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Abstract

Skipjack tuna constitutes a crucial fishery resource in the Western and Central Pacific
Ocean (WCPO) purse seine fishery, with high economic value and exploitation potential.
It also serves as an essential subject for studying the interaction between fishery resource
dynamics and marine ecosystems, as its resource abundance is significantly influenced by
marine environmental factors. Skipjack tuna can be categorized into unassociated schools
and associated schools, with the latter being predominant. Overfishing of the associated
schools can adversely affect population health and the ecological environment. In-depth
exploration of the spatial distribution responses of these two fish schools to environmental
variables is significant for the rational development and utilization of tuna resources and
for enhancing the sustainability of fishery resources. In sparsely sampled and complex
marine environments, geographic similarity methods effectively predict tuna resources
by quantifying local fishing ground environmental similarities. This study introduces
geographical similarity theory. This study focused on 1° x 1° fishery data (2004-2021)
released by the Western and Central Pacific Fisheries Commission (WCPFC) combined
with relevant marine environmental data. We employed Geographical Convergent Cross
Mapping (GCCM) to explore significant environmental factors influencing catch and varia-
tions in causal intensity and employed a Geographically Optimal Similarity (GOS) model
to predict the spatial distribution of catch for the two types of tuna schools. The research
findings indicate that the following: (1) Sea surface temperature (SST), sea surface salin-
ity (SSS), and net primary productivity (NPP) are key factors in GCCM model analysis,
significantly influencing the catch of two fish schools. (2) The GOS model exhibits higher
prediction accuracy and stability compared to the Generalized Additive Model (GAM) and
the Basic Configuration Similarity (BCS) model. R? values reaching 0.656 and 0.649 for
the two types of schools, respectively, suggest that the geographical similarity method has
certain applicability and application potential in the spatial prediction of fishery resources.
(3) Uncertainty analysis revealed more stable predictions for unassociated schools, with
72.65% of the results falling within the low-uncertainty range (0.00-0.25), compared to
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52.65% for associated schools. This study, based on geographical similarity theory, eluci-
dates differential spatial responses of distinct schools to environmental factors and provides
a novel approach for fishing ground prediction. It also provides a scientific basis for the
dynamic assessment and rational exploitation and utilization of skipjack tuna resources in
the Pacific Ocean.

Keywords: geographical similarity; Katsuwonus pelamis; GCCM; environmental response;
Western and Central Pacific Ocean

1. Introduction

Skipjack tuna (Katsuwonus pelamis) is central to the global tuna fishery. In the Western
and Central Pacific Ocean (WCPO), skipjack catches account for over 65% of the world’s
total production, making it the primary fishing ground for this species, with purse seine
fishing being the dominant harvesting method [1,2]. In practical operations and resource
studies, skipjack tuna are often classified according to their schooling characteristics, mainly
into two categories. One is the unassociated schools (UNA), which refers to tuna schools
that migrate and forage autonomously in the natural environment without attaching to
other structures. The other is the associated schools (ASS), which usually forms aggre-
gations around objects such as natural floating debris, artificial fish aggregating devices
(FADs), or cetaceans. Current research demonstrates that oceanic environmental variables
significantly influence skipjack catch rates and spatial distribution [3]. Therefore, advanc-
ing the understanding of skipjack—environment relationships and developing predictive
models using these variables is critically important for fisheries management. However,
despite the existence of various methods for exploring the relationships between fishery
resources and the environment, there is still a lack of in-depth investigation into the dif-
ferences in environmental responses among different types of fish schools at the spatial
scale. In particular, when facing complex environmental backgrounds, how to enhance the
local adaptability and mechanistic interpretability of models remains a critical issue that
urgently needs to be addressed.

Currently, scholars have conducted extensive research on the relationship between
skipjack tuna and the marine environment. Commonly used methods mainly include
the Generalized Additive Model (GAM) [4-6] based on statistical theory and the Habitat
Suitability Index (HSI) model [7], as well as machine learning models such as the Maximum
Entropy Model (MaxEnt) [8,9] and the BP neural network model [10,11]. However, these
statistical and machine learning-based approaches are typically applicable at global scales,
with model development contingent upon comprehensive observational coverage of envi-
ronmental variable spaces, where predictive accuracy heavily depends on the quality and
quantity of available data [12,13]. Furthermore, while machine learning models can capture
complex patterns, they may struggle with interpretability and extrapolation, especially
in ecologically dynamic systems. Moreover, most models assume that the influence of
environmental variables on skipjack tuna distribution remains consistent across the entire
study area, failing to account for spatial heterogeneity [13]. In reality, over large-scale
spatial domains, the relationship between fishing vessel operations and environmental
factors often exhibits significant spatial non-stationarity [14]. Neglecting this characteristic
may lead to prediction biases in the models at local scales, making it difficult to accurately
capture the local adaptability of the resources. It is not feasible to design large-scale spatial
studies and conduct controlled experiments to reveal causal relationships.

