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Abstract

Bycatch from pelagic longline fisheries poses a serious threat to the endangered leatherback turtle in the
Atlantic Ocean. However, the spatiotemporal distribution of bycatch risk remains poorly understood,
largely due to data limitations such as sparse observer coverage, zero-inflation, and inconsistent
temporal sampling. Here, we analyze 18 years (2002-2019) of Japanese longline observer data to
identify seasonal high-risk areas for turtle bycatch, using a zero-inflated binomial model based on
stochastic partial differential equations (SPDE) combined with hotspot analysis. This framework allows
us to extract meaningful spatial patterns from data-poor situations and generate spatially explicit
estimates of relative leatherback density and bycatch risk. Our results reveal that bycatch hotspots
occur predominantly near the African coast in the first quarter and expand across both the African coast
and the broader North Atlantic in the fourth quarter. Seasonal differences in risk were more pronounced
than interannual fluctuations, aligning with known migratory behaviors of leatherbacks. These findings
underscore the importance of season-specific conservation strategies such as time-area closures or
dynamic bycatch avoidance measures, providing actionable spatial and seasonal risk maps that could
inform the design and timing of mitigation measures. More broadly, our approach offers a practical
solution for assessing risk in other threatened marine taxa under data-limited conditions and enhances
evidence-based conservation planning in marine ecosystems.

Introduction

The conservation of vulnerable species has become increasingly urgent as human activities and
environmental disturbances push many to the brink of extinction (Sutherland et al. 2014; Hanson et al.
2020). Despite this urgency, critical knowledge gaps remain for numerous species, particularly regarding
their spatial and seasonal density distributions (Thompson 2004). Most sea turtle species, which are
highly affected by human activities and environmental changes, are classified as endangered and listed
in the IUCN red list of threatened species (Seminoff & Shanker 2008). Due to their wide-ranging
migratory patterns, obtaining density distribution for this species is challenging, leaving basic density
distributions largely unknown (Bolten 2003; Hays 2004). Among these, the leatherback turtle
(Dermochelys coriacea) is considered a critically endangered species in the IUCN Red List due to
dramatic declines in some populations, caused by anthropogenic factors including fisheries interactions
and habitat disturbance (Bolten 2003; Wallace et al. 2013). The highly migratory ecology and extensive
habitat of this species contributes to the occurrence of bycatch in coastal and pelagic fisheries including
longline, purse seine, and gillnet, which has been a major concern due to its negative impacts on
populations (Ross 1995; Lewison et al. 2004; Lewison & Crowder 2007). Understanding the density
distribution of leatherback turtles and the mechanism of bycatch is crucial for devising effective
conservation measures (Fossette et al. 2014).

Bycatch related fisheries operational data represents a valuable resource for identifying high-risk areas
of interaction between sea turtles and fisheries. These datasets contain spatial and temporal ecological
observations that have enabled major advancements in bycatch risk analysis, such as hotspot
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identification and studies on the influence of prey availability and environmental factors on interaction
rates (Ferreira et al. 2011; Cambié et al. 2013; Lucchetti et al. 2017; Nordstrom et al. 2020; Lopez et al.
2024). For instance, Fossette et al. (2014) used broad-scale tracking and fisheries operational data to
uncover seasonal and spatial variations in bycatch risk across the Atlantic, while Roe et al. (2014)
demonstrated the potential of spatially separated management zones in reducing bycatch risk in the
Pacific. Despite these advances, most studies have primarily addressed static or localized patterns,
constrained by the spatial overlap between tracking data and longline vessel operations. Consequently,
dynamic, large-scale spatiotemporal trends in leatherback turtle density and bycatch risk remain poorly
understood. Moreover, historical shifts in these patterns are seldom explored, hindering the development
of conservation strategies responsive to evolving environmental and fisheries conditions.

