'.) Check for updates

Fish and Fisheries WI L EY

-
FISH and FISHERIES =

| oRIGINAL ARTICLE CEIEED

Revealing Chronotypes Across Aquatic Species Using
Acoustic Telemetry

Martina Martorell-Barcelo®2 (2 | David Abecasis® | Mourad Akaarir* | Alexandre Alonso-Fernandez® |

Robert Arlinghaus®’ 2 | Eneko Aspillaga’ | Margarida Barcelo-Serra! | Niels W. P. Brevé®10 | Jan G. Davidsen!! |
Antoni Gamundi* | Amalia Grau'? | Bernat Hereu'® | Ivan Jari¢!*!> | Andrzej Kapustal® | Sue Lowerre-Barbieril”!® |
Christopher T. Monk" | Anja K. Nickel? | Maria C. Nicolau* | Gudbjérg A. Olafsdottir?® | Esben M. Olsen?! |

Renanel Pickholtz?? @ | Marie Prchalova!® | Jan Reubens?® | Milan Riha'® | Inge van der Knaap®' | Pieterjan Verhelst?* © |
David Villegas-Rios®> | Josep Alds!

nstitut Mediterrani d'Estudis Avangats (IMEDEA, CSIC-UIB), Esporles, Spain | 2Institute of Marine Research, Tromse, Norway | 3Centre of Marine
Sciences (CCMAR), Universidade do Algarve, Faro, Portugal | “Department of Biology, Universitat de les Illes Balears (UIB), IUNICS, IDISBA, Palma,
Spain | *Instituto de Investigaciones Marinas, Consejo Superior de Investigaciones Cientificas (IIM, CSIC), Vigo, Pontevedra, Spain | ®Leibniz Institute
of Freshwater Ecology and Inland Fisheries, Department of Fish Biology, Fisheries and Aquaculture, Berlin, Germany | ’Faculty of Life Sciences,
Division of Integrative Fisheries Management and Integrative Institute on Transformations of Human-Environment Systems (IRI THESys), Humboldt-
Universitit zu Berlin, Berlin, Germany | ®Aquaculture & Fisheries Group, Wageningen University, Wageningen, the Netherlands | *Marine Animal
Ecology Group, Wageningen University, Wageningen, the Netherlands | °The Royal Dutch Angling Alliance. Sportvisserij Nederland, Bilthoven, the
Netherlands | '"Department of Natural History, NTNU University Museum, Trondheim, Norway | '2UA LIMIA-IRFAP, IRFAP, GOIB, Unit Associated
With the CSIC by the IMEDEA, Port d'Andratx, Spain | *Departament de Biologia Evolutiva, Ecologia i Ciéncies Ambientals, Facultat de Biologia,
Institut de Recerca de la Biodiversitat (IRBIO), Universitat de Barcelona, Barcelona, Spain | #Université Paris-Saclay, CNRS, AgroParisTech, Ecologie
Systématique Evolution, Gif-sur-Yvette, France | *Biology Centre of the Czech Academy of Sciences, Institute of Hydrobiology, Ceské Budgjovice, Czech
Republic | *National Inland Fisheries Research Institute, Olsztyn, Poland | "Fisheries and Aquatic Sciences Program, School of Forest, Fisheries, &
Geomatics Sciences, University of Florida, Gainesville, Florida, USA | '8Florida Fish and Wildlife Conservation Commission, Fish and Wildlife Research
Institute, St. Petersburg, Florida, USA | Y"GEOMAR Helmbholtz Centre for Ocean Research, Kiel, Germany | ?’University of Iceland, Research Centre of
the Westfjords, Bolungarvik, Iceland | 2!Institute of Marine Research, Flodevigen Research Station, HIS, Norway | 22School of Zoology, George S. Wise
Faculty of Life Sciences, Tel Aviv University, Tel Aviv, Israel | 2*Flanders Marine Institute, Ostend, Belgium | 2*Research Institute for Nature and Forest
(INBO), Brussels, Belgium

Correspondence: Martina Martorell-Barceld (martina.martorell.barcelo@hi.no)
Received: 5 February 2025 | Revised: 1 July 2025 | Accepted: 17 August 2025

Funding: This work was supported by MCIN/AEI/10.13039/501100011033/FEDER, EU, CLOCK Project (Grant No. PID2019-104940GA-100), Research
Foundation Flanders (FWO), Maria de Maeztu Centre of Excellence (CEX2021-001198), the Leibniz-Community within the Pact for Innovation and
Research (BTypes project) and the German Ministry of Education and Research (grant no.033W024A), Ministerio de Ciencia, Innovacion y Universidades,
Spanish Governments. MCIN/AEI/10.13039/501100011033 and by the European Union NextGeneration EU/PRTR (RYC2021-032594-1), METARAOR
Project (Grant No. PID2022-1393490B-100), MCIN/AEI/10.13039/501100011033/FEDER, EU, Vicen¢ Mut postdoctoral grant (PD/041/2021), FPI pred-
octoral fellowship from the Direccié General d'Innovaci6 i Recerca of the Balearic Islands Government (Ref. FP1/2167/2018), The Research Council of
Norway, CODCHANGE, CodChange, Axencia Galega de Innovacién (GAIN) (IN607D 2023/007), COST Action - The European Animal Tracking Network,
CA18102. The Czech National Agency for Agricultural Research (project no. QK23020002 'Pikeperch fry production, and their adaptabiliy and optimization
of their stocking into open waters'). The Ministry of Agriculture af the Czech Repubic (project no. QK21010131 “Optimization of the management in carp
ponds with 1-year production cycle in terms of co-feeding methods and mass balance”).

Keywords: behavioural types | biotelemetry | circadian-related behaviours | hidden semi-Markov models | repeatability

ABSTRACT
Acoustic telemetry offers valuable opportunities to investigate individual variability in circadian-related and other behaviours and
how environmental cues shape these patterns in wild fish populations. However, this potential has not yet been fully exploited.
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We conducted a meta-analysis on 44 datasets from 34 distinct marine and freshwater species and different types of data (acous-
tic detections, depth, acceleration and positioning). Our aim was to explore the potential of acoustic telemetry in identifying
chronotypes as consistent among-individual differences in circadian-related behaviours. First, we applied hidden semi-Markov
models to classify individual time series into active and rest states. Subsequently, we computed two classical circadian-related
behavioural traits: awakening time (as the activity onset) and rest onset (as the activity offset). Subsequently, we identified dis-
tinct phenotypes by decomposing behavioural variation into within- and among-individual components based on repeatability
scores. We found evidence of distinct chronotypes in 17 species, with average repeatability scores of 0.52 for awakening time and
0.43 for rest onset, revealing that chronotypes are common in aquatic species. Our findings highlight that both the data type,
particularly acceleration sensors, and the number of detections are effective tools for exploring chronotypes. Our study proposes
a novel approach to characterising daily activity patterns in aquatic species, predominantly in fishes, and provides guidelines
for investigating chronotypes across diverse taxa. We emphasise the promise of biotelemetry and advanced statistical models for
improving our understanding of the behaviour of aquatic species and highlight the value of synthesising across large data sets

collected in networks of biotelemetryprojects.

1 | Introduction

Chronotypes are defined as among-individual differences in
circadian-related behaviours, which remain relatively stable
over time due to the regulation of the internal circadian clock
and are modulated by environmental and anthropogenic fac-
tors (Ehret 1974; Helm et al. 2017; Roenneberg et al. 2007).
The circadian-related behaviours commonly considered to
identify chronotypes are the timing of activity onset and offset
(Roenneberg et al. 2003). In humans, chronotypes have been ex-
tensively studied due to their link to sleep, well-being and health
(Navara and Nelson 2007) and are often categorised along a
morning-evening continuum. Morning types, as the name
suggests, tend to favour morning activities, typically starting
their activity and rest earlier, with their cognitive and physical
performance peaking earlier in the day. By contrast, evening
types prefer evening activities, generally starting their activity
and rest later, with their optimal cognitive and physical perfor-
mance occurring later in the day (Bauducco et al. 2020; Webb
and Bonnet 1978).

In animals, chronotypes are often characterised by consistent
among-individual differences in activity-rest patterns, ful-
filling the criteria of conventional behavioural types (Réale
et al. 2007; Sih et al. 2004). Accordingly, chronotypes can
be estimated using the repeatability (R) score, a widely used
index for identifying behavioural types (Dingemanse and
Dochtermann 2013). The R score represents the proportion
of the total variance in a behavioural metric of interest that
is explained by differences among individuals (Nakagawa
and Schielzeth 2010). Various authors have used R scores
to describe chronotypes in terrestrial animals (Chmura
et al. 2020; Dominoni et al. 2013, 2014; Graham et al. 2017;
Maury et al. 2020; Rittenhouse et al. 2019; Schlicht et al. 2014;
Schlicht and Kempenaers 2020; Steinmeyer et al. 2010;
Stuber et al. 2015). This body of evidence suggests that, as
in humans, other terrestrial animals also display consistent
among-individual differences in circadian-related behaviours.
However, chronotypes have often been overlooked in aquatic
animals (Bloch et al. 2013; Helm and Visser 2010). Numerous
studies indicate that fish exhibit chronotypes (Slavik and
Horky 2012; Zavorka et al. 2016), supported by an extensive
body of literature on circadian rhythms in fishes in laboratory

settings (Blanco-Vives and Sanchez-Vazquez 2009; Lopez-
Olmeda et al. 2006; Lucas-Sanchez et al. 2013; Reebs 2002).
Generally, there have been very few attempts to estimate the
R scores of circadian-related behaviours in the wild (but see
Alds et al. 2017 and Martorell-Barcel6 et al. 2024 for a set of
studies in Xyrichtys novacula (Labridae)).

The determination of chronotypes relies on fine-scale moni-
toring of activity-rest cycles under natural conditions in a suf-
ficiently large number of individuals to effectively disentangle
individual and population-level sources of behavioural variation
(Roenneberg et al. 2007). In humans, chronotypes are typically
measured using a combination of sleep measurements collected
through activity telemetry devices and questionnaires that show
the individual's sleep preferences (Di Milia et al. 2013). In ter-
restrial animals, various techniques have been used to measure
activity-rest patterns, including infrared beams, video analysis,
pressure plates, jiggle cages, locomotor activity cages, telemet-
ric devices and accelerometer monitors (Mann et al. 2005). In
aquatic environments, traditional techniques for monitoring the
behaviour of free-living animals have not been readily avail-
able, limiting our understanding of the particularities of chro-
notypes in aquatic organisms (Helm et al. 2017). Over the past
two decades, advances in acoustic telemetry have significantly
improved our ability to monitor free-living aquatic populations
(Hussey et al. 2015), providing novel opportunities to study chro-
notypes in large numbers of individuals (Nathan et al. 2022).

