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Abstract
Over the last decades, the species distribution model (SDM) has become an essential tool for
studying the potential eﬀects of climate change on species distribution. In this study, an ensemble SDM
was developed to predict the changes in species distribution of swimming crab Portunus trituberculatus
across diﬀerent seasons in the future (2050s and 2100s) under the climate scenarios of Representative
Concentration Pathway (RCP)4.5 and RCP8.5. Results of the ensemble SDM indicate that the distribution
of this species will move northward and exhibit evident seasonal variations. Among the four seasons, the
suitable habitat for this species will be signiﬁcantly reduced in summer, with loss rates ranging from 45.23%
(RCP4.5) to 88.26% (RCP.8.5) by the 2100s. The loss of habitat will mostly occur in the East China Sea and
the southern part of the Yellow Sea, while a slight increase in habitat will occur in the northern part of the
Bohai Sea. These ﬁndings provide an information forecast for this species in the future. Such forecast will
be helpful in improving ﬁshery management under climate change.
Keyword: Portunus trituberculatus; climate change; species distribution model; suitable habitat

1 INTRODUCTION
Surface water temperature along the eastern coast
of China will exhibit a warming trend in the next 80
years, and temperature increase will be higher in
summer than in winter (Zhang et al., 2020). These
changes will markedly aﬀect the marine ecology and
ﬁshery resources in eastern China. Moreover, one
study has shown that climate change may lead to the
migration of species to higher latitudes and the
reduction of suitable habitats. Shifts in the distribution
of various marine species have already been observed
across all ocean regions (Poloczanska et al., 2016). In
the Yellow Sea, the distribution range of Gadus
macrocephalus has moved northward by 0.5° N since
1959 (Li et al., 2012). Alterations in the distribution
will result in community restructuring and ecosystem
biodiversity losses (Rilov, 2016). Such alterations are
projected to have a serious impact on marine ﬁsheries
and coastal human communities (Silva et al., 2019).
Apart from the shift in distribution, the life histories
and life cycles of marine species have also been

signiﬁcantly inﬂuenced by climate change (Merino et
al., 2012). Thus, projecting the spatiotemporal habitat
distribution of marine species under future climate
scenarios is necessary to explore the potential eﬀects
of climate change on coastal ﬁsheries. Such
projections will improve our knowledge of how
marine species will respond to climate change.
Swimming crab Portunus trituberculatus is widely
distributed in the coastal waters of China, Japan, and
Korea. It is one of the most important commercial
species in China, with a catch of 458 380 metric tons
in 2019 (Fishery Administration of the Ministry of
Agriculture and Rural Areas et al., 2020). This species
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exhibits the typical habit of seasonal migration, and
its spatial distribution varies signiﬁcantly across the
seasons. Every spring, swimming crabs come to the
shallow coastal waters of China (approximately 3–5-m
deep) for growth and spawning. Then, they gradually
migrate to the deep waters (10–30-m deep) in autumn
(Dai et al., 1977). Previous studies have focused on
the morphology, habits, reproduction, breeding, and
migration of swimming crabs (Fu et al., 2019; Lu et
al., 2019; Su et al., 2020). Temperature and salinity
are important abiotic factors that aﬀect the growth,
survival, and molting of this species (Ren et al., 2017;
Lu et al., 2019). Hu et al. (2011) reported that the
suitable salinity for swimming crabs is 15–35, and the
optimum salinity is 25–30. Dai et al. (2014) found
that temperature increase could accelerate the molting
of crabs and promote their development.
Simultaneously, their energy expenditure and
metabolism increase, and their survival rate decreases.
The distribution and biomass of swimming crabs may
be closely related to climate factors. However, the
potential eﬀects of climate change on the distribution
of this species have not yet been determined.
Therefore, assessing the impact of climate change on
the distribution of swimming crabs is necessary and
can provide important data for developing future
climate adaptation management strategies.
The species distribution model (SDM), which is
based on the relationship between species occurrence
and environmental variables, is used to evaluate the
potential distribution of a species and identify its
large-scale habitat preferences (Becker et al., 2020).
In recent years, researchers have proposed more than
a dozen SDMs, but they diﬀer in their scope of use
and algorithms. Among them, maximum entropy
(Maxent) has received a good evaluation. It calculates
the optimal state of species distribution laws under
the constraints of niche based on the principle of
climate similarity and maximum entropy. A
generalized linear model (GLM) is a simple and
commonly used model that can predict the current
species distribution ability, but it cannot handle
complex response curves. A generalized additive
model (GAM) is also optimized on this basis. An
artiﬁcial neural network (ANN) can be conveniently
used in information processing that is diﬃcult to
express using conventional calculation methods
(Zhao et al., 2016). For example, Xue et al. (2018)
used Maxent to predict the potential distribution of
Scomber japonicus in the northwest Paciﬁc Ocean
during peak ﬁshing season (May to October) and
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found range shifts in other months. In addition, SDM
can also assess the possible eﬀects of climate change
on the distribution of marine species, with good
predictions of key habitat variables (Silva et al., 2019;
Zhang et al., 2019).
However, a single SDM typically exhibits greater
uncertainty and non-universality (Thuiller, 2003;
Zhang et al., 2011). Ensemble SDMs provided by
Biomod2 software (Thuiller et al., 2014) can solve
these shortcomings. This software can map the
primary trend of a model (i.e., average, median, or
other percentiles) to the overall change or uncertainty
of all models. In addition, Aguirre-Gutiérre et al.
(2013) compared the synthesis eﬀects of ﬁve models,
namely, GAM, GLM, generalized boosted model
(GBM), random forest (RF), and ANN, in Biomod2
with the accuracy of Maxent. They found that the
ensemble model exhibited a better eﬀect. Therefore,
an ensemble SDM that integrated nine single SDM
algorithms was applied to predict the potential
distribution of swimming crabs in the future by using
environmental and biological data in the current
study. We also attempted to identify the key
environmental variables that will determine the
distribution of this species.