Addressing these challenges requires advanced statistical approaches that can simultaneously handle
issues such as zero-inflated data, spatiotemporal sampling biases, and missing observations. The SPDE
(Stochastic Partial Differential Equations) framework, a highly accurate method for modeling spatial
correlations in continuous domains, has been successfully applied in various ecological studies to
address such issues (Munoz et al. 2013; Thorson et al. 2017; Thorson et al. 2019; Lezama-Ochoa et al.
2020; Jaksons et al. 2022). In this study, we apply an SPDE-based zero-inflated binomial distribution
model to analyze bycatch data for Atlantic leatherback turtles. This approach accounts for
spatiotemporal autocorrelation and missing data by leveraging information from neighboring
observations, enabling robust estimation of turtle density distributions and bycatch risk. In addition, by
integrating SPDE analysis with hotspot analysis, we can identify high-priority conservation areas after
addressing data gaps (Evans et al. 2021). While this combined approach has not yet been applied in a
biological conservation context, it holds great promise for analyzing bycatch data and understanding
spatial population dynamics.

The Atlantic Ocean represents a key habitat for leatherback turtles, with longline fisheries operating
extensively across this region (Fossette et al. 2008; Witt et al. 2011). Although some nesting sites in the
Atlantic have remained stable or even increased in contrast to the declines seen in the Pacific (Fossette
et al. 2008), bycatch from large-scale longline fisheries remains a persistent threat (Wallace et al. 2013;
Fossette et al. 2014). Bycatch information for Atlantic leatherback turtles, collected from Japanese
observer data since 1997, includes records of bycatch numbers and fishing effort (total hooks). Despite
challenges such as zero-inflation and spatiotemporal biases, the application of advanced statistical
methods to these datasets can shed light on previously unidentified Atlantic-wide leatherback turtle
density distributions and bycatch hotspots. Additionally, this study will identify cold spots—areas with
consistently low bycatch occurrence—which are equally important for understanding spatial risk
heterogeneity. By examining seasonal and annual changes in these hot/cold spots, we can better
understand the ecological drivers of bycatch risk and contribute to more effective conservation
management.

In this study, we applied a spatiotemporal model combining SPDE and zero-inflated binomial distribution
to Japanese longline observer data to analyze fluctuations in bycatch occurrence for Atlantic
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leatherback turtles. Using quarterly fishing records and sea surface temperature (SST) data, we
estimated relative turtle density across the Atlantic, identified hot/cold spots of bycatch risk, and
examined their annual and seasonal dynamics. By addressing these gaps, our research aims to provide
actionable insights into the ecological drivers of bycatch risk and support the development of more
effective and adaptive conservation strategies for this critically endangered species.

Materials and Methods
Study area and data

This study focuses on the Atlantic Ocean, encompassing both the Northern and Southern Hemispheres
(Fig. 1). Various fisheries, including longline and purse seine operations, are active in the Atlantic, with
longline fishing being particularly extensive. The nesting sites of the Atlantic leatherback turtle are
located in several tropical regions, such as Costa Rica, Panama, Puerto Rico, Colombia, Torinidad and
Tobago, French Guiana, Suriname, U.S. Virgin Islands, the mainland United States and Gabon (Dow et al.
2007; Girondot 2015; Horrocks et al. 2016). They are a highly migratory species and their distribution
range extends from the North Atlantic to the South Atlantic (Bolten 2003). The migratory pattern of this
species shows seasonality, with North Atlantic populations known to migrate from high to low latitudes
for nesting during the summer (Doyle et al. 2008).

Data on fishing operations and sea turtle bycatch within the ICCAT convention area have been collected
since 1997 through Japan's scientific observer program. This study uses data collected from 2002 to
2019, a period with a relatively large number of observed operations and sufficient spatial coverage. The
data used include the year of capture, latitude and longitude of the fishing start point, the number of
hooks observed, the number of leatherback turtle bycatches, and recorded sea surface temperature
(SST) by vessel. Given that the behavior and ecology of the leatherback turtle may vary seasonally, the
data were divided into quarters (Q1: January-March, Q2: April-June, Q3: July-September, Q4: October-
December). Of these, Q1 and Q4, which had sufficient observation points and relatively high bycatch
frequency, were selected for analysis. Data were filtered according to known distribution limits, ranging
from 60°N to 45°S, based on suitable thermal environments for leatherback turtles (Doyle et al. 2008;
Fossette et al. 2010).