Acoustic telemetry is the most widely used tracking system
for aquatic environments and has become a powerful tool to
improve our knowledge of the behaviour, ecology and conser-
vation of fish (Lennox et al. 2023; Matley et al. 2022). This
technology is based on implanting an acoustic transmitter in
the fish, which emits codified signals with unique identifiers
(Lennox et al. 2023). These signals are typically detected by
an array of receivers strategically deployed within the study
area (Heupel et al. 2006). Acoustic telemetry has been used to
identify diel activity-rest patterns in various species in both
freshwater and marine environments. Some examples are
Perca fluviatilis (Percidae; Nakayama et al. 2018), Silurus gla-
nis (Siluridae; Brevé et al. 2014), Cyprinus carpio (Cyprinidae;
Monk et al. 2023), Serranus cabrilla (Serranidae; Alds
et al. 2011), Serranus scriba (Serranidae; March et al. 2010),
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Labrus bergylta (Labridae; Villegas-Rios et al. 2013),
Diplodus sargus (Sparidae; Aspillaga et al. 2016), Dentex
dentex (Sparidae; Aspillaga et al. 2017), Cheilinus undulatus
(Labridae; Chateau and Wantiez 2007), Pterois volitans and
Pterois miles (Scorpaenidae; McCallister et al. 2018), Naso uni-
cornis and Naso lituratus (Acanthuridae; Marshell et al. 2011),
Chlorurus sordidus, Scarus ferrugineus and Scarus fucropur-
pureus (Scaridae; Pickholtz et al. 2022). None of these studies,
however, specifically addressed the role of circadian-related
behaviours to determine the existence of chronotypes in these
species. Notably, only Alés et al. (2017) and Martorell-Barceld
et al. (2023, 2024) utilised a combination of hidden Markov
models (HMMs; Patterson et al. 2009) and acoustic detection
time-series data to effectively decompose the population- and
individual-variance components for circadian-related be-
haviours, providing robust evidence for the existence of chro-
notypes in X. novacula. To date, the full potential of acoustic
telemetry in exploring chronotypes in a set of species remains
underexplored.

Acoustic transmitters can also be complemented with sensors
that record environmental parameters such as temperature
and depth, or even measures of body acceleration as a di-
rect indicator of activity levels (Cooke et al. 2004; Donaldson
et al. 2014; Hussey et al. 2015). Acceleration sensors are partic-
ularly useful at detecting activity-rest patterns. For instance,
Carcharinus perezi (Carcharhinidae) exhibits greater activity
levels at night, associated with foraging (Shipley et al. 2018).
Depth sensors are also efficient to detect activity-rest pat-
terns. Shifts in individual vertical distribution, resulting in
daily behavioural patterns, are widespread among aquatic
organisms (Neilson and Perry 1990; Watanabe et al. 1999).
Andrews et al. (2009) used acoustic tags with depth sensors
in Hexanchus griseus (Hexanchidae) to show that individuals
inhabited deeper and colder waters during daytime and ac-
tively hunted in shallower and warmer waters. Individuals
may also exhibit daily behavioural patterns in their space
use from pelagic to littoral sites (Monk et al. 2023; Nakayama
et al. 2018). Acoustic telemetry is particularly valuable in
discerning these ‘horizontal daily’ migrations, as it not only
offers detections and sensor data but also provides positional
information and detailed daily activity-rest patterns. For ex-
ample, Watson et al. (2019) showed that some Oncorhynchus
mykiss (Salmonidae) used different areas of a lake for foraging
during the day and resting at night.

Although previous evidence suggests that using acoustic te-
lemetry along with associated sensors is a valuable approach
to assess chronotypes, this method presents three significant
challenges. First, depending on the setup of the acoustic net-
work, if the receiver density is too low, detecting the activity
onset and offset might be difficult and imprecise, making dif-
ferences among individuals undetectable. Second, depending
on the transmitters’ emission period, the temporal resolution
may not be sufficient to disentangle the activity start and end
times. Third, the number of individuals that can be tracked
simultaneously is often limited due to signal collision in some
coding systems. This occurs when multiple transmitters emit
signals simultaneously on the same frequency, causing in-
terferences that prevent their detection (Binder et al. 2016).
Recent advancements in high-resolution telemetry systems

mitigate some of these issues (Baktoft et al. 2015; Lennox
et al. 2023; Nathan et al. 2022). In particular, some of the new
tracking systems address signal collision through improved
emission protocols, such as the Binary Phase-Shift Keying
(BPSK) coding system. This approach allows transmitters to
emit short signals with a low probability of collision (< 1ms;
Aspillaga, Arlinghaus, Martorell-Barcel6, Follana-Bern4,
et al. 2021; Lennox et al. 2023). Similarly, Code Division
Multiple Access (CDMA) has been employed in some acous-
tic telemetry systems to address code-collision challenges. For
example, the Lotek MAP system, as previously assessed (see
Baktoft et al. 2015), uses CDMA to enable effective simulta-
neous tracking of multiple tagged individuals. Regarding the
measurement of chronotypes, high-resolution telemetry sys-
tems not only allow us to evaluate the chronotypes by drasti-
cally increasing the number and frequency of detections but
also allow for an increase in the number of monitored indi-
viduals, thereby enabling population-level studies necessary
to accurately attribute individual differences to behavioural
variation (Martorell-Barcelo et al. 2023, 2024).

In this study, we compiled and analysed datasets from various
acoustic telemetry studies that had purposes other than the
study of chronotypes. Our objective was to explore the potential
of acoustic telemetry for detecting circadian-related behavioural
variations and to evaluate the possibility of computing R scores
that describe chronotypes in different species. Our specific ob-
jectives were 1) to identify species-specific characteristics that
allow for effective chronotype analysis using acoustic teleme-
try data; 2) to evaluate various types of data (detections, depth,
activity, or positions) that can be used to capture circadian-
related behavioural variation, thereby improving chronotype
estimation and 3) to compare R scores for chronotypes across
several aquatic species. The results of this study enhance our
understanding of circadian-related behavioural traits in wild
aquatic populations and provide guidelines for designing future
research to address chronotypes using acoustic telemetry.

2 | Methods
2.1 | Data Collection

We sourced telemetry datasets from various researchers across
Europe and the Atlantic, including datasets retrieved through
the European Tracking Network (ETN, https://www.europeantr
ackingnetwork.org/en; Abecasis et al. 2018) and other telemetry
networks (e.g., the Lake Telemetry Network; Jari¢ et al. 2023).
These networks aim to reinforce the collaboration among re-
searchers and offer a more holistic understanding of animal
movement patterns across varying spatial scales and species. We
collected a total of 44 datasets covering 34 distinct aquatic spe-
cies, including marine and freshwater species, spanning a range
of habitat types (see Table S1). For datasets obtained directly
from the ETN, we used the etn package (Huybrechts et al. 2025)
developed for R software (R Core Team 2022). All datasets were
based on acoustic telemetry data. When available, data from
built-in sensors (depth and activity) or positioning from high-
resolution telemetry systems were also included. These datasets
also contained information about the body size of the tracked
individuals.
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For statistical reasons, a minimum number of tracked animals
isrequired to determine whether a species exhibits chronotypes.
Consequently, datasets with fewer than seven individuals were
excluded from further analyses. Although there is no strict rule
on the minimum number of individuals required, our previ-
ous experience suggests that seven individuals is a reasonable
threshold to obtain robust results. In one case, two datasets be-
longing to the same genus (S. ferrugineus and S. fuscopurpureus)
were combined to form a unique dataset (Scarus) to achieve the
minimal sample size (see Table S1), assuming that both species
present similar behaviour (Pickholtz et al. 2022). The remaining
datasets were visually inspected to identify the individuals with
clearly defined activity-rest patterns (as shown in Figure 1B-F;
Table 1). For this purpose, we examined the general activity
patterns of each individual on a 3-h basis: number of detections
(Figure 1A,B), activity (Figure 1C,D) and depth (Figure 1E,F).
We excluded six datasets when a clear day-night pattern could
not be identified (e.g., Figure 1A; see Table S1). The absence
of a clear pattern in these datasets was primarily caused by a
lack of data as a consequence of the experimental design, which
was not conducive to collecting data for effectively estimating
activity-rest patterns. This exclusion does not suggest the ab-
sence of chronotypes in these species but rather indicates that
the data collection methodology used was not suitable for our
specific objectives.

Each selected dataset was processed using specific time steps,
chosen independently for each case based on the species’ be-
haviour and the nature of the data: number of detections, mean
step lengths between consecutive positions, depth, or activity.
To select the most suitable time step for each dataset, we created
temporal sequences with 5, 10 and 15-min intervals. For each
specific case, we then chose the shortest time step that most ac-
curately captured individual variation and represented the day/
night cycle. We acknowledge that diel variation in receiver de-
tection efficiency may affect detection-based metrics; however,
our analysis focuses on inter-individual differences in timing,
which are less likely to be confounded by this effect. This ap-
proach allowed us to adapt to the biological and methodological
characteristics of each dataset (e.g., species mobility, tag type or
density of receiver network), ensuring that the time resolution
was appropriate. The selected time step for each dataset is de-
tailed in Table 1.

2.2 | Fitting Hidden Semi-Markov Models

For the computation of the circadian-related behavioural traits,
following Alos et al. (2017), we randomly selected data from
15 consecutive days for each individual and decomposed the
individual time series into a temporal sequence of behavioural
states (active vs. resting) using a hidden semi-Markov model
(HSMM) approach (Guédon 2003). The HSMM was fine-tuned
to the characteristics of each dataset by adjusting the initial dis-
tribution and accounting for the diurnal or nocturnal activity
patterns of the species. The duration of a state in a conventional
HMM follows a geometric distribution, which leads to an expo-
nential decrease in the likelihood of remaining in the same state
over time. An HSMM accommodates a wider array of state dura-
tion distributions, thereby specifically modelling the time spent
in each state, which is particularly interesting for decomposing

diel behaviours (Guédon 2003). Furthermore, state transitions
in an HSMM take place after a variable number of time steps, as
dictated by the state duration distribution. HSMMs offer a bet-
ter fit for certain types of data due to their additional flexibility
in modelling state durations, despite requiring more computa-
tional resources for training and analysis compared to conven-
tional HMMs. Through this approach, we could customise the
model to incorporate specific parameters for species and indi-
viduals. We applied the HSMM with the function hsmmfit from
the package mhsmm (O'Connell and Hejsgaard 2011) for the R
software (R Core Team 2022). The final output for each indi-
vidual time series was a temporal sequence of two behavioural
states (active vs. rest), which was used to compute the awaken-
ing time and rest onset.