2 MATERIAL AND METHOD
2.1 Swimming crab data
The coordinate data of species occurrence point
were obtained through ﬁshery resource surveys. From
1998 to 2000, the “Beidou” ﬁshery science survey
vessel conducted four ﬁshery resource surveys in the
East China Sea, Yellow Sea, and Bohai Sea (Fig.1).
The surveys used bottom trawl sampling to obtain
species distribution data. The bottom trawl had a
mesh size of 836 mesh × 20 cm, and towing speed
was approximately 3.0 knots. A total of 356 stations
were sampled per season, but not all station sampling
was successful. Subsequently, 306 occurrence records
of swimming crabs in spring, 296 records in summer,
275 records in autumn, and 290 records in winter
were included (Fig.1; Jin et al., 2006).
2.2 Environmental data
Although the distribution and life cycle of marine
species are inﬂuenced by many environmental factors,
previous studies have found that species distribution
can be accurately predicted by a few key variables
(Belanger et al., 2012; Assis et al., 2018; Bosch et al.,
2018; Goldsmit et al., 2018). Considering the
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Fig.1 Study area and swimming crab occurrence data for the four seasons

availability, match ability, high resolution, and
biological relevance of environmental data, we used
ﬁve predictor environmental variables in SDM. Sea
surface temperature, surface salinity, current velocity,
and oﬀshore distance were extracted from the BioORACLE database (http://www.bio-oracle.org)
(Morley and Heusser, 1977; Basher et al., 2014).
Meanwhile, variable depth was extracted from the
Global Marine Environment Dataset (http://gmed.
auckland.ac.nz).
Temperature directly aﬀects the physiological
habit of swimming crabs, and it varies considerably
across seasons (Doney et al., 2012). The mean sea
surface temperature was used to represent the mean
season surface temperature in spring and autumn, and
the average temperatures of the warmest and coldest
months were used for the environmental layers in
summer and winter, respectively. We adopted a spatial
resolution of 5×5 arcmin or higher and a geographic
coverage of approximately 9.2×9.2 km2 to match the
ﬁve environmental data layers. The all-pairwise
Pearson correlation coeﬃcient of the environmental
data was below |0.7| to remove prohibitive levels of
redundancy among layers (Zhang et al., 2019).
We retrieved the future environmental data layers
under the typical concentration path emission
scenarios of Representative Concentration Pathway
(RCP)4.5 and RCP8.5 from Bio-ORACLE to predict