SPDE approach

Continuous spatial process modeling is generally computationally intensive. However, the stochastic
partial differential equation (SPDE) approach proposed by Lindegren et al. (2011) allows for an efficient
approximation of spatial processes, making such modeling more feasible. Specifically, it reduces the
continuous spatial correlations in a Gaussian random field (GRF) to a discrete Gaussian Markov random
field (GMRF) by using a sparse precision matrix based on neighboring relations, thereby avoiding the
computationally demanding estimation of the inverse covariance matrix (see Lindegren et al. 2011 for
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details). In the SPDE approach, a Delaunay triangulation mesh is created to define neighboring
relationships and represent spatial correlations. The entire process, from constructing the graphical
model to performing fast computations using Laplace approximations, is implemented in the R package
INLA (https://www.r-inla.org) (Lindgren and Rue 2015; Rue et al. 2017), making it a useful tool for
implementing spatial statistical models that are often computationally demanding. In this study, we used
INLA version 23.04.24 to create a mesh of the study area based on the location information of the
observation points (Fig. 1) and conducted the estimation using the spatiotemporal statistical model
described in the subsequent modeling section.

Modeling for bycatch event

Leatherback turtle bycatch risk was calculated as the number of bycatches per 1,000 hooks (considering
an offset term for fishing effort). The geographic distribution of observed hooks, leatherback turtle
bycatch counts, and observed SST was aggregated into 5° x 5° square grids. For SST data, we used
HadISST data with combined spatial resolution in the absence of onboard observation records (i.e.,
areas without fishing effort) (HadISST v1.1; Rayner et al. 2003). All the above data were compiled for
each of the quarters 2002-2019, and monthly data were averaged to make quarterly data.

The leatherback turtle bycatch data exhibited greater variance than the mean, along with a high
frequency of zero observations. We modeled the bycatch count data using a zero-inflated negative
binomial distribution, which appropriately handles overdispersed discrete data with many zeros. The
zero-inflated negative binomial distribution consists of two models: one for whether the observed count
is zero, and another for sampling the non-zero discrete observations. Following the notation of Ross et
al. (2012), we describe the negative binomial model below. Let y, , (i=1, 2, .., N) denote the bycatch

count at location s and time ¢ (year), which is assumed to follow the following negative binomial
distribution:

0 with pobability v , ,

Ysp = NegBinom (,u st cp) with pobability 1 — 4,

1

Here, ¢ 5. Is the parameter determining whether the data is zero, u , represents relative density, and
¢ is the parameter indicating the probability of bycatch not occurring. Using w st 1N from Eq. (1), we

constructed the following model, considering SST as an environmental factor affecting relative density
(Catch per unit effort: CPUE), with fishing effort (total number of hooks) as an offset term:

25t = log ('“ s,t> =a+bSSTst +n, + x5t + log (Es )
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where ais the intercept, b is the coefficient for SST, 7  is spatial random field, x,; is the
spatiotemporal effect, and log (Est) is the offset term for fishing effort. The spatial random field 7 ,
represents the random effect for spatial autocorrelation, approximated as a discrete GMRF based on
neighborhood relations using the SPDE approach. The spatiotemporal version x, ; represents the
combined spatial and temporal autocorrelation (expressed as the Kronecker product of the precision
matrices for spatial correlation and AR (1); Cameletti et al. 2013). Incorporating these terms into the
model allows for considering unknown environmental factors and their temporal variations as stochastic
fluctuations affecting relative density. In this study, the average effect of environmental factors such as
habitat suitability and prey density were represented by the latent variable 7 ., while the other variation
including temporal factors was represented by the latent variable x, ;. These autocorrelation terms are
also useful in missing data estimation, enabling the investigation of relative density changes from
spatiotemporally limited observation data.

For the prior distribution, we applied PC-priors (Fuglstad et al. 2018), which effectively penalize
deviations from the prior and help control model flexibility, thereby reducing the risk of overfitting. We
used these priors for the spatial correlation parameters, specifically the range and marginal standard
deviation, as well as for the temporal correlation strength parameter. We set a weakly informative prior
with a median range of 2,500 km (UTM), a median marginal standard deviation of 0.5,and a 0.7
probability that the temporal autocorrelation (p) exceeds 0.5 (where 0 < p < 1). For all other parameters,
we used the default priors provided by INLA.

