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Post-release changes in the fine-scale diving ==

behavior and activity of loggerhead sea turtles
(Caretta caretta) from the Northeastern Gulf
of Mexico
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Abstract

Biologging devices have been used to provide critical insights into the ecology of many animal taxa and are par-
ticularly valuable when studying species that are difficult to observe directly, like sea turtles. However, post-release
changes in movement and behavior, likely the result of capture, handling, and tag attachment, can introduce biases
that need to be accounted for when analyzing the data obtained from tag deployments. Fortunately, recent advance-
ments in biologging devices allow not only for horizontal movements to be monitored at high resolution, but vertical
movements as well, often in concert with behavioral data collected by integrated cameras. These types of data allow
for rigorous assessment of post-release effects on study subjects. Here, we investigated short-term changes in log-
gerhead sea turtle (Caretta caretta) behavior following capture and release in the Northeastern Gulf of Mexico, Florida,
U.S.A, using tags equipped with high-definition cameras, pressure sensors and tri-axial accelerometers to record
movement and diving behavior at sub-second resolutions. We used a generalized additive model framework

to identify non-linear temporal changes in sea turtle behavior following release. Longer handling times were associ-
ated with more frequent, shorter dives and more swimming. These dive characteristics were also seen immediately
following release. Dive activity (dynamic body acceleration) was nearly twofold higher immediately following release
relative to when it had stabilized, suggesting greater energy expenditure. However, these behavioral effects were
relatively short lived. Diving frequency and activity decreased over time as dives became longer and the probability
of observing individuals foraging and resting increased. However, we found that the time it took for behaviors to sta-
bilize to what might be considered more natural varied substantially depending on the behavior considered. As such,
investigators should carefully consider how behaviors of interest change after release to avoid biases in interpretation,
rather than just excluding data before a pre-defined cutoff. Our data contribute to a growing literature investigating
the effects of capture and handling on post-release behavior of tagged animals across a variety of taxa and highlight
the need to consider behaviors separately. This will help to limit biases when interpreting tagging data and serve

to fine tune tagging methods to improve animal welfare.
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Background

Behavioral and movement observations are crucial for
understanding how animals interact with their environ-
ment and can provide information about the ecologi-
cal roles animals play in ecosystems. This knowledge
ultimately benefits both management and conservation
[1, 2]. However, obtaining information on the behav-
ior and movement of cryptic species that spend most
of their time underwater can be difficult. In such cases,
biologging devices have been instrumental in providing
important insights into their physiology, ecology, and
movement at increasingly fine spatiotemporal resolu-
tions [3—6]. This has allowed researchers to study animal
migration [7, 8], home range movements and character-
istics [9-12], socially mediated spatial interactions [13],
competition [14-16], foraging behavior [17], and ener-
getics [18]. The insights gained from these studies have
improved our understanding of key ecological patterns
and processes, and provided invaluable information for
the management and conservation of threatened species
[19-21].

While tags have provided substantial insights into
the behavior and ecology of animals, they also have the
capacity to affect behavior, particularly when individu-
als must be captured and handled for tag deployment
[22-25]. Handling effects can introduce biases in subject
behavior that need to be considered when analyzing and
interpreting data, highlighting the need to quantify post-
release changes in behavior, possibly caused by capture,
handling, and tag deployment on study subjects [22].
Further, such studies can inform decisions regarding best
practices for minimizing those effects on the study sub-
jects [26]. A range of effects have been observed across
various taxa and include changes in movement ability,
foraging ecology, activity, and social behavior [24, 27].
These effects are known to vary among taxa, emphasizing
the need to consider taxa-specific effects associated with
capture and release [22, 28].

Tagging, particularly satellite telemetry, has been used
in sea turtle research for decades (e.g., [29]; reviewed in
[30, 31]), providing insights into the large-scale migra-
tion of neonate and adult sea turtles moving between
nesting and foraging areas [32—38]. At smaller spatial
scales, satellite and acoustic telemetry have been used to
study habitat and space use in sea turtles [39-42] while
tags with pressure sensors have been used extensively to
study dive behavior [43—47]. Animal-borne video cam-
eras have been used to observe interactions associated
with intra- and interspecific competition [48] and with
predators [49]. Tags equipped with cameras and various
sensors have also been used to infer sea turtle behavior
through the application of different predictive models,
where algorithms are developed to predict behaviors as

