007). Different cathepsins
were also upregulated in fasting gilthead seabream (Salmerén et al., 2015).
Additionally, glycogen is also delivered to the lysosomes by selective autophagy, in a
mechanism known as “glycophagy”. Glycogen is the main carbohydrate store in fish
liver, and a rapid generation of glucose after acute stimuli is usually achieved by
glycogen breakdown (Faught & Vijayan, 2016). The lysosomal hydrolytic degradation
of glycogen in the liver has been proposed as an alternative route, occurring in parallel
to the canonical glycogenolysis pathway in cytosol, to meet high-circulating-glucose
demands for systemic utilization. Contrary to glycogenolysis, glycophagy produces non
phosphorylated glucose that can be more rapidly used (Mandl & Banhegyi, 2018).
However, in fish, these mechanisms are still poorly described. Nonetheless, glycogen
phosphorylase B (PYGB), responsible for catalyzing the phosphorolysis of glycogen in
the first step of glycogenolysis, was found to be downregulated in NET fish (Figure
3.3.6). Alongside, lysosomal alpha-glucosidase (GAA), responsible for the breakdown
of glycogen in the lysosomes, was upregulated (Figure 3.3.5), suggesting that
glycogen degradation was occurring mainly at the lysosomal level. Concomitantly,
glycogen levels in NET fish were significantly downregulated, as previously assessed
by commercial kits and published in another work (Raposo de Magalhaes et al., 2021),
whereas plasma glucose levels were significantly upregulated (Raposo de Magalhaes,

Schrama, et al., 2020). Lysosomes are the control center of catabolic and anabolic
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processes in eukaryotic cells, recycling the building blocks of the cargo delivered by
endocytic and autophagic pathways and regulating cell physiology. In fact, lysosomes
have been recently investigated as signaling hubs and central organelles in the
mammalian cellular stress response (Lakpa et al., 2021; Lawrence & Zoncu, 2019;
Saftig & Puertollano, 2021). In fish, lysosomal stability has been used as a bioindicator
of environmental toxicity (Kohler et al., 2002).

One of the most important regulators of cell metabolism, growth, and
proliferation is the mechanistic target of rapamycin complex 1 (mTORC1), which is
activated mainly by growth factors and both high amino acid cytosolic and intraluminal
content. When activated, mTORCL1 is recruited to the cytosolic face of the lysosomal
membrane. Henceforth, a complex cascade of tightly regulated reactions switches the
metabolism toward anabolic processes such as ribosome biogenesis, protein
synthesis, glucose metabolism, and nucleotide and lipid synthesis and inhibits
catabolic processes such as autophagy. At a downstream level, mMTORCL1 activates
p70 ribosomal protein S6 kinasel (p70S6K), which further phosphorylates ribosomal
protein S6 (RPS6) and carbamoyl phosphate synthetase 2-aspartate
transcarbamoylase-dihydroorotase (CAD), responsible for inducing ribosome
biogenesis and de novo pyrimidine biosynthesis, respectively (Heberle et al., 2015).
Results for NET fish are contradictory regarding mTORC1 signaling, in that RPS6 and
several other proteins involved in ribosome biogenesis (35 proteins in total) were
upregulated (Figure 3.3.5), whereas some proteins participating in purine and
pyrimidine biosynthesis were downregulated. On the one hand, the production of one-
carbon units required for de novo purine biosynthesis was downregulated (Figure
3.3.2), and on the other hand, the glutamine-leucine SLC3A2-SLC7A5 antitransporter
and leucyl-tRNA synthetase (LARS), two proteins known to activate mTORC1 (J. M.
Han et al., 2012; Nicklin et al., 2009), were found to be upregulated in these fish.
Hence, more analyses would be needed to infer this pathway’s regulation on NET fish.
Undeniably, mTOR signaling regulation in fish has been extensively described in
muscle growth (Johnston et al., 2011; Vélez et al., 2014) and nutrition studies (Farinha
etal., 2021; S. L. Han et al., 2020; S4dez-Arteaga et al., 2022). In stress-related studies,
genes involved in mTOR signaling were found to be upregulated in the liver of gilthead
seabream subjected to hyper- and hypo-osmotic challenges (Martos-Sitcha et al.,
2016). However, the mTORCL1 regulatory mechanisms in fish during stress remain

largely elusive. In contrast, in HYP fish, results suggest that this pathway was
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potentially downregulated, as CAD and pyrimidine biosynthesis-related proteins were
downregulated, as were adenosine triphosphate (ATP) levels (Figure 3.3.5).
Additionally, asparagine, a nonessential amino acid known to stimulate mTORC1
signaling (Yoo et al., 2022), was similarly downregulated (Figure 3.3.6). Low ATP
levels inhibit mMTORC1 because this complex responds to cellular energy status via the
heterotrimeric adenosine monophosphate (AMP)-activated protein kinase (AMPK).
When the cellular ATP:AMP ratio is low, which is common in hypoxia stress because
of a shortage in oxygen and consequently an impaired mitochondrial respiratory chain,
AMPK inhibits mTORCL1 to conserve energy because protein biosynthesis consumes
the lion’s share of energy and cellular resources (Chun & Kim, 2021). In the liver of
goldfish subjected to hypoxia, the authors reported that AMPK activity increased by
~5.5-fold, with no increase in protein abundance, suggesting that changes in AMPK
activity are most likely due to PTMs. These were accompanied by an increase in the
ATP:AMP ratio and a decrease in protein synthesis (Jibb & Richards, 2008). The same
was verified for rainbow trout (Williams et al., 2019). The inhibition of the mTOR-
signaling pathway was reported in Artic char exposed to hypoxia, precisely 15% of air
saturation, along with a decrease in the rate of protein synthesis (Cassidy & Lamarre,
2019). In humans, the dysregulation of the mTOR-signaling pathway has been
associated with aging and several diseases (Laplante & Sabatini, 2012).

During aerobic conditions, pyruvate, resulting from glycolysis, is introduced into
the tricarboxylic acid (TCA) cycle, which theoretically generates 36 ATP molecules via
a respiratory chain in the mitochondria (Kierans & Taylor, 2021). Inadequate tissue
oxygenation inhibits the process of oxidative phosphorylation (OXPHOS), and fish can
generate ATP only through substrate-level phosphorylation, which includes converting
pyruvate into lactate in the cytosol, and phosphate transfer from intermediates such as
creatine phosphate (PCr) (Richards, 2009). Accordingly, in this study, pyruvate
carboxylase (PCL), which catalyzes the conversion of pyruvate into oxaloacetate to
enter the TCA cycle, was downregulated in hypoxia-exposed fish, whereas lactate and
creatine phosphate were upregulated (Figure 3.3.6). The downregulation of isocitrate
dehydrogenase (IDH1), an enzyme of the TCA cycle, in these fish also corroborates
the suppression of this pathway, together with the upregulation of glucogenic amino
acids (e.g., alanine, arginine, proline), which enter the TCA cycle to further produce
glucose (Figure 3.3.6). Concomitantly, a 1H-NMR-based metabolomics study revealed

an upregulation of lactate, alanine, and PCr in hypoxia-exposed common carp (Lardon
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2013). Interestingly, in NET fish, lactate was likewise upregulated in challenged

fish, and cytochrome c oxidase subunit 6C (COX6C), the terminal enzyme of the

mitochondrial respiratory chain, was downregulated, suggesting that OXPHOS was

also downregulated in net-handled fish (Figure 3.3.6).
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Figure 3.3.6. Overview of the metabolic pathways affected by net handling and hypoxia in
gilthead seabream hepatocytes. The proteins and metabolites represented were significantly
different in abundance, according to a Student’s t-test with FDR controlled at 0.05.

Another metabolite involved in OXPHOS is succinate, a substrate of the TCA

cycle, which is at the crossroads of numerous other metabolic pathways, such as the
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degradation of branched-chain amino acids (BCAAs), GABA shunt, and PTMs, among
others. Succinate was found to be upregulated in NET fish (Figure 3.3.6), which might
be explained by the fact that succinate dehydrogenase (SDH), responsible for
converting succinate into fumarate as part of OXPHOS, is inhibited by the metabolite
itaconate (Tretter et al., 2016). Itaconate is derived from the decarboxylation of cis-
aconitate, a substrate of the TCA cycle, and it has been described as an important
regulatory metabolite of inflammation, modulating innate immunity to limit tissue
damage and metabolism. Apart from inhibiting SDH, and consequently OXPHOS and
reactive oxygen species (ROS) generation, it also decreases glycolysis by inhibiting
key enzymes, i.e., glyceraldehyde-3-phosphate dehydrogenase (GAPDH) and
aldolase a (ALDOA). Moreover, it alkylates Kelch-like ECH-associated protein 1
(KEAP1), inducing the release of nuclear factor NRF2, an antioxidant regulator, and
has an anti-inflammatory effect by decreasing the levels of inflammatory cytokines (R.
Li et al., 2020). In humans, itaconate has been extensively described in macrophages
and recently in liver tissue (Yi et al., 2020). Results suggest a potential modulatory
effect mediated by itaconate in NET fish, given that the metabolite was upregulated in
challenged fish, along with a significant downregulation of GAPDH (Figure 3.3.6).
Several proteins implicated in the immune system were regulated by the net handling
challenge (Table S3 - online), including six-transmembrane epithelial antigen of the
prostate 4 (STEAP4), a metalloreductase involved in iron and copper homeostasis
(Scarl et al., 2017), which was significantly affected by all challenges, i.e., OC, NET,
and HYP. Currently, we are unable to corroborate the regulatory effect and importance
of itaconate in gilthead seabream metabolism and immunity after stress exposure.
However, these are interesting data in light of the evidence that itaconate is such an

important regulatory metabolite in humans.

3.3.6. CONCLUSIONS

The fish stress response has been extensively studied at different levels, e.g.,
behavioral changes, physiological indicators, metabolic adaptations, immune
responses, oxidative stress, the genomic and nongenomic effects of glucocorticoids,
etc. However, the regulatory mechanisms of cellular stress are less explored, and
studies addressing the cellular stress response at different organizational levels are
scarce. Stress-related signaling pathways are evolutionarily conserved, playing an

important role in maintaining homeostasis and ensuring cell survival.
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In this multiomics study, we demonstrated that the gilthead seabream
responded to cellular stress through an intricate network of regulatory components,
modulating different signaling pathways to different extents, according to the stress
nature. Furthermore, mTORC1 signaling appears to be the crosstalk between ER
stress and metabolic reprogramming, stimulating/inhibiting a myriad of biosynthetic
and catabolic processes, otherwise maintained at basal homeostatic states, depending
on the cell resources’ availability. Net-handled fish appear to have activated the UPR
to deal with an ER flooded with unfolded/misfolded proteins, shutting down most
metabolic pathways to shift the energy toward the translation of stress-related mRNAs.
Contrarily, hypoxia-exposed fish, because of the low availability of cellular energy,
appear to have downregulated protein synthesis in an mTORC1-dependent manner.
Notably, endocytosis was an upregulated shared pathway between NET and HYP fish,
suggesting an important role in stress homeostasis. Fish exposed to overcrowding
showed lower alterations at the proteome level and no significant alterations at the
metabolome level, suggesting that gilthead seabream might be more resistant to high
rearing densities than to physical stresses or low oxygen availability. Additionally, the
integrated analysis depicted the most dysregulated pathways, along with the
interconnections between the proteins and the metabolites that were responding to the
different challenges. This study shows that both omics validated and complemented
each other, presenting a clear advantage over more conventional single-omics
analyses and paving the way to more holistic approaches in fish stress research. These
findings provide interesting new avenues of investigation for the study of unbiased fish
welfare biomarkers, which will not only impact the aquaculture industry resilience by
offering better decision-making and stress prevention strategies but also offer higher
food safety from aquaculture products.

3.3.7. SUPPLEMENTARY MATERIAL
Supplementary figures can be found in the APPENDIX. Supplementary tables are
available for this paper at: https://www.mdpi.com/article/10.3390/ijms232315395/s1
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3.4.1. ABSTRACT

Gilthead seabream (Sparus aurata) is an important species in Mediterranean
aquaculture. Rapid intensification of its production and other husbandry practices can
cause stress, impairing overall fish performance and raising issues related to
sustainability, animal welfare, and food security and safety. The advent of next-
generation sequencing technologies has greatly revolutionized the study of fish stress
biology, allowing a deeper understanding of the molecular stress responses. Here, we
characterized for the first time, using RNA-seq, the different hepatic transcriptome
responses of gilthead seabream to common aquaculture challenges, namely
overcrowding, net-handling, and hypoxia, further integrating them with the liver
proteome and metabolome responses. After reference-guided transcriptome
assembly, annotation, and differential gene expression analysis, 7, 343, and 654
genes were differentially expressed (adjusted p-value < 0.01, log2|fold-change| >1) in
the overcrowding, net handling, and hypoxia challenged groups, respectively. Gene
set enrichment analysis (FDR < 0.05) suggested a scenario of challenge-specific
responses, that is, net handling induced ribosomal assembly stress, whereas hypoxia
induced DNA replication stress in gilthead seabream hepatocytes, consistent with
proteomics and metabolomics’ results. However, both responses converged upon the
downregulation of insulin growth factor signaling and induction of endoplasmic
reticulum stress. These results support the high phenotypic plasticity of this species
and its differential responses to distinct challenging environments at the transcriptomic
level. Furthermore, it provides significant resources for characterizing and identifying
potentially novel genes that are important for gilthead seabream resilience and
aquaculture production efficiency with regard to fish welfare.
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3.4.2. INTRODUCTION

Within genomics and transcriptomics, the advent of next-generation sequencing
(NGS) has greatly revolutionized the study of biological systems, allowing for the rapid
sequencing of whole genomes, transcriptomes, and molecular markers (e.g., SNPs),
including those in aquatic model systems. At the time of this writing, 248 representative
fish genome assemblies at the chromosome level were available in the NCBI genome
database, with 94% of those released only in the last four years, including the gilthead
seabream (Sparus aurata) genome. NGS-based RNA sequencing (RNA-seq) has
recently become more accessible; however, in fish, transcriptomics is still in the
nascent stage. However, besides mapping and annotating fish transcriptomes, it has
already offered valuable insights into many biological processes in commercially
important fish species and has helped scientists tackle many challenges in aquaculture
(Chandhini & Rejish Kumar, 2019; X. Qian et al., 2014). Using solutions such as RNA-
seq to integrate the use of various optimization production criteria is pivotal for the
sector’s sustainability and competitiveness.

Ensuring the sustainable growth and development of aquaculture in response
to its evident intensification is at the forefront of priorities for meeting the increasing
fish consumption rate of the global population. In fact, aquaculture is currently the most
important industry worldwide to compensate for the declining and rapidly accelerating
depletion of wild fish stocks. Its production is projected to continue to increase and
reach 106 million tonnes of aquatic animals by 2030, compared to 87.5 million tonnes
registered in 2020 (FAO, 2022). However, the continued increase in the number of
aguatic animals produced poses many challenges for meeting the global demand for
fish. Disregarding the overall farming conditions may significantly impact different
measures of fish performance, and consequently, productivity (Conte, 2004). Sub-
optimal husbandry conditions, such as high rearing densities, can be stressful for some
fish species and consequently affect growth rates, trigger aggressive/unwanted
behaviors, and reduce disease resistance (Ashley, 2007). Furthermore, prolonged
exposure to high stocking densities has been shown to negatively affect the response
to subsequent stimuli such as acute net confinement (Ruane et al., 2002). Hypoxia is
often associated with overcrowding and is known to induce significant physiological
changes such as reduced appetite, depressed metabolic rates and muscle oxidative
capacity, and a switch in substrate preference towards more oxygen (Oz)-efficient fuels

(Naya-Catala et al., 2021). Unpredictable physical stressors such as handling are
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common procedures in aquaculture farms that can increase the chances of abrasion,
wounds, and infections, thereby causing severe stress (Ashley, 2007).

Fish display different coping mechanisms to deal with environmental challenges
through adaptive neuroendocrine and metabolic adjustments, collectively termed
stress responses (Galhardo et al., 2009). The hypothalamic-pituitary-interrenal (HPI)
axis mediates this response, promoting the synthesis of glucocorticoid hormones (e.g.,
cortisol) that activate distinct signaling and metabolic pathways responsible for the
overall physiological rearrangement needed to adapt to the new internal disturbance
(Wendelaar Bonga, 1997). The liver is the leading organ in this response, managing
substrate administration by synthesizing glucose and regulating somatic growth,
immune response, detoxification, and synthesis of stress-related proteins (Faught &
Vijayan, 2016).

High-throughput transcriptomic studies with different fish species have mainly
focused on the immunological responses to pathogens and parasites (Ye et al., 2018),
and on the effects of alkalinity (Y. Zhao et al., 2015), rearing density (Ellison et al.,
2020; Rodriguez-Barreto et al., 2019), temperature (J. Huang et al., 2018; Song &
McDowell, 2021; Wang et al., 2019; T. Zhou et al., 2019), salinity (X. Zhang et al.,
2017), ammonia (Z. X. Zhu et al., 2019), and fasting (Y. F. Dai et al., 2021; B. Qian et
al., 2016). However, studies on the transcriptional effects of other aquaculture
stressors are still lacking. Stress-related RNA-seq studies on gilthead seabream have
focused on the effects of ultraviolet B radiation exposure in the skin (Alves & Agusti,
2022), qill tissue response to an ectoparasite (Piazzon et al.,, 2019), whole-brain
analysis of food-deprived individuals (Ntantali et al., 2020), and the effects of mild
hypoxia in the muscle (Naya-Catala et al., 2021). To our knowledge, no study has
addressed and compared the hepatic transcriptome response to different aquaculture
challenges in gilthead seabream, a highly consumed and produced fish in the
Mediterranean region (Hough, 2022).

Therefore, in this study, RNA-seq was employed to assess the transcriptional
machinery behind stress adaptation, underlining and quantifying the genes and gene
families expressed in the liver of gilthead seabream adults in response to different
aquaculture challenges, namely, overcrowding, net handling, and hypoxia. Multiomics
integration was further performed to compare the most significant dysregulated
biological functions in the proteome, metabolome, and transcriptome. The multi-level

characterization of stress adaptation mechanisms provides valuable knowledge for the
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future selective breeding of more resilient commercial species that can thrive under
changing conditions and adapt well to life in captivity while ensuring high welfare

standards.

3.4.3. MATERIALS AND METHODS
3.4.3.1. Fish husbandry

Gilthead seabream (Sparus aurata) adults, supplied by the company “Maresa,
Mariscos de Estero S.A.” (Huelva, Spain) were maintained at the Ramalhete Research
Station of the CCMAR facilities (Faro, Portugal) under standard rearing conditions.
Throughout the experimental trials, fish were maintained in 500 L fiberglass tanks with
a flow-through system with seawater from the local Ria Formosa (natural photoperiod,
water temperature: 13.4 + 2.2 °C, dissolved oxygen level: > 5 mg L, and salinity: 34.7
+ 0.8 psu). Fish were fed once daily by hand (% body weight day?! adjusted when
necessary), with commercial feed (Standard Orange 6) from “AquaSoja, Sorgal, S.A”

(Ovar, Portugal), according to the nutritional requirements of the species.