Traditional spatial statistical methods are primarily employed to identify correlations
among variables. However, they do not directly incorporate the concept of causality, even
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though many terms with implicit causal meanings are frequently used in their descriptions.
It is crucial to clarify that correlation does not necessarily imply causation. Even when a
causal relationship exists, the correlation between the two may be influenced by factors
such as selection bias and survivorship bias. Given the unique characteristics of spatial data,
including non-randomness, non-replicability, and synchronicity, research progress in spatial
causal inference has been relatively limited [15]. There is currently significant controversy
regarding whether existing causal inference frameworks, such as the Structural Equation
Model (SEM), Structural Causal Model (SCM), causal graphs, Granger causality, and the
Convergent Cross Mapping (CCM) model proposed based on dynamic system theory, can
effectively overcome the mirror effect and be applicable to spatial data [16]. Meanwhile,
although global spatial autocorrelation models and spatially stratified heterogeneity models
have advantages in simulating spatial processes, they have not yet been widely applied
in the field of spatial causal inference [15]. In addition, some time-series-based causal
inference methods have limited capabilities in capturing causal relationships and may
overlook some important causal links [17]. In summary, the identification of spatial causal
relationships between fishery resources and environmental factors is still at an exploratory
stage. Particularly in the context of large-scale, nonlinear, and multivariate coupling, there
is a lack of effective analytical frameworks. The GCCM model, as a method for revealing
potential causal connections, exhibits greater applicability and advantages in handling
large-scale complex spatial systems, thereby effectively avoiding fallacies that may arise
from spatial statistical models. Meanwhile, the GOS model also demonstrates superior
predictive capabilities and environmental response identification accuracy at local spatial
scales and under complex environmental conditions.

Compared with traditional causal analysis models, the GCCM model demonstrates
certain advantages in handling nonlinear relationships and variables that are difficult to
disentangle. Based on spatial cross-sectional data, this method can, to a certain extent,
mitigate the spatial mirroring effect and capture bidirectional, asymmetric potential causal
relationships. Particularly, without relying on time-series data, it holds promise for identi-
fying global causal structures that are difficult to observe using some time-based models,
thereby detecting weak or moderate causal relationships [18]. However, the identification
results of the GCCM model may also be subject to interference from sampling density
and spatial noise, leading to reduced model stability. Geographical similarity theory aims
to quantify environmental similarity between known and unknown locations, allowing
reliable estimation based on a limited set of representative observations. This approach
allows for the integrated consideration of multiple environmental factors, particularly
in complex scenarios where identifying geographically similar attributes facilitates more
accurate inference of resource conditions in unsampled areas [19]. Currently, geographical
similarity theory has been widely applied in various fields including pedology [20-22],
agronomy [23], and risk assessment [19], while demonstrating potential value in fish-
eries research. For migratory fish species like skipjack tuna, which are highly sensitive
to the environment, geographic similarity methods can effectively predict the spatial dis-
tribution of skipjack tuna resources by quantifying the local environmental similarity of
fishing grounds.

This study systematically accounts for linear correlations among multiple envi-
ronmental factors. Targeting the two distinct schools in purse seine skipjack tuna
fisheries—associated and unassociated schools—the GCCM model was employed to iden-
tify the key environmental factors influencing the catch of these two schools. On this basis,
the GOS model, which is based on the principle of geographic similarity, was applied
to generate separate spatial distribution predictions for these two schools. The study
also incorporated GAM and the BCS model as controls, conducting systematic compar-
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isons in terms of goodness-of-fit and predictive stability. This work not only validates the
applicability of geographical similarity methods in fisheries science but also offers novel per-
spectives for sustainable utilization and management of skipjack tuna resources in complex
marine ecosystems.

2. Data and Method

2.1. Data Sources
2.1.1. Fishery Data

The fishery data were obtained from the official website of the Western and Central
Pacific Fisheries Commission (WCPFC) (https://www.wcpfc.int/, accessed on 20 May
2024), consisting of monthly purse seine fishery production data with a spatial resolution of
1° x 1°. The dataset includes information such as year, month, fishing location coordinates
(longitude and latitude), fishing days, number of fish caught, and weight. This study
selected data spanning the period from 2004 to 2021, and focused on skipjack tuna fishery
data within the spatial range of 140° E-165° W and 10° S-10° N.

