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Abstract

As our understanding of ecology deepens and modeling techniques advance, species distribution models have
grown increasingly sophisticated, enhancing both their fitting and predictive capabilities. However, the
dependability of predictive accuracy remains a critical issue, as the precision of these predictions largely hinges
on the quality of the base data. We developed models using both field survey and remote sensing data from 2016
to 2020 to evaluate the impact of different data sources on the accuracy of predictions for Scomber japonicus
distributions. Our research findings indicate that the variability of water temperature and salinity data from field
suvery is significantly greater than that from remote sensing data. Within the same season, we found that the
relationship between the abundance of S. japonicus and environmental factors varied significantly depending on
the data source. Models using field survey data were able to more accurately reflect the complex relationships
between resource distribution and environmental factors. Additionally, in terms of model predictive
performance, models based on field survey data demonstrated greater accuracy in predicting the abundance of S.
japonicus compared to those based on remote sensing data, allowing for more accurate mastery of their spatial
distribution characteristics. This study highlights the significant impact of data sources on the accuracy of species
distribution models and offers valuable insights for fisheries resources management.
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1  Introduction
With the increasing understanding of ecology and substantial

improvements in the levels of modeling, more complex species
distribution models have been developed, which have improved
model fitting and prediction to a greater extent while providing
an effective research method for understanding the complex,
nonlinear relationships and interactions between organisms and
their environments (Ma et al., 2020; Yu et al., 2020; Zhao et al.,
2014). However, prediction performance is considered a critical
issue in model applications (Guisan and Zimmermann, 2000; Lu-
an et al., 2021). Extensive studies have been conducted on model
selection (Liu et al., 2021; Ma et al., 2022b), multicollinearity (Liu
et al., 2019; Zhang et al., 2020; Zhao et al., 2014), and environ-
mental interpolation methods (Pan et al., 2021) to improve mod-
el fitting and prediction. However, only a few studies have fo-
cused on the impact of modeling data on the prediction of mar-
ine living resources. Related studies have shown that when differ-

ent methods are used to access marine environmental data, there
may be some differences in the data itself (La Marca et al., 2019;
Lei et al., 2022), which, in turn, have implications for predicting
the spatial distribution of fishery resources and exploring suit-
able habitats. Addressing this issue has become more urgent as
conservation planning and other measures increasingly rely on
spatial predictions of target fish species, as well as biodiversity
based on habitat (Johnston et al., 2017; Liu et al., 2019; Zhao
et al., 2014).

Marine environmental data are an important part of model
building (Zhao et al., 2014), and data such as water temperature,
salinity, dissolved oxygen, and chlorophyll a can be obtained
through surveys or remote sensing (Li et al., 2014; Luan et al.,
2018; Zhao et al., 2014). However, both data sources have certain
advantages and disadvantages in the acquisition process. Field
surveys, while able to obtain more accurate hydrological environ-
ment data, face challenges in monitoring over large areas. This  
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difficulty arises due to constraints such as the cost and time asso-
ciated with surveys, often resulting in a relatively small amount of
data being collected (Xue et al., 2018; Zhao et al., 2014). This lim-
itation necessitates the use of interpolation to estimate hydrolo-
gical environment data for areas not covered by surveys, which
inevitably reduces data accuracy. The decrease in accuracy dir-
ectly impacts the reliability of predictions regarding the spatial
distribution of fishery resources (La Marca et al., 2019; Pan et al.,
2021). With continuous improvements in satellite technology, hy-
drological environment information can be acquired on a large
scale, generating continuous datasets with multiple spatial and
temporal resolutions (Wu et al., 2022). These datasets can be
used to assess changes in the ecological environment, and they
can also be incorporated into models to assess trends in ecologic-
al services and quality (Wang et al., 2022). However, when sur-
veying the hydrological environment via satellite, data accuracy
is reduced because of factors such as spatial resolution, cloud
cover occlusion, and inversion algorithms (Scales et al., 2017;
Stock and Subramaniam, 2020; Welch et al., 2020), which in turn
impacts target fish resource predictions. Although the applica-
tions of field surveys and remote sensing data for environmental
modelling have been extensively studied, the majority of re-
search continues to focus on land and stream environments (La
Marca et al., 2019; Johnston et al., 2017). However, the specific
impact of environmental information provided by different data
sources on the accuracy of predictions of the spatial distribution
of marine fishery resources remains an area that needs to be ex-
plored in greater depth. Given this research gap, our study aims
to comprehensively assess the impact of different data sources on
the predictive accuracy of marine ecological models, thereby
providing a more accurate basis for assessing trends in ecologic-
al services and their quality.