Page 2 of 13

observed from cameras [50, 51]. However, little effort has
been devoted to determining how capture, handling, and
tag deployment influence post-release behaviors in sea
turtles and the time it takes for them to stabilize to what
might be considered their natural levels (but see [52, 53]).
The effects of capture and handling on sea turtles have
been studied in the context of fisheries bycatch (e.g.,
[54]). In contrast, only one study to date has rigorously
investigated the effect of capture and tag deployment on
sea turtle behavior. Thomson and Heithaus [52] found
that the behavior of green sea turtles immediately fol-
lowing release (up to ~2.5 h post-release) differed mark-
edly from behavior on the day after release, with turtles
mainly being found to have higher activity budgets, more
erratic dives, and less foraging activity post-release.
However, because turtle behavior was not continuously
monitored beyond 2.5 h after release, they were unable
to determine how sea turtle behavior changed through
time nor could they specify exactly when behaviors sta-
bilized, reverting to more natural states after release. Fol-
lowing this study, some have adopted the procedure of
discarding the first 2 h of data (e.g., [52]) to account for
the effects of capture and handling on sea turtle behav-
ior (e.g., [55]). Others have made more modest cut-offs
(30 min) based on a visual return of typical behaviors
(e.g., resting and foraging, [56]) obtained from animal-
borne cameras. Similarly, behavioral data immediately
after release has been excluded based on when specific
quantifiable parameters (e.g., dive patterns) stabilize over
time [57]. However, these approaches assume that spe-
cific behaviors (e.g., diving, swimming, foraging) stabilize
at the same time after release, which may prove prob-
lematic. Data exclusion should be specific to the behav-
iors being considered by different studies, rather than a
hard cut-off. As such, there is a need for a more detailed
and quantifiable evaluation regarding how sea turtle dive
behavior and activity change post-release. Fortunately,
recent advancements in biologging devices (e.g., tri-axial
accelerometers, miniaturized cameras; [58]) provide con-
tinuous, sometimes sub-second data on movement and
behavior, that can provide further insights into how sea
turtles might change their behavior post-release [59, 60].
We leveraged these advancements to explore changes
in the dive behavior and energetics in loggerhead
(Caretta caretta) sea turtles following capture, handling,
and release. Specifically, we analyzed data collected by
tri-axial accelerometers and pressure sensors to inves-
tigate changes in dive behavior, including the frequency
and duration of the dives, as well as activity (dynamic
body acceleration, DBA) during dives. We also extracted
behavioral data from high definition (HD) video foot-
age to investigate concurrent changes in observable
behaviors (e.g., swimming, resting, and foraging). We fit
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a combination of generalized linear models (GLMs) and
generalized additive models (GAMs) to better under-
stand how these behaviors are affected by handling time
and change following release. We then use this informa-
tion to provide recommendations for the interpretation
of behavioral data obtained during biologging studies.

Methods

Study site and sea turtle capture

This study was conducted in the coastal waters of the
Northeastern Gulf of Mexico between Crystal Bay and
Homosassa Bay (Citrus County, Florida), known to be
important habitat for green turtles (Chelonia mydas),
loggerhead turtles (Caretta caretta), and Kemp’s ridley
turtles (Lepidochelys kempii; [41, 61]). The study site,
hereafter referred to as Crystal River, includes two man-
agement zones: the state managed St. Martins Marsh
Aquatic Preserve and the federally managed Chassahow-
itzka National Wildlife Refuge (for map of study site, see
(41]).

Surveys were conducted monthly from June to Octo-
ber 2023 as part of an ongoing assessment of sea turtle
population structure in the Crystal River. During these
surveys, C. caretta were opportunistically sighted and
captured using the rodeo technique, consisting of pur-
suing healthy individuals and capturing them by hand
as we jumped from our vessel (Fig. 1a, b). Active pur-
suit did not exceed 13 min (4.1+3.9 min; Supplemen-
tal Information: Table S1) or two breaths by turtles.
No more than two attempts at capture (i.e., two jumps)
were made to prevent unnecessary stress to the animal.
Once captured, turtles were brought onboard the vessel
(Fig. 1c) to be measured with calipers and transect tape
(accuracy +0.1 cm; straight [SCL] and curved [CCL]
carapace length, as measured from the anterior point at
the nuchal scute to the posterior tip of the supracaudals).
Mass was determined to the nearest +0.1 kg. Turtles were
tagged with two Inconel flipper tags (National Band and
Tag Company, Style 681) and a passive integrated tran-
sponder (PIT tag, Biomark, GPT12; [62]). Tags (CATS,
Customized Animal Tracking Solutions, QLD, Australia)
were attached to 15 C. caretta that met the minimum
standard carapace length requirements (>50 cm SCL;
range=64.0 — 94.2 cm SCL) in accordance with our per-
mits. We tagged turtles with two different tags, a larger
device (24.5 cmx11.5 cmX5 cm, 436.7 g) and a smaller
one (22.5 cmXx7.0 cmX3.0 cm, 332.7 g). We estimated
that the large device increased drag on tagged turtles by
13.1-23.9% (89.4 and 64 cm SCL turtles, respectively),
while the small tag increased drag on tagged turtles
by 5.6-7.9% (82.4 and 67.7 cm SCL turtles, respec-
tively; [63]). Handling time, including measurement
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and tag attachment, did not exceed 2 h (meantsd,
74.3 +12.4 min, n=15; SI: Table S1).

