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Resumo

Este estudo investiga o comportamento, movimentos e termorregulagcdo de atuns da
espécie Thunnus obesus, uma espécie classificada como vulneravel pela IUCN. Com as
alteracgdes climaticas a impulsionarem o aumento das temperaturas do oceano, a expansao
das zonas de oxigénio minimo (OMZs) e a alteragdo dos habitats, compreender como
essas mudancas afetam grandes predadores endotérmicos & crucial para a gestdo e
conservacgao dos ecossistemas marinhos. Os objetivos do estudo focaram-se na validagao
e aplicacdo de um modelo de balango térmico para determinar se surgem problemas de
termorregulacdo ou mudangas no comportamento devido a gradientes ambientais. Trés
individuos foram inicialmente utilizados para capturar a dindmica da temperatura interna e
ambiental, e a equacao final foi posteriormente aplicada a seis individuos adicionais. Os
resultados mostraram que, embora os modelos capturassem eficazmente as tendéncias
gerais de temperatura, houve enviesamentos, particularmente durante periodos de rapidas
flutuacdes de temperatura. O estudo também analisou os padrbes de distribuicdo espacial,
observando diferencas significativas entre os atuns que permaneceram em latitudes mais
altas (regido das llhas Canarias e Acores) e 0os que migraram para sul (em torno de Cabo
Verde), com tendéncias de aquecimento mais acentuadas nas regides do norte. As
variagdes sazonais indicaram o outono como um periodo de transicdo no comportamento,
enquanto a auséncia de dados no verao e na primavera pode ter ocultado informagdes
importantes. Os resultados também demonstram que o atum patudo exibe resiliéncia a
condigbes de baixo oxigénio e temperaturas frias devido a adaptagdes fisiolégicas, mas
pode enfrentar riscos crescentes. A expansao das OMZs, combinada com o aumento da
temperatura da agua e uma acentuagdo nos efeitos da termoclina, pode provocar
alteragcbes no comportamento dos individuos e causar agregagcdes em certas
profundidades, levando a uma maior vulnerabilidade as pressbées da pesca comercial. Isto
afirma a necessidade urgente de medidas de conservagdo mais direcionadas, incluindo
praticas de gestao das pescas. Ao fornecer informagdes sobre as interagdes entre atuns,
mudancas climaticas e pescas, este estudo contribui para a previsao dos impactos futuros
do aquecimento dos oceanos e destaca a necessidade de estratégias mais sustentaveis

para proteger esses animais € manter o equilibrio ecoldgico.

Palavras-chave: Atum patudo, Thunnus obesus, Alteragdes climaticas, Padrdes de

movimento, Pescas.



Abstract

This study investigates the behaviour, movements, and thermoregulation of bigeye tuna
(Thunnus obesus), a species listed as vulnerable by the IUCN. With climate change driving
rising ocean temperatures, expanding oxygen minimum zones (OMZs), and altering
habitats, understanding how these changes affect large endothermic fish is crucial for
marine ecosystem management and conservation. The research focuses on fitting,
validating, and applying a heat budget model to assess if thermoregulation challenges or
changes in behaviour happen due to environmental gradients. Three individuals were
initially used to record internal and ambient temperature dynamics, and the final model was
then applied to six additional individuals. Results showed that while the models effectively
captured general temperature trends, there were biases, particularly during periods of rapid
temperature fluctuations. Spatial distribution patterns were also analysed, noting significant
differences between tuna that remained in higher latitudes (Canary Islands and Azores
region) and those migrating southward (around Cabo Verde), with warming trends more
pronounced in the northern regions. Seasonal variations indicated autumn as a transitional
period, while gaps in summer and spring data could have masked import information. The
findings demonstrate that bigeye tuna exhibit resilience to low-oxygen and cold conditions
due to physiological adaptations but face growing risks from climate-induced stressors.
OMZ expansion, combined with increasing water temperatures and a sharper thermocline,
may cause shifts in the behaviour and cause aggregations at certain depths, leading to
greater vulnerability to commercial fishing pressures. This underscores the urgent need for
more specific conservation measures, including fisheries management practices. By
providing insights into the interactions between tuna, climate change, and fisheries, this
study contributes to predicting the future impacts of ocean warming and highlights the need
for sustainable strategies to protect these marine predators and maintain ecological

balance.

Keywords: Bigeye tuna, Thunnus obesus, Climate change, Movement patterns, Fisheries.
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1. Introduction

1.1. Bio-logging as a scientific tool and how to study marine species

Understanding the behaviour of marine free-living animals is challenging, as they spend
most of their time underwater and travel great distances, making direct observation difficult
(Wilmers et al., 2015; Heylen & Nachtsheim, 2018). This also complicates efforts to study
their habitat use, both horizontally and vertically. However, with the development of
transmitters and advances in technology, scientists can now monitor marine species using
electronic devices attached to them (e.g., Sato et al., 2004; Okuyama et al., 2012; Watanabe
& Takahashi, 2013). These devices collect high-resolution data on their movements, biology,
and interactions with the environment, providing crucial insights into habitat preferences,
distribution patterns, and spatial dynamics (Sims et al., 2008). Due to these advantages,
bio-logging has become a widely adopted and valuable tool across fields such as

environmental science, ecology, oceanography, and zoology (Hussey et al., 2015).

The high diversity of marine animals has led to a variety of sensors and tagging methods.
Traditional capture-tag-recapture techniques have been used for centuries to track both
marine and freshwater fish (Kohler & Turner, 2001). This method involves tagging fish,
releasing them back into their habitats, and recapturing them later to have access to the
data. Moreover, this conventional method needs a high amount of time for data
accumulation and it is entirely dependent on the successful recapture of the fish (Chung,
Lee & Lee, 2021). Over the years, alternative methods have emerged. Acoustic tagging,
which began in the 1980s, introduced long-term track of fish movements, with tagged
individuals transmitting signals whenever they pass near a receiver (Hussey et al., 2015).
By the 1990s, advancements in data logger technology made them small enough to reduce
interference with fish movement, although low tag recovery rates remained a challenge
(Klimley et al., 1988). A significant leap came with the advent of satellite tracking systems,
particularly the Argos system, launched in 1978, which revolutionized ecological research.
Archival tags capable of transmitting data via satellite, such as pop-off satellite archival
transmitters (PSATs), greatly reduced the need for fish recapture (Metcalfe & Arnold, 1997).
These devices detach from fish at a set time, float to the surface, and send their data to
satellites (Block et al.,, 1998). Today, the data collected ranges from low-resolution
geolocation based on light levels to precise GPS coordinates, and even highly detailed daily

movement tracks and environmental variables recording (Wilson et al., 2015), further



enhancing the understanding of fish behaviour and migration. While bio-logging provides
invaluable insights, it comes with limitations, including high costs, limited battery life, data
storage capacity, signal loss in complex environments, and gaps in movement data (Wilson
& McMahon, 2006; Hussey et al., 2015). In order to overcome these barriers, newer tagging
technologies are appearing. An example of this is the method of incorporating tri-axial
accelerometers that have been developed, enabling more accurate movement tracking
(Shepard et al., 2008). Despite these challenges, bio-logging continues to be a crucial tool
for studying the often-inaccessible marine environment (Cooke et al., 2004), linking
behaviour to environment, driving advancements in fisheries management, species
conservation, and research on future environmental changes such as increased ocean

temperatures (Greene et al., 2009).

1.2. Climate change and rising ocean temperatures

Global climate change, primarily driven by the rising of anthropogenic greenhouse gas
emissions, has led to significant alterations in the Earth's climate system (Parmesan, 2006).
Ranked as one of the greatest threats to terrestrial biodiversity and being the cause of shifts
in species distributions, less is known about marine impacts (Thomas et al., 2004; Burrows
et al., 2011), even with the oceans absorbing a significant amount of this heat generated (>
93%) and also approximately 26% of CO2 emissions from 2011 to 2020 (Cheng et al., 2019;
Johnson & Lyman, 2020; Gruber et al., 2021). In the last years, the warming of ocean waters
is leading to multifaceted changes, affecting physical, chemical, and biological processes,
and disrupting its natural balance (Nagelkerken & Connell, 2015). As oceans cover 71% of
Earth's surface (NOAA), they are crucial not only for supporting global economies but also
for sustaining an enormous range of biodiversity, from microscopic plankton to large marine
mammals (FAO, 2018). Given these and others fundamental roles, there is an urgent need

to understand and address these changes.

When discussing climate change, the rising temperatures of oceans and sea surfaces are
often one of the first consequences considered. The Intergovernmental Panel on Climate
Change (IPCC) reports that over the last two centuries, global ocean surface temperatures
have increased by approximately 0.76°C, with projections indicating sharp increases in the
coming decades. This trend has accelerated notably in recent years, as confirmed by the
National Oceanic and Atmospheric Administration (NOAA). 2023 stands out as the warmest
year on record, with global land and ocean temperatures reaching unprecedented levels
and record-high SSTs observed (NOAA's 2023 Annual Climate Report). According to the



World Meteorological Organization (WMO), the global mean surface temperature through
October 2023 was about 1.40°C higher than the pre-industrial average (1850-1900),
surpassing previous records set in 2016 and 2020, and according to Hazen et al. (2012),
climate change scenarios have predicted an average SST rise of 1-6°C by 2100. These
changes not only disrupt marine ecosystems, but also contribute to the intensification of
extreme and adverse events. Warmer ocean waters can lead to frequent marine heatwaves,
defined as periods when temperatures are warmer than normal for at least five consecutive
days (Holbrook et al., 2020). Additionally, warmer waters increase stratification of the water
column, creating a barrier to mixing (Li et al., 2020). This stratification reduces oxygen
solubility in surface waters, limits ventilation of deeper waters, and slows the rate of oxygen

resupply from the atmosphere (Breitburg et al., 2019).