As an important component of marine ecosystems, pelagic
fish such as like Scomber japonicus are sensitive to changes in the
marine environment (Pennino et al., 2020; Queiros et al., 2019).
Scomber japonicus, a pelagic migratory fish, is widely distributed
in the Pacific Ocean and Atlantic Ocean as well as in the East
China Sea and Yellow Sea (Li et al., 2014). In recent years, due to
factors such as overfishing, changing hydrological environment,
and the deterioration of the prey environment, S. japonicus has
gradually decreased in abundance, and it has displayed a tend-
ency to move offshore (Cai et al., 2022). This trend underscores
the critical need for accurate environmental impact predictions
on fishery resources. Given the high sensitivity of such species to
environmental changes, variations in the distribution of environ-
mental resources can significantly impact their stability. There-
fore, assessing the accuracy of predictions about these fishery re-
source distributions from different data sources is crucial, aim-
ing to provide more effective protection measures and manage-
ment strategies for these sensitive species. Consequently, we de-
veloped a generalized additive model (GAM) of S. japonicus dis-
tribution along the coast of southern Zhejiang, China, to determ-
ine the influence of the hydrological environment on fishery re-
sources. Separate models were developed based on either re-
mote sensing or field survey data from May (spring) and August
(summer) of 2016–2020. The objective of this study is to elucid-
ate the distinctive impact of data source selection on the predict-
ive accuracy of GAMs for S. japonicus distribution, offering novel
insights into conservation management and the sustainable util-
ization of fishery resources, thereby addressing a gap in current
ecological modeling practices.

2  Materials and methods

2.1  Data sources

2.1.1  Fisheries data
Data were obtained from fishery-independent surveys of fish-

ery resources conducted in February (winter), May (spring), Au-
gust (summer), and November (autumn) from 2016 to 2020 in the
East China Sea along the coast of southern Zhejiang. Since no S.
japonicus specimens were caught in autumn or winter, only
spring and summer S. japonicus survey data were used in this
study. The survey area mainly comprised the Yushan and Wentai
fishing grounds (Fig. 1). The sites planned are divided using an
average grid system, with both latitude and longitude intervals
set at 0.25°. Each survey randomly designates flight paths and
starting positions (i.e., the positions are fixed, but the order of
sampling is random) to complete the sampling task of the entire
area in the shortest time possible, ensuring the comparability of
data on temporal and spatial scales. Each survey consists of 27
sites. The survey equipment included a bottom trawl approxim-
ately 95 m long, 40 m wide, 7.5 m high, with a bottom and float-
ing substrate extending 80 m, and a mesh size of 2 cm. This trawl
was towed at a speed ranging from 2 kn (1 kn = 0.514 444 4 m/s)
to 4 kn. The operating time at each survey site was approximately
1 h. At each survey site, environmental data were collected simul-
taneously for water temperature and salinity using a WTW-Multi
3630 water quality analyzer. Water quality samples were collec-
ted, measured, and analyzed according to the specification for
marine survey (GB/T 12763) (GB/T 12763.6-2007) and the spe-
cification for marine monitoring (GB 17378) (GB 17378.3-2007)
(General Administration of Quality Supervision, 2007a, b).

2.1.2  Sources and selection of environmental factors
The hydrological environment data utilized in this study were

gathered concurrently with the field survey of fishery resources.
Remote sensing environmental data were obtained from the Co-
pernicus Marine Data Store (https://marine.copernicus.eu),
which provides monthly average data with a spatial resolution of
0.25° × 0.25°, consistent with the survey scale. In the remote sens-
ing data, we exclusively utilized water temperature and salinity.
The statistical values of the environmental data are listed in Fig. 2.