the spatial distribution of swimming crabs under
climate change. Future layers were produced by
averaging data from distinct atmosphere-ocean
coupled general circulation models (i.e., submodels
of the Community Climate System Model 4, the
Hadley Center Global Environmental Model 2, and
the Model for Interdisciplinary Research on Climate
5) provided by the Coupled Model Intercomparison
Project Phase 5 (CMIP5) (Assis et al., 2018). This
database provides two time series, namely, 2050s
(2040–2050) and 2100s (2090–2100), for the
prediction of environment variables (Tyberghein et
al., 2012). RCP4.5 is a medium emission scenario,
and RCP8.5 is a pessimistic scenario with higher
concentrations (Moss et al., 2010). Therefore, we
disregarded RCP2.6 and RCP6.0 and considered
RCP4.5 and RCP8.5 in investigating potential future
distributional shifts of swimming crabs.
2.3 Ensemble prediction model
2.3.1 Construction and evaluation of ensemble model
In this study, we used nine algorithms in the
Biomod2 software package to build an ensemble
model for prediction. The nine algorithms were GAM,
GLM, GBM, RF, classiﬁcation tree analysis (CTA),
ANN, surface range envelope (SRE), ﬂexible
discriminant analysis (FDA), and Maxent. The
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Fig.2 Response curves of the predicted occurrence probability of swimming crabs against temperature based on the GAM
model
Redlines represent the results of the second (middle) run of the response curve algorithm, and blue lines show the ﬁrst and third runs. Vertical lines
represent temperatures at species distribution sites.

Biomod2 model requires presence and pseudoabsence data (non-distributed data). After inputting
the presence point data, the model randomly generates
three sets of pseudo-absence data based on the
presence and background point data (the nondistributed data in the research area), with 500
pseudo-existence points in each group. Then, the
sample point data (presence and pseudo-absence
points) participating in the modeling was divided into
two parts: 80% as the training set and 20% as the test
set. Each model algorithm was repeated 10 times, and
each time can produce 270 single-model operation
results (Zhu et al., 2019).
The kappa coeﬃcient, true skill statistics (TSS),
and receiver operating characteristic (ROC) were
used to evaluate the accuracy of the model (Lobo et
al., 2008). The value range of TSS was [-1, 1]. When
TSS was greater than 0.8, the simulation eﬀect was
excellent, 0.6–0.8 was good, and 0.4–0.6 was average.
The value range of the area under the curve (AUC)
was [0.5, 1]. When the value range of AUC was 0.5–
0.6, the simulation eﬀect failed, 0.6–0.7 was poor,
0.7–0.8 was fair, 0.8–0.9 was good, and 0.9–1 was
excellent (Swets, 1988). We screened single models
with TSS > 0.85 and AUC > 0.9 and used the weighted
average method to construct a combined forecasting
model. The weight of the calculation results of a
single model was determined by its TSS value. The
normalized results of a single model were multiplied
by the corresponding weights, and the combined
model was constructed to calculate the potential
suitable habitat index of swimming crabs in the study
area. The relative importance of each variable in
predicting the distribution of the species was measured
using a randomization approach.

2.3.2 Prediction of potential habitat range and related
changes
To produce a presence/absence map of swimming
crabs, we selected the ﬁxed threshold method to
binarize the image. A habitat greater than 0.3 was
identiﬁed as a suitable habitat; otherwise, it was an
unsuitable habitat. The results of the ensemble model
were visualized via the Biomod range size function in
Biomod2 to show the loss, stability, and acquisition of
suitable habitats under future scenarios. From the
binary layer, we can calculate the rate of change of
habitats.
In addition, centroid calculation was implemented
in the SDMTools software package. The distribution
centroid of species was the weighted average of each
grid data coordinate. NA (missing value) data were
automatically removed from the analysis. We used
0.2 °C as the temperature increase to simulate the
reduction rate of the species’ suitable habitat when the
temperature parameter increased by 0.2–2 °C. We
obtained 10 data and plotted the reduction trend line
of summer species.

3 RESULT
3.1 Model assessment and environmental variable
factor contribution
The results of the contribution of environmental
variables indicated that the contribution of
temperature was higher, while the contribution of
ﬂow velocity was the weakest. The response curves
of temperature showed that the suitable temperature
range for this species varied considerably across
seasons (Fig.2). The result indicated that the optimum
temperature in spring and autumn was approximately
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Table 1 Range area variation of swimming crabs in diﬀerent
seasons and periods based on the ensemble SDM

MAXENT
RF
FDA
Model

Vol. 40

Species range change (%)

Spring

Summer

Fall

Winter
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RCP4.5-2050
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Table 2 Latitudinal centroid of swimming crabs under
current and future climate conditions
Spring

Autumn

Winter
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Fig.4 Prediction accuracy of diﬀerent models based on
ROC values