2.3 | Computation of the Circadian-Related
Behavioural Traits

Based on the results of the HSMM, we assumed that a higher
number of detections, higher activity, deeper depths and lon-
ger distances between positions indicated periods of activity.
This assumption was needed for the computation of circadian-
related behavioural traits, although their implications are ad-
dressed in subsequent sections. We categorised our datasets as
diurnal if all individuals exhibited maximum activity during
the day, as nocturnal if their peak activity was during the night,
and as dual if containing both diurnal and nocturnal individ-
uals. We recognise that this assumption might not perfectly
capture reality, but such two-state categorisation is necessary
for the computation of the circadian-related behavioural traits
and is independent of the R scores estimation for chronotypes.
We used the local sunrise and sunset data, considering their
daily variations, for each acoustic tracking experiment to cal-
culate two circadian-related behavioural traits: awakening
time as the activity onset (min) and rest onset as the activity
offset (min). For diurnal individuals, we defined the awaken-
ing time relative to sunrise and rest onset relative to sunset.
Conversely, for nocturnal individuals, we defined the awak-
ening time relative to sunset and rest onset relative to sun-
rise. Days in which the awakening time occurred after half of
the daytime or rest onset past the midpoint of the nighttime
were excluded from the subsequent analyses. For the diurnal
individuals, we removed days with less than half the daytime
of activity (activity < (sunrise—sunset) / 2). Similarly, for the
nocturnal individuals, we removed days with less than half
the nighttime of activity (activity < (sunset—sunrise (n+ 1))
/ 2). At this stage, we excluded additional datasets in subse-
quent analyses due to the low number of individuals meeting
the specified conditions. Finally, we considered 17 datasets
from 16 freshwater and marine species in the final analyses.

2.4 | Raw Repeatability

We calculated the raw R as an initial approach to investigate
how consistent among-individual differences are in awaken-
ing time and rest onset. Raw R refers to the proportion of total
variance in the trait that is attributed to differences among
individuals, without accounting for potential confounding
factors or covariates (Nakagawa and Schielzeth 2010). For a

4

Fish and Fisheries, 2025

85U8017 SUOWILIOD 8Aea.D 9|cedi(dde ay) Ag peusenob a.e Sejole YO ‘8sn J0 Sa|nJ J0} Aeid 1 8uluQ A1 UO (SUONIPUOI-PUR-SWe)/W00" A8 1M Ale.q 1 Bul|uoy//:Sdny) SUONIpUOD pue swie | 8y 8es *[SZ02/60/52] Uo Arid1T8uluO AB|IM ‘ZZ00L 1eY/TTTT OT/I0p/W0d A3 | 1M Afelq 1l uo//:Sdny wouy pepeoumod ‘0 ‘6.6229T



s A Diplodus vulgaris B Epinephelus morio

= Fish ID = DV002 Fish ID = EM006

g 50

S 204 J

$ 151 .

g 10 b

@ 1 10 k

8 o4 | ‘Ah 1 A 0-

< 08/10 10/10 12/10 14/10 16/10 18/10 20/10 22/10 15/04 17/04 19/04 21/04 23/04 25/04 27/04 29/04
Cc Scarus sp. D Sander lucioperca

5 Fish ID = Ssp007 Fish ID = SL0O08

£ 2.0

» B

E 2 1.51

> 1 1.0

Z 1

2 0.5

< 0- T T T T T T T T 00- T T T T T T T T

28/05 30/05 01/06 03/06 05/06 07/06 09/06 11/06 01/09 03/09 05/09 07/09 09/09 11/09 13/09 15/09

E Gadus morhua F Labrus bergylta

Fish ID = GM017

Fish ID =LB015

Depth (m) in 3h

15+
10+
5_

o

05/07 07/07 09/07 11/07 13/07 15/07 17/07 19/07

FIGURE1 |

Date

29/10 31/10 02/11 04111 06/11 08/11 10/11 12/11

Temporal sequence for the identification of activity-rest patterns. Examples of 3-h temporal sequences illustrating datasets with and

without clear day/night patterns. The number of detections, activity and depth are shown in blue. Night-time periods are shaded in grey. The first
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night pattern from Labrus bergylta.

specific trait, the raw R score was calculated as the between-
individual variance V, ,, divided by the sum of V, ,, and
the within-individual variance (or residual variance, V).
To properly decompose the raw phenotypic variance into
between- and within-individual variances, we fitted a gen-
eralised linear mixed model (GLMM) to each dataset and
circadian-related behavioural trait, using the MCMCglmm
library (Hadfield 2010) built for the R software following
Dingemanse and Dochtermann (2013). We fitted one GLMM
to each dataset, including awakening time or rest onset as a
response variable, the size of the individual as a fixed effect
and the identifier (ID) of the individual as a random effect.
We included the size as the unique common variable between
datasets because we needed a fixed factor in order to run it. To
assess the statistical significance of the R score, we combined
the confidence intervals with the difference in the Deviance
Information Criterion (DIC) between the complete GLMM
and the constrained model (i.e., the model without the random
effect, DIC ). If this difference exceeded two and the confi-
dence interval did not include zero, the R score was considered
statistically significant (Alds et al. 2017; Harrison et al. 2015).
The significance of body size (in cm) was indicated by the
Markov Chain Monte Carlo p-value (pMCMC).

3 | Results

We computed R scores for the awakening time and rest onset
in 17 datasets for 16 different marine and freshwater species

(Table 1; Figure 2). Remarkably, 82% of datasets for awakening
time and 94% for rest onset showed statistically significant R
scores, ranging from 0.22 to 0.81 for awakening time and from
0.09 to 0.86 for rest onset. Statistically significant R scores were
obtained for 14 datasets regarding awakening time and for 16
datasets regarding rest onset. The mean (+ standard deviation)
of these significant R scores was 0.52+0.20 for awakening time
and 0.43 +£0.23 for rest onset, suggesting the presence of chro-
notypes across these datasets (Figure 2). The species with the
highest R score, 0.81 [0.55-0.86], for awakening time was Salmo
trutta (Salmonidae). The individual with the earliest awakening
time (STO02) started its activity, on average, 343.75min before
sunrise, while the individual with the latest awakening time
(ST03) started its activity, on average, 348 min after sunrise. The
difference between these individuals in awakening time was
691.75min (see Table S2). The species with the highest R score,
0.86 [0.71-0.95], for rest onset was C. carpio. The individual
with the earliest rest onset (CCO1) started its rest, on average,
207.67 min after sunset, while the individual with the latest rest
onset (CCO03) started its rest, on average, 544 min after sunset.
This represents a difference of 336.33min between them (see
Table S2). Additionally, the species that exhibited the highest
combined R score for both circadian-related behavioural traits
was Epinephelus morio (Epinephelidae), 0.80 [0.72-0.87] for
awakening time and 0.81 [0.76-0.87] for rest onset.

In the GLMM, we included body size as a fixed effect, as the
unique common variable between datasets (Table 2). For most
datasets, the effect of body size on awakening time was not
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TABLE1 | Data used for the calculation of the R scores.
DIC DIC
Awakening dif dif Activity

Species Dataset Data Interval N time Rest onset AT RO pattern Size
Anguilla AAn Det 10 10 0.29 0.19 [0.12-0.38] 32 18 Nocturnal  73.1
anguilla [0.25-0.56]
Astacus AAs Det 5 7 0.00 0.01 [0.00-0.47] 5 3 Nocturnal 52
astacus [0.00-0.42]
Cyprinus CcC Pos 10 7 0.28 0.86 [0.71-0.95] 21 169 Diurnal 28.2
carpio [0.11-0.59]
Dentex DD Depth 5 15 0.27 0.21 [0.15-0.37] 43 59 Diurnal 56.8
dentex [0.17-0.34]
Diplodus DS_UB Depth 5 12 0.35 0.59 [0.36-0.68] 54 82 Dual 25.7
sargus [0.25-0.53]
Epinephelus EM Det 10 15 0.80 0.81[0.76-0.87] 256 310 Dual 54.4
morio [0.72-0.87]
Gadus GM_IMR Depth 5 35 0.56 0.41 [0.27-0.46] 351 166 Diurnal 42.8
morhua [0.47-0.65]
Labrus LB Depth 5 15 0.47 0.34[0.26-0.41] 121 52 Dual 35.8
bergylta [0.39-0.72]
Perca PF Pos 5 7 0.00 0.58 [0.46-0.90] 8 91 Diurnal 36.3
Sfluviatilis [0.00-0.34]
Pollachius PP Depth 5 9 0.39 0.28 [0.19-0.40] 52 37 Dual 37.7
pollachius [0.26-0.52]
Serranus SCb Det 15 8 0.00 0.46 [0.41-0.69] 4 46 Diurnal 15.1
cabrilla [0.00-0.28]
Silurus SG_WUR Depth 5 13 0.44 0.18 [0.11-0.32] 60 30 Dual 86.4
glanis [0.25-0.56]
Sander SL Act 5 11 0.40 0.66 [0.47-0.86] 52 127 Dual 43.8
lucioperca [0.19-0.56]
Salmo trutta ST Depth 5 13 0.81 0.23[0.09-0.56] 44 16 Dual 36

[0.55-0.86]
Scarus sp. Scarus Act 5 7 0.78 0.12 [0.06-0.31] 229 26 Diurnal 38.8

[0.61-0.87]
Xyrichtys XN_JSATS Det 5 30 0.77 0.38 [0.24-0.44] 658 111 Diurnal 16.8
novacula [0.73-0.86]
Xyrichtys XN_SUR Det 5 14 0.61 0.65 [0.42-0.80] 115 109 Diurnal 18.4
novacula [0.47-0.70]

Note: ‘Species’ refers to the scientific name of the species. ‘Dataset’ is the reference name of the dataset detailed in Table S1. ‘Data’ refers to the type of dataset
(Det=detections, Pos =positions, Depth =depth and Act=activity). ‘Interval’ refers to the time step used to create the temporal sequences. ‘N' is the number of
individuals included. ‘Awakening time’ and ‘Rest onset’ indicate the respective R score, with 95% confidence intervals in brackets. ‘Dic dif AT’ and ‘DIC dif RO’
represent the difference between DIC and DIC for awakening time and rest onset, respectively. ‘Activity pattern’ classifies the species as diurnal, nocturnal, or dual.