3.4.3.2. Experimental trials and sampling

Three experimental trials were conducted separately, where fish were subjected
to three different challenges: OC, Overcrowding, NET, repetitive net handling coupled
to air exposure; and HYP, hypoxia. In each trial, fish were randomly assigned to two
experimental groups: (1) the control group (CTRL) and (2) the challenged group. Each
experimental group was divided into three tanks with an initial rearing density of 10 kg
m-3 (except for the high rearing density group, as described further). In the OC trial,
fish with an average initial body weight (IBW) of 373.89 + 11.04 g were reared under
high stocking densities over 54 days. Experimental groups were established as follows:
(1) CTRL — 10 kg m3 and (2) OC45 — 45 kg m. In the NET trial, fish (IBW = 376.52 +
8.96 g) were challenged for 45 days with nets designed for the purpose that were fitted
inside the tanks: (1) CTRL — undisturbed fish (the net was equally fitted inside the tanks
but not lifted) and (2) NET4 — fish were lifted and air-exposed for 1 min, four-times a
week. In the HYP trial, fish (IBW = 405.74 + 35.14 g) were reared under low levels of
dissolved oxygen for 48 h. Experimental groups were established as follows: (1) CTRL
— 100% saturated oxygen and (2) HYP15 — 15% saturated oxygen. Saturated oxygen
levels were measured every 30 min to keep track of potential fluctuations and adjust
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the nitrogen injection if necessary. The zootechnical results have been previously
published (Raposo de Magalhdes, Schrama, et al., 2020).

At the end of each trial, three fish were randomly collected from each tank and
immediately anesthetized using a lethal dose of tricaine methanesulfonate (MS-222;
Merck KGaA, Darmstadt, Germany). Liver samples were collected, chopped,
immediately frozen in liquid nitrogen, and stored at -80 °C until further use. According
to standard aquaculture practices, fish were starved for 48 h before sampling to clean
the digestive tract.

3.4.3.3. Liver RNA sequencing
3.4.3.3.1. Total RNA extraction and purification

Total RNA was extracted from 70 mg of gilthead seabream liver samples (n =
9, 3 fish per tank; tank unit as a biological replicate) using TRI reagent® (T9424, Sigma-
Aldrich, Merck), following the manufacturer’s instructions, with slight modifications.
Briefly, after homogenizing the tissue with an autoclaved micropestle in 1 ml TRI
reagent®, homogenates were centrifuged at 12,000 x g for 10 min at 4°C and the
supernatant was left to stand at room temperature (RT) for 5 min. Phase separation
was achieved with 200 pL of cold chloroform (-20 °C), followed by vortexing, incubation
for 15 min at RT, and centrifugation at 12,000 x g for 30 min at 4 °C. RNA isolation
from the aqueous phase was performed using 500 pL of cold isopropanol (-20 °C),
followed by vortexing. For RNA precipitation, samples were allowed to stand for 1 h at
-20 °C followed by centrifugation at 12,000 x g for 15 min at 4 °C. The pellets were
then washed twice with 1 ml 75% cold EtOH (-20 °C), centrifuged at 12,000 x g for 8
min at 4 °C, and dried for 5-10 min, on ice in a fume hood. The pellets were
resuspended in 50 pL of RNase-free water in a ThermoMixer® C (Eppendorf, Hamburg,
Germany) at 55 °C for 10 min at 500 rpm. RNA purification and DNase | treatment
were performed using the Isolate I RNA Mini Kit (BIO-52073, Meridian BioScience®,
Cincinnati, OH, USA), according to the manufacturer’s instructions. The yield and
purity of extracted RNA were assessed using a NanoVue Plus spectrophotometer (GE
Healthcare, Chicago, IL, USA). Total RNA quality and integrity were checked using a
2200 TapeStation (Agilent Technologies, Santa Clara, CA, USA), and all samples with
an RNA integrity number (RIN) > 7 were considered for sequencing.
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3.4.3.3.2. Library construction and RNA sequencing

RNA-seq libraries were prepared from 1 ug of total RNA using the lllumina
TruSeq™ Stranded mRNA Library Prep Kit (lllumina Inc., San Diego, CA, USA)
according to the manufacturer’s instructions. All RNA-seq libraries were paired-end
(PE) sequenced (2 x 151 bp) with dual indexing on an lllumina NovaSeq 6000 System,
with poly-A selection, according to the manufacturer’s protocol (TruSeq Stranded
MRNA Reference Guide # 1000000040498 v00). The sequencer generated BCL/cBCL
(base call) binary files, which were then converted into FASTQ files using bcl2fastq.
Raw sequenced data were deposited in the ArrayExpress (Athar et al., 2019) database

(http://www.ebi.ac.uk/arrayexpress) under accession number E-MTAB-12842.

Approximately two billion PE reads were obtained from the 54 sequenced samples,
with an average of approximately 37 million reads per sample (Additional file 1 - online).
Library construction and RNA sequencing were performed by Macrogen, Inc. (Seoul,
South Korea).

3.4.3.4. Bioinformatics analysis
3.4.3.4.1. Quality assessment, reads mapping and differential gene expression
analysis

Quality control (QC) analysis of raw reads was performed using FastQC v0.11.9
(Andrews 2010). Raw data were processed using Fastp v0.22.0 (S. Chen et al., 2018)
to remove adapters, filter-out low-quality and short reads (cut-off = 100 bp) and perform
base correction in overlapped regions. Fastp was also used to calculate the Q20, Q30,
GC-content, and sequence duplication levels of the clean data. Trimmed reads were
inspected again using FastQC to ensure their quality and were then used for
subsequent analyses. Mapping to the Sparus aurata reference genome (Genome
assembly: GCA _900880675.1, https://www.ensembl.org/Sparus_aurata/Info/Index)

was carried out using the splice-aware STAR aligner v2.7.10 (Dobin et al., 2013), with
the following settings: overhang — 150 bp, length (bases) of the SA pre-indexing string
— 13, minimum intron length — 20, minimum alignment score normalized to read length
— 0.4, minimum matched bases normalized to read length — 0.4 and output BAM files
sorted by coordinate. Mapped reads were extracted from the BAM files using
SAMTools v1.9 (H. Li et al., 2009) and investigated using the genome browser
Integrative Genomics Viewer (IGV) v2.15.4 (Robinson et al., 2011). To improve

annotation, a reference-guided transcriptome assembly was performed using Stringtie
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v2.1.1 (Pertea et al., 2015). Potential transcripts were assembled individually for each
sample and merged to generate a non-redundant transcriptome, which was
subsequently compared to the reference annotation file (GTF) using gffcompare
v0.11.2 (Pertea & Pertea, 2020). A new alignment of the reads was performed using
STAR with the new GTF file and the same settings as those described above.
Alignment QC was performed using Qualimap v2.2.1 (Okonechnikov et al., 2016). All
results from the previous steps were merged with MultiQC v1.13 (Ewels et al., 2016)
(the report is provided in Additional file 2 - online). All analyses were performed using
the CCMAR high-performance computing (HPC) facility, CETA.

The number of reads per gene was counted while mapping within STAR using
reverse strandedness counts. Differential expression analysis (DEA) was performed
by importing the raw read counts of each sample into the R package DESeq2 v1.36.0
(Love et al., 2014) from Bioconductor. Genes with low expression were removed,
normalization was performed according to sequencing depth and RNA composition,
and variance stabilizing transformation (VST) was applied for visualization. The
threshold for differentially expressed genes (DEGs), calculated using Wald’s test, was
an adjusted p-value (Benjamini-Hochberg correction) < 0.01 and log2|fold-change|
(LFC) > 1.0, after Bayesian shrinkage (A. Zhu et al., 2019). PCA was achieved with
the Bioconductor R package PCAtools v2.8.0 (Blighe & Lun, 2022).

3.4.3.4.2. Functional enrichment analysis

Annotation of unknown genes and transcripts was performed using the HMMER
v3.3 nhmmer tool (Wheeler & Eddy, 2013) for homology search against Danio rerio
(cut-off threshold of E-value < 0.01). Queries that matched no hits within the threshold
were reanalyzed with Pannzer2 (T6éronen et al., 2018) (cut-off threshold of positive
predictive value (PPV) > 0.5) by first extracting candidate open reading frames (ORFS)
of at least 70 amino acids and predicting potential peptides using TransDecoder v5.7.0

(https://qgithub.com/TransDecoder/TransDecoder).

Prior to enrichment analyses, Danio rerio orthologs of annotated genes were
searched for all identifiers using g:Profiler (Raudvere et al., 2019). Gene ontology
(GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and REACTOME
overrepresentation analyses (ORA) were performed using enrichGO() and
enrichKEGG() functions from the R package clusterProfiler v.4.4.4 (T. Wu et al., 2021)
and enrichPathway() from the ReactomePA package v1.40.0 (Yu & He, 2016). All
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terms were considered enriched with a cut-off value of < 0.05 for the adjusted p-values
(Benjamini-Hochberg correction). Gene set enrichment analysis (GSEA) (A.
Subramanian et al., 2005) on the aforementioned knowledgebases was performed
using the clusterprofiler package. The genome-wide annotation of zebrafish from
Bioconductor (R package org.Dr.eg.db v3.8.2) (Carlson, 2019) was used for mapping
in all enrichment analyses. No significantly enriched terms were found for the OC trial;
therefore, it was excluded from subsequent analyses. Visualization was achieved with
packages ggplot2 v.3.4.0 (Wickham, 2016) and enrichplot v1.16.2 (Yu, 2022b).

Multiomics integration was performed using the corresponding and previously
published proteomic and metabolomic data from the same fish specimens (Raposo de
Magalhaes et al., 2022). KEGG and REACTOME ORA of proteomics datasets were
likewise performed using the clusterProfiler R package, whereas for metabolomics
datasets, analysis was performed using the MetaboAnalyst 5.0 Enrichment analysis
web-based tool (Pang et al., 2021) and the REACTOME Analysis tools (Fabregat et
al., 2017).

All figures were generated using the open-source graphics editor Inkscape

(http://www.inkscape.org/).

3.4.4. RESULTS AND DISCUSSION
3.4.4.1. Overview of RNA-seq data and differential expression analysis

Trimming and quality filtering of raw reads resulted in an average of 2.71%
discarded reads per sample, mainly due to short size (cut-off was set at 100 bp) and/or
low quality. Reads that passed the filter ranged between 14.5 and 22.5 million per
sample, with an average length size of 146 bp and a GC content of 49.57%. Regarding
the first alignment, more than 90% of the trimmed reads were mapped to the reference
genome (uniguely mapped), of which 17.85%, on average, mapped to no features (i.e.,
unannotated regions of the genome). Reference-guided transcriptome assembly was
performed to improve genome annotation, enabling the discovery of 3,637 putative
new genes and 5,036 transcripts (i.e., no overlap with any reference gene/transcript)
out of a total of 31,834 assembled genes. Summary statistics of the comparison
between the assembled transcriptome and the reference genome are displayed in
Table 3.4.1. The new alignment with the assembled transcriptome revealed an
average mapping rate of 91.79%, with 2.33% of the reads mapping to no features. The

alignment QC results also showed an improvement in the genomic origin of the reads,
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as those mapped to exonic regions increased from an average of 64% in the first
alignment to 89% after the new alignment with the assembled transcriptome.
Significant homologies (E-value < 0.01) with Danio rerio were retrieved for 24% of the

unknown genes.

Table 3.4.1. Summary statistics of the comparison between the experimental transcriptome
assembled with Stringtie and the Sparus aurata reference genome, achieved with gffcompare

Data summary
Query mRNAs 125,523 in 32,533 loci (118,947 multi-exon transcripts)
Reference mRNAs 73,301 in 27,314 loci (70,848 multi-exon)
Matching intron chains 70,848
Matching transcripts 73,093
Matching loci 27,110
Missed exons 0/378,760 (0.0%)
Novel exons 44,268/475,793 (9.3%)
Missed introns 396/321,758 (0.1%)
Novel introns 21,709/373,737 (5.8%)
Missed loci 0/27,314 (0.0%)
Novel loci 6,383/32,533 (19.6%)
Accuracy estimation

Sensitivity Precision
Base level 100.0 71.3
Exon level 97.6 78.5
Intron level 99.7 85.8
Intron chain level 100.0 59.6
Transcript level 99.7 58.2
Locus level 99.3 79.8

Gene counts were then imported into R for DEA and low expression genes were
removed, resulting in three datasets with 17,775, 17,361 and 17,838 assembled genes
for OC, NET and HYP trials (Additional file 3 - online). PCA biplots with VST-
transformed counts (Figure 3.4.1) showed a clear separation between control and
treated samples for the NET and HYP trials, along the first and the two first principal
components (PC), accounting for 37.74% and 40.57% of the total data variance,
respectively. Considering the PCA of NET samples, MSTRG.16120, MSTRG.8388,
and MSTRG.8386, coding for pentraxin-like and hepcidin-like proteins, were the top
three genes with the highest absolute loading values in PC1 (Figure 3.4.1.B).
Regarding HYP, the top three genes that presented the highest absolute loading
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values in the first PC were MSTRG.16169 and MSTRG.16177, encoding two proteins
from the heat shock protein 70 family, and MSTRG.18353 encoding a protein from the
cytochrome P450 family 2 (Figure 3.4.1.C). In contrast, in the OC biplot, an overlap
between the control and experimental group was observed (Figure 3.4.1.A).

DEA retrieved 7, 343, and 654 DEGs (assembled gene IDs) (padj < 0.01, LFC
>1) among the OC (Figure 3.4.1-D), NET (Figure 3.4.1-E) and HYP (Figure 3.4.1-F)
trials, respectively (Additional file 4 - online). Of these, 1, 15, and 22 genes,
respectively, were not annotated. These numbers demonstrate that the overcrowding
challenge had a drastically lower impact on the hepatic transcriptome than hypoxia and
net handling, possibly suggesting adaptation/habituation of the animals or a higher
resistance to this condition in this species. This trend was also observed for both the
liver proteome and metabolome, as previously reported (Raposo de Magalhaes et al.,
2022). The low plasma cortisol levels found and previously reported also corroborate
this hypothesis (Raposo de Magalhdes, Schrama, et al., 2020). In this context, a recent
study compared the response of European seabass and gilthead seabream to chronic
overcrowding and found higher resilience of the latter in terms of plasma hormones
and gene expression (Samaras et al., 2018). Additionally, a transcriptomic study with
gilthead seabream juveniles subjected to food deprivation and high stocking densities
also showed that different stressors are handled by different stress pathways
(Skrzynska et al., 2018), supporting the challenge-specific responses observed here.
This demonstrates the great adaptive plasticity of gilthead seabream in different
farming and challenging environments. In fact, the underlying genetic basis of this trait
has been recently demonstrated and attributed to high rates of gene duplication and
mobile genetic elements, which might favor the acquisition of novel gene functions
(Pérez-Sanchez et al., 2019).

3.4.4.2. Net handling induced ribosomal assembly stress coupled to inhibition
of insulin growth factor signalling in gilthead seabream hepatocytes

Gene set enrichment analysis (GSEA) based on GO biological processes (BP)
(Figure 3.4.2.A,D), KEGG (Figure 3.4.2.B,E), and REACTOME (Figure 3.4.2.C,F)
databases revealed 183 enriched terms (FDR < 0.05) for NET trial genes (Additional

file 5 - online).
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Figure 3.4.1. Summary of the exploratory and differential analyses results of RNA-seq data.
Biplots represent the principal component analyses (PCA) of the liver transcriptome of gilthead
seabream submitted to overcrowding (A), net-handling (B), and hypoxia (C). Experimental
groups are distinguished by different colours, as indicated in the legend. Arrows depict the top
loadings. MA plots of the shrunken LFCs indicate differentially expressed genes (D —
overcrowding, E — net-handling, F — hypoxia). Blue points represent padj > 0.01, and horizontal
lines indicate the threshold of log2|fold-change| > 1.0.

The top significantly downregulated processes i.e., those with the lowest
normalized enrichment score (NES) in all three databases, were mainly related to
rRNA processing, ribosome biogenesis, and translation initiation (Figure 3.4.2.A-C).
Interestingly, all of these processes were upregulated at the proteome level, as
retrieved by the ORA of the proteomics dataset (Additional file 6 - online). The
simultaneous upregulation of protein homeostasis genes and downregulation of
ribosomal protein genes (RPGs), followed by disruption of various steps in ribosome
biogenesis (rRNA production, processing, or ribosome assembly), as further
explained, suggests that net handling induced ribosomal assembly stress through a
response similar to the Ribosome Assembly STress Response (RASTR), previously
described in yeast and humans (Albert et al., 2019; Kang et al., 2021). This
dysregulation of ribosome biogenesis surveillance mechanisms can result in free
ribosomal proteins (RPs) (X. Zhou et al., 2015), which might explain their upregulation
at the proteomic level (Raposo de Magalhdes et al., 2022). The RASTR regulatory
pathway is essential for transcription regulation to maintain proteome homeostasis,

thus avoiding the accumulation of defective and/or unassembled ribosomal proteins.
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Ribosome assembly is a highly complex process associated with cell growth
and proliferation. It monopolizes an enormous fraction of biogenic capacity and
requires the coordinated work of rRNA, RPs, and other factors. In eukaryotes,
ribosomes are comprised of four rRNAs (28S, 18S, 5.8S, and 5S) and 79 highly
conserved RPs organized in a small (40S) and a large subunit (60S). The first three
rRNAs are synthesized by RNA polymerase | (Pol I) along with other factors in the
nucleolus, while 5S rRNA is transcribed separately by Pol Il in the nucleoplasm. The
pre-rRNAs are then assembled with RPs and exported to the cytoplasm for final
maturation (Pelletier et al., 2017). Unsurprisingly, this process is strictly regulated
spatiotemporally through a myriad of quality control checkpoints involving a staggering
number of factors (Gnanasundram & Fahraeus, 2018).

Regulation of ribosome biogenesis at the rRNA level can occur through different
signaling pathways, such as the PISK/AKT, MAPK/ERK, and mammalian rapamycin
protein kinase (MTOR) pathways (Caron et al., 2010; Gnanasundram & Fahraeus,
2018). Activation/repression of rDNA transcription by these pathways occurs through
the transcriptional modulation of both Pol | and lll, by interacting with specific
transcription factors (TFs) (Gnanasundram & Fahraeus, 2018; ladevaia et al., 2014).
Besides recruiting TFs, the action of the PISBK/AKT pathway on RNA polymerases is
also mediated by the factor c-Myc, which is considered a major regulator of ribosome
assembly (van Riggelen et al., 2010). Interestingly, myca, and the activator protein
mycbp, were downregulated in net-handled fish (Additional file 4 - online). The
significant upregulation of the pathway “AUF1 (hnRNP DO0) binds and destabilizes
MRNA (ID: R-DRE-450408)”" observed in the proteomics data ORA (Additional file 6 -
online) might corroborate the downregulation of the c-Myc gene, as this complex, i.e.,
AUF1, binds and destabilizes mRNAs encoding, among others, c-Myc, interleukin-1
beta (IL1B), and cyclin-dependent kinase inhibitor 1 (CDKN1A). Accordingly, the latter
(cdknla) was also significantly downregulated in net-handled fish (LFC =-2.83, padj =
0.006). Mafl is also a central negative regulator of Pol IIl transcription. Additionally, it
was shown to suppress the transcription of the TATA-binding protein (TBP), a
transcription factor used by all nuclear RNA polymerases (Johnson et al., 2007).
Genes mafl and tbp were found to be up- and downregulated, respectively, in net-
handled fish (Additional file 3 - online), although the difference was not statistically
significant (padj > 0.01). Furthermore, the downregulation of the pathways “RNA
Polymerase 1l Transcription Initiation From Type 3 Promoter (ID: R-DRE-76071)",
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“FoxO signalling pathway (ID: dre04068)” (Additional file 5 - online), “PI3K cascade
(ID: R-DRE-109704)" and “IGF1R signaling cascade (ID: R-DRE-2428924)"
(Additional file 6 - online) in net-handled fish suggests a downregulation of Pol Ill and
consequently a repression of the 5S rRNA transcription, which may lead to an inability
to assemble the ribosomes properly.