Hot spot analysis

To identify potential bycatch hotspots for leatherback turtles, we calculated the Getis-Ord Gi* statistic
(Ord and Getis 1995) using the estimated relative density values to detect local spatial patterns in each
neighboring region. The statistic is calculated as the ratio of a spatial lag for a given feature to the sum
of neighboring feature values. A positive Gi* value indicates that the feature and its neighbors have high
values, while a negative value indicates low values. Based on this statistic, we calculated p-values and
classified hotspots and cold spots into seven categories (very hot: Gi* > 0 and p-value < 0.01, hot: Gi* >0
and p-value < 0.05, somewhat hot: Gi* > 0 and p-value < 0.1, very cold: Gi* < 0 and p-value < 0.01, cold: Gi*
< 0 and p-value < 0.05, somewhat cold: Gi* < 0 and p-value < 0.1, insignificant: other cases). These
analyses were performed using R version 4.22 and the R package spdep version 1.2-8.

Results

In the 2002-2019 Atlantic longline fishery, operating effort was located over a wide swath of the Atlantic
Ocean, with localized areas of high leatherback bycatch (Fig. 1). In Q1, we found that bycatch occurs
near the west coast along the African continent, but less so in the North Atlantic. On the other hand, in
Q4, bycatch events were observed along the west coast of Africa as well as in the North Atlantic.
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Analysis of leatherback bycatch events using long-term data from the Atlantic longline fishery yielded
estimated parameters such as environmental factor coefficients and spatiotemporal latent effects
(Table S1). The posterior distribution of fixed effects confirmed the normality of the distribution, and the
positive effect of SST on the relative density of leatherback turtles was statistically detected with 95%
credible intervals for both Q1 and Q4 (Figure S1).

The estimated values for the latent spatial field n showed positive effects in the eastern Atlantic during
Q1 and in the northern Atlantic and southern regions near the African continent during Q4 (Fig. 3). The
estimated temporal correlation parameters of the latent spatial field x were close to 1, with values of 0.7
and 0.85 for Q1 and Q4, respectively, indicating the presence of temporal autocorrelation (Table S1).
Furthermore, dynamic changes in the spatial distribution of the latent field x were observed in both Q1
and Q4 (Figure S2): During Q1, positive effects were evident near the eastern coast of Africa from 2002
to 2013, but shifted to negative effects in the same region thereafter. For Q4, positive effects were noted
across the Atlantic until around 2006, with a subsequent shift to negative effects primarily south of 20°N
after 2007.

Temporal changes in estimated relative density were generally consistent with the trend in relative
density’s variability observed at the monitoring sites in each year (Fig. 4). Estimates were consistently
higher than observed values in most years for both Q1 and Q4, demonstrating the advantage of using a
zero-inflated model to address false negatives in bycatch data (Fig. 4, Figure S3). Note that except for
the zero data, the observed and predicted values were approximately consistent, indicating a good
model fit. Furthermore, there is a notable trend that estimates for the fourth quarter are generally higher
than those for the first quarter. This indicates a high risk of bycatch in Q4 and that not properly
accounting for missing bycatch data and excess 0 data can lead to underestimation of risk.

The spatial patterns of predicted relative density varied by season (Fig. 5). In Q1, high-density areas were
concentrated along parts of the African coast, whereas in Q4, the distribution expanded to include
regions in the North Atlantic and Central America. Moreover, there was a trend of shrinking high-density
areas in Q1 between 2014 and 2019, while no notable temporal changes were observed in Q4 (Figure
S4).

Potential bycatch hotspots and cold spots for each year and season were identified by calculating local
Gi* statistics for the predicted relative densities (Fig. 6, Figure S5). The spatial distribution of leatherback
turtle bycatch risk did not change much over time as an overall trend, but changed greatly with season.
In Q1, hotspots tended to concentrate near the coast of Africa, whereas in Q4, hotspots were more
broadly distributed. Cold spots appeared near the distribution boundaries of leatherback turtles,
specifically around 60°N and 45°S, with Q1 showing extensive cold spots in high-latitude regions.

Discussion

This study employed a spatially explicit statistical approach to long-term bycatch records, maximizing
the information content of leatherback turtle bycatch data in the Atlantic Ocean. Our analysis revealed
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seasonal hotspots and cold spots of bycatch risk with greater seasonal than interannual variability. To
our knowledge, this is the first study to statistically delineate these risk areas across seasons, offering
valuable insights for implementing spatially and seasonally adaptive conservation measures. Elucidating
these seasonal differences in risk is important for understanding the ecology of conservation species
and devising management policies (Lewison & Crowder 2007). In addition, the results of this study,
which showed large seasonal differences in bycatch risk, support the effectiveness of season-specific
conservation measures (e.g., bycatch avoidance measures), similar to previous studies (Kot et al. 2010;
Fossette et al. 2014; Roe et al. 2014; Blades et al. 2019).