Lastly, ‘Size’ indicates the mean total length (cm) of the individuals for each dataset.

statistically significant, as indicated by wide 95% credible in-
tervals (CI) that included zero and pMCMC values greater than
0.1 (Table 2). However, D. sargus (DS_UB dataset) showed a
statistically significant negative effect of size on awakening
time (Table 2), suggesting that larger individuals started their
activity earlier than smaller individuals. Regarding rest onset,
negative statistically significant effects were observed for E.

morio, Sander lucioperca (Percidae), Scarus sp. and X. novac-
ula (XN_JSATS dataset) (Table 2). This suggests that larger
individuals of these species started their resting phase ear-
lier than smaller individuals. By contrast, L. bergylta showed
a positive statistically significant effect (Table 2), suggest-
ing that larger individuals started their rest later than the
smaller ones.
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Awakening time Rest onset
Anguilla anguilla (AAN) 4 -— ——
Astacus astacus (AAs)q A - - - - - - - - - Ao -
Cyprinus carpio (CC)- o — o—
Dentex dentex (DD) - —— ——
Diplodus sargus (DS_UB) —— —
Epinephelus morio (EM) 4 —e— ——
Gadus morhua (GM_IMR) 4 —— — e
.g Labrus bergylta (LB) - ————— —e—
3 Perca fluviatilis (PF)d{ A - - - — - - - ———
(,Q)' Pollachius pollachius (PP) - —— ——
Serranus cabrilla (SCb)q A - - - - - - N P
Silurus glanis (SG_WUR)+ —o—— o —
Sander lucioperca (SL)H —_—— —
Salmo trutta (ST) A — e Py
Scarus sp. (Scarus) - —_—— ————
Xyrichtys novacula (XN_JSATS) -0— —0—
Xyrichtys novacula (XN_SUR) —t—e—

T T T T

0.0 0.2 0.4 0.6

T T T T

08 10 00 02 04 06 08 10
Raw repeatability score

FIGURE 2 | Raw repeatability scores. The R scores are presented for each dataset separated by awakening time and rest onset, representing the

mean (dot) and confidence intervals (CI, 2.50 and 97.50). Dots and lines indicate the statistical significance of the values: solid and dotted for statis-
tically significant and dashed lines and triangles for non-statistically significant results. Violet vertical lines indicate the average R scores for signif-

icant values, 0.52 for awakening time and 0.43 for rest onset.

Overall, our analysis showed that chronotypes were present in
most suitable datasets. We thus conclude that chronotypes may
be a common behaviour in aquatic species in both marine and
freshwater systems.

4 | Discussion

Our study provides the first comprehensive assessment of the
contribution of individual variability in circadian-related be-
havioural traits (defining chronotypes) across a diverse range
of wild marine and freshwater species, utilising acoustic te-
lemetry data for their identification. We highlight several
key findings concerning the raw R scores for awakening time
and rest onset. We managed to calculate raw R scores for 17
datasets across 16 different species. Our findings suggest a
potential existence of chronotypes across almost all species
studied when their estimation was possible. Our findings sug-
gest that, in addition to the already described chronotypes in
X. novacula (Alds et al. 2017; Martorell-Barceld et al. 2024),
species such as Anguilla anguilla (Anguillidae), C. carpio, D.
dentex, D. sargus, E. morio, Gadus morhua (Gadidae), L. ber-
gylta, Pollachius pollachius (Gadidae), S. glanis, S. lucioperca,
S. fuscopurpureus, S. ferrugineus and S. trutta also exhibited
consistent among-individual differences in both awakening
time and rest onset, indicating the presence of chronotypes
in these species. Furthermore, P. fluviatilis and S. cabrilla
showed significant repeatability for rest onset, indicating
potential chronotypes, although this should be confirmed
through additional studies. These results also show the power
of acoustic telemetry as a tool to study the presence and, in
turn, ecological consequences of chronotypes. Overall, this
study represents the first attempt to investigate chronotypes
across different freshwater and marine species.

We determined the variation in circadian-related behavioural
traits derived from HSMM fitted to a time series of acoustic
telemetry data. From the data obtained via acoustic detections
and depth sensors, we were unable to directly assign with
certainty a high number of detections to a specific activity
state (diurnal vs. nocturnal). However, making this assump-
tion (a higher number of detections, deeper depths and lon-
ger distances between positions indicated periods of activity)
is essential to enable the computation of the HSMMs, which
are used to derive the awakening time and rest onset. It is im-
portant to acknowledge that this assumption may represent
a potential limitation in our methodology, which future re-
search could aim to address more directly, including whether
species are diurnal or nocturnal based on their hunter or feed-
ing behaviour instead of the number of detections. In specific
cases, such as X. novacula due to its burying behaviour during
nighttime, we are very certain that a higher number of detec-
tions reflected an increase in their activity (Alds et al. 2012).
Furthermore, the small home range of this species ensures
the continuous tracking of them (Aspillaga, Arlinghaus,
Martorell-Barceld, Barcelo-Serra, and Alds 2021). However, in
many other species, this diel pattern was less pronounced and
remained more ambiguous. For example, in species like Solea
senegalensis (Soleidae), it has been shown that a higher num-
ber of detections is associated with rest (Gandra et al. 2018).
This may be due to the design of the receiver network, where
fish are detected less frequently during periods of activity
compared to when they are at rest and move less within the
detection range of a receiver. A similar pattern is observed
with depth sensor data. For instance, G. morhua is known to
hunt actively in shallow habitats with limited receiver cover-
age (Olsen et al. 2012). In these species, lower detection counts
or shallower depths tend to reflect periods of greater activity.
Therefore, when interpreting detection and depth data within
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TABLE 2 | Results of the GLMM showing the effect of fish size.
Awakening time Rest onset

Species Dataset Post. Mean 1-CI u-CI pMCMC Post. Mean 1-CI u-CI pMCMC
Anguilla anguilla AAn -8.41 —25.89 3.35 0.4 —-0.76 -9.70 6.46 1
Astacus astacus AAs 2.66 —44.50 54.17 0.8 -3.75 —28.53 13.32 0.8
Cyprinus carpio CC —0.28 —0.84 0.53 0.2 0.03 —1.45 1.09 0.8
Dentex dentex DD 0.69 -3.08 5.22 0.6 -0.37 -7.02 2.82 0.8
Diplodus sargus DS_UB -10.31 —18.07 -3.95 <0.1 —-1.05 —23.36 16.29 0.6
Epinephelus EM 1.03 —-0.05 2.84 0.2 —0.92 —1.69 -0.17 <0.1
morio
Gadus morhua GM_IMR —-0.33 —4.04 3.21 1 0.05 -1.78 2.71 1
Labrus bergylta LB -3.50 -10.41 3.63 0.4 6.25 0.00 17.71 <0.1
Perca fluviatilis PF -1.16 =5.71 2.48 0.2 0.08 —8.20 7.31 0.6
Pollachius PP 35.17 —-6.30  98.83 0.4 —5.38 —47.63 58.09 0.6
pollachius
Serranus cabrilla SCb —-0.69 -3.24 1.22 0.6 -3.09 —-10.94 3.82 0.6
Silurus glanis SG_WUR -0.12 —3.46 2.31 1 —0.98 —5.77 3.12 0.6
Sander lucioperca SL 11.49 —-66.68  56.17 0.8 —71.93 -163.09 —9.36 <0.1
Salmo trutta ST 17.36 -17.77  53.74 0.4 —-13.36 —31.09 8.96 0.2
Scarus sp. Scarus 7.83 —6.88 18.86 0.4 -3.41 -5.41 -2.02 <0.1
Xyrichtys XN_JSATS —-7.69 —-16.76 493 0.4 -3.03 —4.40 —0.72 <0.1
novacula
Xyrichtys XN_SUR -0.63 -2.59 2.10 0.4 0.07 —-0.08 0.28 0.4
novacula

Note: ‘Species’ refers to the scientific name of the species. ‘Dataset’ is the reference name of the dataset detailed in Table S1. ‘Post.Mean’ corresponds to the estimated
posterior mean obtained in the GLMM. ‘I-CI’ is in reference to the lower 95% credible interval. ‘u-CI’ is in reference to the upper 95% credible interval. ‘pMCMC’
represents the Markov Chain Monte Carlo p-value. The first set of columns presents results for awakening time, and the second set for rest onset. Results are
considered statistically significant if the 95% credible interval does not include zero and pMCMC is less than 0.1. Statistically significant results are highlighted in bold.

acoustic arrays to study chronotypes, it is important to care-
fully consider the species’ biology in relation to the strengths
and limitations of the receiver network.

On the other hand, acceleration sensors are designed to detect
variations in fish activity (Brown et al. 2013). We investigated
two datasets with this type of data, and our results showed
that these species exhibited statistically significant R scores.
S. lucioperca had an R score of 0.33 and 0.64, and Scarus sp.
0.74 and 0.15 for awakening time and rest onset, respectively,
demonstrating that the activity sensors are very useful to de-
tect chronotypes when individuals are continuously detected
and tracked. For acoustic positioning, we computed step
lengths (distances between successive positions) as an alter-
native activity metric. We assumed that greater distances be-
tween positions indicated high activity levels, whereas shorter
distances reflected resting periods. This method was applied
in two datasets, where C. carpio showed statistically signif-
icant R scores for both traits, and P. fluviatilis showed a sta-
tistically significant R score for rest onset (see Table 1). By
contrast, in Esox lucius (Esocidae; EL_IGB dataset) and Tinca
tinca (Tincidae; TT_IGB dataset) using the same type of data,

R scores could not be computed due to a limited number of in-
dividuals with suitable data. Most likely reasons are long gaps
in data when the individuals hide in structures and are not
detectable on acoustic arrays. It is important to note that step
length measurements are highly dependent on the time inter-
val; thus, longer steps may result from less frequent detections
and are also influenced by the receiver network configuration.
Increasing the sample size (both in terms of individuals and
time resolution, as well as enhancing the density of acoustic
receivers) is crucial for determining the efficacy of this type of
data in assessing chronotypes.