Type 1 insulin-like growth factor (IGF1) is an extracellular growth factor that can
activate the PISK/AKT signaling pathway (Figure 3.4.3). In fact, igfl and igflrb, coding
for the growth factor and its receptor, respectively, were found to be downregulated in
the fine flounder (Paralichthys adspersus) skeletal muscle after crowding stress
(Valenzuela et al., 2018), in the liver of coho salmon (Oncorhynchus kisutch) 16h after
acute handling stress (Nakano et al., 2013), and in the liver of gilthead seabream
exposed to acute confinement (Saera-Vila et al., 2009). Accordingly, these genes were
downregulated in net-handled fish, although not significantly (padj > 0.01; Additional
file 3 - online). Moreover, igfbpla, coding for the IGF binding protein 1a, which binds
IGF, with high affinity, in the extracellular environment, was significantly upregulated
(LFC = 2.46, padj = 0.003). This protein is mainly produced in the liver and prevents
IGF1 from binding to its transmembrane receptor (IGF1R) and inducing cellular growth
(A. W. Wood et al., 2005). The elevation of this protein in response to stress in the liver
of gilthead seabream suggests an important role in adaptation mechanisms, most likely
shifting the energy from somatic growth towards stress-responsive pathways to
promote survival. In rainbow trout (Oncorhynchus mykiss) exposed to handling and
confinement stress, reduced IGF1 signaling in peripheral tissues was also observed
due to the upregulation of IGFBP1 (S. Liu et al., 2014). The mTORCL1 is also known to
inhibit IGF1R through a negative feedback loop involving growth factor receptor-bound
protein 10 (GRB10) (Ghomlaghi et al., 2021). Concomitantly, the expression of the
corresponding gene (grb10b) was upregulated in these fish (LFC = 0.62, padj = 0.017).
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Figure 3.4.2. GSEA performed on the RNA-seq data of the liver transcriptome of gilthead
seabream submitted to net handling, based on GO (A,D), KEGG (B,E), and REACTOME (C,F)
databases, sorted by normalized enrichment score (NES) inferred from permutations of the
gene set and false discovery rate (FDR). On the x-axis, the genes were ranked from the most
upregulated (left end) to the most downregulated (right end). The y-axis represents the running
enrichment score (ES). First line indicates downregulated pathways whereas bottom line
indicates upregulated pathways.

Regulation of RPGs can occur at different levels; however, given their structural
complexity, this process is not yet entirely understood in humans. RPGs are among
the most highly expressed genes in most cell types, and their architecture increase the
complexity of ribosome biogenesis (Pelletier et al., 2017). mTOR signaling regulates
RPGs’ expression and promotes the synthesis of RPs in two steps. First, it induces the
transcription of RPGs and small nucleolar ribonucleoproteins (ShoRNPS), necessary
for ribosome assembly, through Pol Il. Second, by promoting the translation of RPs
MRNAs through their 5’ terminal oligo-pyrimidine (TOP) motifs, in an RPS6KB1-
dependent manner (ladevaia et al., 2014). Intriguingly, rps6kb1b is upregulated in net-
handled fish (LFC = 0.82, padj = 0.008) suggesting an upregulated translation,
however the GSEA indicated that “Cap-dependent Translation Initiation (ID: R-DRE-
72737)” was negatively enriched (Figure 3.4.2.C). This was mainly associated with the
downregulated genes encoding for the different subunits of the eukaryotic initiation
factor 3 (elF3). The elF3 complex specifically targets and initiates the translation of a

specialized repertoire of mMRNAs involved in cell proliferation. The downregulation of
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its transcripts may also be related to the impairment of ribosome assembly, as the 40S
subunit is required with elF3 to form the translation pre-initiation complex (PIC)
(Georges et al., 2015). In contrast, the protein levels of the six elF3 subunits were
upregulated, as previously reported (Raposo de Magalhaes et al., 2022). Moreover,
specific overexpressed RPs have been shown to autoregulate their transcripts by
alternative splicing, redirecting them to degradation through different systems, such as
nonsense mediated decay (NMD), ribonucleases, or exosomes (Petibon et al., 2021).
PTMs are another mechanism of RPG regulation that modifies protein stability and
function, with ubiquitination and phosphorylation being the two most commonly
occurring processes (Simsek & Barna, 2017). In fact, “Post-translational protein
phosphorylation (ID: R-DRE-8957275)” was one of the positively enriched pathways in
net-handled fish (Figure 3.4.2.F). At this step, RPs are translated in the cytoplasm,
imported into the nucleus for ribosome assembly, and then exported back into the
cytoplasm for maturation. Unsurprisingly, this causes substantial demands on nuclear
import and export machinery, and any perturbation at these steps can also impair
ribosome biogenesis. In net-handled fish, the ipo7 and ipo4 genes, that encode the
importin 7 and 4 import factors, were found to be downregulated (LFC = -0.39, pad) =
0.006 and LFC = -0.58, padj = 0.012, respectively), along with the pathway
“Nucleocytoplasmic transport (ID: GO:0006913)” (Additional file 5 - online).

Overall, these results suggest that inhibition of IGF1 by net handling stress most
likely downregulated the PISK/AKT and mTOR signaling pathways, resulting in the
repression of RNA polymerase activity and consequent perturbation of the ribosome
assembly process. Dysfunctional ribosomes are associated with a panoply of human
disorders called ribosomopathies and are, in fact, behind several cancers (Narla et al.,
2011), however this association has not yet been explored in fish. The proposed

regulation network is illustrated in Figure 3.4.3.

3.4.4.3. Hypoxia-induced DNA replication stress in gilthead seabream
hepatocytes is synergistically mediated by the hypoxia-inducible factor and
mTORC1

In the HYP trial, GSEA based on GO biological processes (BP) (Figure
3.4.4.A,D), KEGG (Figure 3.4.4.B,E), and REACTOME (Figure 3.4.4.C,F) databases
revealed a total of 249 significantly enriched (FDR < 0.05) terms (Additional file 7 -

online).
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Figure 3.4.3. Proposed stress response network in gilthead seabream hepatocytes subjected
to net-handling and hypoxia. Dashed arrows indicate downregulated pathways, whereas solid
arrows represent unchanged or upregulated pathways.

DO is one of the main limiting factors in fish farming as it can severely affect
many aspects of fish performance and physiology. In ponds, it generally depends on
phytoplankton’s photosynthesis rate, aquatic organisms’ respiration, and/or the
atmospheric oxygen diffusion (O2) (Abdel-Tawwab et al., 2019). De-oxygenation of the
world’s oceans has also recently been highlighted as a major consequence of climate
change, which can impact offshore aquaculture (Townhill et al., 2017). Ozis crucial in
numerous cellular processes such as oxidative metabolism, energy supply through
ATP generation, and cell survival. One of the many impairments caused by inefficient
tissue oxygenation is genomic instability, which drives DNA replication stress. The
negative enrichment of the pathways “DNA replication (ID: G0O:0006260)", “DNA
replication (ID: dre03030)”, and “Cell cycle (ID: dre04110)” (Figure 3.4.4.A-C) indicates
a potential stalling of DNA replication and a halt or a slowdown of the cell cycle in
hypoxia-exposed fish. The “DNA Replication (ID: R-DRE-69306)" pathway was also
found to be downregulated in metabolomics, as retrieved by the ORA (Figure 3.4.5.B).
DNA replication is the process of genome duplication that a cell undergoes during cell
cycle division. In eukaryotes, it is initiated by the binding of the origin recognition
complex (ORC) to a replication origin, which then recruits a hexameric DNA helicase
(MCM) and a helicase loading factor to form the pre-replicative protein complex (pre-
RC) (L. Wu et al., 2014). Downregulation of the REACTOME pathway “Activation of
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the pre-replicative complex (ID: R-DRE-68962)” (Figure 3.4.4.C) indicates a potential
hypoxia-induced replication arrest due to impaired pre-RC assembly/activation.
Several studies in humans have demonstrated that a decrease in dNTP levels
accompanies abrogated replication under hypoxic conditions due to downregulation of
ribonucleotide reductase (RNR), a key enzyme that mediates the synthesis of
deoxyribonucleotides, the key blocks for DNA replication and repair (Ng et al., 2018;
Pires et al., 2010). In accordance with these findings, the gene coding for this enzyme,
rrm1, was significantly downregulated in hypoxia-exposed fish (LFC = -1.77, padj =
0.008). Moreover, metabolites UMP, uracil, and uridine, involved in nucleotide
biosynthesis, were significantly downregulated in the liver of these fish, according to a
previous metabolomics analysis (Raposo de Magalhdes et al., 2022). This is in
accordance with the downregulation of the KEGG pathway “Pyrimidine metabolism (ID:
dre00240)” in both the transcriptome and metabolome (Figure 3.4.5.B). Previous
studies are in accordance with these findings, as nucleotide biosynthetic processes
were also downregulated in the gills of golden Pompano (Trachinotus ovatus) under
hypoxic stress (San et al., 2021). Moreover, rrm1 was also found to be downregulated
in the gills of juvenile Chinook salmon (Oncorhynchus tshawytscha) under hypoxic
conditions for six days (Akbarzadeh et al., 2020). Hypoxia is also known to induce
replication stress (RS) and activate the DNA damage response (DDR) independently
of the DNA damage itself. This response relies on surveillance sensor kinases, namely
the ataxia-telangiectasia-mutated kinase (ATM), ataxia telangiectasia and Rad3-
related protein (ATR), and DNA-dependent protein kinase (DNA-PK), which are
activated via PTMs. The activation of these pathways can result in the regulation of
DNA repair pathways, cell cycle control, and apoptosis. Depending on the severity of
hypoxia, that is, duration and level of oxygen, DNA repair pathways can be activated
or repressed at the transcriptional level (Kumareswaran et al., 2012; Ng et al., 2018;
Pires et al., 2010). Negative enrichment of the pathways “double-strand break repair
via homologous recombination (ID: GO:0000724)”, “Activation of ATR in response to
replication stress (ID: R-DRE-176187)", and “HDR through Single Strand Annealing
(SSA) (ID: R-DRE-5685938)” (Figure 3.4.4.A-C; Additional file 7 - online), parallel with
the significant upregulation of genes (e.g., xrcc5, xrcc6) involved in the canonical non-
homologous end-joining repair mechanism (Additional file 4 - online), suggests a
potential selective regulation of the DNA repair pathways, favoring the downregulation

of some and the upregulation of others.
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The relationship between hypoxia, cell cycle arrest, and DNA repair mechanism
inhibition has not yet been completely revealed in teleosts. Nevertheless,
downregulation of DNA replication due to hypoxia has also been observed in the gills
of spotted seabass (Lateolabrax maculatus) (Ren et al., 2022) and liver of threespine
stickleback (Gasterosteus aculeatus) (Leveelahti et al.,, 2011). In Nile tilapia
(Oreochromis niloticus), short and prolonged hypoxia induced DNA damage that was
directly proportional to increasing hypoxic concentrations (Mahfouz et al., 2015).

Hypoxia-inducible factor 1 (HIF-1) is a heterodimer composed of HIF-1a and
HIF-1B subunits that is at the center of almost all hypoxia-induced pathways, acting
mainly as a TF to mediate adaptive responses at both cellular and systemic levels. The
isoform HIF-1a is a well-documented key modulator of the hypoxia signaling pathway;
after being translocated into the nucleus, it heterodimerizes with HIF-13 and binds to
hypoxia-responsive elements (HRES) located in the promoters of hypoxia-inducible
genes, which modulate their expression (B. H. Jiang et al., 1996). In this study, several
genes involved in the HIF-1 signaling pathway were significantly upregulated, including
eginl, egIn2, egIn3, hiflan, and hiflal (Additional file 4 - online). Accordingly, the
positive enrichment of the pathways “response to hypoxia (ID: GO:0001666)”, “Cellular
response to hypoxia (ID: R-DRE-1234174)" and “Oxygen-dependent proline
hydroxylation of Hypoxia-inducible Factor Alpha (ID: R-DRE-1234176)" (Figure
3.4.4.D-F, Additional file 7 - online) further supports the activation of HIF-1a in the liver
of hypoxia-exposed gilthead seabream. Furthermore, several DEGs known to be
targeted by HIF-1a and to promote hypoxia adaptation through different mechanisms
were also upregulated (Additional file 4), such as vegfaa, which initiates the vascular
endothelial growth factor (VEGF) signalling pathway (Choi et al., 2011); epoa, which
stimulates blood cell production, higdla which is responsible for maintaining
mitochondrial homeostasis, slc2alb which facilitates cellular glucose uptake (C. Chen
et al., 2001), gapdhs, pgkl, enola, slcl6a3 and Idhal, which are metabolic enzymes
that reduce oxygen consumption and promote anaerobic metabolism (Taylor & Scholz,
2022), pdkl which inhibits the tricarboxylic acid (TCA) cycle (Kim et al., 2006) and
bnip3lb which promotes mitophagy (Taylor & Scholz, 2022). These changes can be
supported by the positive enrichment of the pathways “Glycolysis/Gluconeogenesis
(ID: dre00010)”, “Mitophagy — animal (ID: dre04137)” and “Glycolysis (ID: R-DRE-
70171)” (Figure 3.4.4.E; Additional file 7 - online). In addition to metabolism, HIF-1a

has also been demonstrated to inhibit the activation of the MCM helicase in a non-
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transcriptional manner (Hubbi et al., 2013), which might corroborate the
downregulation of DNA replication initiation, as genes mcm2, mcm3, mcm4, and mcm5
were significantly downregulated in hypoxia-exposed fish (Additional file 4 - online).
Additionally, cell cycle arrest can also be induced in a HIF-1a-dependent manner by
displacing c-Myc from the p21 and p27 promoters, two cyclin-dependent kinases
(CDKSs) inhibitors (Druker et al., 2021). Here, the genes myca (LFC = -0.91, padj =
0.006) and cdknla (LFC = 1.28, padj = 0.004), encoding the proteins c-Myc and p21,
respectively, were downregulated and upregulated in response to hypoxia, supporting
the action of HIF-1a in cell cycle arrest.

The relationship between hypoxia-induced activation of HIF-1 and metabolism
has also been widely demonstrated in the livers of several fish species exposed to
hypoxic conditions, such as Epinephelus coioides (Lai et al., 2022), Procambarus
clarkia (L.(L. Zhang et al., 2022), Hypophthalmichthys nobilis (G. Chen et al., 2021),
Salvelinus alpinus (Cassidy & Lamarre, 2019) and Danio rerio (Mandic et al., 2020).
Curiously, hif-1a was downregulated in the white skeletal muscle and the heart of
gilthead seabream subjected to moderate hypoxia (42-43%) (Martos-Sitcha et al.,
2019), suggesting that either only more severe hypoxic conditions, such as the 15%
oxygen saturation applied in this study, are able to induce HIF-1a activation in this
species, or that the response of this factor differs significantly among tissues.

Another major signaling pathway that responds to hypoxia and promotes
adaptation to low O2 availability is mTORCL. In another study, mTORCL1 signaling has
been reported to be downregulated in Arctic char exposed to 15% DO (Cassidy &
Lamarre, 2019). Hypoxic conditions are known to lead to a downregulation of OXPHOS
and, thus, to a reduction in cellular energy, consequently ceasing high-energy-
demanding cellular processes such as translation. A metabolomic analysis of the livers
of the same fish confirmed that ATP levels were significantly downregulated (Raposo
de Magalhades et al., 2022), indicating a low ATP:AMP ratio. This can lead to an
inhibition of the mMTORC1, mediated by the metabolic regulator 5 AMP-activated
protein kinase (AMPK) and/or the Regulated in DNA damage and development 1
(REDD1) (Saxton & Sabatini, 2017). The first is carried out either through
phosphorylation and activation of TSC2 or through the phosphorylation of Raptor, while
the latter activates TSC2 by titrating the inhibitory 14-3-3 proteins (Britto et al., 2020).
In this study, ddit4 (LFC = 2.81, padj = 2.20e-10) and ywhaz (LFC = 0.89, padj =
0.0007), coding for the proteins REDD1 and 14-3-3, respectively, were significantly
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upregulated in hypoxia-exposed fish, suggesting that REDD1 might be important for
maintaining cellular energy homeostasis during oxygen challenges. Gene ddit4 was
likewise found to be upregulated in threespine stickleback (Gasterosteus aculeatus)
(Leveelahti et al., 2011), in the gills and heart of bighead carp (Hypophthalmichthys
nobilis) (G. Chen et al., 2021), and in the muscle of largemouth bass (Micropterus
salmoides) (He et al., 2022), exposed to different hypoxia levels. To promote
autophagic cell death mTORC1 can also be inhibited by BNIP3, which is
transcriptionally activated by HIF-1a (Y. Li et al., 2007). As previously mentioned,
bnip3lb was significantly upregulated in hypoxia-exposed fish (LFC = 1.72, padj =
8.48e-08), demonstrating an inhibitory effect of HIF-1a over mTORC1. A transcriptomic
analysis of zebrafish exposed to hypoxia revealed increased levels of bnip3 in the heart
(Marques et al., 2008). Similarly, bnip3 was also upregulated in channel catfish
infected with Edwardsiella ictaluri (Yuan et al., 2016). Finally, mTORCL1 could also be
inhibited by a downregulation of the IGF1 signaling, as igfbpla was also upregulated
in response to hypoxia (LFC = 4.20, padj = 2.22e-10), as observed in net-handled fish.
Previously in vivo and in vitro studies with zebrafish embryos demonstrated
unequivocal evidence of a causal relationship between elevated IGFBP1 expression
and hypoxia-induced embryonic growth and developmental retardation, suggesting
that the HIF pathway is responsible for its transcriptional activation (Kajimura et al.,
2005). Another study reported that the zebrafish IGFBP-1 promoter contains 13
consensus hypoxia response elements (HRES) (Kajimura et al., 2006). This protein
was also upregulated at the mRNA level in Atlantic croaker during hypoxic stress
(Rahman & Thomas, 2011). The proposed regulation network is illustrated in Figure
3.4.3.

3.4.4.4. The dual role of the endoplasmic reticulum in the adaptation to net
handling and hypoxia stress: cholesterol biosynthesis and the unfolded protein
response

Regarding the upregulated pathways in net-handled fish, one of the most
enriched in both the GSEA and ORA was steroid and cholesterol biosynthesis (ID:
G0:0006695, dre00100, R-DRE-191273), which takes place in the endoplasmic
reticulum (ER) (Figure 3.4.2.D-F).
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Figure 3.4.4. GSEA performed on the RNA-seq data of the liver transcriptome of gilthead
seabream submitted to hypoxia, based on GO (A,D), KEGG (B,E), and REACTOME (C,F)
databases, sorted by normalized enrichment score (NES) inferred from permutations of the
gene set and false discovery rate (FDR). On the x-axis, the genes were ranked from the most
upregulated (left end) to the most downregulated (right end). The y-axis represents the running
enrichment score (ES). First line indicates downregulated pathways whereas bottom line
indicates upregulated pathways.