2.2  Modeling process

2.2.1  Data analysis
The abundance index (AI) was chosen as a relative indicator
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Fig. 1.     Distribution of sampling stations in offshore waters of
southern Zhejiang.
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of fishery resource abundance in this study (Liu et al., 2021). The
catch data were standardized by trawl time (1 h) and speed (3 kn)
according to the total catch and proportion of S. japonicus at
each station. The specific expression for AI is as follows:

AIk =
Wk × 
Tk × Sk

, (1)

AIk
Wk

Tk

Sk

where  is the S. japonicus abundance index at the k-th station
(unit in g/h),  is the total S. japonicus catch at the k-th station
(unit in g),  is the operating time at the k-th station (unit in h),
which is standardized to 1 h, and  is the trawl speed, which is
standardized to 3 kn.

2.2.2  Variable selection
Before building the model, the mutual independence of ex-

planatory variables was tested using a variance inflation factor
(VIF). The VIF value is determined using the vif function in the
car package of R (V4.0.2). When VIF > 3, there is a serious covari-
ance problem between the environmental factors, and they need
to be removed (Sagarese et al., 2014).

2.2.3  Building the model
The GAM was built in two main stages. In the first stage of the

GAM (GAM1), the probability of occurrence of S. japonicus was
estimated using a binomial distribution. The second-stage GAM
(GAM2) estimates the log-transformed abundance of S. ja-
ponicus with a Gaussian error structure and an identity link func-
tion (Liu et al., 2019; Ma et al., 2022a). Given that S. japonicus is a
migratory fish, longitude and latitude are important explanatory
variables, and their interaction was considered as a fixed variable
in the modeling. The two-stage GAM full factorial expressions are

as follows:

GAM1: Logit (P) = s (lat, lon) + s (T) + s (S) + ε, (2)

GAM2 : g(ln (AI )) = s (lat, lon) + s (T) + s (S) + ε, (3)

where lat denotes latitude, lon denotes longitude, T denotes sea
surface temperature, S denotes salinity, P denotes the probabil-
ity of occurrence of S. japonicus, and ε is the random error, s de-
notes smooth function.

The results of GAM1 and GAM2 were combined to estimate
the final log-transformed S. japonicus abundance (Liu et al.,
2019) as follows:

ln (y) = ln (P) + ln (AI) . (4)

2.2.4  Model selection
In this study, the relationships between the probability of oc-

currence of S. japonicus, abundance, and environmental factors
under different data sources were constructed separately using
two approaches. The goodness of fit of the model was measured
using the Akaike information criterion (AIC), the smaller the AIC
value, the better the fit of the model (Akaike, 1998). The two ap-
proaches for building the model are as follows.

Establishment of the best models for different seasons and
data sources. In this study, the best models were selected by ar-
ranging and combining the environmental factors after the cov-
ariance test. For convenience of representation, the best models
for spring and summer based on field survey and remote sensing
data are referred to as Msp,f, Msp,r, Msu,f, and Msu,r. For the differ-
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Fig. 2.   Hydrological environment characterization with different data sources.
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ent stages of the two-stage GAM, they are referred to as Msp,f,I ,
Msp,f,II , Msp,r,I , Msp,r,II , etc.

2.2.5  Cross validation
The accuracy and robustness of the model were evaluated us-

ing cross-validation. The data were randomly divided, with 80%
allocated as the training set and 20% as the validation set, and the
process was repeated 1 000 times. Throughout the cross-valida-
tion process, we established a linear regression model between
the predicted abundance and observed abundance, calculating
the root mean square error (RMSE), mean absolute error (MAE),
and the coefficient of determination (r2). When the values of
RMSE and MAE are closer to 0, and r2 is closer to 1, it indicates
that model has better predictive performance (Liu et al., 2021;
Stow et al., 2009; Willmott and Matsuura, 2005).