From the data initially received, some datasets were ex-
cluded for different reasons. Some datasets were unusable
due to a low number of individuals tagged; some other data-
sets were excluded because day-night patterns could not be
discerned with the available data, and in other cases, data-
sets were not considered because the HSMM did not fit (see
Table S1). Although nearly half of the datasets were ultimately
excluded, this does not imply that these species lack chrono-
types. Instead, our results suggest that the experimental de-
sign, specifically the receiver network density, the number
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of individuals tagged and the time resolution of the tags,
was inadequate for assessing chronotypes. Additionally, we
should consider that in some species, the nature of the track-
ing data itself may not allow these day-night differences to
be captured, regardless of the receiver network design, tag
configuration, or other experimental parameters. Therefore,
our findings underscore the need for future experiments ex-
plicitly designed to address the objective of revealing chrono-
types, employing suitable experimental designs. Based on our
results, we suggest that first, it is crucial to ensure that the
receiver network sufficiently covers the entire home range of
the tagged individuals to facilitate continuous tracking over
the activity-rest cycle. Second, the temporal resolution of the
data acquisition must be high enough to generate the data re-
quired to study chronotypes. And finally, enough individuals
must be tagged to enable the R score calculation, providing
robust estimates of among-individual behavioural variation.
Based on our suitable datasets, we found evidence of chrono-
types in almost all cases, suggesting that this behaviour may
be widespread across many species.

The acoustic telemetry types of data (detections, positions, depth
and activity) considered in this work to identify chronotypes
displayed diverse degrees of effectiveness. However, we did not
perform a species-level comparison using different types of data,
as this was beyond the main objective of the present work; such
an approach would be essential to properly assess the potential
of each type of data, as their utility may be species-specific or
even study-specific. Among the methods we evaluated, acoustic
detections and acceleration sensors were the ones that most fre-
quently yielded significant R estimates. Conversely, the distance
between successive positions resulted in fewer significant chro-
notypes, implying that this technique may require additional
enhancement if intended to be used to assess behaviour-related
circadian traits (Table 1). This does not necessarily imply that
this metric is inherently less effective, but rather that its per-
formance may be limited under certain conditions or within a
species-specific context.

For future experiments aimed at assessing chronotypes, we
recommend the use of acceleration sensors, as this methodol-
ogy truly reflects the individual's activity levels (Perefiiguez
et al. 2022), as long as the fish can be continuously monitored
over a 24-h period; in other words, it remains within the detec-
tion range. However, our results also demonstrate that acous-
tic detections can be useful to identify chronotypes, but it is
important to note that receiver detection efficiency can vary
across the diel cycle due to environmental factors such as tem-
perature, noise, or turbidity, which may affect the reliability of
detection-based metrics (Payne et al. 2010). While the use of
control tags is recommended to standardise detection efficiency,
this limitation is likely less critical in the context of chronotype
analysis. Such studies, focused on inter-individual differences in
the activity onset and offset, are less likely to be confounded by
systematic variations in receiver performance, as these would
typically influence all individuals similarly within a given array.
Moreover, prior work in X. novacula using detection-based
chronotype estimates has shown biologically meaningful re-
sults that were not attributable to diel fluctuations in detection
efficiency (Alds et al. 2012). Nonetheless, we recognise this as
a methodological limitation and encourage the use of control

tags or standardisation procedures in future studies relying on
detection-based metrics to assess circadian-related behavioural
traits.

The R scores estimated in this study reveal clear chronotypes
across different species. For example, in the G. morhua data-
set, awakening times ranged from 141.87min before sunrise
to 304.33min after sunrise, resulting in a total difference of
446.2min between the earliest and latest risers. Similarly, for S.
lucioperca, rest onset times ranged from 585.71 min before sun-
set to 5.33 min after sunset, with a total difference of 591.04 min.
These examples, along with the results presented in the Table S2,
indicate a continuum in awakening times, with distinct early and
later risers, as well as a continuum in rest onset times, with indi-
viduals consistently starting rest earlier and individuals consis-
tently starting to rest later. These findings support the existence
of both “morning” and “evening” individuals, consistent with
classic human chronotype literature (Webb and Bonnet 1978).
Conversely, studies on terrestrial animal chronotypes typically
focus on the spectrum of daily activity duration, defining “short-
activity types” as individuals with later awakening times and
earlier rest onsets, and “long-activity types” as those with ear-
lier awakening times and later rest onsets (Martorell-Barceld
et al. 2024; Maury et al. 2020; Steinmeyer et al. 2010). In this
study, we underscore the need for future research to investigate
the correlations between awakening time and rest onset, accu-
rately characterise chronotypes across candidate species, and
examine the biological causes and ecological consequences of
among-individual variation (Martorell-Barcel6 et al. 2018). To
generate the knowledge needed to address these pressing ques-
tions, our study highlights the invaluable role of collaborative
efforts, like those fostered by the ETN and the Lake Tracking
Network, in enabling large-scale, multi-species research using
biotelemetry datasets in multiple systems and across multiple
species. Continued collaboration and data-sharing efforts will
pave the way for broader and more comprehensive analyses in
the field of aquatic animal behaviour (Jari¢ et al. 2023; Nguyen
et al. 2017).

Acknowledgements

This article is based on the work from the COST Action—The
European Animal Tracking Network (CA18102), supported by COST
(European Cooperation in Science and Technology). Funding was
provided by the CLOCK Project (Grant No. PID2019-104940GA-100)
and the METARAOR Project (Grant No. PID2022-1393490B-100),
funded by Ministerio de Ciencia, Innovacién y Universidades, Spanish
Government MCIN/AEI/10.13039/501100011033/FEDER, EU. This re-
search was conducted within the framework of activities of the Spanish
Government through the “Maria de Maeztu Centre of Excellence” ac-
creditation awarded to IMEDEA (CSIC-UIB) (CEX2021-001198). This
work is a contribution of the joint research unit IMEDEA-LIMIA. The
study utilises data and infrastructure provided by VLIZ and INBO,
with funding from the Research Foundation Flanders (FWO) as part of
Belgium's contribution to LifeWatch. M.M.B. received support during
the analysis through an FPI predoctoral fellowship from the Direcci
General d'Innovaci6o i Recerca of the Balearic Islands Government
(Ref. FPI/2167/2018). During the writing and revision of the manu-
script, M.M.B. was also supported by the CodChange project, funded
by The Research Council of Norway. E.A. was supported by a Viceng
Mut postdoctoral grant (ref. PD/041/2021), funded by the Government
of the Balearic Islands. D.V.R. was funded by a Ramoén y Cajal Contract
(RYC2021-032594-I) funded by the Ministerio de Ciencia, Innovacién y

85U8017 SUOWILIOD 8Aea.D 9|cedi(dde ay) Ag peusenob a.e Sejole YO ‘8sn J0 Sa|nJ J0} Aeid 1 8uluQ A1 UO (SUONIPUOI-PUR-SWe)/W00" A8 1M Ale.q 1 Bul|uoy//:Sdny) SUONIpUOD pue swie | 8y 8es *[SZ02/60/52] Uo Arid1T8uluO AB|IM ‘ZZ00L 1eY/TTTT OT/I0p/W0d A3 | 1M Afelq 1l uo//:Sdny wouy pepeoumod ‘0 ‘6.6229T



Universidades, Spanish Governmnt MCIN/AEI/10.13039/501100011033
and by the European Union NextGeneration EU/PRTR; and by a grant
by the Axencia Galega de Innovaciéon (GAIN) through the program
“Consolidacion e estruturacion de unidades de investigacién compet-
itivas e outras acciéns de fomento: Proxectos de persoal investigador
con traxectoria excelente. IN607D 2023/007”. R.A. received funding
for the Behavioural Types project through the Pact of Innovation and
Research by the Leibniz-Community and via an equipment grant for the
razorfish work in Mallorca via the German Ministry of Education and
Research (Grant No. #033W024A). R.A. is editor of Fish and Fisheries
but was not involved in the peer-review and decision-making process
associated with this manuscript. M.P. was funded by the Czech National
Agency for Agricultural Research (project no. QK23020002 'Pikeperch
fry production, their adaptability and optimization of their stocking
into open waters’). M.R. was supported by the Ministry of Agriculture
og the Czech Republic (project no. QK21010131 “Optimization of the
managment in carp punds with 1-year production cycle in terms of co-
feeding methods and mass balance”) Open Access funding provided by
the Havforskningsinstituttet.

Data Availability Statement

Datasets used in this study are openly available via the following
Zenodo repository: https://doi.org/10.5281/zenodo.17131453.

References

Abecasis, D., A. Steckenreuter, J. Reubens, et al. 2018. “A Review of
Acoustic Telemetry in Europe and the Need for a Regional Aquatic
Telemetry Network.” Animal Biotelemetry 6, no. 1: 12. https://doi.org/
10.1186/s40317-018-0156-0.

Alos, J., M. Cabanellas-Reboredo, and S. Lowerre-Barbieri. 2012. “Diel
Behaviour and Habitat Utilisation by the Pearly Razorfish During the
Spawning Season.” Marine Ecology Progress Series 460, no. July: 207-
220. https://doi.org/10.3354/meps09755.

Al6s, J., D. March, M. Palmer, A. Grau, and B. Morales-Nin. 2011.
“Spatial and Temporal Patterns in Serranus cabrilla Habitat Use in the
NW Mediterranean Revealed by Acoustic Telemetry.” Marine Ecology
Progress Series 427: 173-186. https://doi.org/10.3354/meps09042.

Aloés, J.,, M. Martorell-Barcelo, and A. Campos-Candela. 2017.
“Repeatability of Circadian Behavioural Variation Revealed in Free-
Ranging Marine Fish.” Royal Society Open Science 4, no. 2: 160791.
https://doi.org/10.1098/rs0s.160791.

Andrews, K. S., G. D. Williams, D. Farrer, et al. 2009. “Diel Activity
Patterns of Sixgill Sharks, Hexanchus griseus: The Ups and Downs of an
Apex Predator.” Animal Behaviour 78, no. 2: 525-536. https://doi.org/10.
1016/j.anbehav.2009.05.027.

Aspillaga, E., R. Arlinghaus, M. Martorell-Barceld, M. Barcelo-Serra,
and J. Alés. 2021. “High-Throughput Tracking of Social Networks in
Marine Fish Populations.” Frontiers in Marine Science 0: 794. https://
doi.org/10.3389/FMARS.2021.688010.

Aspillaga, E., R. Arlinghaus, M. Martorell-Barcel6, et al. 2021.
“Performance of a Novel System for High-Resolution Tracking of
Marine Fish Societies.” Animal Biotelemetry 9, no. 1: 1-14. https://doi.
org/10.1186/S40317-020-00224-W/FIGURES/8.