Our findings are consistent with known drivers of leatherback turtle distribution, including sea surface
temperature, jellyfish abundance, nesting seasonality, and proximity to nesting sites (Bolten 2003; Witt et
al. 2011; Bailey et al. 2012; Nordstrom et al. 2020; Lopez et al. 2024). For example, the high relative
density observed in Q1 along the western coast of Africa (Fig. 5), particularly near Gabon—one of the
world’s largest nesting sites—may reflect post-nesting foraging activity in nutrient-rich areas. During this
period, turtles tend to forage vertically in jellyfish-dense waters (Heaslip et al. 2012), potentially
explaining the spatial concentration in warm coastal zones (Figure S6). In contrast, the broader
distribution of high CPUE in Q4, spanning the Caribbean and North Atlantic, likely reflects long-distance
migratory movements following nesting events in South Amrica (Hays et al. 2006; James et al. 2005;
Fossette et al. 2014). Although this study's density estimates are based on longline bycatch data, the
high-density regions identified for each quarter generally align with previous studies that estimated
distribution using satellite tag tracking (Fossette et al. 2014).

Bycatch risk for leatherback turtles varies considerably by season due to their migratory behavior, as
shown in previous studies (Fossette et al. 2014; Roe et al. 2014), and our findings support this pattern
(Fig. 6). Notably, our results also reveal that within each season, the locations of both hotspots and cold
spots remain relatively consistent across years (Figure S5). This suggests that the behavior of Atlantic
leatherback turtles is strongly driven by seasonal cues. The bycatch risk maps developed in this study
could help inform targeted conservation strategies. For instance, in Q1, when turtle distributions are
more concentrated, temporary fishing closures in areas with high hotspot values could be effective. In
contrast, during Q4, when hotspots are more widely dispersed, promoting the use of circle hooks—which
are known to reduce mortality in longline bycatch—may serve as a useful seasonal mitigation measure.
Identifying cold spots is equally important, as these areas can help prioritize zones for focused
conservation efforts (Spear & Storfer 2010; Cobos et al. 2023). To date, few studies have statistically
examined cold spots for sea turtles. This study is the first to spatially identify areas of lower bycatch risk
for leatherback turtles in the Atlantic based on longline fishery data. These insights may also assist in
balancing conservation and fisheries objectives. For example, because bycatch risk north of 30°N in Q1
is relatively low, fishers could intensify efforts to target commercial species in this region with minimal
concern about leatherback bycatch. While any changes would require careful consensus-building, such
findings may support the reconsideration or adjustment of certain fishing restrictions aimed at
leatherback turtle conservation in specific areas.
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This study has several limitations. First, the data on leatherback turtles are limited to the longline
fisheries of only Japanese vessels. Including data from other countries' longline fisheries, such as
Taiwan, China, and Brazil, could cover a broader area and yield more reliable estimates of individual
density and bycatch risk. Moreover, it may also become possible to elucidate the relative density and
hotspots for Q2 and Q3, which were excluded from the analysis due to insufficient data. Second, the
analysis does not include other fishing methods. While this study focused on longline fisheries due to
their extensive geographic coverage, leatherback turtles are also bycaught by trawl and purse-seine
fisheries, with reports indicating that the mortality rates in these fisheries may exceed those of longline
vessels (Wallace et al. 2013). Considering multiple fishing methods when assessing the impact on
leatherback turtle populations could lead to more concrete management recommendations.