Over the last five decades, ocean oxygen loss has been estimated at 2%, with a continuous
decline observed (Breitburg et al., 2019). In shallow coastal waters, increased
eutrophication is recognized as the primary cause of declining levels of dissolved oxygen
(DO) and the formation of hypoxic and even anoxic zones (Kessouri et al., 2021). However,
in the open ocean, the mechanism is more complex, largely due to climate change, as noted
earlier (Gruber et al., 2021). DO concentrations at depth are known to decrease due to
microbial respiration of particulate organic matter that sinks from more productive surface
waters into the intermediate layers (Breitburg et al., 2018). In areas with upwellings, a mix
of stratification, restricted DO ventilation, elevated primary production, and microbial
respiration contributes to this substantial decline, also leading to the formation of oxygen
minimum zones (OMZs) (Diaz & Rosenberg, 2008; Chan et al., 2008). OMZs are globally
distributed, covering approximately 8% of the oceanic area (see Figure 1, a), and are
characterized by extremely low oxygen concentrations (Paulmier & Ruiz-Pino, 2009; Wright,
Konwar & Hallam, 2012; Gilly et al., 2013). In these regions, dissolved oxygen declines with
depth, reaching minimal levels before increasing again, forming a hypoxic zone typically
found between 200 and 800 meters (OMZ core; see Figure 1, b) (Stramma et al., 2008; Gilly
et al., 2013). The eastern tropical Atlantic (ETA) OMZ, located along the west coast of Africa
and around Cabo Verde, is of particular interest due to its significant expansion in recent
years compared to other OMZs (Stramma et al., 2008). Though not the largest one, it
continues to expand, with hypoxic waters spreading into regions above its core (Karstensen
et al., 2015). The same study also reported critically low DO concentrations below 0.05 ml

O I in this area, leading to the formation of called "dead zones".
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Figure 1. (a) Oxygen concentrations across different ocean regions - Hawaii Ocean Time-series (HOT), the northeast subarctic
Pacific (NESAP), Saanich Inlet (Sl), the eastern tropical South Pacific (ETSP), the Cariaco Basin (CB), the eastern tropical
Atlantic (ETA) OMZ, Namibian upwelling (NAM), and the Baltic, Black and Arabian seas. (b) A cross-section of the northeast
subarctic Pacific OMZ that shows O, levels from surface waters to the sea floor, with the upper oxycline marking the transition
to the OMZ core, known as hypoxic zone, and the deep oxycline indicating the shift from the OMZ to abyssal waters. Adapted
from Wright, Konwar & Hallam (2012).

Still less is known about the combination of all these mentioned factors and its impacts in
various species, however, temperature is considered the most important environmental
variable influencing horizontal and vertical distributions, abundance and movement patterns
of marine animals (Hubbs, 1948; McCormick & Molony, 1995; Herbing, 2002; Takahashi et
al., 2012).

1.3. Vertical movements and thermoregulation

Vertical movements in water species refer to their up-and-down movement through different
ocean layers, typically in response to environmental conditions such as light, temperature,
and food availability. One common type of vertical movement is the diel vertical migration,
where species ascend to surface waters at night to feed and descend to deeper waters

during the day to avoid predators (Brierley, 2014).



Vertical movements in marine species are not limited to daily migrations; they are also
influenced by seasonal variations and environmental factors like the thermocline.
Thermocline is a transitional layer where temperature rapidly decreases with depth,
separating the warmer surface waters from the cooler deep waters (Kitagawa et al., 2007;
Nordstrom et al., 2013). Above this, the epipelagic zone interacts with wind and waves,
mixing the water and distributing heat (Mellor & Durbin, 1975; Aspillaga et al., 2017). The
thermocline plays a critical role in diving behaviour, acting as a barrier that traps prey,
making it a key zone for predator-prey interactions (Sogard & Olla, 1993). For example,
some species dive deeper during the day to escape warmer surface waters or to forage for
prey found below the thermocline (Potier et al., 2014). The depth and strength of the
thermocline also vary seasonally, annually, and regionally (Welander, 1971). Vertical
movements are crucial for maintaining energy balance and regulating body temperature as
individuals experience a wide range of environmental variables throughout the water
column, particularly as ocean conditions shift due to climate change (Seibel, 2011; Keeling
et al., 2010). The homeostasis mechanism is vital for living beings, also known as
thermoregulation, and consists of a set of systems and adaptations responsible for
regulating the body temperature. Its main objective is to maintain the balance between the
heat generated by the organism and the heat exchanged with - lost to or acquired from -

the environment in which it is inserted (Kurz, 2008; Cutler & Haesemeyer, 2024).

Endothermy is an adaptation that allows animals to generate and regulate body heat
through metabolic processes, enabling them to maintain body temperatures above the
environment temperatures. This trait has independently evolved multiple times among
vertebrates and is most observed in mammals and birds, which are capable of sustaining
stable internal temperatures regardless of external conditions (Clarke & Portner, 2010;
Grady et al., 2014; Legendre & Davesne, 2020). In contrast, ectothermic animals, such as
reptiles, rely on external heat sources to regulate their body temperature, resulting in

fluctuating internal temperatures that mirror their surroundings (Huey & Kingsolver, 2019).

In most fish, body temperature depends on the surrounding water, as metabolic heat is
quickly lost through the body surface or gills, making them predominantly ectothermic
(Stevenson, 1985). However, regional endothermy has independently evolved in certain fish
lineages, such as some sharks (e.g., white and mako sharks), tuna, and billfishes. This
adaptation allows them to generate metabolic heat and maintain their core body regions
(i.e., red muscle) and other areas (i.e., viscera, eyes, brain) warmer than the ambient
temperature (Wegner et al., 2015). Stevens et al. (2011) described how this is made by their

lateral blood circulation, with red muscle situated near the vertebral column and distributed



along the body. They also noted modifications in the vascular supply to and from the red
muscle, eyes, brain, and viscera that form counter-current heat exchangers. As venous
blood passes through the tissues, it absorbs the metabolic heat produced by those tissues
and carries it to the gills. Due to the large surface area of the gills for gas exchange and the
high heat capacity of the water flowing over them, the blood temperature equilibrates with
the ambient water. Consequently, all metabolic heat is lost to the water, and the arterial
blood delivering oxygen to the tissues matches the temperature of the water, promoting
thermal equilibrium. The flow rate through the vessels and the contact surface area between

them also influence the efficiency of this exchange.

Regional endothermy enabled these animals to maintain higher activity levels, offering
significant advantages such as elevated cruising speeds, improved brain and eye function,
and greater metabolic efficiency. This adaptation also allowed them to explore a wider range
of environments, including colder waters (Farrell, 2002; Wegner et al., 2015). These
combined factors highlight the metabolic differences between endotherms and ectotherms,
influencing their trophic roles and competitive interactions. For instance, heat conservation
by the red muscle and vascular heat exchangers enables tunas to sustain elevated and
stable muscle temperatures, both at high latitudes and when swimming beneath the
thermocline (Carey, Kanwisher & Stevens, 1984; Marcinek et al., 2001). Although faster
cruising speeds lead to increased exploration and higher prey encounter rates (with annual
migration ranges 2-3 times greater than those of ectothermic fishes), they also come with a

high energetic cost.

Oxygen (O2) consumption is another important part of thermoregulation, as the gas is
consumed during cellular respiration. The faster an organism consumes oxygen, the higher
its metabolic rate is, and more heat it generates (Dickson & Graham, 2004). The variations
in oxygen and temperature caused by the climate change affect blood-oxygen binding
capacity, and consequently, the tolerance of individuals to hypoxia (Deutsch et al., 2015).
Besides that, higher temperatures result in higher energetic expenditures and faster rates
of important physiological processes. Tunas, with high oxygen requirements, are likely to
be one of the most affected animals by changes in the distribution of low DO, temperature
increases and stratification in the oceans (Malte et al., 2007; Gilly et al., 2013).
Consequently, bigeye tuna is an appropriate species to test for the effect of low DO, as they
have relatively high metabolic rates among fish with consequently high O», demands and
are therefore likely to be more sensitive to it and to the rising ocean water temperatures
(Bernal et al., 2017).



1.4. Bigeye tuna

Bigeye tuna (Thunnus obesus) is a highly migratory species found in tropical and temperate
marine waters worldwide (Erdaide et al., 2016). Known for its large eyes, metallic blue upper
body, and silvery white underbelly (see Figure 2), the bigeye tuna, as a top predator, feed
opportunistically on cephalopods, crustaceans, and teleosts, which form the primary
components of its diet (Olson et al., 2016; da Silva et al., 2019). Analyses of its diet also
provide valuable insights into the marine ecosystems and food webs of its habitats (Polovina
et al., 2009). The species' large eyes and well-developed visual centres suggest that vision
plays a vital role in its feeding and other behavioural patterns (Kawamura et al., 1981). Its
vertical distribution ranges from the surface to depths exceeding 1000 m, influenced by
factors such as diel vertical migration, seasonal changes, and water temperature

(Matsumoto, Kitagawa & Kimura, 2013; Lam, Galuardi & Lutcavage, 2014).

Figure 2. lllustration of Bigeye tuna. Credits: NOAA.

Economically, bigeye tuna is highly valued, particularly in sashimi markets due to its taste
and nutritional benefits (Wang & Xie, 2019). The global demand for tuna, driven by markets
for canned tuna and sushi, has led to intense exploitation. Tropical tuna species account for
95% of the 5.1 million tonnes of tuna caught globally in 2018 (FAO, 2018; ISSF, 2020). This
level of exploitation highlights the need for careful management, especially as bigeye tuna
is classified as vulnerable on the IUCN Red List.

Sustainable management initiatives, led by organizations like the International Commission
for the Conservation of Atlantic Tunas (ICCAT), work to regulate catch limits and promote
responsible fishing practices (Galland et al., 2018). As a member of the Scombridae family,
the bigeye tuna is not only vital to marine ecosystems but also serves as a key food and

economic source for coastal communities worldwide (Arrizabalaga et al., 2015; FAO, 2016).



However, global marine ecosystems and fisheries are nearing collapse due to decades of
overfishing (Pauly et al., 1998; Sethi, Branch & Watson, 2010; McCauley et al., 2015).
Changes in the behaviour and habitat utilization of bigeye tuna affect their susceptibility to
capture, making it essential to understand their responses to environmental changes for
improved stock assessments (Brill et al., 2005; Maunder et al., 2006). Studying temperature
fluctuations and tuna's adaptations to these changes is crucial, as it provides a window into
future scenarios and the long-term impacts of climate change on this species (Ekau et al.,

2010; Hussey et al., 2015).