2.1.2. Environmental Data

This study’s selected marine environmental variables are presented in Table 1, includ-
ing Mixed Layer Depth (MLD), Sea Level Anomaly (SLA), and Net Primary Production
(NPP). Environmental factors at 0-200 m depth include the following: water temperature
at 0, 5, 50, 55, 100, 105, and 200 m depth (denoted as SST, T5, T50, T55, T100, T105, and
T200, respectively); salinity at 0, 5, 50, 55, 100, 105, and 200m depth (denoted as SSS, S5, S50,
555, 5100, S105, and S200, respectively); east-west current velocity at 5, 55, and 105m depth
(denoted as U5, U55, and U105, respectively); and north—-south current velocity (denoted as
V5, V55, and V105, respectively).

Table 1. List of environmental data and their sources.

. Spatial Resolution Temporal
Parameters Unit (Latitude x Longitude)  Resolution Data Source
o o http:/ /marine.copernicus.eu/
SLA m 0.333° x 0.333 monthly accessed on 20 May 2024
MLD m 0.333° x 0.333° monthly http:/ /www.science.
CHL mg/m?3 0.333° x 0.333° monthly oregonstate.edu/
NPP mg/ m2/ day 0.333° x 0.333° monthly accessed on 20 May 2024
SST, T50, T100, T150, T200 °C 1° x 1° monthly http:/ /www.argo.org.cn/
SSS, S50, S100, S150, S200 PSU 1° x 1° monthly accessed on 20 May 2024
U5, U55, U105 m/s 0.333° x 1° monthly
V5, V55, V105 m/s 0.333° x 1° monthly https:/ /cfs.ncep.noaa.gov/
T5, T55, T105, T155 °C 1° x 1° monthly accessed on 20 May 2024
S5, S55, 5105, S155 PSU 1° x 1° monthly

Occupying mainly the peripheries of warm pools, skipjack tuna demonstrate a marked
foraging inclination near zones with salinity gradients and undertake seasonal migrations
within their physiological tolerance range [24,25]. From the perspective of ocean dynamics,
SLA serves as a crucial dynamic indicator, effectively characterizing both water mass
movement patterns and nutrient transport processes [26]. MLD modulates key parameters
in the mixed layer including temperature and dissolved oxygen concentration, thereby
indirectly influencing the habitat suitability of skipjack tuna [27]. Furthermore, NPP
provides fundamental data for assessing the productive potential of marine ecosystems,
while current velocity governs the trophic resource transport efficiency [7,28,29].
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2.2. Models and Methods

The workflow of this study is demonstrated in Figure 1.

Step 1 Data preparation

Step 2 Model establishment

® Environmental data
» Temperature at different depths
> Different depths Salinity

® Geographical configuration
representation
»> Correlation coefficient method

> Flow velocity i

» GCCM method

> Dissolved oxygen concentration

’ Generalized Additive Model ‘

‘ Basic Configuration Similarity ‘

| Geographically Optimal Similarity ‘

£ R
A RMSE
® Fisheries data MAE
» WCPFC ~~_RSS /
| Model comparison |
Step 3 Spatial prediction
Similarity in geographic
configuration
(The more similar) e .
(The more similar) |
e Similarity in values Region B

of target variable

Optimal threshold parameter estimation

Prediction result

Uncertainty Assessment

cross-validation RMSE

160°E 170°E 180° 170°W

Figure 1. An illustration of the workflow implemented for this study.

2.2.1. Data Preprocessing

Based on the research objectives, the data were processed as follows: (1) data of unas-
sociated schools and associated schools within the study period and area, including year,
month, fishing days, and catch information, were extracted; (2) on this basis, records with
missing fishing days data were removed, spatiotemporal matching between environmental
factors and fishery data was performed, and then the cumulative catch per fishing grid unit
was calculated.

2.2.2. Selection of Environmental Factors

When multicollinearity exists among environmental variables, it may cause model
overfitting and reduce generalization capability [30]. Therefore, variance inflation factor
(VIF) was employed to test collinearity among marine environmental variables, which
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examines the independence among factors to enhance the regression results. Variables with
a VIF < 10 were retained. In this study, the diagnosis of collinearity among environmental
variables was performed using IBM SPSS Statistics 26 software, with detailed results
presented in Table 2.

Table 2. Variance inflation factor between environmental variables. (UNA represents unassociated
schools; ASS represents associated schools.)