Cholesterol, which can be obtained from diet or synthesized de novo in the liver,
is a crucial component of the cell membranes in vertebrates and a precursor of the
stress hormone cortisol (Ikonen, 2008). Sterol responsive element binding protein
(SBREBP) is the master transcriptional regulator of cholesterol biosynthesis, mediated
by mTORC1 (Duvel et al., 2010). Srebf2, the gene encoding for this protein, was found
to be significantly upregulated in net-handled fish (LFC = 1.18, padj = 0.0001), together
with multiple genes involved in steroid and cortisol synthesis and in pathways
downstream of cortisol action (cyp2la2, hsd17b7, fdftl, stard, cebpb, pckl, pck2,
g6pca.l) (Additional file 4 - online). On the other hand, in hypoxia-exposed fish,
multiple DEGs involved in steroid and cholesterol biosynthesis were downregulated
(cyp7bl, hsd17b7, hsd17bl, cyp2rl, and fdftl), which could be explained by the likely
downregulation of mTORC1, as previously hypothesized. In addition, the plasma
cortisol levels of these fish were found to be significantly upregulated in NET fish and
unchanged in HYP fish (Raposo de Magalhdes, Schrama, et al., 2020). Cortisol,

considered the primary stress hormone in fish, is a multifaceted glucocorticoid
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synthesized by interrenal cells in the head kidney as a quick response to external
stimuli. It is vastly studied in teleost fish and is widely used as a physiological stress
marker (Mommsen et al., 1999). However, there is still a lack of studies on the
association between cholesterol biosynthesis and cortisol response in stressed fish.
The pathways “Protein processing in endoplasmic reticulum (ID: dre04141)”,
‘response to endoplasmic reticulum stress (ID: GO:0034976)” and “Asparagine N-
linked glycosylation (ID: R-DRE-446203)” (Figure 3.4.2.A-C) were also positively
enriched in net-handled fish, suggesting that this challenge might have induced stress
in the ER, which is in accordance with the ORA of the proteomics data (Figure 3.4.5.A).
In fact, several processes related to ER stress were modulated by the challenge,
specifically the N-glycan trimming, the ER quality control, the ER-associated
degradation (ERAD), the ubiquitin ligase complex and the unfolded protein response
(UPR). Associated to these pathways, 11 genes were significantly upregulated (LFC >
1, padj < 0.01), i.e., calr, calr3b, ddost, canx, prkcsh, dnajbll, sarlab, hyoul, pdia6,
and pdia4 (Additional file 4 - online). In addition to being the organelle responsible for
lipid synthesis and protein folding, the ER is the most important storage site for
intracellular calcium ions. The newly synthesized proteins are translocated into the ER
lumen and glycosylated. Correctly folded proteins are then transported to the Golgi
complex, while misfolded proteins are targeted by chaperones for refolding or
degradation through the ER-associated degradation (ERAD) system if terminally
misfolded (Braakman & Bulleid, 2011). When homeostasis is compromised by
conditions such as hypoxia, nutrient deprivation, calcium depletion, or accumulation of
misfolded proteins, stress is induced, which initiates the unfolded protein response
(UPR). Three ER-transmembrane stress sensors mediate this signal transduction
pathway: inositol-requiring enzyme 1 (IRE1), pancreatic endoplasmic reticulum kinase
(PERK), and activating transcription factor 6 (ATF6). The three branches of the UPR
converge to restore homeostatic adaptation; however, in severe cases, they can switch
to promote apoptotic cell death (Walter & Ron, 2011). One of the main outputs of PERK
signaling is the attenuation of translation through the inhibitory action of EIF4AEBP1
(eifdebpl, LFC = -0.47, padj = 0.0099). Specifically, cap-dependent translation is
temporarily downregulated in tandem with increased cap-independent translation of
many mRNAs, such as activating transcription factor 4 (ATF4) (Corazzari et al., 2017).
The ATF6 and IRE1 pathways regulate the expression of genes mainly involved in
protein folding and ERAD, which were significantly upregulated by the challenge (e.g.,
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calr, pdia6, dnajb11, and hyoul). The results suggest that fish exposed to net handling
likely counteracted ER stress by activating the UPR and ERAD and avoiding cell death
(Figure 3.4.3).

Similarly to net-handled fish, “Protein processing in the endoplasmic reticulum
(ID: dre04141)” was significantly enriched in hypoxia exposed fish and among the top
5 pathways with the highest NES, along with “Asparagine N-linked glycosylation (ID:
R-DRE-446203)", “protein folding (ID: GO:0006457)" and “response to unfolded
protein (ID: GO:0006986)" (Figure 3.4.4.D-F; Additional file 3 - online). Hypoxia can
induce protein misfolding due to the lack of oxygen required to form disulphide
linkages, leading to ER stress and the consequent activation of the UPR. In this study,
several DEGs were involved in distinct processes in the ER, such as vcp, prkcsh,
uggtl, plaa, hspa5, pdia6, calr, hsp90aal.2, erola, hsp70.3, and xbpl. Additionally,
seven DEGs encoding proteasome subunits were also significantly upregulated,
coupled with the positive enrichment of the pathways “ERAD pathway (ID:
G0:0036503)” and “Proteasome (ID: dre03050)” by GSE. These results suggest a
hypoxia-mediated response of the ER, based on the activation of the UPR and ERAD
pathways, to deal with misfolded proteins and maintain ER homeostasis. In a study
using DNA microarrays, UPR was also upregulated in the liver of gilthead seabream
exposed to low temperatures (Mininni et al., 2014). Also in gilthead seabream, genes
involved in lectin chaperone-mediated protein quality control were found to be
upregulated in response to mild hypoxia (Naya-Catala et al., 2021). In rainbow trout
subjected to heat stress, an RNA-seq study also revealed upregulation of the KEGG
pathway “Protein processing in the ER” (J. Huang et al., 2018).

In the case of unresolved and/or sustained ER stress, the kinase domain of
IRE1 has been shown to activate the Jun N-terminal kinase (JNK) signaling pathway,
which apart from being implicated in ER stress-related apoptosis it also promotes cell
survival by inducing autophagy (Ogata et al., 2006). The transcription factor Jun is a
central JNK target in the promotion of hepatocyte survival and in this study junba and
junbb encoding this protein were significantly upregulated in fish exposed to both
hypoxia (junba: LFC = 1.00, padj = 0.006; junbb: LFC = 0.84, padj = 0.02) and net
handling (junba: LFC = 1.79, padj = 3.48e-08; junbb: LFC = 0.73, padj = 0.049)
challenges, suggesting an important role in stress adaptation in gilthead seabream that
requires further investigation. The pathway “autopaghy (ID: GO:0006914)” was also

positively enriched in hypoxia-exposed fish, which is concomitant with the
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downregulation of the mTORC1 pathway. In vitro and in vivo in mice, have
demonstrated that Jun protected the hepatocytes from excessive activation of the ER
stress response and subsequent cell death, linking the UPR to autophagy (Fuest et al.,
2012). Jun was also significantly upregulated in the liver of rainbow trout exposed to
confinement stress (Momoda et al., 2007) and handling (S. Liu et al., 2014).
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Figure 3.4.5. Heatmap of multiomics overrepresentation analysis (ORA): (A) net handling trial,
(B) hypoxia trial; listed terms are commonly overrepresented terms between omics datasets.

3.4.5. CONCLUSIONS

Altogether, the results showed a challenge-specific transcriptional response of
the liver of gilthead seabream to the different stimuli imposed, reinforcing the high
phenotypic plasticity of this species to the changing environment. The most
pronounced difference was observed between the overcrowded fish, and the fish
exposed to net handling and hypoxia challenges, in terms of the number of
dysregulated genes and gene families. Gilthead seabream has demonstrated high
resilience to high stocking densities (45 kg m-3), which might be due to domestication
and/or evolutionary adaptation, in contrast to what was observed in fish netted four

times a week and exposed to 15% DO. Net-handled and hypoxia-exposed fish also
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demonstrated specific responses, such as the ribosome assembly stress response and
DNA replication stress, respectively; however, both appeared to converge in the
attenuation of translation to avoid proteotoxicity and shift the energy from cell
proliferation and somatic growth towards stress-coping pathways. Notwithstanding, the
response to both stressors converged in the induction of ER stress and downregulation
of insulin growth factor signaling, a pathway that regulates many of the downstream
processes described here. It is also important to note that a complete understanding
of these responses was only made possible by the integration of biological data from
the different complementary molecular levels, showing the promisor role of multiomics
in understanding the fate of MRNA and the complete picture of the stress response
pathways.

The characterization and identification of potentially novel genes represents the
next step towards a more holistic understanding of the coping mechanisms to stressful
aguaculture routines. Within this framework, knowledge of the genetic background of
commercially important fish species that efficiently adapt to challenging conditions can
provide evidence of desirable traits that can be a win-win strategy for overcoming both

animal welfare and sustainability issues in aquaculture.

3.4.6. SUPPLEMENTARY MATERIAL

Supplementary tables are available for this paper at: https://ualg365-
my.sharepoint.com/:f:/g/personal/csraposo_ualg pt/EVETOI0VDSdDusm9d1g3uMcB
6P7GKYYXENNEFK4mM2Bivnw?e=0mUu6b
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We must plant the sea and herd its animals using the sea as farmers instead of
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4.1. ABSTRACT

Fish skin mucus is a dynamic external mucosal layer that acts as the first line
of defense in the innate immune system. Skin mucus’ exudation and composition
change severely under stress, making it a valuable biofluid to search for minimally
invasive stress markers. This study focused on the skin mucus proteome response to
repetitive handling, overcrowding, and hypoxia, using Sparus aurata, an important
species in Mediterranean aquaculture, as a model. Biomarker discovery analysis was
performed using label-free shotgun proteomics coupled with bioinformatics to unveil
the most predictive proteins for the stressed phenotype. A mean of 2166 proteins were
identified at a < 0.2% false discovery rate, from which the DAPs were mainly involved
in the immune system and protein metabolism. A sparse partial least squares
regression analysis revealed a high correlation between DAPs and plasma
physiological stress indicators. Feature selection, performed by recursive feature
elimination followed by logistic regression analysis of the selected proteins, disclosed
28 candidate biomarkers with values of area under the curve > 0.75. These minimally
invasive biomarkers could be used in forthcoming species-specific stress management
protocols to improve fish welfare and promote farmed fish safety, positive societal

outcomes, and business sustainability.
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4.2. INTRODUCTION

Global fish consumption has been increasing at an average annual rate higher
than that of all other animal protein foods, with aquaculture currently accounting for
56% of the aquatic food produced for human consumption (FAO, 2022). With the rapid
development of aquaculture, it is urgent to ensure environmentally sustainable growth
(Carballeira Brafa et al., 2021; Jennings et al., 2016). Animal welfare is the foremost
topic when deliberating on sustainability issues that arise from this industry because
unfavorable welfare conditions ultimately result in impaired social, environmental, and
animal well-being outcomes. In aquaculture, poor welfare implies more pollution in
local waterways, poor fish immunity, and increased disease susceptibility, resulting in
reduced global food security (Conte, 2004; Franks et al., 2021; Keeling et al., 2019).
Moreover, fish diseases and chemicals used in their prevention and treatment, such
as antibiotics, have severe consequences for aquatic ecosystems (Bergqvist &
Gunnarsson, 2013; Lieke et al., 2020; Moreira et al., 2017). Increased consumer
awareness and ethical concerns about intensive fish management systems, together
with evidence that fish are sentient organisms that experience pain and suffering, have
contributed to increased research on fish welfare (Browman et al., 2019; Brown, 2015;
Lund et al., 2007). Establishing standardized welfare needs and indicators for
aquaculture has been a matter of persistent debate and development among
researchers and policymakers (Ashley, 2007). Welfare indicators provide information
about the extent to which the animal’s needs are met, and therefore, the welfare state
of the fish. These should be usable, reliable, scalable, easily recognizable, minimally
invasive, and evaluated within a reasonable timeframe. Ideally, a comprehensive
welfare assessment framework should include both operational and laboratory-based
welfare indicators (Stien et al., 2020). However, besides the numerous efforts toward
the validation of species-specific welfare indicators, appropriate combinations of these
measures are still scarce for most farmed species.

Many biotic and abiotic factors can affect the living conditions of farmed fish
throughout their lifecycle and, consequently, their welfare state (Schreck & Tort, 2016).
Transportation, handling, and unfavorable husbandry parameters, among others, may
act as stressors and can evoke a long-term maladaptive physiological stress response
in fish (Huntingford et al., 2006). The orchestration of this response starts with the
activation of the neuroendocrine pathway, followed by the release of hormones into

the bloodstream, culminating in the activation of energy-mobilizing pathways and

187



Chapter 4

reorganization of resources (Mommsen et al., 1999). These adjustments constitute the
adaptive function of the stress response intended to help fish cope with the situation
(lwama, 2007). However, when the challenges are prolonged, chronic deviation from
the optimal functional level may reduce the animal’s regulatory capacity, while growth,
reproduction, and immune function can be affected, compromising welfare (Boonstra,
2013; Korte et al., 2007).

With the advent of holistic omics technologies, remarkable progress has been
made in the characterization of fish responses to different challenges (Alfaro & Young,
2018; Cerqueira et al., 2020; de Vareilles et al.,, 2012; Raposo de Magalhaes,
Cerqueira, et al., 2020; Raposo de Magalhédes et al., 2022; Raposo de Magalhées,
Schrama, et al., 2020; Schrama et al., 2017; T. S. Silva et al., 2014), and proteomics
has been successfully employed as a powerful toolset for biomarker identification in
animal welfare research (Almeida et al., 2014; Cowan & Vera, 2008; Marco-Ramell et
al., 2016).

Fish skin mucus is a dynamic external mucosal layer located between the
epidermis and the environment, acting as the first line of defense of the innate immune
system, as well as in respiration and excretion, among others (Easy & Ross, 2009;
Shephard, 1994; S. Subramanian et al., 2007). The skin mucus matrix is mainly
produced by goblet cells located in the epithelial tissue of fish. Its exudation and
composition are known to change significantly under acute and chronic stress
(Fernandez-Alacid et al., 2018; Fernandez-Montero et al., 2020). Additionally, this
biofluid was recently proposed to form part of a cutaneous stress response system in
fish (Kulczykowska, 2019), and a few studies have highlighted its potential for stress
monitoring in different fish species (Cordero et al., 2016; De Mercado et al., 2018; Easy
& Ross, 2010; R. Jia et al., 2016; Pérez-Sanchez et al., 2017; Reyes-lopez et al., 2021,
Sanahuja & Ibarz, 2015).

In this study, we screened for potential stress biomarkers in the skin mucus
proteome of gilthead seabream adults subjected to overcrowding, repetitive net
handling, and hypoxia challenges using data and knowledge-driven approaches. We
benchmarked an array of skin mucus proteins as candidate stress biomarkers for the
given species that, according to logistic regression (LR) analysis, were most predictive
of an imposed disturbance based on protein abundance values. These biomarkers
could leverage the industry with tools to assess stress at early onset using minimally

invasive lab-based indicators and contribute to the improvement of species-specific
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welfare management protocols for sustainable aquaculture in tandem, boosting the
business, acting as a gain for the environment, and improving global food security and

safety.

4.3. MATERIALS & METHODS
4.3.1. Ethics

This study was approved by the Animal Welfare Committee of CCMAR
(ORBEA) and the Portuguese National Authority for Animal Health, on August 26,
2019. The experiments followed the European guidelines on the protection of animals
for scientific purposes (Directive 2010/63/EU) and the Portuguese legislation for the
use of laboratory animals, under a “Group-1” license (permit number 0420/000/000-
n.99-09/11/2009) from the Veterinary Medicine Directorate, the competent
Portuguese authority for the protection of animals, Ministry of Agriculture, Rural

Development and Fisheries, following category C FELASA recommendations.

4.3.2. Animals and stocking conditions

Gilthead seabream adults were supplied by “Maresa, Mariscos de Estero S.A.”
(Huelva, Spain), and the experiments were conducted at the Ramalhete Research
Station of CCMAR (Faro, Portugal), from November to March. Fish were randomly
distributed into indoor 500 L fiberglass tanks supplied with flow-through seawater from
Ria Formosa. Before each trial, the fish underwent a 2-week acclimation period.
Physicochemical parameters varied within the natural regime during the trials (natural
photoperiod, water temperature of 13.4 £ 2.2 °C, salinity of 34.7 £ 0.8 %0 and dissolved
oxygen level above 5 mg L?). Fish were fed once daily (in the morning) by hand, with
commercial feed (Standard Orange 6, “AquaSoja, Sorgal, S.A”, Ovar, Portugal),

according to the nutritional requirements of the species.

4.3.3. Experimental design

Three independent trials corresponding to challenging rearing conditions were
tested: OC — Overcrowding, NET — repetitive net handling and air exposure, and HYP
— Hypoxia. In each trial, fish were randomly allocated to three experimental groups: (1)
a control group (CTRL), (2) a medium-intensity challenge and (3) a high-intensity
challenge group. Fish within each group were distributed into triplicate tanks, and 4

fish per tank were further sampled for proteome analysis, in a total of 12 fish samples.
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The initial rearing density was 10 kg m-3. In the OC trial, fish with an average IBW of
372.33 + 6.55 g were subjected to high stocking densities over 54 days. The
experimental groups were as follows: (1) OCCTRL — 10 kg m™3, (2) OC30 — 30 kg m™®
and (3) OC45 — 45 kg m™3. For the NET trial, fish (IBW = 375.69 + 11.88 g) were
challenged for 45 days. Nets were designed for this purpose, fitted inside the tanks,
and lifted to air-expose the fish for 1 min. The experimental groups were established
according to the frequency of the challenge: (1) NETCTRL — undisturbed fish (the net
was also fitted inside the tanks but not lifted), (2) NET2 — fish netted twice a week, and
(3) NET4 - fish netted four times a week. The last air exposure event was performed
72 h before sampling to ensure a resting period and make sure that any response was
not derived from an acute stress but instead chronic. In the HYP trial, fish (IBW =
397.99 + 16.56 g) were subjected to low saturated oxygen levels for 48 h. Saturations
were achieved by nitrogen injection: (1) HYPCTRL — 100% saturated oxygen, (2)
HYP30 — 30% saturated oxygen, and (3) HYP15 — 15% saturated oxygen. Saturated
oxygen levels were measured every 30 min to keep track of potential fluctuations and
adjust the injection rate, if necessary. Zootechnical data have been previously

published by the authors (Raposo de Magalhaes, Schrama, et al., 2020).

4.3.4. Fish sampling

At the end of the trials, fish were starved for 48 h to clean the digestive tract
according to standard practices in aquaculture production. Four fish were randomly
sampled from each tank for proteomic analyses and immediately anesthetized with a
lethal dose of MS-222 (Merck KGaA). Excess water was removed using paper towels
for skin mucus collection. Mucus samples were obtained by gently scraping the fish
skin with a cell scraper on both sides of the fish and at the anterior-posterior orientation,
avoiding scale removal as well as blood and feces or urine contamination. All samples

were immediately frozen in liquid nitrogen and stored at -80 °C until further use.