13–25 °C; it was approximately 24–29 °C in summer,
and the crabs can survive if it was above 0 °C in
winter. The accuracy of the developed model was
assessed through TSS and ROC values. The TSS
values for every single SDM varied from 0.73 (SRE)
to 0.86 (GAM) (Fig.3). The ROC values varied from
0.88 (SRE) to 0.94 (RF) (Fig.4). Considering the
values of TSS and AUC, the GAM model provided
the best predictive performance. Considering the
cutoﬀ values of TSS and ROC, all the nine model
algorithms were applied for further ensemble
modeling. The values of TSS and AUC in the
ensemble model were 0.90±0.02 and 0.97±0.20,
respectively. The predictive performance of the
ensemble model exceeded the performance of each
single model, indicating a high level of accuracy in
the ensemble model.
3.2 Current and future potential distributions
The current habitat predicted by the ensemble
model is basically consistent with the occurrence
records of swimming crabs in our ﬁeld survey (Figs.1
& 5). Figure 6 predicts the change in the distribution
area of swimming crabs, including the increased,

decreased, and stable areas. Under future climate
scenarios, the suitable habitat for swimming crabs
will decrease in spatial extent, particularly in summer
(Fig.6). Table 1 shows the calculation of the total
habitat change rates for the species. Under RCP4.5
climate change scenario, a decrease of 4.47% (winter)
to 35.29% (summer) was predicted for suitable
habitats in the 2050s. Meanwhile, the loss of suitable
habitats in the 2100s was predicted from 3.37%
(winter) to 45.23% (summer). The loss of potential
distribution will be more aggravated under RCP8.5
than under RCP4.5. The loss of future potential
distribution under RCP8.5 will mostly occur in
summer, with 37.87% (2050s) to 88.26% (2100s).
Under climate change, the loss of potential distribution
will largely occur in the South China Sea (Fig.6). The
South China Sea is predicted to become less suitable
for this species by 2100s. By contrast, suitable habitats
in the Bohai Sea and the northern part of the Sea of
Japan will increase.
Future predictions under RCP4.5 and RCP8.5
showed that suitable habitats for this species will
shift northward (higher latitude). The distribution
centroid of swimming crab will shift northward
under future climate scenarios, and the trend will
become more obvious with the passage of climate
scenarios and years (Table 2). Notably, the latitude
shift of centroid in summer is more obvious than
that in other seasons. The current latitudinal
centroid of the potential habitat of swimming crabs
in summer is 31.92°N. Under RCP4.5, the centroid
in summer will shift 2.31° northward by the mid-
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Fig.5 Predicted current potential distribution of swimming crabs
The color gradient indicates variation in habitat suitability (red: highest, blue: lowest).

21st century and then 0.86° northward by the late
21st century. Under RCP8.5, the northward shift of
the centroid in summer will be 2.49° (2050s) and
13.31° (2100s).
We also investigated the temperature increase
sensitivity of swimming crabs in summer. The rate of
habitat loss increased exponentially with increasing
temperature. The habitat loss rate increased to 80.5%
when associated with a temperature increase of 2 °C
in the surface waters of the coastal zone oﬀ eastern
China (Fig.7). Notably, the loss rate dropped sharply
by 24% when temperature rose by 1.2 °C compared
with the loss rate when temperature increased by
1 °C. Our study predicted the loss of suitable habitats
for swimming crabs due to increases in surface water
temperatures associated with climate change in the
study area. Notably, we only considered the overall
temperature increase in Fig.7.