CATS tags were equipped with cameras to record
behavior in high-definition (1920 X 1080p), pressure sen-
sors (30 bar, accuracy +0.5% full scale, temperature range
—20-85 °C) to investigate dive behavior, and tri-axial
accelerometers (+4 g with integrated 16-bit ADC, sensi-
tivity =4800 LSB/g) to record fine-scale movement and
activity. The tags were affixed to the midline of each tur-
tle’s carapace, just behind the nuchal scute, using three
points of attachment (Fig. 1c, d). Galvanic timed-releases
(International Fishing Devices, Jupiter, FL, USA) and
zip-ties were used to attach the tags to mesh screen that
was fixed to the carapace using a two-part epoxy (Kwik-
Weld, J-B Weld, Marietta, GA, USA). Galvanic timed-
releases (model A6) were used, and fully dissolved ~24-h
after releasing the turtles back into the ocean. After the
releases dissolved sufficiently, the tags detached from
the carapace and floated to the surface where they were
recovered by VHF radiotelemetry (Advanced Telemetry
Systems, Isanti, MN, USA; transmitter—F183B, receiver
R410 216-219.99 MHz bandwidth).

Our analyses focused on data from tag deployments
on 10 individuals (meanz*sd, 75.9+8.0 cm SCL and
83.2+8.0 cm CCL) for which we had 18.9-24.6 h deploy-
ments (mean +sd, 21.3+2.1 h) and at least 6 consecutive
hours of data during daylight hours (i.e., before sunset)
immediately following release (SI: Table S1). We also
used the data acquired from video analyses of footage
collected during four other deployments (SI: Table S1) to
assess inter-rater reliability as described below, though
these deployments lacked the 6 consecutive hours of data
collected during daylight hours immediately following
release to be included in our primary analyses.

Accelerometer and pressure sensor data

All data processing, analysis, and visualization was done
using R software and computing language (R v. 4.3.1
[64]). Our accelerometers were programmed to sample
at 20 Hz. We performed bench calibrations of the tri-
axial accelerometers in our tags following the procedure
in [65]. The acceleration data were corrected to conform
to East-North-Up (ENU) axis conventions, and the cali-
bration constants needed to calibrate these data were
determined using the spherical function in the tagtools
package (v. 0.1.0; [66]). The calibration constants identi-
fied in the bench calibrations were applied to correct the
raw acceleration data from each deployment. Raw accel-
eration data consists of a static component due to gravity
and a dynamic component (dA) that results from animal
movement. The static component of acceleration was
determined in each axis (x, y, and z) by computing a run-
ning mean of the calibrated acceleration data centered on
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Fig. 1 Turtles were opportunistically sighted, chased (a), and captured using the rodeo technique (b). Once captured turtles were brought onboard
for sampling, measurements, and tagging (c). CATS tags were then affixed to the carapace using epoxy and galvanic timed releases (d)

a 2 s window (as in [67]). Dynamic acceleration was cal-
culated by subtracting static acceleration from raw accel-
eration for each axis and these values were then used to
quantify dynamic body acceleration (DBA, Eq. 1; [68]). In
addition to being a measure of activity level, DBA is pro-
portional to oxygen consumption in many taxa and acts
as a proxy for energetic expenditures during movement
[59, 68-71]. We quantified DBA at high frequency and
kept one value per 2 s.

DBA = /(dA,* + dA,* + dA%) (1)

Our pressure sensors were programmed to collect
pressure (i.e., depth) data at 10 Hz. The data acquired
from each tag deployment were calibrated using the
diveMove package (v. 1.6.1; [72]). Specifically, zero-
offset corrections of the depth data were performed
by computing running quantiles (p) over different
window sizes in a recursive manner (first pass: p=0.5,
window=3 s; second pass: p=0.05 window=12 s)
using smoothing splines [73]. Zero-offset corrections
were implemented using the calibrateDepth function,
which was also used to identify dives and their phases.
The diveStats function was then used to compute dive



Manning et al. Animal Biotelemetry (2025) 13:13

statistics (e.g., dive duration) for each dive. A minimum
depth of 1 m for at least 30 s was used to define dives
and the diveStats output was adjusted as such. Defining
dives in this way is well supported by the literature [50,
74, 75], and was necessary given the shallow nature of
our study sites (1.4 + 0.3 m depth at capture, mean +sd
for 14 turtles). Finally, we computed the mean DBA for
each dive.