2. General objectives

This study investigates behaviour and thermal biology of nine individuals of the bigeye tuna
species listed by the IUCN as vulnerable with a decreasing population trend, highlighting
the need for new information on their movements, behaviour and thermoregulation in
relation to environmental gradients (e.g., rising ocean temperatures, thermocline, hypoxia
zones) to support marine ecosystem management and conservation. Thus, in this context,

the objectives were:

1. Fit a temperature model using internal and ambient temperature data from three

tracked tuna;
2. Validate and apply the model to six additional individuals.
By achieving these objectives, the study aims to answer two main questions:

Do bigeye tuna exhibit altered behaviour in response to sharp changes or increasing

ocean temperatures?
Can these environmental changes lead to thermoregulation challenges?

The goals align with the UN Global Goals for Sustainable Development - Goal 13 (Climate
Action) and Goal 14 (Life Below Water). Goal 13 aims to improve resilience and adaptive
capacity in response to climate-related threats, while Goal 14 focuses on conserving and
sustainably using the oceans, seas, and marine resources, including managing fishing

practices.

This research will explore how temperature affects behaviour and distribution, contributing
to predictions of how future warming scenarios may impact this and other endothermic
species. The main hypothesis is that climate change-induced high temperatures can
interfere with the thermoregulation of large endothermic fish, shifting their habitat use and

making them more vulnerable to commercial fishing.



3. Materials and Methods

3.1. Tagging

A total of nine archival tags from Wildlife Computers (Redmond, WA, USA) were deployed
on bigeye tuna individuals. The tagging was conducted at different locations and across
different years, with all procedures approved by institutional ethical review committees and
performed by trained personnel. After tagging, the fish were released within a few minutes,

showing no apparent adverse effects.

In September 2005, the first tags were deployed aboard the M/P El Grande Primero, a 26-
meter vessel with a gross registered tonnage of 124 tons. The fishing method involved the
use of live bait, and catches were made near floating objects known as Fish Aggregation
Devices (FADs), which attract tuna and other species, facilitating their capture (Ariz et al.,
1999). The fishing occurred northeast of the Canary Islands, between latitudes 29°11°N —
29°26’'N and longitudes 12°21'W — 12°24'W. Three archival tags, model Mk9 (Figure 3),
were implanted in the peritoneal cavity of the tuna. These tags have two temperature
sensors - one in the tag body to measure internal temperature and another on the stalk to
measure ambient temperature. Once the fish were brought on deck, they were swiftly
measured, and the tags were inserted through a small incision approximately 2 cm long,
which was then sutured (Figures 4 and 5). The entire procedure took between 1.44 and

3.50 minutes per fish.

To enhance the chances of locating tagged individuals for data recovery, a conventional
ICCAT (spaghetti-type) red tag was also attached. The Mk9 tags require retrieval to access
the collected data, making them suitable for animals that can be recaptured. Details on the
tag identification numbers (ID) and additional information on the tagging and recapture
dates are provided in Table 1. Each tag recorded daily data on depth (pressure), ambient
temperature, internal temperature, and light level. Using specialized software provided by
the tags' manufacturer (WC-GPE, global position estimator program suite), the position
(latitude and longitude) of the tagged fish was estimated based on light level curves.
Longitude estimates were based on the local time of midnight or midday, estimated through
the daily maximal rate of change in light intensity, and latitude was determined via day-
length estimates (Wilson, 1992). Data were recorded every sixteen seconds, generating

substantial volumes of information from specimens that remained at liberty for extended
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periods, potentially up to a year. Although the tags could be set to record data at longer
intervals, the shorter sixteen-second interval was chosen due to concerns regarding the

likelihood of long-term tag recovery.

External temperature sensor

3

Internal temperature sensor
L1 Depth sensor

Figure 3. Photograph of Wildlife Computers’ MK9 archival tag model pointing for the location of depth, light, internal and
external temperature sensors.

Figure 5. Tag implanted in the peritoneal cavity on a recaptured individual. Photo by Francisco Abascal.
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The subsequent tagging operations were conducted in the Azores, specifically along the
south shore of Sdo Miguel Island, between 2019 and 2022. Six individuals were caught and
tagged aboard a private boat using the live bait fishing method. Once hooked, they were
brought close to the boat and carefully lifted onboard. On deck (Figure 6), the fish were
measured and tagged with MiniPAT pop-up satellite archival tags (Figure 7). This tagging
process (Figure 8) was executed as quickly and carefully as possible to ensure the fish’s
survival. Details on the tag identification numbers (ID) and additional information on the
tagging and pop-up dates are provided in Table 2. The MiniPAT tags are archival devices
equipped with Argos transmitters and corrodible attachment links designed to tether the tags
to the animal. The corrodible burn pin releases the tag from the tether on a pre-programmed
date or when the tag detects that it is no longer attached to the fish. Data on depth, ambient

temperature, and light levels were collected and summarized for transmission via Argos,

which began once the tag was released and floating on the ocean surface (Whitney et al.,
2018).

Figure 6. Bigeye tuna positioned on boat deck, on a tagging cradle with a hose providing seawater. Photo by Miguel Furtado.
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Temperature sensor

Depth sensor

Cem

Figure 7. Photograph of a Wildlife Computers’ MiniPAT pop-up satellite archival tag rigged with a stainless-steel tether, an
Argos antenna and a Titanium anchor, pointing also for the location of depth, light and external temperature sensors. Image
adapted from Wildlife Computers.

Figure 8. Tagging process. Photo by Miguel Furtado.

In this study, the fork length (FL) was used as a measure method as it provides the most
reproducible and reliable results compared to other length measurements such as standard
length or total length. The FL measurement utilizes a consistent anatomical landmark, the
fork of the tail, which minimizes measurement variability and error. This standardization is
crucial in tagging and fisheries research, ensuring consistency and accuracy in data
collection (Walker et al., 2012).
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Table 1. Summary data of tuna tagging and recapture. ID 039503 does not have any available tagging and recapture information.

Tagging season ID Ref. FL (cm) Sizeclass Tagtype Date of tagging Time Tag Lat. (N) Tag Long. (W) Recapture Date Recap Lat. (N) Recap Long. (W)
2005 0390474  BET1 87 Sub-adult  TDR-Mk9 21-09-05 6:03:00 29.183333 -12.35 10-08-06 30.166667 -12.366667
2005 0390491 BET2 61 Juvenile  TDR-Mk9 21-09-05 6:18:00 29.183333 -12.35 07-09-06 30.583333 -12.266667
2005 0390503 BET3 62 Juvenile TDR-Mk9 NA NA NA NA NA NA NA

Table 2. Summary data of tuna tagging and pop-up.

Tagging season ID Ref. FL (cm) Sizeclass Tagtype Date of tagging Time Tag Lat. (N) Tag Long. (W) Pop-update Pop-up Lat.(N) Pop-up Long. (W)
2019 84600 BET4 187 Adult Mini PAT 19-09-19 15:05:00 37.62 -25.512 18-01-20 10.75 -30.025
2019 85009 BETS 189 Adult Mini PAT 27-09-19 20:08:00 37.651 -25.391 26-01-20 0.649 -17.6
2020 196132 BET6 167 Adult Mini PAT 16-08-20 14:48:00 37.748 -25.825 15-12-20 44.116 -30.459
2020 196133 BET7 162 Adult Mini PAT 13-08-20 17:40:23 37.699 -25.811 21-10-20 38.953 -28.594
2022 202884 BET8 191 Adult Mini PAT 06-08-22 12:05:00 37.678 -25.291 01-09-22 37.9 -25.1
2022 181756 BET9 145 Adult Mini PAT 14-08-22 12:50:00 37.637 -25.436 08-09-22 34.95 -34.65
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3.2. Vertical movement analysis

The time series dataset (see Table 3 for an example) consisted of data collected at high
resolution, enabling detailed analysis of the spatiotemporal patterns. This approach allowed
for a fine scale understanding of differentiated patterns in vertical habitat use. The datasets
were trimmed based on the tagging date and time as well as the pop-up/recapture date and
time to ensure data consistency. Time-at-depth (TAD) and time-at-temperature (TAT)
matrices were also constructed with ten-meter depth bins and one-degree temperature bins

for each dataset.

Table 3. Example of a trimmed time series dataset format for one bigeye tuna used to create R input file.

Datetime Date Depth WaterTemperature InternalTemperature

2005-08-21 080744 | 2003-09-21 20 21.20 20,80
2005-08-21 DE:03:00 | 2005-09-21 20 2115 20,75
2005-08-21 DE0&15 | 2005-09-21 25 21.20 20,65
2005-08-21 DE0&32 | 2005-09-21 25 21.20 20,65
2005-08-21 DE0348 | 2005-09-21 25 21,30 20,60
2005-08-21 DE09:04 | 2005-09-21 25 21.20 20,55
2005-08-21 0E:09:20 | 2005-09-21 25 21.20 20,50

3.3. Statistical analysis of environmental and biological variables

Minimum, maximum, and mean values for depth, ambient and internal temperatures were
extracted and grouped by season (Winter, Spring, Summer, Autumn; see Tables 4-7). The
nine individuals were then categorized by region (Azores/Canary Islands and Cabo Verde)
and by tagging year. A Kruskal-Wallis test was applied to determine whether significant
differences existed across the groups. This test was chosen because it is more appropriate
than analysis of variance (ANOVA) when dealing with smaller datasets that do not follow a
normal distribution (Guo, Zhong & Zhang, 2013). A p-value below 0.05 (p < 0.05) indicates
a statistically significant difference, while a p-value equal to or greater than 0.05 (p = 0.05)
suggests no significant difference. Due to incomplete data, the spring season was excluded
from the analysis. Ambient temperature, internal temperature, and depth were treated as
dependent variables, with region, season, and year as independent variables. All analyses

were conducted using the R programming language.
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Table 4. Seasonal summary of minimum, maximum, and mean values for internal temperature, ambient temperature, and depth. Data are presented for winter across each individual.