The linear relationship between the predicted and observed
values can be expressed as follows:

lnY = a+ b× lnŷ, (5)

ŷwhere  denotes the predicted value of the model, Y denotes the
actual observed value of the model, and a and b denote devi-
ations between the predicted and actual observed values, re-
spectively. When a = 0 and b = 1, the predicted and actual ob-
served densities (i.e., test data) have similar spatial patterns, and
the model has good predictive performance (Li et al., 2015).

The equation for calculating the RMSE is as follows (Stow
et al., 2009):

RMSE =

√√√√√√
n∑

i=

(
ŷi − Yi

)

n
, (6)

Yi

ŷi

where n is the number of observations,  is the i-th observation,
and  is the i-th predicted value.

The equation for the MAE is Willmott and Matsuura (2005):

MAE =

n

n∑
i=

∣∣∣̂yi − Yi

∣∣∣. (7)

2.2.6  Predicting spatial distribution of S. japonicus under varying
data sources

To evaluate the accuracy of predicting the spatial distribution
of resources under different data sources, this study predicted the
resource distribution of S. japonicus in spring and summer using
environmental data from different data sources and using the op-
timal model. In this study, the survey area was gridded according
to a grid size of 0.1° × 0.1°, and the coordinates of each grid cen-
ter point were obtained by calculation. The hydrological environ-
ment data for each grid center point were extracted using the in-
verse distance weighting method. The averages of the observed
and predicted values of S. japonicus in different seasons from
2016 to 2020 were also overlaid, and the living habits of S. ja-
ponicus were combined to evaluate the prediction effects under
different data sources.

In this study, all statistical analyses were performed in R
(V3.6.0), the GAM was implemented by the mgcv package, and
the spatial distribution of resources and station maps were plot-
ted in Arcmap 10.8.

3  Results

3.1  Developing predictive models for S. japonicus
Among the multiple environmental factors selected for this

study, the VIF values were all lower than 3. Therefore, the GAM
between each environmental factor and abundance under differ-
ent data sources was established using water temperature and
salinity.

By comparing the best models under different data sources,
we found differences in the composition and bias explained by
the best models for the different seasons (Table 1). In Table 1,
Msp,f,I represents the model for Phase Ⅰ using spring field data,
and Msp,f,II represents the model for Phase Ⅱ using spring field
data. Msp,r,I represents the model for Phase Ⅰ using spring re-
mote sensing data, while Msp,r,II represents the model for Phase
Ⅱ using spring remote sensing data. Similarly, Msu,f,I represents
the model for Phase Ⅰ using summer field data, and Msu,f,II rep-
resents the model for Phase Ⅱ using summer field data. Msu,r,I

represents the model for Phase Ⅰ using summer remote sensing
data, and Msu,r,II represents the model for Phase Ⅱ using sum-
mer remote sensing data. Specifically, under different data
sources, most models based on field survey data show a higher
deviance explained. At the same time, in models based on field
survey data, the total contributions of water temperature and sa-
linity are both greater than those in models based on field survey
data. Regarding the different stages of the model, the number of
predictors in the first stage is usually higher, but compared to the
second stage, the deviance explained in the first stage is lower.
The range of deviance explained in the first stage is from 18.6% to
25.1%, while in the second stage, it ranges from 29.9% to 64.3%
(Table 1).

3.2  Relationship between abundance of S. japonicus and environ-
mental factors
Figures 3 and 4 show the relationships between the distribu-