Aspillaga, E., F. Bartumeus, C. Linares, et al. 2016. “Ordinary and
Extraordinary Movement Behaviour of Small Resident Fish Within a
Mediterranean Marine Protected Area.” PLoS One 11, no. 7: €0159813.
https://doi.org/10.1371/journal.pone.0159813.

Aspillaga, E., F. Bartumeus, R. M. Starr, et al. 2017. “Thermal
Stratification Drives Movement of a Coastal Apex Predator.” Scientific
Reports 7, no. 1: 526. https://doi.org/10.1038/s41598-017-00576-z.

Baktoft, H., P. Zajicek, T. Klefoth, et al. 2015. “Performance Assessment
of Two Whole-Lake Acoustic Positional Telemetry Systems - Is Reality

Mining of Free-Ranging Aquatic Animals Technologically Possible?”
PLoS One 10, no. 5: e0126534. https://doi.org/10.1371/journal.pone.
0126534.

Bauducco, S., C. Richardson, and M. Gradisar. 2020. “Chronotype,
Circadian Rhythms and Mood.” Current Opinion in Psychology 34: 77—
83. https://doi.org/10.1016/j.copsyc.2019.09.002.

Binder, T. R., C. M. Holbrook, T. A. Hayden, and C. C. Krueger. 2016.
“Spatial and Temporal Variation in Positioning Probability of Acoustic
Telemetry Arrays: Fine-Scale Variability and Complex Interactions.”
Animal Biotelemetry 4, no. 1: 4. https://doi.org/10.1186/s4031
7-016-0097-4.

Blanco-Vives, B., and F. J. Sdnchez-Vazquez. 2009. “Synchronisation
to Light and Feeding Time of Circadian Rhythms of Spawning and
Locomotor Activity in Zebrafish.” Physiology and Behavior 98, no. 3:
268-275. https://doi.org/10.1016/j.physbeh.2009.05.015.

Bloch, G., B. M. Barnes, M. P. Gerkema, and B. Helm. 2013. “Animal
Activity Around the Clock With no Overt Circadian Rhythms: Patterns,
Mechanisms and Adaptive Value.” Proceedings of the Royal Society B:
Biological Sciences 280, no. 1765: 20130019. https://doi.org/10.1098/
rspb.2013.0019.

Brevé, N. W. P, R. Verspui, G. A.J. de Laak, B. Bendall, A. W. Breukelaar,
and I. L. Y. Spierts. 2014. “Explicit Site Fidelity of European Catfish
(Silurus glanis, L., 1758) to Man-Made Habitat in the River Meuse,
Netherlands.” Journal of Applied Ichthyology 30, no. 3: 472-478. https://
doi.org/10.1111/jai.12410.

Brown, D. D., R. Kays, M. Wikelski, R. Wilson, and A. Klimley. 2013.
“Observing the Unwatchable Through Acceleration Logging of Animal
Behavior.” Animal Biotelemetry 1, no. 1: 20. https://doi.org/10.1186/
2050-3385-1-20.

Chateau, O., and L. Wantiez. 2007. “Site Fidelity and Activity Patterns
of a Humphead Wrasse, Cheilinus undulatus (Labridae), as Determined
by Acoustic Telemetry.” Environmental Biology of Fishes 80, no. 4: 503—
508. https://doi.org/10.1007/s10641-006-9149-6.

Chmura, H. E., V. Y. Zhang, S. M. Wilbur, B. M. Barnes, C. L. Buck, and
C. T. Williams. 2020. “Plasticity and Repeatability of Activity Patterns
in Free-Living Arctic Ground Squirrels.” Animal Behaviour 169: 81-91.
https://doi.org/10.1016/j.anbehav.2020.09.007.

Cooke, S. J., S. G. Hinch, M. Wikelski, et al. 2004. “Biotelemetry: A
Mechanistic Approach to Ecology.” Trends in Ecology & Evolution 19,
no. 6: 334-343. https://doi.org/10.1016/j.tree.2004.04.003.

Di Milia, L., A. Adan, V. Natale, and C. Randler. 2013. “Reviewing
the Psychometric Properties of Contemporary Circadian Typology
Measures.” Chronobiology International 30, no. 10: 1261-1271. https://
doi.org/10.3109/07420528.2013.817415.

Dingemanse, N. J., and N. A. Dochtermann. 2013. “Quantifying
Individual Variation in Behaviour: Mixed-Effect Modelling
Approaches.” Journal of Animal Ecology 82, no. 1: 39-54. https://doi.
0rg/10.1111/1365-2656.12013.

Dominoni, D. M., E. O. Carmona-Wagner, M. Hofmann, B. Kranstauber,
and J. Partecke. 2014. “Individual-Based Measurements of Light
Intensity Provide New Insights Into the Effects of Artificial Light at
Night on Daily Rhythms of Urban-Dwelling Songbirds.” Journal of
Animal Ecology 83, no. 3: 681-692. https://doi.org/10.1111/1365-2656.
12150.

Dominoni, D. M., B. Helm, M. Lehmann, H. B. Dowse, and J. Partecke.
2013. “Clocks for the City: Circadian Differences Between Forest and
City Songbirds.” Proceedings of the Royal Society B: Biological Sciences
280, no. 1763: 20130593. https://doi.org/10.1098/rspb.2013.0593.

Donaldson, M. R., S. G. Hinch, C. D. Suski, A. T. Fisk, M. R. Heupel,
and S. J. Cooke. 2014. “Making Connections in Aquatic Ecosystems
With Acoustic Telemetry Monitoring.” Frontiers in Ecology and the
Environment 12, no. 10: 565-573. https://doi.org/10.1890/130283.

10

Fish and Fisheries, 2025

85UBD17 SUOWILLIOD BAER1D 8|cedl(dde a3 Aq paueAoh 818 Saole YO ‘8sn JO S3|NJ 104 Areiq18UlUO AB|IM UO (SUOIPUOD-PLR-SWBH W00 AB 1M Aeiq1BU|UO//SdNY) SUORIPUOD pue LB | 843 885 *[S202/60/52] U Arid1T8ulUO AB[IA ‘ZZ00L fe4/TTTT OT/I0p/L0D A3 | 1M Afelq 1 pU 1 UO//SARY WOy papeoumoq ‘0 '6L6229%T


https://doi.org/10.5281/zenodo.17131453
https://doi.org/10.1186/s40317-018-0156-0
https://doi.org/10.1186/s40317-018-0156-0
https://doi.org/10.3354/meps09755
https://doi.org/10.3354/meps09042
https://doi.org/10.1098/rsos.160791
https://doi.org/10.1016/j.anbehav.2009.05.027
https://doi.org/10.1016/j.anbehav.2009.05.027
https://doi.org/10.3389/FMARS.2021.688010
https://doi.org/10.3389/FMARS.2021.688010
https://doi.org/10.1186/S40317-020-00224-W/FIGURES/8
https://doi.org/10.1186/S40317-020-00224-W/FIGURES/8
https://doi.org/10.1371/journal.pone.0159813
https://doi.org/10.1038/s41598-017-00576-z
https://doi.org/10.1371/journal.pone.0126534
https://doi.org/10.1371/journal.pone.0126534
https://doi.org/10.1016/j.copsyc.2019.09.002
https://doi.org/10.1186/s40317-016-0097-4
https://doi.org/10.1186/s40317-016-0097-4
https://doi.org/10.1016/j.physbeh.2009.05.015
https://doi.org/10.1098/rspb.2013.0019
https://doi.org/10.1098/rspb.2013.0019
https://doi.org/10.1111/jai.12410
https://doi.org/10.1111/jai.12410
https://doi.org/10.1186/2050-3385-1-20
https://doi.org/10.1186/2050-3385-1-20
https://doi.org/10.1007/s10641-006-9149-6
https://doi.org/10.1016/j.anbehav.2020.09.007
https://doi.org/10.1016/j.tree.2004.04.003
https://doi.org/10.3109/07420528.2013.817415
https://doi.org/10.3109/07420528.2013.817415
https://doi.org/10.1111/1365-2656.12013
https://doi.org/10.1111/1365-2656.12013
https://doi.org/10.1111/1365-2656.12150
https://doi.org/10.1111/1365-2656.12150
https://doi.org/10.1098/rspb.2013.0593
https://doi.org/10.1890/130283

Ehret, C. F. 1974. “The Sense of Time: Evidence for Its Molecular Basis
in the Eukaryotic Gene-Action System.” In Advances in Biological and
Medical Physics, vol. 15, 47-77. Academic Press. https://doi.org/10.1016/
B978-0-12-005215-8.50009-7.

Gandra, M., K. Erzini, and D. Abecasis. 2018. “Diel and Seasonal
Changes in the Spatial Behaviour of a Soft-Sediment Fish (Solea senega-
lensis) Inside a Marine Reserve.” Marine Environmental Research 135:
82-92. https://doi.org/10.1016/j.marenvres.2018.01.015.

Graham, J. L.,N.J. Cook, K. B. Needham, M. Hau, and T. J. Greives. 2017.
“Early to Rise, Early to Breed: A Role for Daily Rhythms in Seasonal
Reproduction.” Behavioral Ecology 28, no. 5: 1266-1271. https://doi.org/
10.1093/beheco/arx088.

Guédon, Y. 2003. “Estimating Hidden Semi-Markov Chains From
Discrete Sequences.” Journal of Computational and Graphical Statistics
12, no. 3: 604-639. https://doi.org/10.1198/1061860032030.

Hadfield, J. D. 2010. “MCMC Methods for Multi-Response Generalized
Linear Mixed Models: The MCMCglmm R Package.” Journal of
Statistical Software 33, no. 2: 1-22. https://doi.org/10.18637/jss.v033.i02.

Harrison, P. M., L. F. G. Gutowsky, E. G. Martins, D. A. Patterson, S.
J. Cooke, and M. Power. 2015. “Personality-Dependent Spatial Ecology
Occurs Independently From Dispersal in Wild Burbot (Lota lota).”
Behavioral Ecology 26, no. 2: 483-492. https://doi.org/10.1093/beheco/
aru216.

Helm, B., and M. E. Visser. 2010. “Heritable Circadian Period Length in
a Wild Bird Population.” Proceedings of the Royal Society B: Biological
Sciences 277, mno. 1698: 3335-3342. https://doi.org/10.1098/rspb.
2010.0871.