VIF
Environment Variables

UNA ASS

SLA 1.068 1.078
MLD 3.429 3.883
NPP 1.821 1.966
SST 3.593 4.011
SSS 8.742 8.993
U5 2.980 3.047
V5 1.954 2.153
T150 6.623 6.545
5150 8.419 8.317

22.3. GAM

Serving as a flexible alternative, the Generalized Additive Model (GAM) broadens
generalized linear models through nonparametric techniques [31], employing unspecified
smooth functions to replace traditional linear covariate functions. This approach effectively
captures nonlinear relationships between environmental factors and catch rates, making it
currently one of the most widely used models for assessing marine environment—fisheries
relationships [5,32]. GAM was compares with the GOS model to measure the applicability
of the GOS model in this study. Its fundamental formula is expressed as follows:

g(u) = B+s1(X1) +52(X2) + - +5i(Xi) +& 1)

In the given formula, g(y) is the link function; s1,sp,. .., s; are smooth functions of
environmental variables. Xj, X»,..., X; represent environmental variables, y denotes
target variable (catch), B is the intercept term, and ¢; represents the error term. GAM was
implemented based on R’s mgcv Packages (version 4.3.2).

2.2.4. Geographic Similarity and GOS

Zhu et al. proposed a spatial prediction framework where “The more similar geo-
graphic configurations of two points (areas), the more similar the values (processes) of the
target variable at these two points (areas)” [33]. Based on this theory, the Basic Configura-
tion Similarity (BCS) model employs full-sample information to make weighted predictions
for unknown locations. Although it is applicable under small-sample conditions, it is
susceptible to interference from redundant information in big data scenarios, which can
affect the efficiency and accuracy of inference. To overcome the aforementioned limitations,
Song et al. proposed the Geographically Optimal Similarity (GOS) model [20], which
improves the accuracy and robustness of spatial inference by selecting observation points
with the highest environmental similarity to the target location and extracting high-quality
similarity information. The specific steps are as follows:

(1) Geographical Configuration Representation
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The selected environmental factors are utilized as explanatory variables, constructing
environmental vectors at observation points to characterize habitat conditions, with the
computational formula expressed as follows:

e={e} (i=1,2,...,p), ()

where ¢; is the value of the explanatory variable X; at a given location.
(2) Similarity Assessment

The similarity is evaluated through geospatial attributes between unknown obser-
vation locations op(B=1,..., n) and known observation locations u,(a« =1,...,m). The
formula for similarity calculation is given as follows:

S (ua, vp) = P{Ei(ei(ua),i(vp)) } 3)

The function E;, associated with the i-th covariate, evaluates the degree of similarity
between location u, and vg, By comparing the covariate-scale similarities for all variables,
the function p quantifies the overall similarity between 1, and vg. At a certain observation
point, e; (i = 1,..., p) denotes the value taken by the explanatory variable X; (i = 1,...,p).
When X; is continuous, E; is defined accordingly:

(ei(ua) — ei(vﬁ))2>

2(02/5 (s, 05))"

E;(ua, vg) = exp ( (4)

o is defined as the pooled standard deviation for the explanatory variable X;, aggre-
gated over both known and unknown points. Meanwhile, (1, v) measures the Root Mean
Square Error (RMSE) comparing X; at all unknown locations vg with its value at u,, an
observed location.

(3) Estimation of Optimal Similarity Threshold

By determining the optimal similarity threshold, observed locations with the highest
similarity to unknown locations are selected. A cross-validation-based prediction error
evaluation approach was utilized to identify it. Training and test sets were generated in
equal proportions, and similarity measures were computed and evaluated for each pair
of training—test observations. This procedure was repeated for 10 iterations to ensure
result accuracy and stability. By using a series of optional percentage thresholds, candidate
percentage thresholds in (0, 1] were systematically evaluated to identify high-similarity
reference locations. Ultimately, by calculating the average RMSE value over multiple exper-
iments, the final threshold was selected by minimizing the mean RMSE across iterations.

(4) Spatial prediction and uncertainty analysis

The dataset was partitioned into training and test sets at a 7:3 ratio [34]. The optimal
similarity threshold derived from training data was applied to extract high-similarity
subsets from the training set. Spatial prediction was then performed using Equation (5) [20],
which involves computing similarity metrics between unknown target locations and known
reference locations, and estimating values at unknown locations by weighted aggregation
of observations from known locations based on optimal similarity. The mathematical
formulation is given by the following:

221:1 Sy (uzx/ Uﬁ)z)\(ua)
Yaiq S (ua, vp)

Z(Uﬁ) = (5)
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Z (vﬁ) denotes the estimated value at the unknown site vg, while Z) (1) refers to the
observed value at location u,, which exhibits the highest similarity.