Our CATS tags also collected temperature data at
10 Hz. We calibrated the temperature data obtained
from each tag using the sea surface temperature meas-
ured at capture with a calibrated YSI (YSI Pro Plus,
Ohio, USA). We first calculated the differences between
temperature obtained by the tag’s onboard tempera-
ture sensor between 15 — 30 min after release and the
seawater temperature recorded at capture. We disre-
garded the first 15 min to avoid spurious values related
to exposure of the camera to the sun while the turtle
was on the boat. We used the mean of these differ-
ences (pooling readings from all deployments for each
camera) as an offset to correct the temperature sensor
data. For the final dataset, all temperature values from
release to 30 min were made to reflect the corrected
temperature at 30 min.

Behavioral annotation of videos

Several HD videos (range=6-22 videos) were obtained
from each deployment (n=15, SI: Table S1). These videos
were 26.5 + 8.4 min (mean + sd, n=187) in duration. Two
observers used the behavior analysis software BORIS [64]
to analyze videos for each of the 15 turtles, and record
when the following 6 behaviors occurred in those videos:
breathing, swimming, resting, foraging, species interac-
tions, and other (see SI: Table S2 for descriptions). Each
observer watched approximately half of the videos from
each deployment. A randomly selected subset (n=20)
of all videos (n=187) were watched by both observers
to assess inter-rater reliability (i.e., how well the obser-
vations of different observers aligned). Intra-class cor-
relation coefficients (ICC) were calculated to determine
agreement between observers for each behavior using a
two-way mixed effect model implemented with the icc
function in the irr package (v. 0.84.1; [76]). Inter-observer
agreement was high (mean ICC >0.8; [77]) for all behav-
iors except ‘other’ (SI: Table S3). As such, we assumed
that there were no significant observer biases and we
moved forward with analyses, using the data from the
first observation for videos that were annotated twice.
We retained annotations from videos where the midpoint
of the observation interval was 6 h from release, focusing
analysis on the 10 turtles that we identified as having at
least 6 h of sensor data during daylight following release.
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Statistical analyses

We assumed that behavior would change non-linearly
after release. So, we implemented a generalized addi-
tive model (GAM) approach using the mgcv package (v.
1.8.42; [78]). We initially fit time from release and tem-
perature as smooths in our models, setting the number of
basis functions, k=>5. All smoothing factors were fit with
thin plate regression splines. Turtle identification was
also included as a random effect (i.e., random intercept
smooth) in some models (detailed below). Handling time
was included in each model as a linear predictor. After
fitting our initial models, we used the gam.check function
in mgev (v. 1.8.42; [78]) and the simulateResiduals func-
tion in DHARMa (v. 0.4.6; [79]) to visually assess whether
residuals met model assumptions, to check that k was
appropriately specified for each smooth, and to deter-
mine whether smooths were necessary for our predictors
(i.e., edf >1). All models were fit using restricted maxi-
mum likelihood (REML) estimation. For our final GAM
models, we analyzed the first derivative of significant
smooth terms to identify periods of significant increase
or decrease in our response variables using the deriva-
tives function in the gratia package (v. 0.8.1; [80]). When
none of our predictors were non-linear (i.e., edf=1), we
instead fit generalized linear models (GLM) using the
glmmTMB package (v. 1.1.7; [81]) and their assumptions
were visually checked using the DHARMa package (v.
0.4.6; [79]). We estimated marginal effects for variables
of interest while holding all other variables as constants
at their means using the predict function in the stats
package (v. 4.3.1; [64]). Results were visualized using the
ggplot package (v. 3.4.3; [82]).

The number of dives 30-min™" was modeled with a
GLM fit to a Poisson distribution that included time from
release, handling time, and temperature as fixed fac-
tors (SI: Table S4). The log of dive duration was modeled
with a GAM fit to a Gaussian distribution that included
time from release (based on the midpoint of each dive)
as a smooth (k=5) and turtle identification as a random
effect. Temperature (at the beginning of the dive) and
handling time were included as linear predictors in the
model (SI: Table S5). Mean DBA dive™! (hereafter, dive
DBA) was modeled with a GAM fit to a scaled t-distri-
bution for heavily tailed data that included time from
release and temperature as smooths (k=5 and k=20,
respectively). We also included dive duration as a smooth
(k=5), as dive duration has been correlated with activity
in past studies [44, 60]. Turtle identification was included
as a random effect (SI: Table S6).