Winter Ambient T. Internal T. Depth Winter Ambient T. Internal T. Depth Winter Ambient T. Internal T. Depth
ID ref. Min (°C) Min (°C) Min (m) ID ref. Max (°C) Max (°C) Max (m) ID ref. Mean (°C) Mean (°C) Mean (m)
BET1 7.02 12.1 11.48 BET1 22.36 24.62 915.27 BET1 17.35 19.35 148.2
BET2 10.68 11.9 0.5 BET2 24.06 24.1 780 BET2 18.86 19.38 116.66
BET3 5.76 10.25 0 BET3 27.59 26.95 1040 BET3 20.99 21.88 107.92
BET4 8.45 16.58 0 BET4 28.1 36.23 513 BET4 18.15 26.28 140.48
BET5 7.9 16.16 15 BET5 28.8 37.06 450.5 BET5 17.42 25.69 163.18
BET6 12.4 19.22 15 BET6 17.9 24.72 341 BET6 16.32 23.15 76.8
BET7 NA NA NA BET7 NA NA NA BET7 NA NA NA
BET8 NA NA NA BET8 NA NA NA BET8 NA NA NA
BET9 NA NA NA BET9 NA NA NA BET9 NA NA NA

Table 5. Seasonal summary of minimum, maximum, and mean values for internal temperature, ambient temperature, and depth. Data are presented for summer across each individual.

Summer Ambient T. Internal T. Depth Summer Ambient T. Internal T. Depth Summer Ambient T. Internal T. Depth
ID ref. Min (°C) Min (°C) Min (m) ID ref. Max (°C) Max (°C) Max (m) ID ref. Mean (°C) Mean (°C) Mean (m)
BET1 11.87 15.66 10.32 BET1 23.53 26.18 575.76 BET1 19.51 22.89 113.51
BET2 8.16 13.85 0 BET2 23.77 27.25 1141 BET2 18.8 21.66 116.66
BET3 7 13.6 0 BET3 26.95 27.05 1073 BET3 20.16 21.05 134.08
BET4 NA NA NA BET4 NA NA NA BET4 NA NA NA
BET5 NA NA NA BET5 NA NA NA BET5 NA NA NA
BET6 13 19.82 2 BET6 24.9 31.72 396.5 BET6 21.02 27.85 54.57
BET7 6.9 13.41 0.5 BET7 26 32.51 13435 BET7 19.95 26.47 155.56
BET8 12.2 20.6 0.5 BET8 24.4 32.8 471.5 BET8 18.9 27.3 88.89

BET9 114 16.88 3 BET9 25.9 31.38 610.5 BET9 19.42 24.91 144.18



Table 6. Seasonal summary of minimum, maximum, and mean values for internal temperature, ambient temperature, and depth. Data are presented for spring across each individual.

Spring Ambient T. Internal T. Depth Spring Ambient T. Internal T. Depth Spring Ambient T. Internal T. Depth
ID ref. Min (°C) Min (°C) Min (m) ID ref. Max (°C) Max (°C) Max (m) ID ref. Mean (°C) Mean (°C) Mean (m)
BET1 9.29 14.88 11.57 BET1 21.11 24.74 779.81 BET1 18.17 20.96 112.05
BET2 8.92 15.1 0 BET2 24.06 23.55 903.5 BET2 18.99 20.51 75.73
BET3 6.78 10.25 0 BET3 27.59 25.25 883.5 BET3 19.05 19.63 88.89
BET4 NA NA NA BET4 NA NA NA BET4 NA NA NA
BET5 NA NA NA BET5 NA NA NA BETS NA NA NA
BET6 NA NA NA BET6 NA NA NA BET6 NA NA NA
BET7 NA NA NA BET7 NA NA NA BET7 NA NA NA
BET8 NA NA NA BET8 NA NA NA BET8 NA NA NA
BET9 NA NA NA BET9 NA NA NA BET9 NA NA NA

Table 7. Seasonal summary of minimum, maximum, and mean values for internal temperature, ambient temperature, and depth. Data are presented for autumn across each individual.

Autumn Ambient T. Internal T. Depth Autumn Ambient T. Internal T. Depth Autumn Ambient T. Internal T. Depth
ID ref. Min (°C) Min (°C) Min (m) ID ref. Max (°C) Max (°C) Max (m) ID ref. Mean (°C) Mean (°C) Mean (m)
BET1 11.59 14.88 11.08 BET1 23.31 26.89 548.42 BET1 21.63 23.45 54.86
BET2 11.64 13.95 0.5 BET2 23.81 27.2 914 BET2 22.22 23.03 49.26
BET3 10.97 13.4 0 BET3 25.78 26.85 763.5 BET3 22.27 22.84 52.99
BET4 5 13.13 0 BET4 26.5 34.63 1486.5 BET4 19.93 28.06 106.23
BET5 9.5 17.76 1.5 BET5 28.6 36.86 590.5 BET5 19.86 28.13 108.14
BET6 7.3 14.12 15 BET6 24.8 31.62 1129 BET6 18.07 24.89 108.77
BET7 6.05 12.56 0.5 BET7 26.1 32.61 1488.5 BET7 18.64 25.15 177.68
BET8 NA NA NA BET8 NA NA NA BET8 NA NA NA

BET9 12.2 17.68 25 BET9 27.2 32.68 578.5 BET9 19.4 24.89 162.45



3.4. Environmental data (temperature and oxygen) extraction

Modelled ambient temperature data throughout the water column were obtained from the
global ocean biogeochemistry model outputs provided by the Copernicus Marine
Environment Monitoring Service (CMEMS; http://marine.copernicus.eu/) for the period from
2005 to 2006. This database covers the Atlantic Ocean and includes temperature profiles
extending from the surface (0 m) to a depth of 2000 m. To address spatial uncertainties,
temperature data were averaged over a grid of 1.25° latitude by 0.75° longitude (5 x 3 pixel
area) centred on each tuna's geolocation. This method ensured a more conservative

representation of ambient temperature at each position.

To determine the horizontal limits of the OMZ, modelled dissolved oxygen concentrations at
a depth of 100 m were also extracted from the same CMEMS model. Following the
definitions used by Vedor et al. (2021) to analyse horizontal movements, the OMZ area in
the ETA was defined as the waters above the OMZ where dissolved oxygen concentrations
can drop below 3.5 ml O, I”" at depths shallower than 100 m, which is typically where the
thermocline is found in this area. This threshold was chosen because studies like Prince et
al. (2010) and Stramma et al. (2012) have shown that this DO level can induce stress in

large tropical pelagic fishes (Vedor et al., 2021).

3.5. Heat budget model

To explore the thermoregulatory mechanisms of bigeye tuna, a heat budget model (Holland
& Sibert, 1994) was adapted and applied. The model indicates that heat loss and gain are
proportional to the difference between body and ambient temperatures, as demonstrated in

Equation 1:

dTb

W = A(Ta—Tb) + Tm

(1)
where 1 is the whole-body heat transfer coefficient (s'), Tm is the rate of temperature

change owing to metabolic heat production (°Cs™) (Neill, Chang & Dizon, 1976), Ta is the

ambient temperature (°C), and Tb is the body (peritoneal cavity) temperature (°C).
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In addition, A can be transformed into Equation 2, as follows Holland and Sibert (1994) and

Aoki et al. (2020) where K is the body bulk effect (s') and w is the physiological effect (s™).

A=K+ w
2)

To apportion A into its components of k and w, the relationships between k and body size
were estimated based on the data that recorded cooling after landing by Hino et al. (2021).

Tm and w were also set to 0 in Equations 1 and 2 owing to the fish's death.

K was estimated for each individual following the Equation 3, where BW is body weight in
kg (Kitagawa et al., 2006).

kK =9.234 x 107* x BW 0554
3)

This suggests that larger individuals experience less heat loss to the surrounding water due
to their lower surface-to-volume ratio. As body size increases, the relative surface area
exposed to the environment decreases compared to the volume, which reduces the rate of
heat exchange. This physical characteristic makes larger fish more efficient at retaining
body heat, helping them maintain stable internal temperatures in variable thermal

environments (Malte et al., 2007).

As the Equation 3 requires body weight as an input, the fork length (FL) of the fish was
converted to body weight (BW) using the length-weight relationships described by
Carroceda and Colmenero (2016). The study utilized a non-linear model, which more
accurately captures the relationship between length and weight, particularly across a wide

range of fish sizes, including larger individuals. The non-linear equation is expressed as:

BW =a X FLP
@)

where aand b are parameters estimated from their dataset. This approach allows for
precise conversion of fork length measurements into body weight, accounting for the natural

variability observed in size-weight dynamics. The specific model applied in this study was:
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BW = 6.0568 X 1075 x FL279379
(5)

Holland and Sibert (1994) reported that the body temperature (Th) of bigeye tuna remains
relatively stable during vertical movements, with no significant differences between warming
(ascents) and cooling (descents), and that the Tm did not differ significantly between these

phases. This stability is probably due to the species' thermal inertia, which enables bigeye

tuna to maintain consistent internal temperatures despite rapid external changes.

At the end, to calibrate the model parameters specifically for bigeye tuna, three individuals
(ID no. 0390474, 0390491 and 0390503) equipped with internal temperature sensors were
used. These datasets allowed us to determine the specific values (average values) for all
Equation 1. Once identified, Equation 1 was applied to predict the internal temperature (Th)
of six individuals that had only ambient temperature (Ta) values. All model adaptations,

predictions, and statistical analyses were performed using the R programming language.

3.6. Equation and model's performance
The performance of the equation and the model was evaluated by comparing the predicted

temperatures with the recorded temperatures from the tag. To assess accuracy and

precision, several statistical measures were used:

Root Mean Squared Error (RMSE)

RMSE measures the average size of the prediction errors, providing an overall idea of how

well the model performs (Hyndman & Koehler, 2006). It is calculated using the formula:

n
1
RMSE = \/;Z(Tpred,i—Tobs, 0)?
i=1

(6)

where Tpred, i is the predicted temperature, Tobs, i is the observed temperature, and n
is the number of observations. A lower RMSE value indicates better model performance.

Mean Absolute Error (MAE)
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MAE calculates the average of the absolute differences between the predicted and
observed temperatures, offering a straightforward measure of accuracy (Hyndman &
Koehler, 2006). The formula is:

n
1
MAE = - Z | Tpred,i -Tobs,i |
i=1
)

where Tpred, i is the predicted temperature, Tobs, i is the observed temperature, and n is
the total number of observations. A lower MAE value reflects a more accurate model by
averaging the absolute errors between predictions and observations.