tion of S. japonicus and temperature and salinity across different
 

Table 1.   Optimal GAM compositions under different data
sources

Model Stage
Optimal
model

Deviance explained
of each factor/%

Deviance
explained/%

AIC

Msp,f Msp,f,I

lat, lon 8.8

22.9 114.88T 5.1

S 9.0

Msp,f Msp,f,II
lat, lon 18.8

43.9 216.10
S 25.1

Msp,r Msp,r,I

lat, lon 8.8

25.1 116.33T 6.3

S 10.0

Msp,r Msp,r,II
lat, lon 18.8

29.9 227.33
T 11.1

Msu,f Msu,f,I

lat, lon 12.5

25.1 160.65T 6.4

S 6.2

Msu,f Msu,f,II

lat, lon 36.1

64.3 193.03T 24.4

S 3.8

Msu,r Msu,r,I
lat, lon 12.5

18.6 167.94
S 6.1

Msu,r Msu,r,II

lat, lon 36.1

48.2 206.49T 0.7

S 11.9
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seasons and data sources. In spring (Figs 3a and b), Msp,f,I shows
a distinct negative linear relationship between the probability of
occurrence of S. japonicus and water temperature within the
range of 20.5℃ to 25.2℃. Conversely, within the range of 19.5℃
to 24℃, Msp,r,I exhibits that the probability of occurrence of S. ja-
ponicus initially rises with increasing temperature, then displays
a declining trend. In summer, the relationship between probabil-
ity of occurrence and water temperature forms a dome shape,
with the probability of occurrence peaking at 29℃ in the range of
26.5℃ to 33.5℃ (Fig. 3d). Furthermore, in Msu,f,II, the highest
abundance of S. japonicus was observed around a water temper-
ature of 29℃ (Fig. 3e). However, in the model based on remote
sensing data (Msu,r,II), a trend of gradually decreasing S. ja-
ponicus abundance with increasing water temperature was ob-
served, which differs significantly from the results of Msu,f,II

(Figs 3e and f).
Figure 4 shows the relationship between the distribution of S.

japonicus and salinity. In spring, Msu,f,I displays a trend where the
occurrence probability of S. japonicus first decreases and then in-
creases with rising salinity (Fig. 4a). However, Msp,r,I shows that
within the salinity range of 32.2 to 33.8, the occurrence probabil-
ity of S. japonicus first decreases and then stabilizes with increas-
ing salinity (Fig. 4c). In summer, although the relationship
between the occurrence probability of S. japonicus and salinity
varies across different data sources, a trend of gradually decreas-

ing occurrence probability is observed in high salinity areas
(Figs 4d and f). Furthermore, there are also notable differences in
the second stage models. Msu,f,II shows that within the salinity
range of 28 to 34.5, the abundance of S. japonicus exhibits first
rises and then falls (Fig. 4e). Meanwhile, Msu,r,II indicates that
within the salinity range of 32.1 to 34.5, the abundance of S. ja-
ponicus shows a gradual declining trend (Fig. 4g).

3.3  Model evaluation
The results of 1 000 cross validations showed that the RMSE

and MAE of the field survey data model were smaller than those
of the remote sensing data model in the same season. Mean-
while, the r2 values of the field survey data model were larger
than those of the remote sensing data model in both seasons.
Therefore, the prediction performance of the field survey data-
based model was more accurate than that of the remote sensing
data-based model (Table 2).

3.4  Distribution of S. japonicus under different data sources
Mapping the resource distribution of S. japonicus in spring

and summer from 2016 to 2020, by calculating the average values
of abundance, revealed large differences in spatial distribution
under different data sources in the same season (Fig. 5). In
spring, the field survey data model showed that the predicted
high values of S. japonicus were mainly concentrated in the
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Fig. 3.   Relationship between distribution of Scomber japonicus and temperature across different seasons and various data sources.
s(·) denotes smooth function. The dashed line represents the 95% confidence interval.
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northern part of the study area and in nearshore waters. The
model based on remote sensing data exhibits a similar pattern.

In summer, the field survey data model showed that S. ja-
ponicus was mainly concentrated on the offshore side, and the
overall characteristics showed that the abundance was greater in
the seaward waters than in the inshore waters. Compared to
models based on field survey data, the spatial distribution predic-
tions based on remote sensing data differ, with a smaller range of
high-abundance water areas (Fig. 5).

In addition, by comparing the opatimal model under two dif-
ferent data sources with the actual distribution of the resource
characteristics, the accuracy of the field survey data-based mod-
el was higher (Fig. 5).