A similar approach was implemented to assess how
observed behavior changed following release, focus-
ing on swimming, resting, and foraging. Videos were
the unit of replication for these analyses. The midpoint

1
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of each video (determined by the timestamp associ-
ated with each video) was used to determine time from
release. The mean temperature for the entire video
period was used as a predictor in these models. We fit a
GAM to a Gaussian distribution for total time (s) spent
swimming during each video that included time from
release as a smooth (k=5) and turtle identification
as a random effect. Temperature (mean for the video
period) and handling time were fit as linear predictors,
and we included log of the total observation time (s) as
an offset (SI: Table S7). For resting and foraging, we fit
two separate GAMs using a hurdle approach. The first
GAMs fitted the probability of resting or foraging (i.e.,
did resting or foraging occur in the video?) to binomial
distributions (SI: Table S8 and S10, respectively). The
second GAMs fitted the total time spent resting and
the log of total time spent foraging when they occurred
(i.e., excluding videos with no occurrence) to Gaussian
distributions (SI: Table S9 and S11, respectively). Both
GAMs for resting and foraging included time from
release (midpoint of the video) as a smooth (k=5) and
turtle identification as a random effect. The models also
included temperature and handling time as linear pre-
dictors in the model, and log of observation time as an
offset.
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Results

The behavior of two adult female (85.9+4.9 cm SCL,
92.4+4.5 cm CCL; mean *+sd), one adult male (85.6 cm
SCL, 93.1 cm CCL), and 7 subadult (71.6 +4.6 cm SCL,
79.2+54 c¢cm CCL; mean+tsd) loggerhead turtles were
analyzed (SI: Table S1). In total, 879 dives were included
in our analyses.

There was a significant effect of handling time
(=0.008, se=0.003; z=2.440, p=0.015) and time
from release (B=-0.001, se=0.0003; z=-3.717,
p<0.001) on the number of dives 30-min~'. For every
minute increase in handling time, the expected number
of dives 30-min~! increased by 0.78% (Fig. 2a). Turtles
dove more frequently immediately after release and the
expected number of dives 30-min~! decreased by 0.13%
every minute following release (Fig. 2b). Dive dura-
tion (log scale) decreased significantly as a function of
handling time (f=-0.018, se =0.006; t-value =—3.008,
p=0.003; Fig. 3a). Additionally, there was a signifi-
cantly non-linear relationship between dive dura-
tion (log scale) and time from release (edf=3.207,
k=5, F-ratio=32.017, p<0.001). Dives were shortest
immediately following release (Estimate=53.8 s, 95%
CI=42.0-68.9 s at 1.2 min after release) and increased
until 176 min post-release (Estimate=141.5 s, 95%
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Fig. 2 aThe relationship between the number of dives per 30-m bin and handling time (min). b The relationship between the number of dives
per 30-min bin and the amount of time elapsed since release (min). For both plots, points represent raw counts per 30-min bin and the lines (with
+95% Cls) reflect the marginal effects predicted from the fitted Poisson regression model (GLM) while holding all other variables constant at their
means. Garnet and gold segments denote significant decreases and increases, respectively
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Fig. 3 aThe relationship between the log of dive duration (s)
and handling time (min). b The relationship between the log of dive
duration (s) and the amount of time elapsed since release (min).
The relationship between dive DBA (m s72) and the amount of time
elapsed since release (min). For all plots, points represent the raw
data and the lines (+95% Cls) reflect the marginal effects predicted
from the fitted GAMs while holding all other variables constant
at their means. Garnet and gold segments denote significant
decreases and increases, respectively
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CI=121.7-164.4 s), after which the relationship pla-
teaued (Fig. 3b). Neither the frequency nor duration of
dives were significantly affected by temperature.
Activity (dive DBA) during dives was not signifi-
cantly affected by handling time, but there were sig-
nificant non-linear effects of time elapsed since release
(k=5, edf=3.881, X2=890.7, p<0.001) and dive dura-
tion (k=5, edf=3.807, X2=708.8, p<0.001) on dive
DBA. Dive DBA was highest during dives immedi-
ately following release (Estimate=0.399 ms™2%, 95%
CI=0.344-0.463 ms~? at 1.2 min after release) but
decreased significantly until 196 min after release
(Estimate=0.230 ms™2, 95% CI=0.199-0.266 ms %
Fig. 3c). Dive DBA was then relatively constant before
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significantly increasing from 295 min post-release
(Estimate=0.228 ms™?, 95% CI=0.197-0.264 ms?)
until 360 min after release (Estimate =0.240 ms™>, 95%
CI=0.206-0.279 ms~%; Fig. 3c). Dive DBA was highest
during the shortest dives (Estimate=0.300 ms™2, 95%
CI=0.259-0.347 ms~? for 30 s dives) and decreased
significantly until dives reached 684 s in duration (Esti-
mate=0.119 ms™% 95% CI=0.100-0.142 ms ), after
which the relationship flattened out (SI: Figure S1). The
relationship between dive DBA and temperature was
significantly non-linear (k=20, edf=16.776, xX*=151.3,
»<0.001) but showed no clear pattern (SI: Figure S2).