Pearson Correlation Coefficient (r)

This statistic measures the strength and direction of the relationship between predicted and

observed temperatures (Benesty et al., 2009). It is calculated as:

" (Tpred,i- Tpred,i)(Tobs,i - Tobs,i)

r =
\/Z?zl(Tpred, i - Tpred,i)2(Tobs,i- Tobs,i)?
(8)

where Tpred and Tobs are the averages of the predicted and observed temperatures.

Values close to 1 indicate a strong positive correlation, meaning the predictions closely

match the observations.

Linear Regression Analysis

Linear regression was used to explore the relationship between predicted and observed
temperatures, showing how well the predictions match the actual data (Montgomery, Peck

& Vining, 2012). The regression equation is:

Tobs,i= B0+ Bl Tpred,i+ €i
)
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where (0 is the intercept, B1is the slope, and €i is the error term. The analysis helps
evaluate the bias (the difference between the average prediction of the model and the true
observed values), the consistency (how well the predictions match observed values), and
the overall fit of the model, indicated by how much of the observed temperature variance is
explained by the predictions. These statistical measures together provided a
comprehensive evaluation of the model's ability to accurately predict temperatures,

highlighting its strengths and areas for improvement (James et al., 2021).
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4. Results

Between 2005 and 2022, nine bigeye tuna were tagged at two different locations in the
North Atlantic Ocean (Tables 1 and 2). Their geo-located tracks (latitude-longitude positions)
were successfully obtained and subsequently mapped (Figure 9). Complete archival data
were recovered from five individuals (IDs 0390474, 0390491, 0390503, 196133, and 84600)
due to the physical recovery of their tags, allowing extraction of high-resolution data at
shorter intervals (sixteen and three seconds). This increased the accuracy of the
measurements and provided continuous time series data without temporal gaps. The time
series for the remaining individuals were sampled at varying intervals (one to seven

minutes) and contain some temporal gaps.

Atlantic Ocean : r
Canahy Islafids: i

Latitude

}'3‘ Cabo Verde' .
[

S. America

-50 25 0
Longitude

Figure 9. Map showing the general movement patterns of nine geo-located bigeye tuna used in this study. The black triangles
represent the tagging sites, and the white quadrilaterals represent the endpoints of each track.

4.1. Data overview

Depth, internal temperature, and ambient temperature data of BET1, BET2 and BET3 were
plotted against datetime to explore the temporal patterns and relationships among these
variables. These visualizations provided an initial overview of the data and for the purpose
of comparison, a specific period was selected: January 20, 2006, at 00:00:00 to January
25, 2006, at 00:00:00. During this period, their data was analysed in detail (Figure 10).
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Figure 10. Depth profile (top) and internal (red) and ambient (blue) temperatures for 3 tagged tuna from January 20, 2006, to
January 25, 2006. (a) BET1 (b) BET2 (c) BET3.

The data from the first individual (Figure 10, a) showed expected patterns, with internal
temperatures consistently higher than ambient temperatures, reflecting normal
physiological conditions (Brill & Lutcavage, 2001; Dickson & Graham, 2004). However, in
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the other two individuals (Figure 10, b and c), an unusual pattern emerged: the internal
temperatures were lower than the ambient temperatures for extended periods. This
phenomenon is physiologically improbable for small fish, as internal body temperatures
should generally be equal to or higher than the surrounding water temperature, except

briefly after events such as deep dives or ingestion of prey (Carey & Teal, 1966).

Upon further investigation with the tag manufacturer, it was determined that this anomaly
was associated with a known issue affecting Mk9. In 2008, a problem with the Mk9 sensor
stalks was identified and affected tags used between 2003 and 2008. The primary causes
of the drift, that could range from 0 to over 4°C, were identified as follows: Defects in the
epoxy filling of some tags allowed saltwater to infiltrate and reach the sensor wires, resulting
in an increase in the recorded external temperature. Additionally, the thermistors used in the
sensor stalks experienced performance degradation due to prolonged exposure to saltwater

conditions.

4.2. Ambient temperature data and model performance

This identification of sensor issues set the stage for further analyses and adjustments to
ensure the reliability of the data. The next step involved extracting ambient temperature
values using the model described in the Materials and Methods section. To assess the
model’s performance, the ambient temperature data recorded by the BET1’ tag - chosen
due to its normal patterns where internal temperatures were consistently higher than the
ambient temperatures - were compared against the ambient temperatures predicted by the

model using the entire available dataset.

The analysis evaluated the model’s accuracy through key statistical metrics. The Root Mean
Squared Error (RMSE) between the modelled and observed ambient temperatures was
1.59°C, and the Mean Absolute Error (MAE) was 1.28°C. Descriptive statistics revealed a
mean recorded temperature of 18.99°C with a standard deviation of 3.04°C, while the
modelled temperatures had a slightly lower mean of 18.56°C and a standard deviation of
2.88°C. The Pearson correlation coefficient was strong at 0.906. Linear regression yielded
an intercept of 2.933 and a slope of 0.896, with an R-squared value of 0.821, indicating that
the model explained approximately 82.1% of the variance in the recorded temperatures.

The residual standard error was 1.20°C.
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Figure 11 (below) visually compares the recorded (blue line) and modelled (black line)

ambient temperatures throughout datetime.

Ambient Temperature Compariscn
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Figure 11. Comparison of recorded ambient temperatures (blue) and modelled ambient temperatures (black) over time.

4.3. Estimation of the body bulk effect (k) and heat transfer coefficient (1)

The body weights of the individuals were calculated from fork length using the length-weight
relationship defined in Equation 5. For consistency, the calculated body weights (Table 8)
were rounded to two decimal places and were crucial for estimating the body bulk effect (k)
according to Equation 3. Since the physiological effect (w) was set to 0 due to the fish’s

death, A was directly equated to .

Table 8. Fork length (FL) and corresponding estimated body weight (BW) for each tagged bigeye tuna.

ID FL (cm) BW (kg)
0390474 87 15.88
0390491 61 5.89
0390503 62 6.16

181756 145 66.17
84600 187 134.68
85009 189 138.74
196132 167 98.19
196133 162 90.19
202884 191 142.88
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To determine the rate of temperature change (%), the ambient temperature and body

temperature were extracted by averaging the Ta and Tb measurements from BET1, the only

individual with reliable temperature data.

The heat transfer coefficient (1) for BET1 was calculated to be 0.000199 s~ and the rate of
temperature change (%) to be -0.000496. These values were directly used in the final and

reformulated equation to predict the internal body temperature (Tb):

drb
Th = Ta- (%

(10)

4.4. Body temperature prediction and model performance

To evaluate the accuracy of the predictive model for internal temperatures in tagged bigeye
tuna, the predicted internal temperatures were compared with the actual recorded

temperatures from the tag, just using BET1 data.

The Root Mean Squared Error (RMSE) was 1.34°C, and the Mean Absolute Error (MAE)
was 1.07°C. The recorded temperatures had a mean of 21.47°C with a standard deviation
of 2.71°C, while the predicted temperatures shared the same mean but exhibited a slightly
higher standard deviation of 3.03°C. The Pearson correlation coefficient was 0.897,
indicating a strong correlation. Linear regression analysis produced an intercept of 4.310
and a slope of 0.799, suggesting that the predictions are, on average, offset by 4.31°C and
that for every unit increase in predicted temperature, the actual temperature rises by 0.799
units. The model’'s R-squared value of 0.804 indicates that approximately 80.4% of the
variance in recorded temperatures is accounted for by the predicted values. The residuals
ranged from -4.08°C to 6.39°C, with a standard error of 1.19°C.

Figure 12 visually compares the recorded and predicted internal temperatures over time.
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Figure 12. Comparison of recorded internal temperatures (red) and predicted internal temperatures (green) over time.

4.5. Body temperature prediction using modelled ambient temperatures and

model performance

The heat budget model was recalibrated using data from three individuals (BET1, BET2,
and BET3), this time using estimated ambient temperatures as Ta. This approach allowed
for a direct comparison between the calibration using three fish with modelled ambient
temperatures and the initial calibration utilizing only BET1 data with recorded values, to

determine which method provided more accurate internal temperature predictions.

For each fish, modelled ambient temperatures (Ta) and recorded body temperatures (Tb)

were averaged to calculate the rate of temperature change (%). The heat transfer

coefficients (1) were also determined for each tuna: 0.000199 s™' for BET1, 0.000345 s’
for BET2, and 0.000337 s~ for BET3. The final A value used in the prediction model was
the average of these individual coefficients. With these parameters, Equation 10 was

applied to predict the internal body temperature (Tb).

To assess the accuracy of the model, the predicted internal temperatures were compared
with the internal temperatures recorded by the tags (Figure 13), and errors were quantified.
For BET1, the RMSE was 2.64°C, and the MAE was 2.15°C. The Pearson correlation
coefficient was 0.740. Linear regression analysis showed a slope of 0.444, with an R-

squared value of 0.547, meaning the model explained 54.7% of the variability in internal
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temperature. For BET2, the RMSE was 2.61°C, and the MAE was 2.12°C. The Pearson
correlation coefficient was 0.757. The linear regression had a slope of 0.658, and the R-
squared value of 0.572 indicated that 57.2% of the variance in internal temperature was
accounted for by the model. For BET3, the RMSE was 3.27°C, and the MAE was 2.88°C,
with a Pearson correlation coefficient of 0.850. The linear regression slope was 0.468, and
the R-squared value was 0.727, showing that the model explained 72.7% of the variability
in internal temperature, the highest among the three individuals.
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Figure 13. Comparison of recorded internal temperatures (red) and predicted internal temperatures (grey) over time. (a) BET1
(b) BET2 (c) BET3.

When considering the three individuals (BET1, BET2, and BET3), the average RMSE was
2.843°C, the MAE was 2.388°C, and the average Pearson correlation coefficient was 0.782.
The average linear regression slope across the three individuals was 0.523. Additionally,
the average R-squared value was 0.615, meaning that about 61.5% of the variability in the

recorded temperatures can be explained by the predicted temperatures.