4.3.5. Protein sample preparation

Skin mucus samples (n = 12, 4 fish per triplicate tank; tank unit as biological
replicate) (200 uL) were first diluted with 10% (v/v) Milli-Q water to decrease sample
viscosity and then solubilized with 200 uL buffer containing 1.5% (w/v) DTT, 1.5 mM
EDTA, and a Pl cocktail (Merck KGaA). Samples were homogenized in a
ThermoMixer® C (Eppendorf, Hamburg, Germany) at 1400 rpm for 15 min at 4 °C.
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Homogenates were centrifuged at 14,000 g, 4 °C, for 30 min, recovering the
supernatant for further analysis. Mucus extracts were diluted in the initial buffer, and
the protein content was measured using the BioRad Quick Start Bradford Dye Reagent
and BSA Standard Set (Bio-Rad). Extracts were then depleted of non-protein
contaminants using the ReadyPrep™ 2D Clean-up kit (Bio-Rad) following the
manufacturer’s instructions. The cleaned protein pellet was resuspended in 100 mM
Tris pH 8.5, 1% sodium deoxycholate, 10 mM TCEP, 40 mM chloroacetamide, and
protease inhibitors for 10 min at 95 °C at 1000 rpm (Thermomixer, Eppendorf).
Samples were then prepared following the solid-phase-enhanced sample-preparation
(SP3) protocol, as described elsewhere (Hughes et al., 2018). Enzymatic digestion

was performed with 2 ug trypsin/LysC overnight at 37 °C and 1000 rpm.

4.3.6. Label free shotgun proteomics
4.3.6.1. nanoLC-MS/MS analysis

Peptides (500 ng) were analyzed by online nanoLC using an UltiMate ™ 3000
system coupled to a Q-Exactive Hybrid Quadrupole-Orbitrap mass spectrometer
(Thermo Scientific). Samples were loaded onto a trapping cartridge (Acclaim PepMap
C18 100 A, 5 mm x 300 pm, i.d. 160454, Thermo Scientific) in a mobile phase of 2%
ACN and 0.1% FA at 10 yL mint. After 3 min of loading, the trap column was switched
in-line to a 50 cm x 75 ym inner diameter EASY-Spray column (ES803, PepMap RSLC,
C18, 2 um, Thermo Scientific) at 250 nL min-L. Separation was achieved by mixing A:
0.1% FA and B: 80% ACN, 0.1% FA, with the following gradient: 5 min (2.5% B to 10%
B), 120 min (10% B to 30% B), 20 min (30% B to 50% B), 5 min (50% B to 99% B) and
10 min (hold 99% B). Subsequently, the column was equilibrated with 2.5% B for 17
min. Data acquisition was controlled by Xcalibur 4.0 and Tune 2.9 software (Thermo
Scientific).

The mass spectrometer was operated in data-dependent acquisition (DDA)
positive mode alternating between a full scan (m/z 380-1580) and subsequent HCD
MS/MS of the 10 most intense peaks from the full scan (normalized collision energy of
27%). ESI spray voltage was 1.9 kV, and the capillary temperature was 275 °C. The
global settings were as follows: use lock masses best (m/z 445.12003), lock mass
injection Full MS and 175 chromatography peak width (FWHM) of 15 s. Full scan
settings: 70k resolution (m/z 200), AGC target 3e6, maximum injection time 120 ms.

DDA settings: minimum AGC target 8e3, intensity threshold 7.3e4, charge exclusion:
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unassigned, 1, 8, > 8, peptide match preferred, exclude isotopes on, dynamic exclusion
45 s. MS2 settings: microscans 1, resolution 35k (m/z 200), AGC target 2e5, maximum
injection time 110 ms, isolation window 2.0 m/z, isolation offset 0.0 m/z, dynamic first
mass and spectrum data type profile. MS analyses were performed at the Proteomics

Scientific Platform of i3S, Porto, Portugal.

4.3.6.2. Protein identification

Raw MS data were processed using SEQUEST® on Proteome Discoverer™
software 2.5.0.400 (Thermo Scientific) and searched against the UniProtkKB
Eupercaria database (taxon ID 1489922; Release 2020_05; 651,914 sequences) for
protein identification. The SEQUEST HT search engine was used to identify tryptic
peptides. The ion mass tolerance was 10 ppm for precursor ions and 0.02 Da for
fragmented ions. A maximum of two missed cleavage sites were allowed, with a
minimum peptide length of six amino acids and a maximum of 144. Cysteine
carbamidomethylation was defined as a constant modification. Methionine oxidation,
protein N-terminus acetylation, loss of methionine and Met-loss+Acetyl were defined
as variable modifications. Peptide confidence was set to high. The Inferys rescoring
node was considered for this analysis. The processing node Percolator was enabled
with the following settings: maximum delta Cn 0.05; decoy database search target false
discovery rate (FDR) < 1%, validation based on g-value. Protein label-free quantitation
was performed with the Minora feature detector node at the processing step. Precursor
ions quantification (TOP3) was performed at the processing step with the following
parameters: peptides to use unique plus razor, precursor abundance was based on
intensity, normalization mode was based on total peptide amount, pairwise protein ratio
calculation and hypothesis test were based on a t-test (background based). Processing
workflow results i.e., .msf files, were imported into Scaffold (v.5.0.1, Proteome
Software Inc.) to validate MS/MS-based peptide and protein identifications. A second
search engine i.e., X! Tandem algorithm (The GPM, thegpm.org; version X! Tandem
Alanine 2017.2.1.4) was applied to all MS/MS samples, using a reverse concatenated
subset of the UniProtKB Eupercaria database (Release 2020 05; 651,914 entries),
also assuming Trypsin digestion and parent ion tolerance of 10 ppm and fragment ion
mass tolerance of 0.020 Da. Carbamidomethyl of cysteine was specified as a fixed
modification, and Glu->pyro-Glu of the N-terminus, ammonia-loss of the N-terminus,

gln->pyro-Glu of the N-terminus, oxidation of methionine and acetyl of the N-terminus
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were specified as variable modifications. Peptide identifications were accepted if they
could be established at greater than 95% probability to achieve an FDR less than
0.02% by the Peptide Prophet algorithm (Keller et al., 2002) with Scaffold delta-mass
correction. Alongside, protein identifications were accepted at a minimum 99%
probability (protein Decoy FDR of 0.2%) by the Protein Prophet algorithm (Nesvizhskii
et al., 2003), containing at least four identified peptides. Proteins containing similar
peptides that could not be differentiated based on MS/MS analysis alone were grouped
to satisfy the principles of parsimony. Protein abundance was estimated based on the
TOP3 lon Precursor Intensity and normalized against the sum of all ion intensities in
each sample replicate. The MS proteomics data have been deposited on the
ProteomeXchange Consortium (Deutsch et al., 2020) via the PRIDE (Perez-Riverol et
al.,, 2019) partner repository with the dataset identifier PXD038712 and
doi:10.6019/PXD038712.

4.3.7. Statistical and bioinformatic analyses
4.3.7.1. Analysis of DAPs

Univariate and multivariate statistical analyses and bioinformatic analyses were
performed using R v.4.2.0 (R Core Team, 2022) for MacOSX. A batch effect was
observed among the 12 fish sample replicates within each experimental group,
corresponding to two independent batches of six replicate samples each, identified
using LC-MS/MS at different times. The batch effect among the two different sets of
identified samples (replicate numbers 1 and 2 in the first batch, and 3 and 4, in the
second batch) was corrected using the ComBat function within the R package sva
(Leek et al., 2012), using the normalized protein abundance values (Figure S4.1 -
APPENDIX). The corrected datasets were then filtered based on valid values (proteins
qguantified in at least 8 out of 12 replicates per challenging condition) and logl10
transformed prior to statistical analysis to ensure a Gaussian distribution of the
residuals (Farinha et al., 2021). After assessing the residuals’ normality and
homoscedasticity, differences in protein abundance across experimental groups within
each trial were analyzed by One-way ANOVA followed by post-hoc Tukey’s HSD test
(p < 0.05). The relationship between experimental groups was analyzed through PCA,
using the prcomp R function in the auto-scaled matrices (samples x DAPs). Missing
values were imputed based on the feature medians. Biplots were generated using the

R package factoextra (Kassambara & Mundt, 2020). The most discriminant principal
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component loadings were inspected to extract the top 10 features with the highest

weights in each dimension.

4.3.7.2. Annotation of DAPs and PPI network analysis

DAPs were annotated based on the REACTOME knowledgebase (Fabregat et
al., 2017) using the web-based analysis tool from Reactome v.82. The R packages
circlize (Gu et al., 2014) and ComplexHeatmap (Gu et al., 2016) were used to visualize
the results. PPl analysis of DAPs was carried out using the STRING v.11.0 (Szklarczyk
et al., 2021). The FASTA sequences were used as queries to map the corresponding
D. rerio orthologs. Protein nodes that showed no interactions were excluded from
further analysis. Subsequently, PPl networks were visualized and analyzed
topologically using the Cytoscape software v.3.9.1 (Shannon et al., 2003). The
MCODE plugin (Bader & Hogue, 2003) was employed to detect densely connected
regions within each network, using the app’s default parameters. Clusters were
extracted from the main network and analyzed individually. GO enrichment analysis of
each cluster based on the Biological Process (BP) category was performed with the
Cytoscape app ClueGO v.2.5.8 (Bindea et al., 2009). A two-sided hypergeometric test
was used followed by the Benjamini-Hochberg method for p-value correction (FDR <
0.05).

4.3.7.3. Regression and correlation analysis between levels of protein abundance and
physiological stress indicators

To evaluate the relationship between the levels of protein abundance from the
skin mucus proteome and typical physiological stress indicators in the plasma (cortisol,
glucose, and lactate) previously assessed by the authors under the same stress
conditions (Raposo de Magalhdes, Schrama, et al., 2020), a sparse partial least
squares (sPLS) regression analysis (K.-A. L. Cao & Besse, 2008) was performed using
the mixOmics package (Rohart et al., 2017). The levels of physiological stress
indicators (Table S1 - online) were taken as the response “Y” variable and the identified
proteins as the “X” variable. The analysis was performed using the mean values per
tank (n = 3), as the number of fish replicates per tank was not the same for proteome
profiling (four fish per tank) and the assessment of physiological stress indicators (Six
fish per tank). Model tuning was performed to define the best number of dimensions,

based on the Q2 criterion, and the number of variables, based on the correlation
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between predicted and actual components, through 10-fold cross-validation (CV)
repeated five times. The linear relationship between physiological indicators and

selected features was assessed by Pearson’s correlation (p < 0.05).

4.3.7.4. Feature selection and predictive modeling of the stress response

To identify features that were the most predictive for a biological state, in this
case, the stressed versus challenged phenotype, and thus retrieve the most
discriminatory and biologically meaningful proteins in each trial, a binary classification
algorithm was employed. “Stressed/Challenged” (yes vs. no) was used as the
response variable (i.e., medium- and high intensity challenge groups, in each trial,
were grouped as a single class) and the proteins’ abundance as the explanatory
variables. Feature selection was first performed using the recursive feature elimination
(RFE) method combined with the Naive Bayes classifier (Jung, 2016). Datasets (36
samples i.e., 24 “stress” and 12 “control”) were first randomly divided into training (26
samples) and testing sets (10 samples) while keeping the same class balance, through
10-fold CV repeated three times. The R packages recipes (Kuhn & Wickham, 2022)
and ROSE (Lunardon et al., 2022) were used for training data preprocessing and class
imbalance correction, respectively. The models were fitted using the caret (Kuhn,
2020) package, with 5-fold CV repeated five times as a resampling method to select
the number of predictor variables within each fold. Models were externally validated on
the testing sets. Selected features had to meet the following criteria: selected in at least
five out of 10 folds and two out of three repetitions. The final selected features were
then compared with the top 10 features with the highest loading values on PCA, the
top 20 features with the highest values of betweenness centrality in the PPI network
and the features selected by the sPLS analysis of each plasma physiological indicator.

To assess whether the selected features correctly classified the samples into
challenged and non-challenged groups (control), a binary logistic regression model
was generated using each selected protein individually as a predictor (protein
abundance as input). Datasets (36 samples i.e., 24 “stress” and 12 “control”) were
again divided randomly into training (21 samples) and testing sets (15 samples) while
keeping the same class balance and using 10-fold CV. Preprocessing and data
augmentation were performed as described previously. Generalized linear models
were generated using the caret package with 10-fold CV repeated 10 times as the

resampling method and accuracy as metric. The predictive ability of the fitted models
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was evaluated on the testing sets in terms of accuracy and area under the receiver
operating characteristic (AUC-ROC) curves. ROC curves were generated using the R
package pROC (Robin et al., 2011) to evaluate the performance of the model and the
AUC, which reflects the potential of the measurement as a diagnostic tool. Accuracy
and AUC were averaged across the 10 folds. The overall workflow of the statistical and
bioinformatic analyses is summarized in Figure 4.1.

All figures were created using the open-source graphics editor Inkscape

(http://www.inkscape.org/).
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Figure 4.1. Schematization of the methodology workflow, from sample collection to ROC curve
analysis.
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4.4. RESULTS AND DISCUSSION
4.4.1. Label-free shotgun proteomics overview

Proteome analysis of gilthead seabream skin mucus led to a mean of 45.4 +
9.6% PSM out of a mean of 38,866 = 6674 spectra per MS/MS sample (Table S2 -
online). A total of 2,214, 2,156 and 2,127 proteins were identified for the OC, NET and
HYP trials, respectively, with a probability higher than 99% (decoy FDR < 0.2%)
assigned by the Protein Prophet algorithm, with at least four peptides (decoy FDR <
0.02%) on the Scaffold software v.5.0.1 (Proteome Software Inc.) (Table S3 - online).
From these, 1,857, 1,736, and 1,722 reproducible proteins i.e., present in at least 70%
of all replicates (Table S3 - online) were selected from the OC, NET and HYP trials,

correspondingly, for further statistical and functional analyses.

4.4.2. Skin mucus proteome response to different challenges

Stress is a conserved homeostatic regulatory mechanism in vertebrates, to
which distinct organs respond differently, but with the common aim of overcoming
internal disturbance (Wendelaar Bonga, 1997). This stress response is a complex
event influenced by an individual (e.g., species, age, sex, previous experiences, or
coping styles) and/or stressor-related factors e.g., intensity and duration (Galhardo et
al., 2009). The differences in fish skin mucus proteome profiles under different
challenge intensities within each trial were assessed by One-way ANOVA followed by
Tukey’s HSD test (p < 0.05) (Table S4 - online). The NET trial registered the highest
number of differentially abundant proteins (DAPS), with 272 proteins, whereas OC
registered the lowest number, i.e., 64 proteins (Table S4 - online). In the HYP trial, 183
DAPs were found in hypoxia-exposed gilthead seabream skin mucus (Table S4 -
online). A similar proteomic profile was observed in the liver of the same fish by label-
free shotgun proteomics, with a higher number of DAPs in the NET-challenged fish,
i.e., 349 proteins, compared to OC and HYP fish, with 40 and 46 proteins (Raposo de
Magalhées et al., 2022), respectively. The same was found in the plasma proteome,
analyzed by 2D-DIGE, with a higher number of DAPs in NET fish (360 proteins), than
in those challenged by HYP (34 proteins) and OC (19 proteins). This trend was
concomitant with the plasma cortisol levels, the most common physiological stress
indicator, found in these fish (Raposo de Magalhdes, Schrama, et al., 2020). Recent

studies on mucus production and renewal in gilthead seabream found a close rate of
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isotope incorporation in the liver, plasma, and skin mucus, after fish were fed a labelled
meal (Ibarz et al., 2019).

The significant changes in the skin mucus proteome indicated that net handling
was the most impactful challenge for gilthead seabream, most likely due to its repetitive
mode. A plausible explanation for the lower impact on the overcrowded fish proteome
compared with NET- and HYP-challenged fish might be that fish might have coped
with the OC through less intense metabolic reprogramming, suggesting adaptation or
desensitization. In fish exposed to hypoxia, a higher number of DAPs were observed
in the skin mucus as compared with the remaining tissues (Raposo de Magalhaes et
al., 2021, 2022; Raposo de Magalhdes, Schrama, et al., 2020), which could be related
to a faster response in the skin mucus, due to the short-term nature of this challenge.
It has been shown that the peripheral response can be more immediate than the
metabolic shift occurring in central organs during acute/short-term stress, as in the
case of physical injury (H. Guo & Dixon, 2021). In fact, the neuroendocrine response
in fish, which is immediately activated following a perceived stressor, is accompanied
by a local response in the mucosal surfaces, that is, the nose, skin, gills, and gut,
independent of the central organs. These mucosae can react to stressors even if the
challenge does not involve a typical immune response e.g., the presence of a pathogen
(Yada & Tort, 2016).

4.4.3. Functional analysis of skin mucus DAPs
4.4.3.1. REACTOME pathway analysis

Functional annotation using REACTOME revealed 257 out of 429 unique DAPs
(60% of proteins annotated) across all trials, mapping into 16 major categories. The
categories “Metabolism” (57 proteins) “Metabolism of proteins” (54), “lImmune system”
(35) and “Signal transduction” (29) were largely represented when compared to the
remaining ones (Figure 4.2; Table S5 - online). This is expected because teleost skin
mucus is a dynamic layer known to display important physiological functions and to
contain a wide variety of biologically active molecules that participate in distinct cellular
processes. Exogenous factors, such as stressful conditions, can change the mucus
viscosity, exudation, and composition, including the level of specific proteins (Reverter
et al., 2018). In this case, several pathways associated with protein turnover were
dysregulated by the distinct challenging conditions, to different extents, according to

their nature (Figure 4.2; Table S5 - online). These results further indicated that the
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regulation of the translational machinery was highly coordinated with amino acid and
carbohydrate metabolism, most likely in the control of pools of amino acids and energy
during the interplay of protein biosynthesis and degradation in response to each
challenge. Moreover, the fish skin mucus was demonstrated to be part of an active
mucosal immune system, in this case, the skin-associated lymphoid tissue (SALT),
known, as previously described, to respond to stimuli independently of central organs
(Salinas & Magadan, 2017). The high number of DAPs (51 proteins) related to the
immune system and hemostasis identified in this study is noteworthy, indicating the
importance of this tissue in the immune stress response. Proteins involved in protein
turnover, different metabolic pathways, and the immune system have also been
identified in multiple studies on the skin mucus of gilthead seabream (Cordero et al.,
2016; Pérez-Sanchez et al., 2017; Sanahuja & Ibarz, 2015). Additionally, a study has
shown that proteins found in the skin mucus can either result from direct expression in
epidermal cells or secretion by a secondary circulatory system, which might explain
the high diversity of biological functions found in this mucosal tissue (Easy & Ross,
2009).

Metabolism H Other cellular processes

A

REACTOME functional annotation
Apoptosis

Figure 4.2. Circos plots displaying a comprehensive functional characterization of skin mucus
DAPs identified in gilthead seabream by label-free shotgun proteomics. Protein functions were
annotated according to REACTOME pathways. DAPs within each fish trial i.e., overcrowding
(OCQ), repetitive net handling (NET) and hypoxia (HYP) were assessed by One-way ANOVA
followed by Tukey’s test (p < 0.05) (see Table S3 - online). Protein annotation into REACTOME
pathways is detailed on Table S4 - online.
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4.4.3.2. Stress-responsive protein-protein interaction network

Protein-protein interaction (PPI) network analysis was performed to depict the
biological interactions between the DAPs identified in the skin mucus and pop-up
candidate proteins as potential stress markers in gilthead seabream adults. The NET
PPI network disclosed 958 interactions among 216 proteins (Figure 4.3), whereas 136
proteins generated 454 interactions in the HYP PPl network (Figure S4.2 -
APPENDIX). A lower number of protein interactions was observed in the OC PPI
network, with 44 interactions among the 36 proteins (Figure S4.3 - APPENDIX). The
clustering coefficients in NET, HYP and OC PPI networks were 0.296, 0.405 and 0.126,
respectively. The coefficients of node betweenness centrality and degree were used
to highlight the most critical points in the network by indicating the bottleneck and hub
proteins, respectively (Table S6 - online). These values were further used for
comparison with the features selected by the recursive feature elimination method
which is discussed in detail in the following sections.