The amount of time C. caretta spent swimming
increased significantly as a function of handling time
(P=16.332, se=7.968, t-value=2.050, p=0.044; SI:
Figure S3). Conversely, the total time spent swimming
decreased as a function of temperature (p=-97.178,
se=36.513, t-value=-2.661, p=0.010; SI: Figure
S4). There was a significant, non-linear effect of time
elapsed since release (k=5, edf=3.281, F-ratio=6.735,
p<0.001) on the time C. caretta spent swimming. The
time spent swimming peaked 76 min post-release (Esti-
mate=1452.676 s, 95% CI=1233.464-1671.887 s for a
1683.976 s mean observation period) and remained high
for 102 min after release before declining throughout the
remainder of the 6-h period, with significant declines
between 102—177 min and 267-353 min (Fig. 4a).

Handling time did not have a significant effect on
resting probability, but was negatively associated with
the total time C. caretta spent resting (f=-19.827,
se=>5.432, t-value=-3.650, p<0.001; SI: Figure S5).
There was also a significant, non-linear effect of time
from release on resting probability (k=5, edf=2.832,
x>=14.237, p=0.003), but not on the total time spent
resting. The probability of resting was lowest immediately
after release and increased significantly from release until
121 min post-release (Figure S6). The probability of rest-
ing was not affected by temperature, but temperature did
have a significant, positive linear effect on the total time
spent resting when it occurred (p="72.793, se=31.022,
t-value =2.346, p=0.025; SI: Figure S7).

Handling time negatively affected the probability for
foraging to occur in C. caretta (p=-0.088, se=0.032,
z=-2.801, p=0.005; SI: Figure S8), but had no effect
on the log of total time spent foraging when it occurred.
We found a significant, non-linear effect of time from
release on both the probability of foraging occurring
(k=5, edf=1.436, x*=12.525, p=0.001) and on the log
of the total time spent foraging when it occurred (k=5,
edf=2.166, F=3.441, p=0.031). The foraging probabil-
ity increased significantly from release to 264 min after
release, after which it remained elevated (Fig. 4b). Total
time spent foraging was very low immediately following
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Fig. 4 aThe relationship between the total time spent swimming
(s) during an observation period (mean=1683.976 s observation,
n=282 videos) and the amount of time elapsed since release (min).
b The relationship between foraging probability for an observation
period (mean=1683.976 s observation, n=382 videos) and the time
elapsed since release (min). ¢ The relationship between the log
of total time spent foraging (s) during an observation period
(mean=1771.842 s observation, n=38 videos) and the time elapsed
since release (min). For all plots, points represent the raw data
extracted from the annotated videos and the lines (+95% Cls) reflect
the marginal effects predicted from the fitted GAMs while holding all
other variables constant at their means. Garnet and gold segments
denote significant decreases and increases, respectively

release (Estimate =38.745 s, 95% CI=5.720-262.434 s for
a 1771.842 s mean observation period at 20.9 min after
release; estimate back-transformed from the log-scale)
and remained low until 231 min after release, but then
significantly increased the remainder of the time (Fig. 4c).
There was a significant negative effect of increasing tem-
perature on foraging probability (p=-0.306, se=0.135,
z=-2.274, p=0.023; SI: Figure S9), but not on the log of
the total time spent foraging.
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Discussion