4  Discussion

4.1  Comparison of model prediction performance
As understanding of the uncertainty of species distribution

models and their widespread use in predictions increases, there
is a need to enhance the understanding and application of mod-
el evaluations to ensure the accuracy and stability of model pre-
dictions (Luan et al., 2021). The predictive performance of mod-
els highly depends on the quantity and quality of modeling to en-
sure accuracy and reliability (Guillera-Arroita et al., 2015; La
Marca et al., 2019). Therefore, it is necessary to compare the ac-
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Fig. 4.   Relationship between distribution of Scomber japonicus and salinity across different seasons and various data sources. s(·) de-
notes smooth function. The dashed line represents the 95% confidence interval.
 

Table 2.   Results of 1 000 cross-validations of models
Optimal model r2 RMSE/(g·h–1) MAE/(g·h–1)

Msp,f 0.18 3 215.9 1 395.9
Msp,r 0.11 3 281.8 1 398.8
Msu,f 0.17 1 006.7 468.4
Msu,r 0.07 1 017.1 484.8
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curacy and predictive performance of models under different
data sources to fully understand the impact of different source
data on spatial predictions of resources. In this study, two differ-
ent data sources (field survey data and remote sensing data) are
applied to predict the distribution of S. japonicus off the south-
ern coast of Zhejiang. The fitting effects and predictiveness of the
two different data sources are evaluated using deviance ex-
plained, cross-validation methods (RMSE, MAE, and r2). Results
indicate that the model based on field survey data is more accur-
ate than the one based on remote sensing data. These results can
be used for the conservation and spatial management of the re-
gion and its species. For example, the southern offshore areas of
Zhejiang are breeding grounds for many important fishery spe-
cies, but due to human activities and other factors, there is a sig-
nificant decline in resources. The local government has formu-
lated policies to manage them, aiming to restore the condition of
these waters (Han et al., 2024). The findings and techniques of
this study can help determine the current state of areas to be
managed, thereby enabling the formulation of more effective
conservation measures.

This difference may stem from discrepancies in accuracy
between different data sources. Field survey data are typically
collected during specific time frames, providing accurate envir-
onmental conditions for specific moments and locations, which
align more closely with resource survey data. In contrast, remote
sensing data span a wider time range, and this temporal mis-
match might reduce its effectiveness (La Marca et al., 2019). Fur-
thermore, although significant advancements in remote sensing
technology have made it possible to provide a more comprehens-

ive and extended series of environmental variables, the potential
for reduced data quality due to cloud cover, atmospheric condi-
tions, as well as technological limits and the spatial resolution of
the data, might impact the effectiveness of its application (Lei
et al., 2022).

A few studies have compared the impact of field survey data
and remote sensing data on model predictive performance, and
their conclusions are consistent with our findings. For instance,
Johnston et al. (2017), in predicting the biodiversity of freshwater
fish and benthic invertebrate communities in streams, found that
the model based on field survey data had significantly better pre-
dictive performance than the model based on remote sensing
data. Similarly, La Marca et al. (2019), in examining the effects of
data source and species distribution model (SDM) methodolo-
gies on the predictive performance of small mammal distribu-
tion and their implication in determining spatial conservation
priorities, also found that models based on field surveys had bet-
ter predictiveness.

In summary, our study findings suggest that although remote
sensing data play a crucial role in environmental monitoring, in
some cases, field survey data, due to its higher accuracy and spe-
cificity in time, can more precisely reflect the variability of hydro-
logical environments, thereby showing better fitting results in
model predictions.

4.2  Data source effects on predicting S. japonicus habitat prefer-
ences
This study compared spatial distribution prediction models of