The GOS model reveals an inverse relationship between prediction uncertainty and the
degree of similarity between unknown and observed locations [20]. To evaluate the extent
and influence of model uncertainty, an assessment is performed based on the prediction
outputs. The corresponding calculation is given below:

Alog) =1 Q(S(1,0).2) ©

where A(vp) is the uncertainty at the unknown location vg, Q is the quantile operator, and
{ is the confidence interval used to determine the similarity value that critically affects the
prediction results. The values of  used in this study were 0.9, 0.95, 0.99, 0.995, 0.999, and 1
for assessing the reliability to ensure the stability of the model predictions.

Both the BCS model and the GOS model were implemented through the R’s geosimi-
larity Packages (version 4.3.2).

2.2.5. Geographical Convergent Cross Mapping

As linear correlation and similar traditional statistical methods fall short in identifying
intricate nonlinear relationships, this research employed the Geographical Convergent
Cross Mapping (GCCM) model as an exploratory tool to uncover potential causal asso-
ciation structures among spatial variables. which identifies causal relationships between
variables through state space reconstruction and Convergent Cross Mapping prediction. It
is primarily used to determine causal relationships between two sets of cross-sectional spa-
tial data. The model works by classifying and combining the observed values of different
variables to construct a spatial dynamic system. It then further examines whether these
different variables originate from the same spatial dynamic system, thereby identifying the
potential causal relationships among spatial variables [18].

GCCM replaces the lags in traditional convergent cross-mapping (CCM) models,
which rely on time-series observations, with spatial lags (measurements of a specific unit
and its neighborhood) [35]. For two spatial variables X and Y defined on the same set of
spatial units—organized as regular grids (raster data) or irregular polygons (vector data)—
their values and spatial lag terms can be regarded as observational functions of the values
read from each spatial unit. Following the generalized embedding theorem [36-38], the
phase space is reconstructed using observational functions, transforming spatial variables
X and Y into shadow manifolds M, and My, to perform spatial prediction on the mapping
relationship between shadow manifolds and infer causality.

Thus, for a given x, the value of Y can be predicted based on the nearest neighbors
identified from My, and this nearest neighbor-based prediction approach is defined as
cross-mapping prediction. The formula is as follows:

. L+1
YS‘MX = Z (wsiYsi|Mx) )
i=1

where s represents the spatial unit of the Y value to be predicted; Y is the prediction result;
L is the number of dimensions of the embedding; si is the spatial unit used in the prediction;
Y;; is the observation at si and at the same time the first component in M,,, denoted as
(y, si), and furthermore, {(y, si) is determined by its one-to-one mapping point ¥ (x, si),
which is one of the L + 1 nearest neighbors of the focal state in Mx one of the L+1 nearest
neighbors of {(x, s); and wy; is the defined correlation weight.
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The performance of cross-mapping prediction is evaluated using Pearson’s correlation
coefficient calculated between the actual observed values and their predicted counterparts.

The formula is given below:

Cov(Y,Y
o 0v(Y,Y) ®)

\/ Var(Y)Var(Y)

where Cov() represents the covariance of the two variables and Var() represents the variance.

Sugihara et al. [16] proposed using the convergence of the correlation coefficient p to
infer causal relationships. For the GCCM model, convergence implies that p increases with
the size of the embedding dimension L and achieves statistical significance when L is at
its maximum value [16,39]. The GCCM model can automatically adjust the L parameter
to find the maximum p. In this study, the significance level was set at 0.05, with a 95%
confidence interval. The GCCM model used in this research was implemented through the
GCCM function package in R (version 4.3.2).

2.2.6. Evaluation Metrics

This study selected Residual Sum of Squares (RSS), R-Squared (R?), Mean Absolute
Error (MAE), and Root Mean Square Error (RMSE) as the criteria for evaluating model
performance. Among these, RSS, RMSE, and MAE values closer to 0 and R? values closer
to 1 indicate better model fitting performance.

The corresponding formulas for the evaluation metrics are as follows:

RsS =3, (2-2)" ©)

RMSE = (10)

MAE - (11)
—\ 2

R2 — M (12)

Y (- z)z

where Zj and Z; are the predicted and observed values for the j test position, respectively.
n is the number of samples.

3. Results
3.1. Environmental Factor Correlation

In this study, the Pearson’s correlation coefficient method was employed to check for
data redundancy among environmental factors that were filtered using the VIF approach.
Figure 2 and Table 3 present the correlation matrix results obtained using the Pearson’s
correlation coefficient method, covering correlations among environmental factors and
between environmental factors and the catch of the two schools. The results show that all
correlation coefficients between environmental factors and catch have absolute values less
than 0.5, indicating generally weak to moderate correlations. Meanwhile, the correlations
between most environmental variables are also relatively weak, indicating low redundancy
among the variables.
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Figure 2. Environmental factor correlation diagram.