Helm, B., M. E. Visser, W. Schwartz, et al. 2017. “Two Sides of a Coin:
Ecological and Chronobiological Perspectives of Timing in the Wild.”
Philosophical Transactions of the Royal Society, B: Biological Sciences
372, no. 1734: 20160246. https://doi.org/10.1098/rstb.2016.0246.

Heupel, M. R., J. M. Semmens, and A. J. Hobday. 2006. “Automated
Acoustic Tracking of Aquatic Animals: Scales, Design and Deployment
of Listening Station Arrays.” Marine and Freshwater Research 57, no. 1:
113. https://doi.org/10.1071/MF05091.

Hussey, N. E,, S. T. Kessel, K. Aarestrup, et al. 2015. “Aquatic Animal
Telemetry: A Panoramic Window Into the Underwater World.” Science
348, no. 6240: 1255642. https://doi.org/10.1126/science.1255642.

Huybrechts, P., P. Desmet, D. Oldoni, and S. Van Hoey. 2025. “etn:
Access Data from the European Tracking Network.” https://doi.org/10.
5281/zenodo.15235747.

Jari¢, 1., R.J. Lennox, M. Prchalov4, et al. 2023. “The Power and Promise
of Interdisciplinary International Research Networks to Advance
Movement Ecology.” Movement Ecology 11, no. 1: 67. https://doi.org/10.
1186/s40462-023-00428-8.

Lennox, R. J., K. Aarestrup, J. Alds, et al. 2023. “Positioning Aquatic
Animals With Acoustic Transmitters.” Methods in Ecology and
Evolution 14, no. 10: 2514-2530. https://doi.org/10.1111/2041-210X.
14191.

Lopez-Olmeda, J. F., J. A. Madrid, and F. J. Sdnchez-Vazquez. 2006.
“Light and Temperature Cycles as Zeitgebers of Zebrafish (Danio rerio)
Circadian Activity Rhythms.” Chronobiology International 23, no. 3:
537-550. https://doi.org/10.1080/07420520600651065.

Lucas-Sanchez, A., P. F. Almaida-Pagan, A. Martinez-Nicolas, J. A.
Madrid, P. Mendiola, and J. de Costa. 2013. “Rest-Activity Circadian
Rhythms in Aged Nothobranchius Korthausae. The Effects of
Melatonin.” Experimental Gerontology 48, no. 5: 507-516. https://doi.
0rg/10.1016/j.exger.2013.02.026.

Mann, T. M., K. E. Williams, P. C. Pearce, and E. A. M. Scott. 2005. “A
Novel Method for Activity Monitoring in Small Non-Human Primates.”
Laboratory Animals 39, no. 2: 169-177. https://doi.org/10.1258/00236
77053739783.

March, D., M. Palmer, J. Al6s, A. Grau, and F. Cardona. 2010. “Short-
Term Residence, Home Range Size and Diel Patterns of the Painted
Comber Serranus scriba in a Temperate Marine Reserve.” Marine
Ecology Progress Series 400: 195-206. https://doi.org/10.3354/
meps08410.

Marshell, A., J. S. Mills, K. L. Rhodes, and J. MclIlwain. 2011. “Passive
Acoustic Telemetry Reveals Highly Variable Home Range and Movement
Patterns Among Unicornfish Within a Marine Reserve.” Coral Reefs 30,
no. 3: 631-642. https://doi.org/10.1007/s00338-011-0770-2.

Martorell-Barceld, M., E. Aspillaga, M. Barcelo-Serra, R. Arlinghaus,
and J. Alds. 2024. “Circadian-Related Behavioural Types in Free-
Living Marine Fish Revealed by High-Throughput Telemetry.” Animal
Behaviour 210: 255-274. https://doi.org/10.1016/j.anbehav.2023.12.019.

Martorell-Barceld, M., A. Campos-Candela, and J. Alés. 2018. “Fitness
Consequences of Fish Circadian Behavioural Variation in Exploited
Marine Environments.” PeerJ 6, no. 5: e4814. https://doi.org/10.7717/
peerj.4814.

Martorell-Barceld, M., M. Signaroli, M. Barcelo-Serra, et al. 2023.
“Chronotypes-Personality Behavioural Syndromes in Wild Marine
Fish.” Scientific Reports 13, no. 1: 20281. https://doi.org/10.1038/s4159
8-023-45579-1.

Matley, J. K., N. V. Klinard, A. P. Barbosa Martins, et al. 2022. “Global
Trends in Aquatic Animal Tracking With Acoustic Telemetry.” Trends
in Ecology & Evolution 37, no. 1: 79-94. https://doi.org/10.1016/j.tree.
2021.09.001.

Maury, C., M. W. Serota, and T. D. Williams. 2020. “Plasticity in Diurnal
Activity and Temporal Phenotype During Parental Care in European
Starlings, Sturnus vulgaris.” Animal Behaviour 159: 37-45. https://doi.
org/10.1016/j.anbehav.2019.11.004.

McCallister, M., J. Renchen, B. Binder, and A. Acosta. 2018. “Diel
Activity Patterns and Movement of Invasive Lionfish (Pterois volitans/P.
miles) in the Florida Keys Identified Using Acoustic Telemetry.” Gulf
and Caribbean Research 29: 27-40. https://doi.org/10.18785/gcr.2901.13.

Monk, C. T., U. Aslak, D. Brockmann, and R. Arlinghaus. 2023.
“Rhythm of Relationships in a Social Fish Over the Course of a Full
Year in the Wild.” Movement Ecology 11, no. 1: 1-16. https://doi.org/10.
1186/S40462-023-00410-4/FIGURES/6.

Nakagawa, S., and H. Schielzeth. 2010. “Repeatability for Gaussian
and Non-Gaussian Data: A Practical Guide for Biologists.” Biological
Reviews 85, no. 4: 935-956. https://doi.org/10.1111/j.1469-185X.2010.
00141.x.

Nakayama, S., P. Doering-Arjes, S. Linzmaier, et al. 2018. “Fine-Scale
Movement Ecology of a Freshwater Top Predator, Eurasian Perch (Perca
fluviatilis), in Response to the Abiotic Environment Over the Course of
a Year.” Ecology of Freshwater Fish 27, no. 3: 798-812. https://doi.org/
10.1111/eff.12393.

Nathan, R., C.T. Monk, R. Arlinghaus, et al. 2022. “Big-Data Approaches
Lead to an Increased Understanding of the Ecology of Animal
Movement.” In Science, vol. 375, Issue 6582. American Association for
the Advancement of Science. https://doi.org/10.1126/science.abg1780.

Navara, K. J., and R. J. Nelson. 2007. “The Dark Side of Light at Night:
Physiological, Epidemiological, and Ecological Consequences.” Journal
of Pineal Research 43, no. 3: 215-224. https://doi.org/10.1111/j.1600-
079X.2007.00473.X.

Neilson, J. D., and R. I. Perry. 1990. Diel Vertical Migrations of Marine
Fishes: An Obligate or Facultative Process? edited by J. H. S. Blaxter and
A. J. Southward, vol. 26, 115-168. Academic Press. https://doi.org/10.
1016/S0065-2881(08)60200-X.

Nguyen, V. M., J. L. Brooks, N. Young, et al. 2017. “To Share or Not
to Share in the Emerging Era of Big Data: Perspectives From Fish
Telemetry Researchers on Data Sharing.” Canadian Journal of Fisheries
and Aquatic Sciences 74, no. 8: 1260-1274. https://doi.org/10.1139/cjfas
-2016-0261.

11

85UBD17 SUOWILLIOD BAER1D 8|cedl(dde a3 Aq paueAoh 818 Saole YO ‘8sn JO S3|NJ 104 Areiq18UlUO AB|IM UO (SUOIPUOD-PLR-SWBH W00 AB 1M Aeiq1BU|UO//SdNY) SUORIPUOD pue LB | 843 885 *[S202/60/52] U Arid1T8ulUO AB[IA ‘ZZ00L fe4/TTTT OT/I0p/L0D A3 | 1M Afelq 1 pU 1 UO//SARY WOy papeoumoq ‘0 '6L6229%T


https://doi.org/10.1016/B978-0-12-005215-8.50009-7
https://doi.org/10.1016/B978-0-12-005215-8.50009-7
https://doi.org/10.1016/j.marenvres.2018.01.015
https://doi.org/10.1093/beheco/arx088
https://doi.org/10.1093/beheco/arx088
https://doi.org/10.1198/1061860032030
https://doi.org/10.18637/jss.v033.i02
https://doi.org/10.1093/beheco/aru216
https://doi.org/10.1093/beheco/aru216
https://doi.org/10.1098/rspb.2010.0871
https://doi.org/10.1098/rspb.2010.0871
https://doi.org/10.1098/rstb.2016.0246
https://doi.org/10.1071/MF05091
https://doi.org/10.1126/science.1255642
https://doi.org/10.5281/zenodo.15235747
https://doi.org/10.5281/zenodo.15235747
https://doi.org/10.1186/s40462-023-00428-8
https://doi.org/10.1186/s40462-023-00428-8
https://doi.org/10.1111/2041-210X.14191
https://doi.org/10.1111/2041-210X.14191
https://doi.org/10.1080/07420520600651065
https://doi.org/10.1016/j.exger.2013.02.026
https://doi.org/10.1016/j.exger.2013.02.026
https://doi.org/10.1258/0023677053739783
https://doi.org/10.1258/0023677053739783
https://doi.org/10.3354/meps08410
https://doi.org/10.3354/meps08410
https://doi.org/10.1007/s00338-011-0770-2
https://doi.org/10.1016/j.anbehav.2023.12.019
https://doi.org/10.7717/peerj.4814
https://doi.org/10.7717/peerj.4814
https://doi.org/10.1038/s41598-023-45579-1
https://doi.org/10.1038/s41598-023-45579-1
https://doi.org/10.1016/j.tree.2021.09.001
https://doi.org/10.1016/j.tree.2021.09.001
https://doi.org/10.1016/j.anbehav.2019.11.004
https://doi.org/10.1016/j.anbehav.2019.11.004
https://doi.org/10.18785/gcr.2901.13
https://doi.org/10.1186/S40462-023-00410-4/FIGURES/6
https://doi.org/10.1186/S40462-023-00410-4/FIGURES/6
https://doi.org/10.1111/j.1469-185X.2010.00141.x
https://doi.org/10.1111/j.1469-185X.2010.00141.x
https://doi.org/10.1111/eff.12393
https://doi.org/10.1111/eff.12393
https://doi.org/10.1126/science.abg1780
https://doi.org/10.1111/j.1600-079X.2007.00473.x
https://doi.org/10.1111/j.1600-079X.2007.00473.x
https://doi.org/10.1016/S0065-2881(08)60200-X
https://doi.org/10.1016/S0065-2881(08)60200-X
https://doi.org/10.1139/cjfas-2016-0261
https://doi.org/10.1139/cjfas-2016-0261

O'Connell, J., and S. Hojsgaard. 2011. “Hidden Semi Markov Models for
Multiple Observation Sequences: The mhsmm Package for R.” Journal of
Statistical Software 39, no. 4: 1-22. https://doi.org/10.18637/jss.v039.i04.