S. japonicus constructed based on different data sources, reveal-
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Fig. 5.   Overlay of actual and predicted abundance of Scomber japonicus under the optimal models. The specific categorizations are as
follows. a. Spring field data models, b. spring remote sensing data models, c. summer field data models, and d. summer remote sens-
ing data models.
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ing significant differences in prediction outcomes (Fig. 5). Ac-
cording to previous research, from March to May each year, sexu-
ally mature S. japonicus migrate to the nutrition-rich and topo-
graphically complex coastal waters of southern Zhejiang to
spawn, influenced by the strengthening of warm currents and
rising water temperatures, while individuals with immature gon-
ads continue to migrate northward until they mature and return
to the spawning area (Deng et al., 1991; Chen et al., 2017). Based
on this, we hypothesized that the abundance of S. japonicus in
the coastal waters of southern Zhejiang and the northern regions
would be significantly higher in spring than in other waters.
However, comparing the prediction results of different data
sources, although the models from both data sources are relat-
ively consistent in the overall distribution pattern and align with
the habitual distribution of S. japonicus, significant differences
exist at a finer scale. Particularly in spring, the high-abundance
areas predicted by the model based on remote sensing data are
noticeably smaller in range than those predicted by the model
based on field survey data, and are more inclined towards coastal
waters, which diverges significantly from actual observational
characteristics (Figs 5a and b). Accurately understanding these
discrepancies in predictions is crucial for formulating differenti-
ated management strategies and adaptive measures, as fisheries
managers rely on accurate habitat distribution information to
identify key habitats for species (Zhao et al., 2014; Zhang et al.,
2020).

In summer, the model based on field survey data predicts that
S. japonicus mainly concentrates in offshore waters far from the
coast (Fig. 5c), which is consistent with field survey data and re-
lated research findings. Previous studies have indicated that as
the size of S. japonicus increases and their foraging ability im-
proves, they gradually migrate to waters farther from the shore
for feeding (Zhang et al., 2017). However, although the model
constructed with remote sensing data can also generally display
this characteristic, its predictive capability is noticeably insuffi-
cient (Fig. 5d). Therefore, choosing remote sensing data or field
survey data as the data source for the model could have signific-
antly different impacts on the formulation of resource conserva-
tion and fishery management strategies.

4.3  Impact of different data sources on the relationship between
S. japonicus distribution and environmental factors
The distribution and habits of fish are closely related to hu-

man activities and environmental changes. Accurately exploring
the relationship between the distribution of fishery resources and
environmental factors, as well as predicting their spatial distribu-
tion, not only helps to understand the response mechanisms of
fishery resource populations to environmental factors but also
has significant importance for the assessment and formulation of
fishery resources management strategies. Although many envir-
onmental factors affect the population of S. japonicus (Li and
Chen, 2009; Yu et al., 2018), the impact of these factors on popu-
lation dynamics varies. Among the many environmental para-
meters, temperature and salinity are considered very important
variables for predicting S. japonicus fishing grounds (Li et al.,
2014; Yu et al., 2018). This study indicates that, except for the
spring phase one models (Msp,f,I and Msp,r,I), the models using re-
mote sensing data generally have lower total contributions from
water temperature and salinity compared to those based on field
survey data (Table 1). This indicates that in the remote sensing
data models, water temperature and salinity, which are crucial
environmental factors for the distribution of S. japonicus re-
sources, were not adequately reflected, potentially affecting the

accuracy of model predictions to some extent. This difference
might be explained by discrepancies between field survey data
and remote sensing data. Specifically, the range of water temper-
ature and salinity shown in field survey data was significantly lar-
ger than that in remote sensing data (Fig. 2), which more accur-
ately reflects the environmental variability between different sur-
vey stations. Therefore, models constructed based on field sur-
vey data are more likely to accurately capture the relationship
between S. japonicus distribution and environmental factors,
thoroughly analyze the specific impact of each environmental
factor on the distribution of S. japonicus, and thus make more ac-
curate predictions.