Environmental Factor (X)

(* represents 90% confidence interval;

** represents 95% confidence interval; *** represents 99% confidence interval. Font size represents

degree of relevance). (UNA represents unassociated schools; ASS represents associated schools).

Table 3. Correlation of environmental variables with catch of different fish schools. (UNA represents

unassociated schools; ASS represents associated schools). (* represents 90% confidence interval).

. . Correlation
Environment Variables
UNA ASS
SLA —0.16* —0.17*
MLD -0.07 0.11*
NPP 0.35* 0.30 *
SST 0.29 * 0.15*
SSS 0.11* 0.27 *
U5 —0.42* —0.48*
V5 —-0.12*% —-0.23*
S150 —-0.14 * 0.23*
T150 0.30 * 0.34*

Figure 3 presents the results of the analysis based on the GCCM model. The findings

are as follows:

)

@)

®)

Overall, the two types of fish populations exhibit a high degree of consistency in their
response patterns to environmental factors, with no significant differences observed
in the types of major influencing factors and their causal strengths.

Among all environmental factors, SST, SSS, and NPP demonstrate strong causal rela-
tionships with catch. Their p values are significantly higher than those of other factors,
with the highest values exceeding 0.5. This indicates that these three environmental
factors are crucial in influencing the catch of both fish populations.

Additionally, the p values for S150 (salinity at 150 m depth) and T150 (temperature
at 150 m depth) are also relatively high, reaching above 0.4 in some cases, showing a
certain degree of causal association. The p values for MLD and SLA are relatively low
but still reflect indirect effects on nutrient redistribution. Finally, U5 and V5 exhibited
the lowest p values, demonstrating weak influence of surface currents on catch.
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0.31

0.21
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= B una

V5 uUs SLA MLD  S150  T150 NPP SST sSS
factor

Figure 3. GCCM outputs for catch and environmental variables. (UNA represents unassociated
schools; ASS represents associated schools).

Considering the causal relationship strengths and correlation coefficients between
the variables and catch, all the aforementioned variables were selected as inputs for
subsequent analysis.

3.2. Optimal Similarity of Geographical Configurations

The optimal percentage threshold for observations with maximum similarity to un-
known locations is determined based on this configuration, with results cross-validated
against RMSE for optimizing prediction performance and avoiding overfitting. As shown
in Figure 4, these represent the optimal similarity results for both schools.

0.96

0.931

0.90

cross-validation RMSE

0.87 1

-+ associated
- unassociated

0.00 0.25 050 0.75 1.00

Figure 4. Optimal similarity thresholds for the geographic allocation of the two fish schools.

Figure 4 presents the optimal similarity threshold analysis results for both schools.
Overall, as the percentage Kappa value of observational data used for prediction increases,
the cross-validated RMSE values first decrease and then increase. This indicates that insuf-
ficient observational data leads to inadequate representativeness in similarity computation,
resulting in unreliable predictions. Conversely, using more observational data for similarity
computation and prediction also increases prediction error, as low-similarity observations
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introduce additional errors, noise, and other confounding factors affecting catch predictions,
thereby compromising accuracy. The results show that when RMSE reaches its minimum,
the optimal percentage threshold is 0.02 for both unassociated and associated schools,
indicating that for prediction purposes, utilizing just 2% of the known observational data
to calculate similarity can achieve the optimal predictive performance. The selection of this
percentage is based on a systematic cross-validation process, which effectively mitigates
the risk of overfitting by minimizing prediction errors. We filtered sample points using
the optimal similarity parameter and fitted them into the GOS model for catch prediction
and fitting.

3.3. Model Performance Evaluation and Spatial Prediction Results
3.3.1. Model Performance Evaluation

This study used the selected environmental factors as explanatory variables, with
catch of unassociated and associated skipjack schools as response variables, respectively, to
construct three models: GAM, BCS, and GOS. GAM is a widely adopted statistical model in
fisheries resource research, suitable for depicting nonlinear relationships between explana-
tory and response variables, and it offers good interpretability. However, it neglects spatial
location and geographic proximity, making it difficult to effectively capture the differences
in ecological processes brought about by spatial heterogeneity. Both the BCS model and
the GOS model are based on the principle of geographic similarity. The BCS model uses
all observed samples during prediction, which can easily be disturbed by low-similarity
samples, especially when the spatial structure is complex or the sample distribution is
uneven, leading to potential errors. In contrast, the GOS model, an improvement upon the
BCS model, selects observations that are most geographically similar to the target location
for prediction. Comparative analysis of model performance parameters (Table 4) leads to
the following conclusions:

Table 4. Result of model performance evaluation.