Olsen, E. M., M. R. Heupel, C. A. Simpfendorfer, and E. Moland. 2012.
“Harvest Selection on Atlantic Cod Behavioral Traits: Implications
for Spatial Management.” Ecology and Evolution 2, no. 7: 1549-1562.
https://doi.org/10.1002/ece3.244.

Patterson, T. A., M. Basson, M. V. Bravington, and J. S. Gunn. 2009.
“Classifying Movement Behaviour in Relation to Environmental
Conditions Using Hidden Markov Models.” Journal of Animal Ecology
78, no. 6: 1113-1123. https://doi.org/10.1111/j.1365-2656.2009.01583.x.

Payne, N. L., B. M. Gillanders, D. M. Webber, and J. M. Semmens. 2010.
“Interpreting Diel Activity Patterns From Acoustic Telemetry: The
Need for Controls.” Marine Ecology Progress Series 419: 295-301. https://
doi.org/10.3354/MEPS08864.

Pereitiguez, J. M., L. A. Venerus, C. Gutiérrez-Canovas, et al. 2022.
“Acoustic Telemetry and Accelerometers: A Field Comparison of
Different Proxies for Activity in the Marine Environment.” ICES
Journal of Marine Science 79, no. 10: 2600-2613. https://doi.org/10.1093/
icesjms/fsac190.

Pickholtz, R., M. Kiflawi, G. T. Crossin, et al. 2022. “Highly Repetitive
Space-Use Dynamics in Parrotfishes.” Coral Reefs 41, no. 4: 1059-1073.
https://doi.org/10.1007/s00338-022-02258-3.

R Core Team. 2022. R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing.

Réale, D., S. M. Reader, D. Sol, P. T. McDougall, and N. J. Dingemanse.
2007. “Integrating Animal Temperament Within Ecology and
Evolution.” Biological Reviews 82, no. 2: 291-318. https://doi.org/10.
1111/j.1469-185X.2007.00010.x.

Reebs, S. G. 2002. “Plasticity of Diel and Circadian Activity Rhythms in
Fishes.” Reviews in Fish Biology and Fisheries 12: 349-371.

Rittenhouse, J. L., A. R. Robart, and H. E. Watts. 2019. “Variation in
Chronotype Is Associated With Migratory Timing in a Songbird.”
Biology Letters 15, no. 8: 20190453. https://doi.org/10.1098/rsbl.
2019.0453.

Roenneberg, T., T. Kuehnle, M. Juda, et al. 2007. “Epidemiology of the
Human Circadian Clock.” Sleep Medicine Reviews 11, no. 6: 429-438.
https://doi.org/10.1016/j.smrv.2007.07.005.

Roenneberg, T., A. Wirz-Justice, and M. Merrow. 2003. “Life Between
Clocks: Daily Temporal Patterns of Human Chronotypes.” Journal of
Biological Rhythms 18, no. 1: 80-90. https://doi.org/10.1177/0748730402
239679. PMIs6D: 12568247.

Schlicht, L., and B. Kempenaers. 2020. “The Effects of Season, Sex, Age
and Weather on Population-Level Variation in the Timing of Activity
in Eurasian Blue Tits Cyanistes Caeruleus.” Ibis 162, no. 4: 1146-1162.
https://doi.org/10.1111/ibi.12818.

Schlicht, L., M. Valcu, P. Loés, A. Girg, and B. Kempenaers. 2014. “No
Relationship Between Female Emergence Time From the Roosting
Place and Extrapair Paternity.” Behavioral Ecology 25, no. 3: 650-659.
https://doi.org/10.1093/beheco/aru035.

Shipley, O. N., J. W. Brownscombe, A. J. Danylchuk, S. J. Cooke, O. R.
O'Shea, and E. J. Brooks. 2018. “Fine-Scale Movement and Activity
Patterns of Caribbean Reef Sharks (Carcharhinus Perezi) in The
Bahamas.” Environmental Biology of Fishes 101, no. 7: 1097-1104.
https://doi.org/10.1007/s10641-017-0656-4.

Sih, A., A. Bell, and J. C. Johnson. 2004. “Behavioral Syndromes: An
Ecological and Evolutionary Overview.” Trends in Ecology & Evolution
19, no. 7: 372-378. https://doi.org/10.1016/.tree.2004.04.009.

Slavik, O.,and P. Horky. 2012. “Diel Dualism in the Energy Consumption
of the European Catfish Silurus glanis.” Journal of Fish Biology 81, no. 7:
2223-2234. https://doi.org/10.1111/.1095-8649.2012.03436.x.

Steinmeyer, C., H. Schielzeth, J. C. Mueller, and B. Kempenaers. 2010.
“Variation in Sleep Behaviour in Free-Living Blue Tits, Cyanistes caeru-
leus: Effects of Sex, Age and Environment.” Animal Behaviour 80, no. 5:
853-864. https://doi.org/10.1016/j.anbehav.2010.08.005.

Stuber, E. F,, N. J. Dingemanse, B. Kempenaers, and J. C. Mueller. 2015.
“Sources of Intraspecific Variation in Sleep Behaviour of Wild Great
Tits.” Animal Behaviour 106: 201-221. https://doi.org/10.1016/j.anbeh
av.2015.05.025.

Villegas-Rios, D., J. Alés, D. March, M. Palmer, G. Mucientes, and F.
Saborido-Rey. 2013. “Home Range and Diel Behavior of the Ballan
Wrasse, Labrus bergylta, Determined by Acoustic Telemetry.” Journal
of Sea Research 80: 61-71. https://doi.org/10.1016/j.seares.2013.02.009.

Watanabe, H., M. Moku, K. Kawaguchi, K. Ishimaru, and A. Ohno. 1999.
“Diel Vertical Migration of Myctophid Fishes (Family Myctophidae)
in the Transitional Waters of the Western North Pacific.” Fisheries
Oceanography 8, no. 2: 115-127. https://doi.org/10.1046/j.1365-2419.
1999.00103.x.

Watson, B. M., C. A. Biagi, S. L. Northrup, et al. 2019. “Distinct Diel and
Seasonal Behaviours in Rainbow Trout Detected by Fine-Scale Acoustic
Telemetry in a Lake Environment.” Canadian Journal of Fisheries and
Aquatic Sciences 76, no. 8: 1432-1445. https://doi.org/10.1139/cjfas
-2018-0293.

Webb, W. B,, and M. H. Bonnet. 1978. “The Sleep of ‘Morning’ and
‘Evening’ Types.” Biological Psychology 7, no. 1-2: 29-35. https://doi.
0rg/10.1016/0301-0511(78)90040-6.

Zavorka, L., D. Aldvén, J. Ndslund, J. Hojesjo, and J. I. Johnsson. 2016.
“Inactive Trout Come Out at Night: Behavioral Variation, Circadian
Activity, and Fitness in the Wild.” Ecology 97, no. 9: 2223-2231. https://
doi.org/10.1002/ecy.1475.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Table S1: faf70022-sup-0001-TableS1-S2.docx.
Table S2: faf70022-sup-0001-TableS1-S2.docx.

12

Fish and Fisheries, 2025

85UBD17 SUOWILLIOD BAER1D 8|cedl(dde a3 Aq paueAoh 818 Saole YO ‘8sn JO S3|NJ 104 Areiq18UlUO AB|IM UO (SUOIPUOD-PLR-SWBH W00 AB 1M Aeiq1BU|UO//SdNY) SUORIPUOD pue LB | 843 885 *[S202/60/52] U Arid1T8ulUO AB[IA ‘ZZ00L fe4/TTTT OT/I0p/L0D A3 | 1M Afelq 1 pU 1 UO//SARY WOy papeoumoq ‘0 '6L6229%T


https://doi.org/10.18637/jss.v039.i04
https://doi.org/10.1002/ece3.244
https://doi.org/10.1111/j.1365-2656.2009.01583.x
https://doi.org/10.3354/MEPS08864
https://doi.org/10.3354/MEPS08864
https://doi.org/10.1093/icesjms/fsac190
https://doi.org/10.1093/icesjms/fsac190
https://doi.org/10.1007/s00338-022-02258-3
https://doi.org/10.1111/j.1469-185X.2007.00010.x
https://doi.org/10.1111/j.1469-185X.2007.00010.x
https://doi.org/10.1098/rsbl.2019.0453
https://doi.org/10.1098/rsbl.2019.0453
https://doi.org/10.1016/j.smrv.2007.07.005
https://doi.org/10.1177/0748730402239679
https://doi.org/10.1177/0748730402239679
https://doi.org/10.1111/ibi.12818
https://doi.org/10.1093/beheco/aru035
https://doi.org/10.1007/s10641-017-0656-4
https://doi.org/10.1016/j.tree.2004.04.009
https://doi.org/10.1111/j.1095-8649.2012.03436.x
https://doi.org/10.1016/j.anbehav.2010.08.005
https://doi.org/10.1016/j.anbehav.2015.05.025
https://doi.org/10.1016/j.anbehav.2015.05.025
https://doi.org/10.1016/j.seares.2013.02.009
https://doi.org/10.1046/j.1365-2419.1999.00103.x
https://doi.org/10.1046/j.1365-2419.1999.00103.x
https://doi.org/10.1139/cjfas-2018-0293
https://doi.org/10.1139/cjfas-2018-0293
https://doi.org/10.1016/0301-0511(78)90040-6
https://doi.org/10.1016/0301-0511(78)90040-6
https://doi.org/10.1002/ecy.1475
https://doi.org/10.1002/ecy.1475

	Revealing Chronotypes Across Aquatic Species Using Acoustic Telemetry
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Data Collection
	2.2   |   Fitting Hidden Semi-Markov Models
	2.3   |   Computation of the Circadian-Related Behavioural Traits
	2.4   |   Raw Repeatability

	3   |   Results
	4   |   Discussion
	Acknowledgements
	Data Availability Statement
	References