4.6. Best model

To evaluate which model better predicts internal body temperatures, Model 1 and Model 2
was compared based on their errors and statistical measures. Model 1 used data from
BET1, where both ambient and internal temperatures were recorded directly by the tag. In
contrast, Model 2 used data from three individuals (BET1, BET2, and BET3), but the
ambient temperatures were estimated rather than being recorded directly. Model 1
demonstrated better performance. Specifically, Model 1's RMSE was 1.34°C, which is
notably lower than Model 2's average RMSE of 2.84°C. Similarly, Model 1's MAE was
1.07°C, while Model 2 had an average MAE of 2.38°C. The Pearson correlation coefficient
for Model 1 was 0.897, higher than Model 2's coefficient of 0.782.

The linear regression analysis shows that Model 1 has an R-squared value of 0.804. This
means that about 80.4% of the variability in the recorded temperatures can be explained by
the temperatures predicted by this model. On the other hand, Model 2 has a lower R-
squared value of 0.727.
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Following the selection of the best model and its parameters, and the achievement of the
first objective, Equation 1 was used to predict the internal temperatures of BET3 through
BET9, thus achieving the second and final objective. A variety of analyses were then
conducted to explore the behaviour, responses to ambient variables, habitat preferences,
spatial distribution, and movement patterns of all individuals, with the aim of answering the

main questions of this study.

4.7. Sea Surface Temperature

A preliminary and exploratory analysis was conducted to examine variations in Sea Surface
Temperature (SST) between two groups based on their migration patterns. The first group
(Figure 14, a) includes individuals that remained in the higher latitudes of the North Atlantic,
particularly around the Canary Islands and the Azores, while the second group (Figure 14,

b) consists of tuna that migrated southward toward Cabo Verde or beyond.
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Sea Surface Temperature Variation Across Years
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Figure 14. Minimum, mean, and maximum sea surface temperature recorded across different years. The y-axis shows SST
metrics, and the x-axis represents temperature values (°C), with different colours corresponding to individual tuna ref. (a) Tuna
that remained in higher latitude zones throughout the tracking period. (b) Tuna that migrated southward.

The comparison of SST values within each group of tuna highlights significant changes over
time, even within similar latitudes. For those that remained in higher latitudes, particularly
around the Canary Islands and the Azores, a clear warming trend is evident. BET1, the only
tuna recorded in 2005, serves as a reference point for this group. The minimum SST for
BET1 was 16.2°C, the mean was 20.1°C, and the maximum reached 23.3°C. These values

represent relatively cooler waters from earlier years.

In contrast, the more recent data from BET4-9 (collected in 2019, 2020 and 2022) reveal
substantial increases in SST. For instance, the minimum temperature recorded by BET6 in
2020 was 21.2°C, which is 5°C higher than BET1’s minimum in 2005. The mean SST also
showed a significant increase, reaching 23.8°C, up by 3.7°C compared to 2005. Similarly,

the maximum temperature recorded was 26°C, representing a 2.7°C increase from BET1.

This warming trend continued in 2022, with BET9 recording a minimum SST of 23.4°C,
marking a substantial rise of 7.2°C compared to 2005, while the mean and maximum
temperatures reached 25.1°C and 27.3°C, respectively, both considerably higher than the
values recorded by BET1. Overall, the individuals in this group demonstrate that SST has
increased considerably, with the most pronounced rise observed in the minimum and
maximum temperatures. The increase in SST from 2005 to 2022 reflects a significant shift

in the thermal environment of the northern waters.

32



A similar, though less dramatic, pattern of SST increase is seen in the group of tuna that
migrated to lower latitudes, toward Cabo Verde and beyond. In 2005, BET3 recorded a
minimum SST of 21.3°C, a mean of 22.9°C, and a maximum of 27.6°C. These values were
already higher than those experienced by the tuna that stayed in northern waters during the
same period. However, by 2019, BET4 and BET5 both encountered even warmer
conditions. The minimum SST recorded by BET4 rose to 22.5°C, a 1.2°C increase
compared to BET3 in 2005. Although, those temperatures were not recorded at summer,
what could have masked important factors that would have contributed to a more
comprehensive analysis and probably even recorded higher values. Similarly, the mean
SST increased by 2.9°C, reaching 25.8°C, while the maximum SST peaked at 28.9°C, a
1.3°C rise from 2005. BET5’s values were nearly identical, confirming the consistency of

the warming trend in this southern region.

4.8. Seasonal patterns

Sea temperature is widely recognized as one of the most critical environmental factors
influencing fish behaviour and physiology, as well as a key driver of their seasonal migration
patterns and habitat distribution (Tittensor et al., 2010; Kumar, Pillai & Manjusha, 2014). By
focusing on a preliminary analysis of the relationships between internal temperature, water
temperature, and depth across seasons - excluding spring due to incomplete data - the

findings from the Kruskal-Wallis test are presented below.

Although most of the results were not statistically significant and the sample was small, they
still revealed patterns that provide insight into the environmental conditions the tuna
experienced in different seasons. Starting with water temperature, the analysis showed no
significant differences across years or regions in winter and summer. For winter, the lack of
variation in temperature by year or region suggests a certain consistency in the environment
during this season, regardless of the year or location. Similarly, in summer, the water
temperature remained stable, showing no detectable shifts across years or regions.
However, the lack of summer data for the two individuals that migrated south in 2019 (BET4
and BET5), who experienced higher temperatures, might have hidden important details that
could have made the analysis more complete. As the analysis moved into autumn, a subtle
shift began to emerge. Although not statistically significant, the results suggested some

variability, with both year and region approaching significance.
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A similar pattern emerged for internal temperature. Like water temperature, the tuna’s
internal temperature remained stable during winter and summer, showing no significant
differences across years or regions. In both seasons, the internal temperature closely
mirrored the surrounding environmental conditions, regardless of the year or location.
However, autumn told a different story. The test results for this season nearly reached
significance, suggesting there might be subtle variations in internal temperature, possibly

linked to changes in the environment or the tuna's behaviour during this period.

The depth data followed a similar pattern. In winter and summer, depth did not vary
significantly by either year or region, indicating that the tuna consistently used similar depths
during these seasons. Yet again, autumn showed more variability. Though not significant,
the results indicated that both year and region could play a role in how deep the tuna dive

during this season.

Detailed monthly movement patterns of all individuals are provided in the Supplementary

Materials (Figure S1), illustrating their seasonal distribution.

4.9. Ambient temperature, internal temperature and depth preferences

Bigeye tuna habitat selection and preferences are influenced by various factors, including
physiological limitations (Brill et al., 1994), biotic interactions and abiotic oceanographic
conditions (Marcinek et al., 2001). To explore these influences, vertical profiles of each

deployment were generated, such as time-at-depth and time-at-temperature.

Time at Temperature
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Figure 15. Time spent at different depths (left) and temperatures (right). In the depth graphs, the y-axis shows depth bins (in
meters), while in the temperature graphs, the y-axis shows temperature bins (in degrees). The x-axis in both represents the
date. The colour scale indicates the percentage of time tuna spent at each depth or temperature bin, with red representing
100% of the time and dark blue indicating 0%. (a) BET1, (b) BET3, (c) BET4.

Bigeye tuna exhibit distinct preferences for ambient water temperatures, which are closely
linked to their vertical movement patterns. It is also hypothesized that these vertical
excursions enable the tuna to rewarm after spending approximately an hour in colder deep
water (Schaefer and Fuller, 2002). Studies show that they typically remain in deeper waters
during the day, where ambient temperatures can drop to around 10°C (Musyl et al., 2003;
Hanamoto, 1987). At night, they ascend to the surface, where the water is warmer, generally
between 20°C and 25°C (Josse et al., 1998). In this study, the lowest ambient temperature
recorded was 5°C for BET4, while the highest was 28.8°C for BET5. In comparison, Evans
et al. (2008) reported a minimum of 2.5°C and a maximum of 31.9°C for the same species,
and Aoki et al. (2020) recorded a maximum of 32.2°C. For optimal conditions, Bigeye tuna
is known to prefer a broader and cooler temperature range of 14.7°C to 23.2°C. In contrast,
yellowfin tuna thrives in warmer temperatures between 20.3°C and 25.5°C, while skipjack
tuna favor even warmer temperatures, ranging from 19.3°C to 27.9°C (Norelli, Die & Moffat,
2022).

Individuals such as BET3 and BET4 (Figure 15, b and c) and BET5 and BET2 (see Figure
S2, a and b) exhibited a clear trend of spending more time in cooler waters during their
southern migrations compared to those that remained in higher latitudes (see Figure 15, a).

Initially, while in the Azores and Canary Islands region, they primarily occupied warmer
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waters. However, as they migrated southward, especially near Cabo Verde, a noticeable

shift toward cooler waters occurred. This trend was even more pronounced in recent years,
as demonstrated by BET4 and BETS, who were tagged in 2019. In contrast, individuals from

2005 who followed similar migration paths occupied warmer waters. Figure 16 highlights

these changes through the most frequently used temperature bins, reflecting variations in

habitat preference by latitude (see Figure S3 in Supplementary Materials for details on other

individuals).
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Figure 16. Average variations in most used ambient temperature bins along the track. The colour scale represents the water
temperature (°C), with warmer temperatures in red and cooler temperatures in yellow. (a) BET1 (b) BET3 (c) BET4

Depth patterns were also analysed. Bigeye tuna frequently exhibit deep-diving behaviour,
diving beyond 500 meters (Evans et al., 2008). The deepest dive reported at this study was
1485.5 m. Leroy et al. (2009) also reported a deep diving of maximum of 1498 m and
Schaefer & Fuller (2010) reported another of 1902 m. Possibly, these extremely deep dives
were made for predator avoidance (Schaefer & Fuller, 2002), to hunt for deep-sea squids

(Roper et al., 1984) or mesopelagic fish (Maynard et al., 1975).

While the depth-use patterns show limited variation (Figure 15; see Figure S2 for other
individuals), BET4 notably spent more time in waters around 50 and 100 meters deep during
its southward migration. This observation is significant, as colder temperatures experienced
by it in this region are typically found at greater depths. To provide further insight into this
observation, Figure 17 shows water temperatures at a depth of 100 m at different regions,

and a black line highlighting the limits of the OMZ (see Figure S4 for other individuals).
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Figure 17. Average water temperature variations at a depth of 100 meters along the track overlaid with the OMZ limits obtained
from modelled dissolved oxygen concentrations (at 100 m). The colour scale represents water temperature (°C), with warmer
temperatures shown in red and cooler temperatures in blue. (a) BET1 (b) BET3 (c) BETA4.