Schools Method R2 RMSE MAE RSS
GAM 0.572 0.893 0.658 2805.82
Associated BCS 0.613 0.825 0.602 2012.67
GOS 0.649 0.793 0.554 1694.45
GAM 0.569 0.884 0.696 2607.15
Unassociated BCS 0.609 0.880 0.655 1908.84
GOS 0.656 0.829 0.572 1558.43

In terms of model R-Squared (R?), for both unassociated and associated schools, both
the GOS and BCS models exhibited significantly higher R? values than GAM. This indicates
that incorporating geographic similarity methods better captures the spatial distribution
patterns of fish schools, thereby significantly enhancing model predictive performance. In
contrast, although GAM can handle nonlinear relationships, its performance in predicting
complex spatial distributions remains relatively limited.

By further comparing the performance parameters of the BCS model and the GOS
model, it can be observed that the GOS model outperforms the BCS model across four
indicators: R-Squared (R?), Root Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Residual Sum of Squares (RSS). Specifically, the RSS value of the GOS model is signifi-
cantly lower, indicating smaller overall prediction errors and a more concentrated residual
distribution. This suggests that by seeking optimal similarity among observational data,
the GOS model can more accurately reflect the complex coupling relationships between
fish distribution and environmental factors.
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3.3.2. Prediction Results

Figures 5 and 6 present the spatial distribution predictions of catch for unassociated
and associated schools in the Western and Central Pacific, generated by the GAM, BCS,
and GOS models. The figures reveal significant differences in the predicted spatial ranges
among the models. Using the 160° E “pocket” high seas closed areas as a boundary, the
study area was divided into eastern and western regions.

Telell e 1_.- e o

170°E 180° 170°W 140°E

140°E 160°E 150°E 160°E 170"E 180° 170°W

150°E
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H 0-125 1 125-300 300-535 1 535-980 MW > 980

Figure 5. Distribution of catch predictions from different models for unassociated schools.
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Figure 6. Distribution of catch predictions from different models for associated schools.

In Figure 5, GAM predicted that the high-catch areas of unassociated schools were
mainly located in the western region (145° E-160° E, 10° S-2° N), with some high-
catch areas also in the eastern region (175° E-180° W, near 0°). By contrast, the BCS
model suggested a more focused distribution, primarily around the equator in the west
(140° E-160° E) and in eastern waters (165° E-178° E, 7° S-2° N), covering a broader range
than GAM. The GOS model’s predictions showed more concentrated high-catch areas in
western waters (142° E-158° E) compared to BCS, while also capturing extensive eastern
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activity reaching close to 180°. By comparing with the actual catch of unassociated schools,
it can be observed that there are certain discrepancies between the predicted results of
GAM and the BCS model and the distribution of the actual catch. In contrast, the predicted
results of the GOS model demonstrate higher accuracy and can better reflect the actual
distribution of catch.

In Figure 6, for associated schools, GAM estimated major catch zones predominantly
in the eastern region (165° E-180° W, 7° 5-0°), while fewer areas were observed in west-
ern waters. The BCS model indicated a similar eastern concentration (162° E-175° W,
8° 5-0°). The GOS model predicted high-catch areas distributed between 165° E-180° W
and 5° S-2° N, showing a clear northwestward shift compared to BCS predictions, and also
detected additional zones in the western region (155° E-162° E, 8° 5-5° S). Comparison with
actual associated school catch data revealed certain discrepancies between the predicted
and actual catch distributions for both the GAM and BCS models, while the GOS model
demonstrated higher accuracy in representing actual catch distribution patterns.

In summary, the GOS model demonstrated superior accuracy in predicting the spatial
distribution of catch for two schools, particularly in the eastern waters, where its predicted
high-catch zones aligned more closely with actual catch distribution. In contrast, while
the GAM and BCS models were able to provide predictive results to some extent, they
exhibited lower precision and spatial accuracy compared to the GOS model.

3.4. Uncertainty Analysis of Prediction Results

Figure 7 displays the uncertainty distribution of GOS model predictions at a confi-
dence level of ¢ = 0.99. When varying confidence levels (¢ = 0.9, 0.95, 0.99, 0.995, 0.999, 1)
are selected, the spatial patterns of uncertainty remain relatively consistent, although the
magnitude varies with the confidence level. Overall, as { decreases, uncertainty values pro-
gressively increase; at { = 0.9, uncertainty peaks, with more pronounced high-uncertainty
zones and greater spatial variability; however, for ¢ > 0.99, uncertainty stabilizes and ex-
hibits more homogeneous spatial distribution. As shown in the figure, the high-uncertainty
zones of unassociated and associated schools show certain spatial distribution similarities,
primarily concentrated near the study area’s margins and the high seas closed areas. Com-
paratively, unassociated schools exhibit smaller high-uncertainty zones, whereas associated
schools demonstrate more extensive high-uncertainty areas. Using the 160° E high seas
closed areas as a boundary, the study area is divided into eastern and western sectors.