GNB2|1, HSPA5, and F2 were the top three proteins with the highest values of
betweenness centrality in the NET network (Figure 4.3; Table S6 - online). According
to the REACTOME annotation (Figure 4.2; Table S5 - online), these proteins are
involved in signal transduction, cellular responses to stress, and hemostasis,
respectively. GNB2|1 encodes the protein receptor for activated C kinase 1, a
multifaceted scaffolding protein with a wide variety of critical roles, from mRNA
translation to cell survival and death. In humans, the aberrant expression of this protein
has been associated with numerous pathologies (Gandin et al., 2013). HSPAS is a
heat-shock protein with chaperoning functions that is involved in the UPR during ER
stress. F2 is a prothrombin, a key protein in blood coagulation. In the HYP network,
RPL18a, CAPZB, and ZGC:86896 were the three proteins with the highest
betweenness centrality (Figure S4.2 - APPENDIX; Table S6 - online). The first is a
ribosomal protein involved in translation, whereas CAPZB and ZGC:86896 are actin
binding proteins involved in vesicle-mediated transport. The three proteins with the
highest betweenness centrality in the OC network were SPNA2, EVPLA, and GSR
(Figure S4.3 - APPENDIX; Table S6 - online). The first two are cytoskeletal proteins
involved in cell adhesion and communication, while GSR, the glutathione-disulfide

reductase, is a critical protein in oxidative stress.
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Figure 4.3. PPI network of the DAPs identified in the skin mucus of gilthead seabream,
submitted to control and repetitive net handling in two intensities, namely “NET2” and “NET4”
challenging conditions (Table S3 - online). Nodes represent proteins, and edges, the
interactions between them. Betweenness centrality is represented by the size of the nodes,
while node color and shape indicate protein regulation and significant differences, respectively,
according to the figure legend. Four densely interconnected regions/clusters are highlighted in
the squared boxes.

4.4.3.3. GO enrichment of proteins highly interconnected in the network

Four densely connected regions (clusters) were detected in the NET network
(Figure 4.3), three were identified in the HYP network (Figure S4.2 - APPENDIX), and
no clusters were identified in the OC network (Figure S4.3 - APPENDIX). GO
enrichment analysis (hypergeometric Benjamini & Hochberg FDR correction, q < 0.05)
of the main clusters in the NET network revealed proteins involved in proteolysis, the
complement system and hemostasis (cluster 1), translation (cluster 2), and tRNA
aminoacylation and cell redox homeostasis (cluster 4) (Figure 4.4). No enriched GO
terms were found for cluster 3. In the case of the clusters in the HYP network, only one
cluster was found to be significantly enriched in terms associated with proteolysis, the
complement system and hemostasis (Figure S4.4 - APPENDIX).
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The PPI analysis emphasized the major role of the skin mucus in the immune
system, although the divergent response at the proteome level between net handling
and hypoxia challenges revealed a cluster of proteins associated with the immune
system predominantly upregulated in the former case, and downregulated, in the latter
case. It can be hypothesized that this difference might be due to the different durations
of the challenges (i.e., net handling lasted for 1.5 months, while hypoxia lasted for 48
h) and/or the type of stress imposed. Concomitantly, several proteins involved in the
immune system, specifically acute phase proteins (i.e., fibrinogen alpha-chain,
complement component C3, haptoglobin, complement factor B, warm-temperature
acclimation 65kDa protein, alpha-1-antitrypsin) were upregulated in the plasma of net-
handled fish. In contrast, complement C3, a fundamental protein in the complement
system of innate immunity in fish (Boshra et al., 2006), was downregulated in the
plasma of hypoxia-exposed fish (Raposo de Magalhdes, Schrama, et al., 2020).
Negative regulation of proteolysis was also enriched in both trials, which is consistent
with the high antiprotease activity reported in this tissue (Guardiola et al., 2014).
Furthermore, protein biosynthesis appeared to be upregulated in NET-challenged fish,
according to the GO enrichment analysis of cluster 2 (Figure 4.4). Protein translation
is usually downregulated under stress conditions, as protein synthesis represents a
highly energetic biological process in cells (B. Liu & Qian, 2014). However, specific
messenger RNAS, such as those encoding stress-related proteins required for cellular
protection, can escape this repression (Richter et al., 2010). This is consistent with the
liver response of these fish, where protein biosynthesis was also found to be
upregulated and was closely associated with ER stress (Raposo de Magalhaes et al.,
2022).

4.4.4. Correlation analysis between the skin mucus proteome and physiological
stress indicators in plasma

A correlation analysis was performed using sparse Partial Least Squares
(sPLS) regression between the abundance of proteins identified in the gilthead
seabream skin mucus and physiological stress indicators (cortisol, glucose, and
lactate) previously found in the plasma of fish from the same trials (Raposo de

Magalhées, Schrama, et al., 2020).
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Figure 4.4. Networks of enriched GO terms (hypergeometric Benjamini & Hochberg FDR
correction, q < 0.05) in the main clusters depicted in the NET PPI network (Figure 4.3). GO
enrichment analysis was performed based on the biological process category.

Activation of the HPI axis, following the perception of a stressful stimulus by the
fish, results in the release of cortisol into the bloodstream as a primary response. This
increase in plasma cortisol levels is usually followed by a rise in the concentration of
energetic substrates, such as glucose and lactate, the so-called secondary stress
responses. Thus, these metabolites are regularly used in fish research as indicators of
an activated stress response (T. Ellis et al., 2012). Hence, this correlation analysis
aimed to identify the skin mucus proteins following the same response outline as
physiological stress indicators. As a result of the sPLS regression analysis, 50 (OC),
40 (NET), and 38 (HYP) predictor proteins were selected (Table S7 - online) and those
with a significant Pearson’s correlation coefficient > 0.75 (p < 0.05) in the first
component are represented in Figure 4.5. These were used for further comparison with
the proteins/features selected by the recursive feature elimination method. The
Pearson’s correlation coefficient (p < 0.05) between the “X” (proteome) and “Y”
(plasma physiological indicators) variables was 0.985 (p = 1.232e96), 0.983 (p = 2.05e"
06), and 0.993 (p = 7.624e8), for OC, NET an HYP trials, respectively, indicating that
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sPLS effectively modeled a linear and significant (p < 0.01) relationship between the
combinations of variables selected in “X“ and “Y”. The number of predictor proteins
was also in accordance with the statistical differences found for physiological stress
indicators (published in (Raposo de Magalhdes, Schrama, et al., 2020)). In OC,
statistical differences between the control and challenged groups were only found for
lactate levels, whereas glucose levels were significantly different in the NET and HYP

trials.

1900 | —
LIl m——
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Figure 4.5. Sparse partial least squares regression analysis of the skin mucus proteome and
the plasma physiological indicators. Networks indicate predictor proteins selected among OC
(A), NET (B) and HYP (C) identified proteins with a correlation coefficient higher than 0.75 with
the physiological indicators. Proteins (rectangles) are represented by the Protein ID (Table S2
- online). Positive correlations are represented by red edges and negative correlation by green
edges.

4.4.5. Discovery of candidate stress biomarkers in the gilthead seabream skin
mucus

A biomarker is defined as a biologically important signature that unambiguously
identifies when a specific physiological condition exists (sensitivity) or when it does not
(specificity). Additionally, it should be sensible, quantitative, and reproducible among
experiments, and its assessment should be noninvasive (Benninghoff, 2007). It has
been recently proposed to use fish skin mucus to find biomarkers for evaluating fish
stress under farming conditions (Sanahuja & lbarz, 2015). Typical stress indicators
e.g., cortisol, glucose, lactate, and oxidative stress markers, have been identified in
the skin mucus of rainbow trout and meagre exposed to different challenges (De
Mercado et al., 2018; Fernandez-Alacid et al., 2019). A study involving the functional
analysis of 2060 epidermal mucus proteins in gilthead seabream also pointed to the

role of this tissue as a potential source of chronic stress biomarkers in fish (Pérez-
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Sanchez et al., 2017). Our work further supports that skin mucus is appropriate for
screening for biomarkers in S. aurata adults in response to NET and OC and suggests
the same for short term/acute stressors such as HYP, leveraging for transversal

stressor management.

4.4.5.1. Principal component analysis

An unsupervised PCA was performed for each trial, using the DAPs, to inspect
the samples’ clustering, group separation and highlight the proteins that contributed
the most to discriminating between control and challenged groups. The score scatter
plots indicate that the first principal component (x-axis) separated control from
challenged groups, in all trials, with 23.1, 23.9 and 20.9%, of explained variance for
OC, NET, and HYP data, respectively (Figure 4.6). The loading values of the first
principal component were extracted (Figure S4.5 - APPENDIX) and the top 10
variables (proteins) with the highest weights are represented by arrows in the biplots
in Figure 4.6. These were further compared with the features selected by the recursive

feature elimination method.

4.4.5.2. Selection of predictor proteins by RFE

RFE is a wrapper-type feature selection algorithm commonly used for feature
selection in proteomics studies (Lualdi & Fasano, 2019; Suppers et al., 2018). In this
study, within each set of identified proteins in the skin mucus of gilthead seabream, a
subset of proteins that were the most predictive of a challenged/stressed status was
depicted by 10-fold CV repeated three times (Table S8 -online). Within each fold,
proteins were selected on the training set by RFE coupled to a Naive Bayes classifier.
In total, 10, 11, and 17 predictor proteins were selected in = 5 folds plus = 2 repetitions
for OC, NET and HYP datasets, respectively. These were then compared with 1) the
top 10 proteins with the highest loading values in the first principal component of the
PCA biplots (Figure 4.6), 2) the top 20 proteins with the highest values of betweenness
centrality in the PPl networks (Table S6 - online), and 3) the predictor proteins selected
by the sPLS analysis (Table S7 - online). Proteins in common between all the
described methods were further used individually as input to logistic regression models
that classified challenged fish versus control fish (Table S9 - online). Two DAPs
commonly identified across all trials, i.e., alpha-2-macroglobulin (A2ML) and inter-

alpha-trypsin inhibitor heavy chain H3 (zgc:110377), were also used as inputs.
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Figure 4.6. PCA biplots of the skin mucus proteomics data of gilthead seabream adults from
OC (A), NET (B) and HYP (C) trials. Experimental groups within trials are represented by
different colors, as indicated in the figure legend. The largest point, in each group, represents
the group mean. Axis’ percentages indicate the proportions of explained variance. Arrows
represent the top ten features with the highest loading values in the first principal component.

4.4.5.3. Predictive logistic regression model

Based on the protein abundance values, a binary logistic regression (LR) model
was used to predict whether a certain sample belonged to a control or challenge-
exposed fish (both challenged groups were grouped together as one categorical
variable). Each trial was analyzed separately since most of the selected proteins were
challenge/stress-specific. Proteins in common across all trials were likewise analyzed
separately due to the different baseline levels of protein abundance. For the OC, NET
and HYP trials, 10, 12 and 13 predictor proteins were used, respectively (Table 4.1).
For each selected protein, an LR model was fitted to the training sets over a 10-fold
CV, and externally validated by predicting the outcome on the hold-out samples. The
average accuracy of the training and testing sets was calculated over the 10 folds for
each protein (Table 4.1). Overall, higher accuracies were obtained in the NET trial,
which was consistent with the PCA biplots (Figure 4.6), as NET groups showed better

separation over the first two components.

4.4.5.4. Evaluation of model performance through ROC curve analysis

The diagnostic performance of each protein was assessed using ROC curve
analysis on the testing set to estimate how well the model could generalize new data
(Table S10 - online). In the OC trial, five out of 10 proteins presented an AUC > 0.8,
with sarcosine dehydrogenase (SARDH), programmed cell death 6-interacting protein
(PDCD6IP), and mitogen-activated protein kinase 2a (MAP2K2A) presenting the
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highest values (Table 4.1). According to the REACTOME annotation, SARDH is
involved in metabolism (Figure 4.2; Table S5 - online), catalyzing the last step of the
oxidative degradation of choline to glycine. PDCDG6IP is a multifunctional protein that
is primarily involved in endocytosis and apoptosis. Finally, MAP2K2A is involved in
signal transduction, specifically in the mitogen-activated protein kinase (MAPK)
cascade, a central signaling pathway that regulates cell proliferation, apoptosis, and
the stress response (Plotnikov et al., 2011). SARDH and MAP2K2A were also selected
by the sPLS algorithm as predictor proteins of the variance in plasma cortisol, glucose,
and lactate levels (Figure 4.5). In the NET trial, all 12 predictor proteins presented a
high predictive power i.e., AUC > 0.9 (Table 4.1). Based on the REACTOME
annotation analysis, seven out of the 12 proteins were involved in the immune system
and hemostasis (Figure 4.2; Table S5- online), reinforcing this way the importance of
skin mucus in the immune defense. The remaining proteins e.g., eukaryaotic translation
elongation factor 2b (EEF2B) and T-complex protein 1 subunit theta (CCT8), were
involved in protein turnover. In fact, EEF2B was the most centric protein in cluster 2
from the PPI network (Figure 4.3), exhibiting the highest betweenness centrality, thus
highlighting its importance in the orchestration of protein metabolism. Moreover, nine
out of the 12 proteins were selected as predictor proteins for the sSPLS model, whereas
hemopexin (ZGC:152945), transferrin (TFA), A2ML and EEF2B presented a
correlation > 0.75 with plasma cortisol and glucose (Figure 4.5). Likewise, in the HYP
trial, two out of 13 proteins showed an AUC > 0.9, namely, ribosome binding protein
1b (RRBP1A) and N-myc downstream-regulated gene la (NDRG1A), and other 10
proteins showed AUC values > 0.8 (Table 4.1). RNA-binding proteins are key
regulators of gene expression and are involved in the assembly of stress granules, i.e.,
membraneless cell compartments formed in response to distinct stress stimuli and
crucial for cell survival (Marcelo et al., 2021). NDRG1A is involved in the cellular stress
response, and it is specifically induced under hypoxic conditions. Under low oxygen
levels, the hypoxia inducible factor-1a (HIF-1a) accumulates in the cytoplasm and
translocates into the nucleus, binding to HIF-18 to form the HIF-1 complex and
inducing the expression of NDRG1A by binding to hypoxia response elements (HRES)
located in the promoter of its gene (Cangul, 2004; K. C. Park et al., 2020). Notably,
NDRG1 can also be upregulated in a HIF-1a-independent manner, involving the
eukaryotic initiation factor 3a (elF3a) (Lane et al., 2013). Interestingly, NDRG1A and

elF3a were also significantly upregulated in the NET trial (Table S4 - online).
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Furthermore, NDRGL1 has been evaluated as a potential biomarker of different human
cancers (Cheng et al.,, 2011; Y. J. Sun et al., 2021). However, to the best of our
knowledge, the role of this protein in the fish stress response remains unexplored. The
other upregulated protein selected in the HYP trial was protein phosphatase 2 catalytic
subunit B (PPP2CB), which was also selected in the OC trial, although downregulated
(Table 4.1). Protein phosphatase 2A also appears to be modulated by HIF-1a
(Elgenaidi & Spiers, 2019). In the HYP trail, two of the selected proteins, namely
spectrin repeat containing nuclear envelope 2b (SYNE2B) and serpinel mRNA binding
protein 1 (WU:FC66F06) were also highly correlated with the plasma physiological
indicators of stress, according to the sPLS analysis (Figure 4.5).

This discovery analysis of a specific set of 28 skin mucus proteins’ diagnostic
performance demonstrates their discriminating power and usefulness as potential
stress-specific biomarkers. Remarkably, A2ML and ZGC:110377 were able to
discriminate more than one type of stress, with better performance for NET and HYP
fish (AUC > 0.85) (Table 4.1). A2ML is a broad-spectrum proteinase inhibitor, abundant
in the plasma of vertebrates and invertebrates, participating in the non-specific humoral
response of fish’s innate immune system (Funkenstein et al.,, 2005; Natnan et al.,
2021). It has been recently identified as a biomarker of bovine paratuberculosis (H.-E.
Park et al., 2021) and liver fibrosis in hepatitis C patients (Ho et al., 2010). Inter-alpha-
trypsin inhibitor heavy chain H3 (ZGC:110377) has been studied as a biomarker of

human colorectal cancer (X. Jiang et al., 2019).
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Table 4.1. Logistic regression and ROC curve analyses of predictor proteins selected by the RFE. Values of accuracy and AUC of the training
and testing sets are the mean of 10-fold cross validation. Proteins, represented by STRING annotations, highlighted in blue correspond to
downregulated proteins while the ones highlighted in red represented upregulated proteins.