These graphs offer valuable insights into temperature variations at a depth of 100 meters
across different regions. Around the Canary Islands and the Azores, ambient temperatures
at this depth are generally warmer, as shown in the northern part of the figure. In contrast,
in the Cabo Verde region and further south, temperatures drop significantly at the same
depth. This notable decrease in temperature in the southern regions is clearly visualized on
the map and further highlights the variations experienced by BET2, BET3, BET4, and BET5

during their migration southward.

Since internal temperatures are closely dependent on ambient water temperatures (Dagorn
et al., 2000; Schaefer & Fuller, 2002), Figure 18 illustrates this relationship by analysing the

most frequently used internal temperature bins.
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Figure 18. Average variations in most used internal temperature bins along the track. The colour scale represents the internal
body temperature (°C), with warmer internal temperatures in red and cooler internal temperatures in yellow. (a) BET1 (b) BET3
(c) BETA.

It is particularly notable that the internal temperature variations mirrored the surrounding
environmental conditions. The lowest internal temperature experienced in this study was
10.25°C for BET3, and the highest was 37.06°C for BET5 (FL 61-191 cm). See Figure S5

in Supplementary Materials for data on other individuals.
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5. Discussion

The faulty external temperature readings for BET2 and BET3, where recorded water
temperatures were higher than expected and seemed to occur particularly in regions with
significant temperature fluctuations. For example, these two individuals migrated southward
into warmer waters, while the individual with accurate readings stayed near the Canary
Islands throughout the study. This suggests that sensor drift may have been exacerbated

by the environmental conditions encountered during southern migrations.

Regarding ambient temperature data and model performance, the RMSE between
modelled and recorded ambient temperatures was 1.59°C, indicating a moderate
discrepancy between predicted and actual values. The MAE of 1.28°C reflected the average
error magnitude. Descriptive statistics indicated that the model generally underestimated
both ambient temperature and its variability. A Pearson correlation coefficient of 0.906
demonstrated a strong positive relationship between recorded and modelled temperatures,
showing that the model captured overall temperature trends. However, the linear regression
analysis revealed a slight bias, with predicted temperatures consistently deviating from
actual measurements. The residual standard error of 1.20°C reflected the typical deviation
of the residuals from the regression line, while the R-squared value of 0.821 suggested that
about 82.1% of the recorded temperature variability could be explained by the modelled
temperatures. As illustrated in Figure 11, although the model generally aligns with observed

data, discrepancies, particularly during rapid temperature changes, are evident.

The application of the heat exchange model for predicting internal temperature in tuna
species to assess their thermal biology has been extensively utilized and tested in previous
studies (Holland & Sibert, 1994; Kitagawa et al., 2001; Kitagawa et al., 2006; Aoki et al.,
2020; Hino et al., 2021; Kitagawa et al., 2022). In this study, for body temperature prediction
and equation performance, the RMSE was 1.34°C, meaning the predictions differed from
actual temperatures by this amount on average. The MAE of 1.07°C similarly reflected a
consistent, though small, error in temperature estimates. The average recorded
temperature was 21.47°C with a standard deviation of 2.708°C, while the average predicted
temperature was also 21.47°C but with a slightly higher standard deviation of 3.03°C. This
suggests that, while the model accurately estimates the average temperature, it shows
higher variability compared to the actual data. A Pearson correlation coefficient of 0.897
indicated a strong positive relationship between predicted and actual temperatures,

demonstrating that the model effectively tracks temperature trends. The linear regression
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analysis showed that, on average, the equation's predictions were offset by approximately
4.31°C from actual temperatures, while the slope of 0.799 suggests that for every unit
increase in predicted temperature, actual temperature increased by 0.799 units, indicating
a slight underestimation of the magnitude of temperature changes. The R-squared value of
0.804 indicated that 80.4% of the variance in recorded temperatures could be explained by
predicted values, showing a good model fit. Residuals with a standard error of 1.19°C
highlighted notable deviations, particularly during rapid temperature changes, as confirmed

by Figure 12.

In terms of body temperature prediction using modelled ambient temperatures, BET1's
RMSE and MAE values indicated moderate prediction errors (see Figure 13, a). The
Pearson correlation coefficient of 0.740 pointed to a moderately strong positive relationship
between modelled and recorded temperatures, while the linear regression slope of 0.444
and R-squared value of 0.547 indicated that about 54.7% of internal temperature variability
was explained by the model. For BET2, RMSE and MAE values demonstrated slightly
improved accuracy compared to BET1 (see Figure 13, b), with a Pearson correlation
coefficient of 0.757 reflecting a stronger correlation. The slope of 0.658 and R-squared value
of 0.572 showed that 57.2% of the variance in internal temperature was accounted for by
the predicted values. BET3's RMSE and MAE values, however, reflected higher errors
compared to BET1 and BET2 (see Figure 13, c¢), though the Pearson correlation coefficient
of 0.850 pointed to a strong positive correlation. The slope of 0.468 and R-squared value of
0.727 indicated that 72.7% of internal temperature variability was explained by the model,
the highest among the three individuals. Considering the three individuals, the average
Pearson correlation coefficient of 0.782 indicated a generally strong positive relationship
between predicted and recorded temperatures. The average linear regression slope of
0.523 suggested that, for every unit increase in predicted temperature, actual temperature
increased by approximately 0.523 units. With an average R-squared value of 0.615, the
model explained about 61.5% of internal temperature variability, indicating a moderate fit

with significant explanatory power.

The consistency observed in the mean error metrics for the first two datasets suggests that
averaging their values provides a reliable representation of model performance,
demonstrating stability. However, the variation in the third dataset highlights that model
accuracy may vary depending on specific data characteristics. Overall, Model 1
demonstrated superior performance, with lower RMSE and MAE values, a higher Pearson
correlation coefficient, and a better fit as reflected by its higher R-squared value. Model 1

explained 80.4% of the variability in recorded temperatures, whereas Model 2's R-squared
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value of 0.727, though positive, accounted for less variability. These results indicate that
Model 1 is more reliable for predicting internal temperatures, providing a better fit to the

data.

The comparison of SST values within the tuna groups revealed significant temporal
changes, even within similar latitudes. For those that remained in higher latitudes,
particularly around the Canary Islands and the Azores, a clear warming trend was evident.
A similar, though less pronounced, SST increase was observed in the group that migrated
toward Cabo Verde. Its SST values were already higher than those experienced by the
2005s tuna. While the SST increase in the lower-latitude group was less dramatic than in
the northern group, it remains significant, particularly in average temperatures,
underscoring the broader trend of ocean warming. The northern group experienced a
sharper rise in SST, especially in minimum and maximum values, suggesting that
environmental changes in the north are occurring at a faster rate. Reports from NOAA and
WMO reported similar findings, highlighting that the rapid warming of the North Atlantic
Ocean is also contributing to marine heatwaves. This warming is likely driven by its
circulation changes that are also strongly tied to atmospheric circulation changes (Polyakov
et al., 2005; Woollings et al., 2012; Lapointe et al., 2020).

Regarding seasonal patterns, although the analysis did not reveal strong statistical
differences, subtle trends observed in autumn across water temperature, internal
temperature, and depth required attention. These results suggest that, while conditions
remain relatively stable for tuna in winter and summer, autumn may represent a transitional
period, especially in diving behaviour, potentially in response to cooling surface
temperatures and the shifting thermocline (Kitagawa et al., 2007). While the data is not
conclusive, it highlights the need for further investigation into how these factors interact
during this season. Additionally, other study has also observed that tuna behaviour adapts

to seasonal changes and varying oceanographic conditions (Hino et al., 2018).

The observed behaviour patterns in this study and the significant temperature changes are
likely linked to the thermocline, where rapid decreases in temperature create sudden
environmental changes. In the Eastern Tropical Atlantic, the thermocline typically occurs at
depths of 50 to 100 meters, and becomes notably sharper above the OMZ, areas where the
vertical distribution of bigeye tuna frequently overlaps (Schaefer et al., 2007; Schaefer and
Fuller, 2009). Other studies also reported thermocline effects on the vertical migration of
tuna. Houssard et al. (2017) observed that bigeye tuna expands its vertical habitat in areas

where deeper thermoclines occur, which allows it to access higher trophic prey. In the North
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Atlantic, Brill et al. (2002) found that bluefin tuna remained close to the surface in strong
thermoclines, while in weaker thermoclines it changed its diel vertical behaviour, probably
due to foraging. Additionally, Bauer et al. (2017) concluded that changing between surface-
oriented behaviour and deep diving behaviour in the same tuna species in the

Mediterranean was induced by a shift in the thermal stratification.

Humphries et al. (2024) demonstrated in their study that focused on the Eastern Pacific,
that bigeye tuna continued foraging at depth despite hypoxic and cold conditions,
highlighting their resilience in such environments. This is further supported by Hino et al.
(2019), who found that as bigeye tuna grow, they may develop enhanced endothermic and
thermoregulatory abilities. Larger individuals are known to require fewer thermoregulatory
ascents, allowing them to remain at depth longer; while small fish cool faster and are more
susceptible to the physiological effects of rapid temperature oscillations, which may explain
why BET2 and BET3, being smaller than the others, spent a significant amount of time in
warmer surface waters, possibly avoiding the sharp thermocline. However, while cold
tolerance increases with size (which could also explain the fact that BET4 and BETS5 spent
a lot of time at colder waters and close to the sharp thermocline), larger fish also have higher
oxygen demands. This highlights the complex interaction between size, temperature,

oxygen availability, and vertical distribution.

Tunas, in general, with their high metabolic oxygen demands, are particularly sensitive to
these low-oxygen environments. Other marine predators, such as ectothermic blue sharks,
also are affected by low DO levels (Vedor et al., 2021). Although bigeye tuna has evolved
adaptations such as haemoglobin with a higher affinity for oxygen compared to yellowfin or
skipjack tuna (Lowe, Brill & Cousins, 2000; Mislan et al., 2017), their ability to withstand

hypoxic conditions is limited.