4 DISCUSSION
4.1 Prediction model accuracy and current
distribution
In this study, we ﬁrst developed an ensemble SDM
for swimming crabs to predict the seasonal potential
suitable habitats for this species under current and
future climate conditions. This study may be the ﬁrst
to be conducted in the Northwestern Paciﬁc that
considered seasonal distribution variation on the
impact of climate change. Our ensemble SDM not
only predicted seasonally suitable habitats (i.e.,
survival probability) for swimming crabs, but also
exhibited high performance. Its high predictive
performance cannot only be observed from several
commonly used statistical parameters, such as AUC,
TSS, and kappa, but can also be conﬁrmed by
accurately predicting the current known distribution
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of the species. The present study indicates that the
current potential habitat of swimming crabs is widely
distributed across the Bohai Sea, Yellow Sea, and
East China Sea, with the highest suitability found in
the East China Sea (Fig.5). This result agrees well
with ﬁshing data (Fishery Administration of the
Ministry of Agriculture and Rural Areas et al., 2020).
The East China Sea is a major ﬁshing ground for
swimming crabs. Reliable reports of this species
being found in the South China Sea are available
(Liao et al., 2008). No catch statistics about swimming
crabs have been published for the South China Sea.
4.2 Eﬀects of climate change on suitable habitats
The spatial variability of suitable habitats for
swimming crabs conﬁrmed previous empirical studies
that showed the eﬀects of climate change on marine
nekton distributional ranges and abundance (Yáñez et
al., 2008; Cheung et al., 2010). The present SDM
provides a decrease in swimming crab habitat
suitability in the East China Sea, indicating that
climate change will result in a spatial redistribution of
this species and a serious decline in catch by the
2050s and 2100s. However, the Bohai Sea will be
more suitable than the Yellow Sea and the East China
Sea for swimming crabs under the two RCP scenarios.
Although the Bohai Sea and Yellow Sea are both
located on the continental shelf, the warming seawater
will compensate for the inherent lack of high latitude
and low temperature in the Bohai Sea, attracting the
migration of the species’ population. The predicted
shift in range is biologically plausible under climate
change. In accordance with our results, the high water
temperature will force the northward distribution of
swimming crabs in the East China Sea. Sea
temperature can aﬀect various physiological processes
of swimming crabs involved in growth, survival, and
molting. A high water temperature exceeding 30 °C
can lead to the arrested larval development of
swimming crabs (Liao et al., 2008). This thermal
tolerance limit will certainly inﬂuence the
geographical distribution of this species. In addition,
the migratory route of swimming crabs will be
shortened, changing their life history.
Under the future climate scenario, summer sea
temperature will rise signiﬁcantly. Simultaneously, it
will increase with the passage of climate scenarios
and time (Moss et al., 2010; Zhang et al., 2020). In
addition, nearshore warming will be more evident
than that in the deep sea, and warming rate will be
faster in high latitudes than in low latitudes, but the
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temperature base in low latitudes is larger. Therefore,
the suitable habitat will ﬁrst decrease during the initial
stage in the coastal and South China Sea, and it will
increase slightly in the northern Bohai Sea. Under the
pessimistic situation in the later period, the spatial
range in which the temperature exceeds the tolerance
value of swimming crabs will gradually increase
(Fig.6). In summer, the habitat reduction of this
species exhibits a dynamic trend from low latitude to
high latitude and from nearshore to deep sea. Notably,
summer is the spawning period of swimming crabs,
which is the most vulnerable life stage of the species
(Dahlke et al., 2020). At this moment, the shift of the
centroid of summer suitable habitats toward the north
may be one of the reproductive strategies of this
species to cope with climate change. However,
inevitable losses will occur. Simply changing the
timing and location of spawning may result in a
mismatch between feeding grounds and areas of high
phytoplankton density. Moreover, predicting whether
new spawning locations can provide the necessary
sediments
and
corresponding
hydrological
characteristics for egg deposition is diﬃcult.
Therefore, the change in suitable habitats during
summer requires further research.
4.3 Implication for ﬁshery management
This study can provide important insights into the
threat of climate change to suitable habitats of
P. trituberculus, which is one of the current concerns
of climate change researchers and ﬁsheries managers.
Other species in the study area are also speculated to
change their geographic distributions in response to
climate change, aﬀecting the distribution and catch of
existing ﬁsheries. Moreover, ﬂuctuations in the
climate during the spawning season can leave species
without good recruitment. Therefore, this study can
provide a scientiﬁc basis for the formulation of a
ﬁshery management policy, such as changing the time
and location of ﬁshing. We should protect habitats
that may be added, monitor environmental changes of
habitats that may be lost, and moderately utilize
resources in stable habitats.

5 CONCLUSION
Predictions regarding the future habitats of
swimming crabs for the period of 2050–2100 will
become less favorable due to the negative eﬀects of
global warming. Range shift and loss of habitat
distribution will reduce the catch of ﬁshery species
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and ultimately inﬂuence local ﬁshing activities.
Further studies are necessary to investigate the eﬀects
of climate change on ﬁshery resources in the East
China Sea and Yellow Sea. Conservation and
management actions will be required to mitigate the
negative consequences of the predicted climate
change in the coastal areas of China. The
socioecological system must consider adaptation
measures to address the impact of future climate
scenarios along China’s coast and other parts of the
world.
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Fig.7 Habitat loss rate of swimming crabs in summer under
temperature increase

The datasets generated and analyzed during the
current study are available from the corresponding
author upon reasonable request.
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