The combination of HD video footage of sea turtle behav-
ior and fine-scale movement and dive data acquired from
triaxial accelerometers and pressure sensors allowed us to
explore how loggerhead dive behavior and activity were
affected by handling and how those behaviors changed
after release. Longer handling times were associated with
more frequent shorter dives, increased swimming activ-
ity, and decreased resting and foraging activity. Behavior
immediately following release seemed to reflect these
handling effects. Dives were shorter and more frequent
immediately following release, corresponding with more
active dives (higher dive DBA). Specifically, dives were
~2.6-fold shorter and dive DBA was ~1.7-fold higher
immediately following release than after they had stabi-
lized. These findings suggest a possible increase in energy
expenditure and oxygen consumption as a result of han-
dling and tagging [59, 68-71]. Total time spent swim-
ming peaked at 76 min after release and remained high
for 102 min, before beginning to decline. The probability
of resting and foraging were low immediately following
release and increased until 121 and 264 min, respectively.
Sea turtle behaviors eventually stabilized after release,
likely returning to more natural states. Dives became
longer and energy expenditure during dives declined
(lower dive DBA), while resting and foraging behaviors
became more likely as time increased from turtle release.
This is consistent with findings that longer dives, particu-
larly U-shaped dives, are often associated with resting
and/or foraging behavior in sea turtles [74].

Previous work by Thomson and Heithaus [52] found
comparable results to ours when exploring the effects
of capture of green sea turtles on post-release behavior.
Specifically, they found that swimming was more preva-
lent at the beginning of their deployments; while forag-
ing and resting were more common at the end of their
deployments. They also suggested that it took at least
2.5 h post release for turtles to return to more stable
behavior, though they did not continuously observe turtle
behavior beyond 2.5 h [52]. Although our work focused
on a different species, it indicates that the time it takes
for behaviors to return to a more natural state may be
behavior-dependent. For example, resting probabilities
stabilized 121 min after release, while the foraging prob-
abilities stabilized 264 min after release. Conversely,
the total time spent foraging was still increasing at the
end of the 6 h period. Energy expenditure during dives
decreased by ~58% before stabilizing 196 min after
release, while dive duration increased by ~38% before
stabilizing 176 min after release. The expected number
of dives within a 30-min period continually decreased
throughout the 6-h period. Therefore, rather than dis-
carding data before a predetermined cut-off, it may be
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necessary to impose behavior-specific cutoffs to avoid
biases in inference when analyzing biologging data. Addi-
tionally, the difference in the time it took for loggerhead
sea turtle foraging behavior to stabilize following release
in our study relative to the green sea turtles in [52] sug-
gests that that there may be species- and/or site-specific
differences in post-release behavioral effects of tagging.
Regardless, understanding post-release changes in behav-
ior is crucial for making informed inferences from biolog-
ging data.

The effects of capture and handling associated with
the deployment of biologging devices has been demon-
strated in many taxa, including birds [83—85], mammals
[25, 86, 87], and elasmobranchs [88, 89]. Consistent with
our findings, some of these studies found that individu-
als increased their energy expenditure and locomotion
after release [75, 79], whereas other taxa (e.g., terrestrial
omnivores and carnivores) were initially less active and
mobile, with effects lasting hours to weeks [87]. Long-
term post-release effects, potentially from tag deploy-
ment, have also been observed to impact reproductive
success and migration of different animals [84]. These
effects can have critical implications for individual fit-
ness and populations dynamics. Tagging in our study
appeared to have relatively short-term effects on behav-
ior, though not all behaviors (e.g., dive frequency) fully
stabilized during our 6 h observation period. Capture,
handling, and tagging are also known to cause physi-
ological changes in different taxa [90-92]. In sea tur-
tles, studies exploring the sublethal impacts of bycatch
and associated capture, indicated that capture can also
induce stress and metabolic responses (e.g., increase
in blood cortisol, and lactate concentrations, increased
lactate, respiratory acidosis; [93-95]). As such, future
studies exploring the effects of handling and tag deploy-
ments on sea turtles might also consider effects on these
parameters. Additionally, understanding how responses
to capture, handling, and tagging vary within (life-stage
and sex) and among species will allow for better interpre-
tation of biologging data, providing a stronger basis for
answering fundamental questions related to the behav-
ior of sea turtles [22, 52]. We were limited in our ability
to conduct a thorough analysis of the effects of life stage
and sex on post release behavior due to the small sample
size of adult sea turtles we were able to capture. However,
we have included information on life stage and sex in the
supplement (SI: Table S1) as a catalyst for future work.

To broaden our understanding of how different aspects
of capture and handling affect individuals, studies should
also collect and report information on how individuals
where captured (e.g., dip net, soak net, rodeo), as this can
influence the responses of captured animals [96]. Stud-
ies should also report associated chase or soak times, as
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well as the duration that individuals were restrained for
data collection and deployment of tags (included in SI:
Table S1 for this study). Tag size and attachment meth-
ods can also affect animal behavior and energetics [97].
For example, tag shape and size relative to animal body
size can affect the drag experienced by the animal [63].
As such, these factors should also be considered and
reported in studies deploying tags and in the analysis of
the effects of tag deployment and associated effects from
handling and capture [85, 98—100]. Based on the frontal
areas of our tags and the sizes of tagged turtles, our tags
increased drag by 5.6—-23.9%, which is within an accepta-
ble range based on previous studies and best practices for
attachment procedures for sea turtle biotelemetry [63,
101]. Our larger tag was teardrop shaped, which may fur-
ther reduce drag and associated energetic costs relative
to square shaped tags [101]. As such, our drag estimates
for this tag may have been somewhat overestimated. The
effects of the tags themselves on the yearly energy budg-
ets of our turtles were likely to be negligible due to the
short duration of our study (<25 h).