Training set Testing set
ID! | STRING? : : : :

Acc.? \ SD \ Min \ Max \ AUC-ROC* \ SD \ Min \ Max Acc.3‘ SD \ Min ‘Max‘ AUC-ROC* \ SD \ Min \ Max
OC trial
920 | map2k2a | 0.846 0.057 0.76 0.9  0.893 0.049 0.82 096 0.752 0.045 0.67 0.8 0.83 0.075 0.72 0.94
372 | prdx5 0.846 0052 0.76 0.9  0.871 0.079 0.73 098 0.82 0.089 0.67 0093 0.818 0.109 0.64 1
498 | sardh 0.809 0.086 0.67 0.95 0.878 0.060 0.79 0.98 0.773 0.090 0.67 0.93 0.884 0.094 0.74 1
402 | ppp2ca 0.78 0042 0.71 0.86 0.803 0.050 0.73 0.88 0.706 0.090 053 0.8 0.752 0.085 0.64 0.9
1036 | anxala 0.771 0080 0.67 0.9 0.835 0.096 0.68 0.99 0.726 0.048 0.67 0.8 0.768 0.134 058 1
1552 | prpsap2 0.821 0.059 0.67 0.86 0.86 0.037 0.77 0.9 0.745 0.042 0.67 0.8  0.802 0.073 0.72 0.98
127 | pdcd6ip 0.829 0047 0.76 0.9 0.832 0.071 0.76 0.95 0.82 0.089 0.67 0.93 0.842 0.108 0.68 0.98
391 | ppp2ch 0.741 0.040 0.67 0.81 0.803 0.060 0.71 0.87 0.693 0.084 053 08 0.74 0.082 0.64 0.88
532 | a2ml 0.752 0.063 0.67 0.86 0.751 0.065 0.64 0.86 0.698 0.064 053 0.73 0.65 0.156 0.36 0.86
493 | zge:110377 | 0.772 0.093 0.62 0.86 0.76 0.088 0.65 0.9 074 0086 0.6 087 0.656 0.170 0.4 0.86
NET trial
638 | c9 0.913 0.037 0.87 0.96  0.948 0.047 0.83 0.99  0.907 0.069 0.77 1 0.997 0.009 0.97 1
85 | zgcil52945 [0.95 | 0.053 09 1 0.995 0.005 0.99 1 0.958 0.036 093 1 0.966 0.046 09 1
37 | plecb 0.932 0.061 086 1 0.964 0.037 0.92 1 0.893 0.077 08 1 0.945 0.058 0.84 1
1434 | Hp 0.927 0045 0.86 1 0.967 0.019 0.94 1 0.901 0.063 08 1 0.935 0.057 0.81 1
26 | eef2b 0.892 0.058 0.86 1 0.966 0.024 0.92 1 0.894 0.031 0.87 0.93  0.938 0.081 0.78 1
238 | cct8 0.871 0058 081 1 0.931 0.038 0.86 1 0.82 0.136 0.47 0.93 0.902 0112 06 1
182 | a2ml 0.922 0056 0.86 1 0.974 0.025 0.93 1 0.874 0.073 073 1 0.93 0101 0.7 1
581 | gig2l 0.833 0.051 0.76 0.9  0.926 0.033 0.89 0.98 0.846 0.106 0.73 1 0.94 0.047 0.86 1
36 | tfa 0.848 0071 0.76 1 0.949 0.032 0.89 1 0.807 0.086 0.6 0.93 0.913 0.129 055 1
463 | ¢c5 0.868 0073 0.81 1 0.94 0.040 0.89 1 0.874 0.106 0.67 1 0.931 0.088 0.75 1
78 | c3a 0.856 0.066 0.81 1 0.958 0.023 0.93 1 0.852 0.082 0.73 0.93  0.932 0.081 0.72 0.98
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527 | zgc:110377 | 0.838 0.076 0.76 1 0.933 0.039 087 1 0.78 0.055 0.67 0.87  0.908 0.072 08 1
HYP trial

1597 | rrbpla 0.833 0.045 0.76 0.9  0.894 0.057 0.81 0.99 0.793 0.061 0.73 0.87 ' 0.903 0.078 074 1
705 | ndrgla 0.848 0.066 076 1 0.931 0.042 087 1 0.821 0.077 0.67 0.93 | 0.937 0.073 079 1
535 | zgc:110377 | 0.836 0.091 0.67 0.95 0.881 0.081 0.77 0.99 0.787 0.104 0.6 0.93 0.85 0.118 068 1
462 | syne2b 0.806 0.073 0.7 0.9 0.826 0.062 0.74 0.92 0.786 0.076 0.67 0.93 ' 0.898 0.096 0.74 1
413 | ppp2ch 0.761 0.061 0.67 0.86 0.862 0.045 0.8 0.92 0.773 0.077 0.67 0.93 0.874 0.061 0.79 0.98
1265 | jtih2 0.794 0.045 0.76 0.9 0.867 0.065 0.73 0.96 0.734 0.076 0.6 0.8 0.81 0.077 0.66 0.92
217 | wu:fc66f06 | 0.752 0.070 0.62 0.86 0.811 0.049 0.71 0.86 0.828 0.049 0.73 0.87 0.848 0.062 0.76 0.94
245 | habp2 0.864 0.090 0.67 0.95 0.825 0.105 0.69 0.99 0.8 0.077 0.67 0.93 0.811 0.153 057 1
275 | sbich37 0.923 0.055 086 1 0.832 0114 071 1 0.911 0.084 073 1 0.876 0.110 072 1
81 c3a 0.759 0.055 0.71 0.9 0.814 0.089 0.66 0.98 0.746 0.083 0.6 0.87 0.81 0.109 0.6 0.98
138 | a2ml 0.904 0.063 081 1 0.835 0110 071 1 0.92 0051 087 1 0.886 0.099 08 1
119 | zge:152945 | 0.855 0.090 0.67 0.95 0.823 0.103 0.67 0.96 0.8 0.074 0.73 0.87 0.814 0145 06 1
56 apoala 0.795 0.041 0.76 0.86 0.815 0.085 0.7 095 0.767 0.092 0.6 0.87 0.784 0.124 0.6 0.96

1 — Protein ID, as in Table S4 - online

2 - Annotation retrieved from STRING database
3 - Averaged accuracy among 10-folds

4 - Averaged AUC among 10-folds
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4.4.6. Study limitations and future perspectives

Screening for biomarkers at the discovery phase can face many challenges due
to the complexity of biological samples, heterogeneity of the analytes and analytical
methods’ constraints. The limitations in the pipeline of biomarker identification multiply
when applied to the aquaculture field. After the discovery phase, verification and
validation steps are critical in fish research for several reasons: 1) the lack of public
databases providing fish omics data for bioinformatic analysis e.g., TCGA and CPTAC
databases widely used in cancer biomarkers’ studies; this implies that the only possible
way to gather new data from independent samples is to establish new fish trials; 2) a
limited number of samples/animals (complying with the 3Rs principles of animal
research) in each stage of biomarker identification; this may indirectly oblige to repeat
and establish new fish experiments with a higher number of animals if enough
statistical power has not been previously achieved; 3) sampling is usually invasive or
lethal. A possible way to overcome this hindrance is using body fluid samples e.g., fish
skin mucus, as proposed in this study. This fluid can be collected in a minimally
invasive way and be obtained repeatedly from the same animal (at reasonable time
intervals), thus allowing for multiple sampling without sacrificing animals. Moreover,
this type of sampling refines (the third R) the way animals are used in research.

In this study, it is important to note that the predictive models generated require
further external validation with independent samples because the testing sets created
here were derived from data splitting (samples from other experiments should ideally
be used for a testing set to be completely independent). New data covariates should
be minimized, e.g., same fish species and developmental stage, similar methodology
and challenging conditions. Re-using MS data from databases such as PRIDE is a
valid way of overcoming this issue, and indirectly increases the sample size, however,
in fish research, publicly available skin mucus MS datasets are still scarce.

After the discovery phase has been completed, a targeted proteomics approach
(verification step) should be performed to provide some diagnostic value for a predictor
protein. Lastly, in the validation step, candidate biomarkers should be evaluated across
different groups of fish (e.g., from independent experimental trials), preferentially at
different sites/laboratories, and wusing complementary methodologies, e.g.,
immunological assays. Larger sample sizes are usually needed in these subsequent
phases after the discovery to increase the statistical power. A multi-protein signature

can also be used rather than individual proteins to increase biomarkers’ sensitivity,
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specificity, and diagnostic power (Nakayasu et al.,, 2021). Future research on
biomarkers with interest for the aquaculture industry would need to integrate
standardized operating procedures to maintain experimental (pre-analytical variables)
and analytical (protocols) variance to a minimum, thus facilitating cross-validation
between different research studies/laboratories. The procedures should mimic routine

procedures in a fish farm to validate and increase the viability of such research.

4.5. CONCLUSIONS

In summary, in this discovery phase, we propose a set of 28 skin mucus
candidate biomarkers that could be further validated for a minimally invasive early
diagnostic stress/welfare assessment in gilthead seabream adults. Early diagnosis of
the stocked fish through stress/welfare measures, based on minimally invasive stress
biomarkers can help to prevent the unintended overload of the fish physiological
responses, with adverse effects on growth, reproduction, immunity, and therefore
reduce or avoid the use of chemicals to mitigate such effects. By promoting fish
welfare, in a “one-health” approach, as beneficial for the environment and for human
health, we expect to contribute to improve aquaculture’s sustainability and fish food

safety.

4.6. SUPPLEMENTARY MATERIAL
Supplementary figures can be found in the APPENDIX. Supplementary tables are
available for this paper at: https://doi.org/10.1016/].jprot.2023.104904
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5

General Discussion, Main Conclusions and Future

Perspectives

, , How inappropriate to call this planet "Earth,” when it is clearly "Ocean”.

— Arthur C. Clarke

213



214



Chapter 5

There is a fine line between beneficial stress (eustress) and harmful stress
(distress), which depends on numerous factors related to the species biology in
question and the intrinsic attributes of the stimulus itself. However, there is compelling
and irrefutable evidence that many stimuli inherent in routine aquaculture procedures
and husbandry conditions pose major challenges to farmed fish. Ultimately, prolonged,
or constant exposure to harsh farming conditions that surpass the adaptive capacity of
fish can impair welfare and negatively impact multiple aspects of aquaculture
sustainability. Considering the current demographic growth rate and climate change,
increasing food production while reducing the environmental footprint is of utmost
importance. As the fastest-growing food sector, aquaculture bears an enormous
responsibility for achieving these objectives, and the commercialization of species that
are resilient to changing environments, coupled with the maximization of their welfare,
represents the path forward. Gilthead seabream (Sparus aurata), an important species
in Mediterranean aquaculture and a highly consumed species in Portugal, is well
known for its robustness and phenotypic plasticity; however, the limits of its stress
tolerance and the underlying molecular mechanisms and main regulators remain
elusive. The use of high-throughput technologies, such as omics approaches in fish
research, is continuously increasing and has the potential to provide in-depth
knowledge of stress adaptation pathways. Bearing this in mind, this PhD thesis sheds
light on the underlying mechanisms of the fish stress response and provides the basis
for a new toolset to assess farmed fish welfare. Hence, this work presents a
comprehensive system-wide characterization of the molecular stress response in
gilthead seabream using a multidisciplinary approach that targets the entire flow of
information from the gene to the metabolite proposing a set of stressor-specific
candidate biomarkers. The main findings of this study, along with future research

directions and perspectives, are discussed in this chapter.

5.1. Farmed gilthead seabream can tolerate rearing densities up to 45 kg m-

In summary, the analyses of the different gilthead seabream tissues and body
fluids revealed that exposure to stocking densities up to 45 kg m-2 for 54 days did not
affect fish survival nor growth performance (Chapter 2). Moreover, it induced minor or
no changes in the plasma (Chapter 2) and skin mucus proteome (Chapter 4), in the
liver proteome, metabolome (Chapters 3.1, 3.2, and 3.3), and transcriptome (Chapter

3.4), and in the muscle biochemical properties (Chapter 2). Muscle pH and rigor mortis
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remained unchanged (Chapter 2), consistent with the unchanged hepatic glycogen
levels (Chapter 3.2). Regarding the conventional plasma stress markers, cortisol,
glucose, and lactate, only the latter exhibited significant changes, showing an increase
with the increased rearing density. This variation may be attributed to the potential
activation of muscle anaerobic glycolysis in response to faster swimming activity. This
hypothesis was reinforced by the lower plasma glucose levels (Chapter 2), the up and
downregulation of the protein alpha-enolase (ENO1A), which is the enzyme
responsible for catalyzing the first step of glycolysis, in the muscle and the liver,
respectively (Chapter 3.2), as well as by the downregulation of isocitrate
dehydrogenase (IDH1), a key enzyme of the TCA cycle, as reported in Chapter 3.3.
On the other hand, plasma cortisol levels remained unchanged after 54 days of high
stocking densities; however, one cannot exclude the possibility of an increase earlier
in the trial, followed by a negative feedback regulation of the cortisol itself, as no time
course measurements were performed. Chronic negative regulation of the cortisol
response has also been demonstrated in other studies due to habituation of the fish to
the new condition or exhaustion of the HPI axis, i.e., the interrenal tissue of the fish
becomes less sensitive to the action of pituitary hormones (Madaro et al., 2015;
Martinez-Porchas et al., 2009). This reinforces the idea that cortisol levels should be
cautiously interpreted when used to assess chronic stress and should ideally be
complemented with other indicators. When considering the different omics analyses, a
considerably less intense global response was observed in fish challenged with high
stocking densities compared with the other challenges. No DAPs or DAMs were found
in the plasma and liver of the OC-challenged fish, respectively. Concomitantly, the
number of dysregulated proteins and protein-protein interactions in the liver (Chapter
3.3) and skin mucus proteomes (Chapter 4) was much lower. The discriminatory
power of skin mucus proteins proposed as candidate stress biomarkers, as indicated
by the AUC-ROC values, was also lower (Chapter 4). Overall, this work indicates that
overcrowded fish coped with the challenge through a less intricate network of cellular
reprogramming, suggesting a higher resilience to this condition when compared with
the other challenges.

The remarkable resilience of gilthead seabream to this challenge could be due
to various genotypic- and/or phenotypic-related reasons or even to the experimental
setup itself. For instance, to isolate the effects of overcrowding on the molecular stress

response, the Oz levels were carefully maintained above 5 mg L, the same as in the
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other experimental groups (except for the hypoxia groups), which could have
minimized the impact of overcrowding per se, as observed in previous studies (Araujo-
Luna et al., 2018). Alternatively, the higher resistance of the gilthead seabream could
stem from adaptive changes in behavior. Recent findings on Nile tilapia demonstrated
that an alteration of the social structure from aggression and social hierarchies to
shoaling, accompanied by changes in the expression of specific stress-related genes,
improved tolerance to high stocking densities (Rodriguez-Barreto et al., 2019).
Similarly, a study on gilthead seabream showed that crowding reinforced schooling,
highlighting the association between social behavior and stocking densities
(Arechavala-Lopez et al., 2020). Further investigations, such as behavioral
observations/recordings and genome-wide studies, are required to elucidate the
relationship between behavior and increased stress tolerance. Another reason could
be the developmental stage of the fish, as in other studies with gilthead seabream
juveniles, stocking densities up to 40 kg m= induced significant changes not only in
plasma metabolites but also in the expression of genes related to stress pathways
(Martos-Sitcha et al., 2019; Montero et al., 1999; Skrzynska et al., 2018). The distinct
sensitivities of adult and juvenile fish to high stocking densities could potentially be
attributed to their individual experiences and epigenetic adaptations. Evidence
suggests that epigenetic changes play a significant role in stress adaptation in fish,
with effects ranging from immediate phenotypic changes to transgenerational
transmissions (Moghadam et al., 2015; Petitjean et al., 2019). In this context, the
resilience of this species to high rearing densities could also be due to domestication
and genetic and epigenetic evolutionary adaptation of farmed populations associated
with intensive farming practices that have been utilized since the 1980s (Moretti et al.,
1999). However, research investigating the genetic signatures of these adaptations is
limited, with only a handful of studies providing insights into the genetic specificity of
farmed populations of gilthead seabream. One study found that aquaculture likely
plays a significant role in driving genetic differences in this species (Franchini et al.,
2012), whereas another study identified genetic drift as a key factor (Cossu et al.,
2019). Recently, a study presented the first genome-wide evidence of the genetic basis
of domestication in this species, identifying specific SNPs and genes related to stress

coping, growth, and resistance to pathogens (Gkagkavouzis et al., 2021).

217



Chapter 5

5.2. Gilthead seabream netted four times a week activated several prosurvival
pathways as an adaptation response to cellular stress

The net handling challenge undoubtedly had the greatest impact on the
physiology and metabolism of gilthead seabream, which has been extensively
discussed in all chapters. Both experimental conditions, NET2 and NET4, induced
significant changes in the overall organism, whereas the most intense challenge
(NET4) was undeniably the most impactful. Notably, Chapter 2 highlighted significant
changes in plasma metabolites and abundance of plasma proteins related to the innate
immune response, with no impact on fish survival nor growth. In Chapters 3.1 and 3.2,
major changes in liver metabolism are reported, accompanied by a significant
reduction in hepatic glycogen stores. Chapter 3.3 and 3.4 further demonstrated that
net handling four times a week induced cellular stress in fish hepatocytes, mainly
related to ER stress. Lastly, Chapter 4 demonstrated the promisor role of skin mucus
in the evaluation of the stress response to net handling and proposed a set of proteins
as candidate stress biomarkers that exhibited the highest discriminatory power when
compared to candidate biomarkers identified for OC and HYP trials.

Despite the significant increase in plasma cortisol levels (Chapter 2), net-
handled fish also showed the highest biological variability. The intermittent nature of
the challenge and its unpredictability could have prevented the possibility of
acclimation of the HPI axis, as proposed for OC fish, and could also have helped shape
individual responses. Different stress coping styles (SCS) are known to modulate the
fish glucocorticoid response, and reactive fish have been demonstrated to have a more
sensitive HPI axis than proactive fish (Alfonso et al., 2020; Castanheira et al., 2017),
which could explain the high dispersion of values in these measurements. The
significant increase in glucose levels following the cortisol trend was attributed to the
liver glycogenolysis pathway, which is commonly activated by catecholamines. These
results were further corroborated by the significant decrease in hepatic carbohydrate
content assessed by FTIR (Chapter 3.1), and glycogen levels reported in Chapter 3.2.
In addition, Chapter 3.3 demonstrated for the first time in fish hepatocytes evidence of
glycogen breakdown at the lysosomal level, instead of the canonical cytosolic pathway,
a process that has been extensively described in humans to produce non-
phosphorylated glucose that can be used more rapidly (Mandl & Banhegyi, 2018).

Multiomics analysis of the liver (Chapters 3.2, 3.3, and 3.4) indicated that net-

handled fish altered their overall metabolism to prioritize stress-responsive pathways
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over energy-consuming processes such as gluconeogenesis and amino acid
catabolism. Similarly, amino acids, instead of being incorporated into the TCA cycle to
produce glucose, were also redirected as building blocks for the synthesis of proteins
involved in stress and the immune response. Mitochondrial dysfunction, which is
typically associated with stress, has also been observed in another study with gilthead
seabream (Bermejo-Nogales et al., 2014). In this work, netting the fish four times a
week induced cellular stress in hepatocytes, activating attenuation mechanisms, such
as the UPR and ERAD systems in the endoplasmic reticulum, clathrin-mediated
endocytosis, autophagy, and ribosomal assembly stress, to prevent proteotoxicity and
cell death. Autophagy was found to be an important pathway for restoring cellular
homeostasis during stress responses in fish (Z. Zhou et al., 2022), while chaperone-
mediated autophagy (CMA), a specific route of autophagy that until recently was only
described in mammals and birds (Lescat et al., 2020), was also demonstrated in net-
handled fish by the simultaneous upregulation of the protein HSPA8/HSC70 and the
gene lamp2. Chapter 3.4 also described, for the first time, evidence of a ribosomal
assembly stress response similar to that described in yeast and humans (Albert et al.,
2019). The complex regulation of this process can occur at the transcriptional level, of
RPGs and rRNA, and at the post-transcriptional and post-translational levels. In fact,
RPGs are among the most highly expressed genes in most cell types, and their
architecture increases the complexity of ribosome biogenesis (Pelletier et al., 2017).
The number of genes coding for these RPs varies greatly between species, owing to
processes such as gene duplication (Dharia et al., 2014). For example, a recent study
identified 85, 125, 90, 148, 88, 92, and 86 RPGs in zebrafish, common carp, channel
catfish, Atlantic salmon, medaka, tilapia, and fugu, respectively (Kuang et al., 2020).
Different rounds of whole-genome duplication (WGD) might explain the diversity of
RPGs in teleost fish (Glasauer & Neuhauss, 2014; Hoegg et al., 2004). In Chapter 3.4,
53 different RPGs were identified in gilthead seabream.