A promising direction for future research is the analysis of population models. In this study, although no
clear decreasing trend in relative density was observed at the observation sites (Fig. 4), it was found that
the density distribution may be locally fluctuating across the Atlantic Ocean (Figure S4). The Atlantic
population is considered more stable than that of the Pacific (Fossette et al. 2008; Witt et al. 2011).
However, the extensive range and high fishing effort of longline vessels necessitate careful monitoring to
ensure that the population does not shift into decline due to major fishing impacts (Lewison et al. 2004).
The effects of fishing on the population and the population growth rate can only be clarified through
population dynamics analysis, making the development of a population model essential in future
research. Additionally, examining other environmental factors is a topic for future study. In this study,
environmental factors other than SST that affect relative density were aggregated into two latent spatial
fields, n and x (Fig. 3, Figure S2). Incorporating jellyfish distribution into the model could enhance
predictive power (Nordstrom et al. 2020). Additionally, as has been done in previous studies, analyzing
tracking survey data could be valuable for further improving bycatch risk assessments (Fossette et al.
2014). This would deepen our understanding of the relationship between seasonal migration routes and
hotspot/cold spot distributions.

Conserving rare and highly mobile species remains a major challenge, particularly due to the difficulty of
obtaining reliable population data and the scarcity of direct observations (Thompson 2004; Runge et al.
2014). These limitations often hinder our ability to accurately map density distributions and identify
conservation hotspots—key components for effective management (Cepic et al. 2022). In this study, we
addressed these challenges by combining spatial density estimation using the SPDE framework with
hotspot analysis to assess both density distribution and bycatch risk for Atlantic leatherback turtles. Our
modeling approach explicitly accounts for spatial and temporal autocorrelation, data heterogeneity, and
zero-inflation, enabling the interpolation of density in areas with limited or no observations. This
statistical framework is particularly suited to the realities of conservation biology, where data gaps are
common but management decisions cannot wait for perfect information. By borrowing strength from
neighboring locations and time periods, our method offers a practical tool for generating data-informed
insights into spatiotemporal risk patterns. As such, it contributes not only to the species-specific
management of leatherback turtles but also to broader efforts in data-limited fisheries and marine

Page 9/20



megafauna conservation. This work helps bridge the gap between data-limited conservation science and
actionable management by offering a scalable framework for reducing bycatch in pelagic ecosystems.

Conclusion

This study presents a flexible statistical framework for assessing spatiotemporal bycatch risk, which we
applied to leatherback turtles in the Atlantic. By leveraging longline fishery data, we estimated relative
density and identified seasonal hotspots and cold spots. These spatial distributions of seasonally
fluctuating bycatch risk then reflect the life history ecology of leatherback turtles. Our approach provides
key insights into areas of elevated risk—even beyond direct observation zones—and offers practical
guidance for implementing targeted mitigation measures within ICCAT-managed waters. While
developed in the context of sea turtles, this framework is broadly applicable to other taxa affected by
bycatch, such as seabirds and non-target fish species. By analyzing hotspot overlap among species (e.g.,
Lewison et al. 2009), it becomes possible to explore ecological trade-offs and inform ecosystem-based
management. This is especially relevant when balancing conservation priorities with the economic
imperatives of pelagic fisheries. For example, identifying areas where high commercial yield overlaps
minimally with bycatch hotspots can inform spatial zoning that supports both biodiversity and
sustainable fishing. Future applications of this approach hold particular promise for multi-species risk
assessments, integrative conservation planning, and the refinement of dynamic ocean management
strategies.
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Distribution map of a total number of observed hooks (log scale) and the total number of captures for
(a) Q1 and (b) Q4. The triangular area inside the figure is the triangulation used to calculate the Gaussian
Markov random field in the SPDE approach. When applying the SPDE approach, the estimation is
extended to a larger area than the observation points in order to properly handle spatial correlations near
the boundary. For the total number of captures, locations with no capture history are shown in gray, and
locations with a total number of captures greater than 10 are shown in red.
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Figure 3. Spatial distribution of latent spatial fieldsn in (a) Q1 and (b) Q4. Here, annual averages are

shown, respectively.
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Figure 4. Over time changes in relative density in (a) Q1 and (b) Q4 at the observation sites. The solid
green and dotted black lines in the figure indicate the estimated mean values and observed CPUE values,

respectively.
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Figure 5. Spatial distribution of estimated relative abundance (annual mean values) in (a) Q1 and (b) Q4.
The extent of the inner mesh including the observation points in figure 1 is shown in the figure to match

the distribution limits of leatherback turtles.
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Figure 6. Spatial distribution of potential bycatch hot spots (annual mean values) in (a) Q1 and (b) Q4.
Red areas indicate hotspots at risk of bycatch and blue areas indicate cold spots where the risk is lower
than elsewhere.
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