Water temperature is one of the most frequently measured
parameters in the marine environment, influencing not only the
metabolic rate and physiological state of fish but also affecting
the structure of the entire food chain by regulating primary pro-
ductivity (Selleslagh and Amara, 2008). In this study, we found
significant differences in the relationship between water temper-
ature and environmental factors even within the same season
and stage when analyzing with different data sources. Specific-
ally, in the data analysis of Msp,f,I, there was a negative correla-
tion between the occurrence probability of S. japonicus and wa-
ter temperature. Whereas in the data analysis of Msp,r,I, a dome-
shaped relationship was shown with the highest occurrence
probability at 22℃. By comparing with other studies on S. ja-
ponicus in the East China Sea, we found some study results are
consistent with the conclusions of Msp,f,I, but significantly differ-
ent from the findings of Msp,r,I. For example, studies by Cui and
Chen (2007) showed a significant negative correlation between
the relative resource amount of S. japonicus in the East China Sea
and sea surface water temperature during April to May. Hiyama
et al. (2002) also found that the spawning success rate of S. ja-
ponicus negatively correlated with water temperature in the East
China Sea. These findings suggest that the relationship between
the occurrence probability of S. japonicus and water temperature
analyzed based on field survey data might be more accurate in
spring. Similarly, in summer, our study also found that most con-
clusions are consistent with the results of the model based on
field survey data (Msu,f,II) compared to other studies in the East
China Sea (Chen et al., 2009; Li and Chen, 2009; Li et al., 2014),
and significantly different from the results of Msu,r,II. For instance,
Chen et al. (2009), when exploring suitable habitats for S. ja-
ponicus in the East China Sea during summer using the Habitat
Suitability Index model, found that over 90% of S. japonicus catch
came from areas with water temperatures of 28.0–29.4℃. There-
fore, we believe that compared to remote sensing data, field sur-
vey data can provide more accurate results when exploring the
relationship between S. japonicus distribution and water temper-
ature.

Salinity is closely related to the timing of the onset and the
growth rate of various developmental stages of fish, playing a very
important role in the distribution of fishery resources (Liu et al.,
2019; Zhang et al., 2021). This study revealed that within the same
season, analyses based on different data sources showed that the
occurrence probability and abundance of S. japonicus might ex-
hibit different relationships with salinity (Fig. 4). For example, we
noticed significant differences in salinity changes during the first
phase of spring (Msp,f,I and Msp,r,I) and the second phase of sum-
mer (Msu,f,II and Msu,r,II), sometimes even showing opposite
trends. We believe this phenomenon is mainly caused by differ-
ences in the range of salinity changes across different data
sources. In models based on field survey data, the wider range of
salinity variation allows for a more precise fitting of the relation-
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ship between salinity and S. japonicus distribution. However, in
models based on satellite remote sensing data, changes in salin-
ity are not very pronounced even when resource levels vary,
thereby affecting the model’s fitting effectiveness. Moreover,
Chen et al. (2009) found that the suitable salinity for S. japonicus
was 33.6 to 34.2, which differs from the conclusions of this study.
This discrepancy may stem from the approach of this study to
build models in stages, which, compared to studying the overall
relative abundance of resources, highlights the impact of salinity
on the distribution of S. japonicus resources, especially when the
data contains a large number of zero values.

Furthermore, incorporating latitude and longitude as fixed
explanatory variables in the model is crucial because these spa-
tial data not only influence environmental factors such as water
temperature and salinity but also indicate specific geographic
areas where S. japonicus may congregate (Yasuda et al., 2014). In-
cluding the interaction of latitude and longitude helps us more
accurately depict the species’ response to different geographical
environments and make more precise predictions about its dis-
tribution. Therefore, considering latitude and longitude is essen-
tial for understanding the distribution patterns of S. japonicus
across various data sources and how these patterns are influ-
enced by specific geographic locations.

We acknowledge that although this study utilizes two-stage
GAM and conducts a comparative analysis of model prediction
effects under different data sources by cross-validation and spa-
tial prediction distribution, its prediction performance is not very
good. In practice, some biotic and abiotic factors (e.g., dissolved
oxygen, climate change, predators), in addition to the environ-
mental factors used in this study, can also drive the spatial distri-
bution and habitat selection of fishery resources (Dai et al., 2020;
Liu et al., 2019). Therefore, more biotic and abiotic factors will be
incorporated in future studies, as well as more models will be
tried, which may help the fitting effect and prediction perform-
ance of the prediction models to further accurately predict their
distribution characteristics, thus providing more support for the
conservation and sustainable use of fishery resources.
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