This study showed that after 48 days of exposure to net handling, gilthead
seabream regulated different pathways in an attempt to restore cellular homeostasis.
However, the effects of these cellular mechanisms on long-term fish performance are
not yet fully understood. Recovery from net handling stress may not be equivalent to
reversal, and further studies are needed to determine the potential long-term effects of

such severe stressors on fish performance.
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5.3. Exposure to 15% DO for 48h induced an “energy-conservation state”
through cell cycle arrest in gilthead seabream hepatocytes

Exposure of gilthead seabream to low oxygen levels (i.e., 30 and 15% DO) for
48 h induced an overall shutdown of aerobic metabolism, which was reflected in the
liver proteome (Chapters 3.2 and 3.3). This is a typical response to hypoxic conditions,
as inadequate tissue oxygenation inhibits OXPHOS. This is supported by the
downregulation of ATP synthase subunit d (ATP5H) in the liver (Chapter 3.2), which
is the complex responsible for producing ATP from ADP in the presence of a proton
gradient across the mitochondrial membrane. This, in turn, depletes the cellular
energetic reserves, as observed in the liver metabolomics analysis (Chapter 3.3),
which in part can be supported by the significant changes observed in the muscle pH
and rigor mortis, although no ATP measurements were performed in the muscle
(Chapter 2). Hepatocytes, however, resorted to substrate-level phosphorylation for
energy generation, such as conversion from pyruvate to lactate in the cytosol and
phosphate transfer from intermediates such as creatine phosphate (PCr) (Chapter
3.3). Finally, the RNA-seq analysis in Chapter 3.4 revealed that the well-known
transcription factor HIF is at the crossroads of almost all the observed cellular
adaptations to low oxygen and energy availability in the liver, such as DNA replication
stress and cell cycle arrest, downregulation of the mTORCL1 pathway and consequent
inhibition of translation, induction of autophagy, and anaerobic metabolism.
Interestingly, shotgun proteomics did not identify HIF1 at the protein level. Skin mucus
proteomics analysis (Chapter 4) revealed a major shutdown of the overall immune
system, which was again concomitant with the overall “energy conservation state.
Remarkably, a higher number of DAPs was observed in the skin mucus than in the
other tissues. This was attributed to a faster response at the mucosal surfaces than
that occurring in the central organs in the case of short-term stressors (H. Guo & Dixon,
2021; Yada & Tort, 2016). To further understand the effect of hypoxia, an experimental
trial with a recovery period after the challenge would be necessary to determine
whether cell cycle arrest at these concentrations of DO is reversible and whether any

permanent effect on immune resistance is induced.
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5.4. Skin mucus is a promisor minimally invasive biological matrix to identify
both chronic and acute stress biomarkers

Chapter 4 revealed the ability of the gilthead seabream skin mucus to provide
an insightful snapshot of the main changes driven by the stress response, including
those in other tissues, such as the liver (Chapter 3.3) and blood plasma (Chapter 2).
Skin mucus proteome analysis identified several proteins involved in the innate
immune response and hemostasis that were consistent with the immune-related
proteins observed in the plasma and liver, along with proteins involved in metabolic
and other cellular processes. This finding supports the understanding that skin mucus
serves as both an active mucosal immune tissue (SALT) and a disposal fluid for
proteins excreted by the epidermal cells and tissue leakage proteins (Easy & Ross,
2009; Salinas & Magadéan, 2017).

A discovery-based search for diagnostic biomarkers of a stressed state,
integrating data-driven and knowledge-driven approaches, was performed using skin
mucus shotgun proteomics datasets. This investigation led to the discovery of 28
candidate biomarkers, each exhibiting specificity to particular stressors. Among these
candidates, seven were specific to overcrowding (MAP2K2A, PRDX5, SARDH,
PPP2CA, ANXA1A, PRPSAP2, and PDCDG6IP), eight were specific to net handling
(C9, PLECB, HP, EEF2B, CCT8, GIG2L, TFA, and C5), eight were specific to hypoxia
(RRBP1A, NDRG1A, SYNE2B, ITIH2, WU:FC66F06, HABP2, SB:CB37, and
APOAL1A), three were common to two challenges (ZGC:152945, C3A, and PPP2CB),
and two were common to all three challenges (A2ML and ZGC:110377). It is
noteworthy, however, that the regulation of the common proteins may differ among
trials, as observed by the upregulation of ZGC:152945 and C3A in net-handled fish
and the downregulation in hypoxia-exposed fish; PPP2CB is downregulated in
overcrowded fish but upregulated in hypoxia-exposed fish, and both A2ML and
ZGC:110377 are upregulated in net-handled and overcrowded fish but downregulated
in hypoxia-exposed fish. Interestingly, the regulation of common proteins in the OC
and NET trials differed from that in the HYP trial, which was attributed to the distinct
duration (and intensity) of the challenges.

The following steps in the biomarker identification pipeline include verification
and validation. However, in fish studies, there are numerous challenges and limitations
related to generating new samples and, consequently, low statistical power. These

issues are exacerbated by: (1) the lack of publicly available MS datasets for fish omics
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studies, making computational verification of candidate biomarkers impossible and
implying that new experimental trials should be conducted to obtain new samples for
verification and validation steps. Unfortunately, this compromises the reduction aspect
of the three-Rs principle, which promotes the reduction of the number of animals used
in research. (2) the lack of standardization in omics protocols for fish studies; thus,
experimental (pre-analytical variables) and analytical (protocols) variability becomes a
problem. This variability can hinder the reproducibility and robustness of candidate
biomarkers across different studies and laboratories. Finally, (3) the use of
immunological assays for validation presents various challenges, such as limited
multiplexing capabilities, occurrence of cross-reactivity between different fish species,
and lack of commercially available fish-specific antibodies (Forné et al., 2010; Haab et
al., 2006).

5.5. Directions for upcoming research
5.5.1. Targeting specific biomolecules

This work allowed for the identification of a specific set of features, i.e., genes,
proteins or metabolites, whose functions in fish or their response to stress are not well
understood. Despite this lack of information, the regulation of these features and their
anticipated biological role in other vertebrates suggest an important role in fish
response to stress. Therefore, it is crucial to conduct further research on these
features, and this section emphasizes their importance.

The insulin growth factor-binding protein was found in Chapter 3.4 to be
significantly upregulated at the mRNA level (igfbpla) in both net-handled and hypoxia-
exposed fish. This protein is responsible for regulating the availability of IGF, and
therefore, for controlling several downstream pathways related to cell proliferation. In
human hepatocytes, it was found to be induced by ER stress (Marchand et al., 2006),
whereas studies in mice have linked it to genotoxic stress and cellular senescence
(Alessio et al., 2020). A recent study on Atlantic salmon parr concluded that hepatic
MRNA levels of IGFBP1 were regulated by cortisol (Breves et al., 2020). A review of
teleost IGFBPs compiled the most recent studies reporting upregulation of this protein
in fish under stressful conditions (de la Serrana & Macqueen, 2018).

Hepcidin, a protein produced in the liver in response to high circulating iron
levels (Hintze & McClung, 2011), was found to be upregulated at the mRNA level
(hamp) in fish exposed to net handling and hypoxia according to Chapter 3.4. This
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protein plays a significant role in regulating iron absorption by binding to ferroportin,
which is its export channel (Alvarez et al., 2014). In net-handled fish, the gene encoding
the transporter protein, slc40al, was also upregulated. Unlike humans, fish possess
two functionally distinct hepcidin types, where the hampl gene is more involved in iron
metabolism, and the duplicate hamp2 acts in the immune system as an antimicrobial
peptide (Neves et al., 2017). Interestingly, a study of hepcidin protein sequences in
gilthead seabream showed the presence of one type | hepcidin and 12 type Il hepcidins
with antimicrobial potential, demonstrating the highest number within Eupercaria
(Serna-Duque et al., 2022). ER stress and UPR have also been found to induce
hepcidin expression in mice (Vecchi et al., 2009).

The gene steap4, which encodes a metalloreductase involved in iron and
copper homeostasis, was also upregulated in response to net handling and hypoxic
challenges (Chapter 3.4). Similarly, STEAP4 was also upregulated in the hepatic
proteome of the same fish in response to all challenges, i.e., overcrowding, net
handling, and hypoxia (Chapter 3.3). Studies have suggested that this protein plays a
fundamental role in the response to inflammatory stress mediated by elevated cytokine
levels (Scarl et al.,, 2017). In fish, it has been demonstrated to be upregulated in
response to thermal stress (S. Liu et al., 2013; Logan & Somero, 2010), followed by
bacterial infection (Causey et al., 2018). The elevation of HAMP and STEAP4 mRNA
and protein levels suggests that iron metabolism might be crucial for regulating the
immune system and stress response in this species.

The metabolite itaconate is another biomolecule that deserves further attention
in fish stress research, which was upregulated in net-handled fish (Chapter 3.3). This
metabolite is derived from the decarboxylation of a TCA cycle intermediate and is
known to inhibit SDH, GAPDH, and ALDOA (Shi et al., 2022). Concurrently, the mRNA
levels of GAPDH and ALDOA were downregulated in net-handled fish (Chapter 3.4).
Moreover, it alkylates Kelch-like ECH-associated protein 1 (KEAP1), inducing the
release of nuclear factor NRF2, an antioxidant regulator, and has an anti-inflammatory
effect by decreasing the levels of inflammatory cytokines (R. Li et al., 2020). Although
nothing is currently known about its role in fish physiology, studies in humans have
described it in macrophages and recently in liver tissue as an important regulatory
metabolite of inflammation that modulates innate immunity to limit tissue damage and

metabolism (Yi et al., 2020). This finding suggests a potential connection between
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itaconate and fish stress response. However, further investigation is required to fully
understand its role.

The 2-hydroxyglutarate (2-HG) is a metabolite structurally similar to the 2-
oxoglutarate/a-ketoglutarate (a-KG), an intermediate product of the tricarboxylic acid
(TCA), derived from the reduction of its ketone group to a hydroxyl group by the mutant
enzyme IDH1 and from “errors” of other enzymes such as MDH and LDHA (Du & Hu,
2021). In Chapter 3.3, this metabolite was reported to be upregulated in response to
net handling and hypoxia, and the protein responsible for its conversion back to a-KG,
that is, L-2-hydroxyglutarate dehydrogenase (L2HGDH), was also found to be
upregulated at the protein level in net-handled fish (Chapter 3.2) and at the mRNA
level in both net-handled and hypoxia-exposed fish (Chapter 3.4). 2-HG is considered
an oncometabolite linked to several human pathologies, such as organic acidurias
(Kranendijk et al., 2012), and has been shown to be induced by hypoxia in cancer cells
(Intlekofer et al., 2015; Oldham et al., 2015). The roles of 2-HG and L2HGDH in fish
physiology are not yet clear, but their upregulation in response to stress suggests a
potentially important role in the fish stress response.

5.5.2. Targeting specific levels of regulation

MicroRNAs (miRNAs) are short non-coding RNA molecules (18-25 nucleotides)
that act as post-transcriptional regulators of gene expression through sequence-
specific interactions with the 3’-untranslated regions (UTR) of mRNAs, inhibiting
translation or inducing the degradation of the transcript (Herkenhoff et al., 2018). This
class of RNAs and their functions have recently been studied in farmed fish species;
however, they have not yet been described in gilthead seabream. Environmental
factors, such as temperature, salinity, chemicals, pH, and DO, are known to affect the
expression of different miRNAs (Q. Cao et al., 2023), demonstrating their important
role in stress adaptation. Under hypoxic conditions, HIF1 modulates the expression
profiles of specific miRNAs in zebrafish (C.-X. Huang et al., 2015). In this study, several
mMiRNAs were identified; however, differences in expression were only detected in
hypoxia-exposed fish: miRNA-142a and Let-7a were significantly downregulated,
whereas miRNA-29a1 and miRNA-29b1 were upregulated (Chapter 3.4).
Downregulation of Let-7a has also been reported in the liver of hypoxic female medaka
(Lau et al., 2014). More research is required to determine the role of these miRNAs in

adaptation to hypoxia.
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mMiRNAs are also known to play pivotal roles in the regulation of epigenetic
mechanisms. For instance, miRNA-29b1, which was significantly upregulated in
hypoxia-exposed fish, is known to regulate DNA methylation (Z. Zhang et al., 2018).
As previously explained, epigenetic marks are environment-sensitive molecular
elements involved in several biological processes and can accelerate phenotypic and
genetic responses to stress. These epigenetic components can rapidly adjust the
phenotype (e.g., DNA methylation) and/or form new phenotypes that can be
transmitted to offspring without changing the DNA sequence. These mechanisms are
responsible for the phenotypic plasticity of populations (O. Rey et al., 2016). Although
research on epigenetic mechanisms in teleosts is still emerging, studies on the gilthead
seabream have not yet been conducted (Best et al., 2018). It is essential to investigate
the epigenetic marks underpinning fish stress tolerance and their transgenerational
inheritance to fully understand the mechanisms involved in stress adaptation.

PTMs are a key mechanism regulating the structure, function, and dynamics of
almost all proteins in eukaryotes, thus affecting countless biological processes and
regulating many signaling pathways. In Chapter 2, 20 proteins were identified across
56 protein spots in the 2D plasma gels, indicating that the same protein was identified
at different molecular weights and pls. As hypothesized, this could be due to different
proteoforms or PTMs, which have been demonstrated to be more energetically efficient
in maximizing the functionality of a single gene product than de novo protein synthesis,
in cases where rapid adaptation of the proteome is required (Karve & Cheema, 2011).
There are more than 300 PTMs known in eukaryotes, of which phosphorylation,
acetylation, and ubiquitination are usually the most common, and some are already
being evaluated as biomarkers of certain types of cancers and other diseases
(Mnatsakanyan et al., 2018). Moreover, a study in porcine muscle demonstrated that
preslaughter handling stress induced PTMs, specifically acetylation, in contractile
proteins that regulate rigor mortis (T. Zhou et al., 2019). Therefore, it would be
interesting to characterize the specific PTMs responsible for the main stress-induced
changes in gilthead seabream.

5.5.3. Next steps in biomarker identification
After verification through targeted proteomics and quantification, a smaller set
of proteins will be used for antibody production. Subsequently, validation of the

identified biomarkers is the final step, which includes immunological assays using
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antibodies produced specific for the gilthead seabream species. Furthermore, other
validation procedures should ideally be performed to reinforce the robustness of the
validated biomarkers, such as for example (1) cross-validation by different laboratories;
(2) identification of the validated biomarkers in different developmental stages of the
fish and comparison of the response/regulation of the protein; (3) a “dose-response”
trial to understand if the diagnostic value of the biomarker increases/decreases with
the intensity of the stressor and finally (4) correlation of the biomarkers’ response with
parameters of fish performance, such as growth and behavior, and other indicators,
such as the OWI and other LABWI indicators (e.g., hematocrit, lysozyme activity,
oxidative stress and skin mucus cortisol). This comprehensive validation process will
provide valuable information regarding the applications of these biomarkers in

aguaculture practices.

5.6. Future perspectives and implications for aquaculture sustainability

The culmination of this doctoral thesis underscores the significance of
identifying and validating a biosignature of stress-specific molecular markers. These
markers will support future molecular studies on gilthead seabream stress and are
expected to further contribute to welfare recommendations and guidelines for this
species. The integration of these biomarkers into welfare assessment protocols will
augment their effectiveness and provide an essential minimal standard for welfare in
sustainability certification schemes. To this end, skin mucus samples collected in
aguaculture farms could be analyzed in specialized laboratories, or alternatively,
specific devices or biosensors could be developed with these biomarkers for a readily
on-site assessment. This development has the potential to significantly enhance the
transparency, accountability, and ethical responsibility of the aquaculture industry and
promote its long-term sustainability, prioritizing the welfare of farmed fish. The potential
impact of these findings will extend beyond the immediate benefits to the aquaculture
industry, as it lays a foundation for ethical and environmentally conscious animal

husbandry practices in other domains.
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Supplementary material from Chapter 3.1
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Figure S3.1.1. FTIR spectra (n = 18 per experimental condition) of gilthead seabream (Sparus
aurata) liver submitted to three different stressful rearing conditions ((a) — OC trial, (b) — NET
trial, (¢) — HYP trial). Raw transmittance spectra are represented in the first row, while
processed absorbance spectra, used for multivariate and univariate analyses, are displayed in
the second row.
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Figure S3.1.2. Multivariate outlier detection on the FTIR spectra of gilthead seabream (Sparus
aurata) liver submitted to three different stressful rearing conditions ((a) — OC trial, (b) — NET
trial, (c) — HYP trial). A robust principal component analysis was performed through the
projection pursuit method using the GRID algorithm. Bad leverage points and orthogonal
outliers which proved to be some kind of measurement error were eliminated from the datasets,
here represented by the corresponding sample number.
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Overcrowding trial - Gene ontology (GO) annotation, Biological process, multi-level
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Hypoxia trial - Gene ontology (GO) annotation, Biological process, multi-level
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Figure S3.2.1. Multi-level pie charts of GO functional annotation, on the basis of biological
process, of the differential proteins identified in the liver of gilthead seabream exposed to
different stressors (overcrowding, net handling and hypoxia).
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Figure S3.2.2. Melting peaks, to evaluate PCR specificity, obtained from the melting curve analysis of the RT-gPCR performed with the liver
samples of gilthead seabream subjected to A - overcrowding (OC), B - net handling (NET) and C - hypoxia challenges (HYP).
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Supplementary material from Chapter 3.3
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Figure S3.3.1. Gene-concept network of enriched KEGG terms (FDR < 0.05) within the
differential abundant proteins (DAPs) and metabolites (DAMSs) identified in the liver of gilthead
seabream submitted to a hypoxia challenge. Central nodes represent the enriched term, with
color and size representing FDR and the number of associated biomolecules, respectively.
The concept nodes represent biological concepts, where shape corresponds to the omics
modality and color to the regulation of that biomolecule, determined by Student’s t-test with

FDR controlled at 0.05.
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OC NET HYP

Before batch effect correction Befare batch effect correction Befare batch effect correction
i e e R i -
z b4 il 4 A f
k ] H i !
1o
-
3 . i Z 2
4 5 [ -
4 Z 4 "
Ean by s )
2 g o Z N
a0 A -
e
»
n l E i e ) s N e B o
SCA; 7% Sapl var Densky B A6 mxal ver Danshy F1: 43, axplvar Zwsly
COMBAT batch effect corraction COMBAT batch affoct correction COMEBAT batch effect corraction
o e e e " oy
g I i
@ i
ER
. ]
[
o 10
- o e N
= 5 5 .
& -3 = -
i § g
H E4 z
o s " 5
2 2 Z
2 10+ .
i
..... -
in £ [ @ 3 5 E i £ g &
;A7 eeplvsr Denii; P 425 el ver D P 13% el var ity

Figure S4.1. Score scatter plots, with density plots, of the PCA performed with the proteins
identified in the gilthead seabream skin mucus from the different experimental trials (OC, NET
and HYP). Top plots show the PCA performed with the datasets prior to batch effect correction,
and the bottom plots show the same datasets after batch correction.
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Figure S4.2. PPl network of the DAPs identified in the skin mucus of gilthead seabream,
submitted to control and hypoxia in two intensities, namely “HYP30” and “HYP15” challenging
conditions (Table S4 - online). Nodes represent proteins, and edges, the interactions between
them. Betweenness centrality is represented by the size of the nodes, while node color and
shape indicate protein regulation and significant differences, respectively, according to the
figure legend. Three densely interconnected regions/clusters are highlighted in the squared

boxes.
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Figure S4.3. PPl network of the DAPs identified in the skin mucus of gilthead seabream,
submitted to control and overcrowding in two intensities, namely “OC30” and “OC45”
challenging conditions (Table S4 - online). Nodes represent proteins, and edges, the
interactions between them. Betweenness centrality is represented by the size of the nodes,

while node color and shape indicate protein regulation and significant differences, respectively,
according to the figure legend.
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Figure S4.4. Networks of enriched GO terms (hypergeometric Benjamini & Hochberg FDR <
0.05) in the main clusters depicted in the HYP PPI network (Figure S4.2). GO enrichment

analysis was performed based on the biological process category.
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Figure S4.5. Bar plots of the loadings extracted from the first component of the PCAs
performed with the DAPs identified in the skin mucus of the gilthead seabream from all
experimental trials (OC — overcrowding, NET — net handling, HYP — hypoxia). Protein IDs
indicated in x-axis are listed in Table S4 — online.
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