Humpbhries et al. (2024) also observed that bigeye tuna exhibited a significant increase in
upward vertical excursions in low-oxygen areas, compared to regions with higher DO
availability. These vertical movements likely help to restore oxygen levels and regulate body
temperature. The increased frequency of such excursions means that they spend more time
in shallower waters, making them more susceptible to capture by longlines and purse
seines, as their vertical movements overlap with fishing gear depths — ranging from 100 to
300 meters (Ward & Myers, 2005; Bigelow et al., 2006). This pattern is further supported by
studies showing that tunas, when encountering OMZs, tend to shift their vertical movements
to shallower depths (Song et al., 2009; Potier et al., 2014) and supported by this study, as

similar behaviour was observed for BET4 and BETS5, with both individuals spending
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significant time at depths of 50 to 100 meters with fewer long dives, likely to avoid the OMZ
core. This aggregation, rather than closer to the surface where oxygen concentrations are
likely higher, may also be attributed to elevated surface temperatures. In this area and in
this period, SSTs ranged around 26-29°C.

Collins et al. (2010) emphasized that future projections suggest global warming may also
impact the physical characteristics of the thermocline, making it shallower with sharper
gradients. Given that fish movements are linked to the thermocline, this could lead to a
reduction in the vertical habitat available to marine species. Consequently, such individuals
can get trap into these areas, gaining one more reason to became more susceptible to

fishing exploitation.

Vedor et al. (2021) demonstrated that some of the most significant fishing hotspots are
concentrated above the ETA OMZ. These regions of concentrated fishing effort emerge as
vessels continuously set longlines in specific areas rather than having to interrupt fishing by
travelling for days between hotspots (Queiroz et al., 2016). As fishing pressure within OMZ
zones grows, the deployment of baited longline hooks is expected to increase too,

intensifying the overall fishing impact (Prince & Goodyear, 2006).
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6. Conclusion

This study successfully tracked the movements of nine bigeye tuna tagged between 2005
and 2022 in the North Atlantic Ocean, providing valuable insights into their spatial
distribution and behaviour. The initial analysis of depth, internal, and ambient temperature
data from individuals BET1, BET2, and BET3 emphasized the importance of data validation,
particularly in ecological studies reliant on tagging technologies. Sensor inaccuracies, such
as those identified here, can significantly affect the reliability of ecological conclusions,

underscoring the need for rigorous quality control in tagging technologies.

After the extraction of modelled data, the evaluation of the water temperature model showed
that while it captured general temperature trends, it underestimated actual values during
periods of rapid change. A Pearson correlation coefficient of 0.906 reflects its overall
accuracy, though consistent biases were noted, especially during rapid temperature
changes. Similarly, the heat budget model used to predict internal temperatures and first
based only on data from BET1, performed well, effectively capturing average temperatures
for both predicted and recorded values at 21.47°C. However, it also exhibited

underestimation.

Recalibrating the equation using modelled ambient temperatures provided a more
comprehensive evaluation across additional individuals. While moderate prediction errors
were noted, the model captured general temperature trends, though individual variability
remained a factor. Consistent error metrics for BET1 and BET2 suggest reliable
performance using average values, but the higher variability seen in BET3 indicates

individual characteristics can impact model accuracy.

When comparing Model 1 (using data from BET1) and Model 2 (averaging data from BET1-
3), Model 1 outperformed, with a lower RMSE of 1.34°C and MAE of 1.07°C, whereas Model
2’s RMSE increased to 2.843°C. These findings further highlight the need for refining
predictive models and the necessity of developing models that account for individual-

specific factors to improve reliability and accuracy in future studies.

The analysis of SSTs variations also provided key insights into thermal dynamics,
particularly when comparing different migration patterns. Both groups experienced
significant warming, with a more pronounced increase in the northern group, highlighting

the rapid environmental changes in the North Atlantic. This warming underscore the
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possible influence of rising ocean temperatures on fish behaviour and distribution and may

have implications for habitat suitability and migration patterns in the future.

Seasonal patterns in internal temperature, water temperature, and depth across different
regions and years pointed to autumn as a potential transitional period, requiring further
investigation into how these seasonal shifts effectively influence tuna behaviour. It's
important to highlight that spring was excluded from the analysis due to missing data, which
might have hidden critical insights. Additionally, the absence of summer data for the two
individuals that migrated south in 2019 (BET4 and BET5), who recorded higher
temperatures, could also have masked important factors that would have contributed to a

more comprehensive analysis.

Southward migration resulted in increased time spent in cooler waters, particularly near
Cabo Verde, where ETA OMZ and a sharper thermocline are present. Recent migrations
also indicated cooler temperature trends in this zone compared to those observed in 2005,
especially for BET4, tagged in 2019, that spent a lot of time in temperature bins of 8-12°C.
In contrast, tuna in higher latitudes primarily occupied warmer waters. Additionally, ambient
temperatures at a depth of 100 meters were higher in Canary Islands and Azores region
than around Cabo Verde. On top of that, internal temperature was closely linked to these
ambient conditions, mirroring these patterns, with the lowest recorded internal temperature
being 10.25°C. All these variations suggest that environmental conditions influence tuna

habitat use.

Additionally, this study highlights the complex interaction between temperature, oxygen
availability, and vertical distribution, particularly with expanding OMZs. As these fish adapt
to its environments, especially bigeye tuna that has evolved adaptations such as
haemoglobin with a higher affinity for oxygen, it demonstrates resilience in foraging at depth,
even in low-oxygen and cold conditions. However, the expansion of OMZs due to climate-
driven deoxygenation can present significant vulnerabilities. Larger individuals, while
exhibiting better thermoregulatory abilities, have higher oxygen demands, prompting them
to seek warmer, oxygen-rich waters - a behaviour that increases its risk from fishing
pressure. Also, the identification of significant fishing hotspots above OMZs in other studies,
along with observed increases in upward vertical movements of bigeye tuna in low-oxygen
regions found by Humphries et al. (2024), underscores the importance of improving fisheries

management strategies to address expanding OMZs and their effects on larger species.
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Future research should prioritize dissolved-oxygen sensing archival tag, like the DOME
archival tag (Da Costa et al., 2024), that can measure dissolved oxygen levels in situ,
allowing a clearer understanding of the specific oxygen conditions fish encounter and their
actual tolerances and preferences, highlighting also the need for precise calibration and
validation of tagging tools, rather than relying on modelled DO or ambient temperature data
derived from ocean-environmental databases. Actual concentrations of those variables in
real habitats may therefore differ from interpolated values and used model predictions can
underestimate values, as found by Oschlies et al. (2018) and Da costa et al. (2024). Filling
these gaps can significantly enhance the understanding of the impact of expanding OMZs
and the rise of ocean temperatures on bigeye tuna populations and other marine

ecosystems.

To conclude, this study found that climate change-induced temperature increases can
directly and indirectly influence the behaviour, thermoregulation, and habitat use patterns of
bigeye tuna. These findings enhance predictions of how future warming scenarios may
affect this and other endothermic species. Moreover, understanding the interactions
between fish, fisheries, and climate change is crucial for sustaining tuna populations in the
21st century, highlighting the need for targeted conservation measures to protect these top
marine predators, which play a vital role in marine ecosystems (Lehodey et al., 2011;
Hobday et al., 2013; Brill & Hobday, 2017). Effective strategies may include reducing
longline soak times to minimize bycatch and lower mortality rates of non-target species,
including juvenile individuals; limiting fishing activity in known aggregation hotspots,
particularly above expanding OMZs; implementing seasonal fishing closures based on
scientific assessments of species’ seasonal patterns; adopting modifications to fishing gear,
such as using circle and weak hooks; reinforcing data reporting for clearer stock
assessments; and investing in bio-logging to better understand species' movements and
behaviour. These approaches will help develop precise conservation strategies to promote

population growth and ensure sustainability.
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Figure S2. Time spent at different depths (left) and temperatures (right). In the depth graphs, the y-axis shows depth bins (in

meters), while in the temperature graphs, the y-axis shows temperature bins (in degrees). The x-axis in both represents the
date. The colour scale indicates the percentage of time tuna spent at each depth or temperature bin, with red representing
100% of the time and dark blue indicating 0%. (a) BET2 (b) BET5 (c) BET6 (d) BET7 (e) BET8 (f) BET9.

64



Maost Used Water Temperature Bin

-10

_nnn
i
:
i
!

=10

@ @
E
E <2 B g
s - JIN: B
— 4 _M =
& 2
o
g g
2 =
<<
2 g ?
-m .lm -
© ©
g 5
g =
=
» &
& 8
1)
2 z IIIIII
=
2z .IIIIIII \ 2 .I \
mu_._zm._ mu_._y_ﬁ._
© o

65



Latitude

Average Variations Along the Track

Most Used Water Temperature Bin

40

Latitude

Average Variations Along the Track

Most Used Water Temperature Bin
28

66



R EEEN)

-
o

Latitude
8

Average Variations Along the Track

...=ﬂ.. MOSt .
. 8

8

o
o

-50 -40 -30 -20 -10
Longitude

f

Average Variations Along the Track

o i------i

Latitude

[

Most Used Water Temperature Bin
28

—20 -10

-40 -30
Longitude

Figure S3. Average variations in most used ambient temperature bins along the track. The colour scale represents the water

temperature (°C), with warmer temperatures in red and cooler temperatures in yellow. (a) BET2 (b) BET5 (c) BET6 (d) BET7

(e) BETS (f) BETO.

67



40

Average Variations Along the Track

10

Longitude

30
Water Temperature ("C) at 100 meters
25
@ 22
o
22 lm
[
— 16
10
10
0
-40 -30 -20 -10
Longitude
Average Variations Along the Track
.. I N
30
Water Temperature (*C) at 100 meters
25
] 22
-
£ 2 !19
5

16
13
10

68



Average Variations Along the Track

50
40
Water Temperature ("C) at 100 meters
25
@ 22
o
220 I 1
[
— 18
1
20
10
Average Variations Along the Track
I I
30
Water Temperature (*C) at 100 meters
25

@«

o

220

5

10
0

69



Average Variations Along the Track

Water Temperature (*C) at 100 meters

Latitude
8

25
ln
19
16
I 13
10

Water Temperature (*C) at 100 meters
25
7] 22
o
E I 10
W
— 16
g
10
-40 -35 -30 -25 =20 -15 -10
f Longitude

Figure 54. Average water temperature variations at a depth of 100 meters along the track overlaid with the OMZ boundary

obtained from modelled dissolved oxygen concentrations (at 100 m). The colour scale represents water temperature (°C),
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