A simple way to minimize the effects of tagging on
post-release behavior is to deploy tags in a way that does
not require capture and handling of animals. Unlike
other taxa (e.g., marine mammals), sea turtles are often
captured or restrained for tag deployment, which could
elicit capture related stress and changes in behavior. To
our knowledge, only one study to date has used a pole
to deploy tags on turtles, deploying a TurtleCam system
with suction cups on leatherback sea turtles from a boat
[102]. Although the deployment of tags with suction cups
is becoming more common on sea turtles (see [49, 103]),
the majority of studies are still capturing and handling
turtles, since capture also allows for a plethora of other
information (e.g., on body size, body condition, health)
and samples (e.g., for genetic and stable isotope analy-
ses) to be collected. Additionally, the suction cup method
only works well if suction can be maintained. This is not
always possible when the carapace is fouled or uneven, as
was the case with the loggerhead sea turtles captured in
this study.

Other factors may impact the behavior of released
animals, including whether they are held for a period
of time in an acclimating environment before release
(i.e., a soft release) or released immediately after being
held in captivity (i.e., a hard release), as per our study.
Soft releases, including in terrestrial reptiles, have been
shown to improve the success of conservation transloca-
tion programs, including reducing movement away from
the release site [104]. However, soft releases would be
logistically challenging for sea turtles, as it would require
taking them into captivity, where conditions differ to the
wild and can cause other adverse effects. Environmental
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factors, namely temperature, may also affect animal
behavior, especially of ectotherms [105]. Indeed, in our
study, increased temperature resulted in reductions in
swimming and foraging behavior, and increases in the
time spent resting by our tagged sea turtles. However,
these effects are likely the result of temperature variabil-
ity across deployments (i.e., seasonal changes in tempera-
ture; range=21.0-33.2 °C) rather than within a single
deployment. Seasonally, dive duration is expected to be
negatively correlated with temperature because of meta-
bolic depression and reduced oxygen consumption at
lower temperatures [106—111]. Neither dive frequency
nor dive duration were significantly affected by tempera-
ture in the present study, and there was no clear effect of
temperature on dive DBA. The lack of a strong relation-
ship between temperature and dive behavior may be the
result of variability driven by the relatively shallow depth
range the turtles were experiencing and its effects on
within dive variation in temperature.

While our study focuses on the effects of handling on
sea turtles, our main findings and conclusions should be
applicable across taxa. The trade-offs between the ben-
efits of capturing animals and the associated effects of
capture and handling on behavior need to be considered
when planning research to ensure that sufficient data are
collected to avoid biases and allow for meaningful infer-
ences to be drawn from them. The effects of capture and
handling may be behavior-specific, and the time it takes
for different behaviors to stabilize following release may
vary substantially. As such, considerations made when
processing data from tag deployments will depend on
the questions and behaviors of interest. As biologging
becomes more accessible, these kinds of studies will be
increasingly important. We recognize that video tags
and, therefore, direct observation of behavior may not
be widely available at present. However, substantial
insights can be obtained from the analysis of movement
data (both vertical and horizontal) obtained from iner-
tial measurement units within tags. The data collected by
accelerometers, for instance, can be used to infer behav-
ior through changes in body orientation and motion, and
allow for the estimation of energy expenditure (i.e., DBA;
[112-114]). In marine animals, substantial insights can
also be gained from the analysis of dive profiles [45, 109].
These data can and should be used to inform how tagging
affects animals, not only to improve research outcomes
but also animal welfare.

Conclusion

Our study contributes to the growing literature regard-
ing the effects of capture, handling, and tagging on
animal behavior. We found that capture and han-
dling associated with tagging affects the post-release
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behavior of sea turtles. Additionally, the time it takes
for sea turtle behavior to stabilize following release was
highly behavior-dependent. We recommend careful
consideration be given to the biases introduced by the
capture and tagging, which will be partly determined
by the questions and behaviors of interest. Fortunately,
tags themselves offer a means of doing so in a rigorous
fashion.
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