UNA ASS

10°N 10°N

0 0=

10°8 10°8

4I°E  150°E  160°E  170°E  180°  170°W 40°E  150°E  160°E  170°E  180°  170°W
0.00-025 = 025-050 ¢ 050-075 ® 0.75-0.90 ® 0.90—1.00

Figure 7. Uncertainty analysis of geographical-optimal similarity prediction results ({ = 0.99). (UNA
represents unassociated schools; ASS represents associated schools.)

In the uncertainty distribution of unassociated schools, high-value zones are primar-
ily concentrated in the eastern region (165° W-170° W, 5° S-5° N), where uncertainty is
significantly higher than other areas. Additionally, areas north of 7° N generally exhibit
higher uncertainty. In contrast, high-uncertainty zones in western waters are more dis-
persed, mainly scattered near coastal study areas and adjacent to the “pocket” high seas
closed areas.
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In comparison, the high-uncertainty zones of associated schools cover a larger area
in the eastern waters, primarily distributed between 165° W and 172° W. In the western
waters, these zones are concentrated within 150° E-158° E and 10° S-5° S. Compared with
unassociated schools, the associated schools exhibit more extensive high-uncertainty zones
across both eastern and western waters.

The proportions of prediction uncertainty values are shown in Table 5. Overall, the
GOS model’s prediction uncertainty values within the high seas closed areas were higher
for associated schools than for unassociated schools. The distributions of unassociated
and associated schools across uncertainty intervals differed significantly. Predictions
for unassociated schools were predominantly in the low-uncertainty interval (0.00-0.25),
accounting for 72.65%, whereas associated schools accounted for only 52.65% in this interval.
As uncertainty increased, the proportion of associated schools gradually surpassed that of
unassociated schools, particularly in the 0.25-0.50, 0.50-0.75, and 0.90-1.00 intervals, with
associated schools comprising 16.75%, 8.92%, and 16.39%, respectively, all significantly
higher than the corresponding proportions for unassociated schools (9.76%, 5.06%, and
9.76%). This indicates that predictions for associated schools generally exhibit higher
uncertainty, whereas predictions for unassociated schools are more stable and reliable.

Table 5. Proportion of prediction uncertainty values. (UNA represents unassociated schools; ASS
represents associated schools.)

Uncertainty UNA/% ASS/%
0.00-0.25 72.65 52.65
0.25-0.50 9.76 16.75
0.50-0.75 5.06 8.92
0.75-0.90 2.77 5.30
0.90-1.00 9.76 16.39

4. Discussion and Conclusions
4.1. Environmental Factors Affecting Purse Seine Skipjack Tuna Catch Distribution

Skipjack tuna in purse seine fisheries are schooling fish [40], whose aggregation
patterns are strongly influenced by marine environmental conditions [41,42]. However,
unassociated and associated schools exhibit distinct behavioral mechanisms due to differing
aggregation characteristics. Currently, Fishing Aggregating Devices (FADs) have become
the predominant method for catching tuna-associated schools in purse seine fisheries [43].
Furthermore, studies have shown that different school types demonstrate variations in
environmental preferences and habitat selection [44]. This study analyzed the potential
causal relationships and their strengths between the catch of two types of purse seine
skipjack tuna populations in the Western Central Pacific Ocean and marine environmental
factors using the GCCM model. The results (in Figure 3) indicate that surface environmental
factors, namely SST, SSS, and NPP, exhibit strong causal strengths (p > 0.5) for both fish
schools. In contrast, factors such as U5, V5, and SLA demonstrate weaker causal strengths
(p < 0.3) with catch.

Combining these findings with correlation coefficient analyses, it was observed that
the correlation coefficients for the three surface factors (SST, SSS, and NPP) were not
particularly high (with a maximum value of 0.35), indicating only weak to moderate
correlations. Conversely, U5 exhibited the highest correlation coefficient in the analysis. As
indicated in Table 3, the correlation coefficient between the catch of unassociated schools
and MLD failed to pass the 90% confidence interval, suggesting that at the given confidence
level, the data do not support a significant relationship. This implies that the relationship
between the independent and dependent variables may not be sufficiently strong, or that
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the sample data are insufficient to prove such a relationship. The GCCM model is capable
of comprehensively quantifying the influence intensity of various environmental factors on
catch at a 95% confidence level, thereby enhancing the authenticity and credibility of the
research findings.

These findings underscore the limitations of using correlation coefficients to explore
the relationships between catch and environmental factors. They also demonstrate that
correlation coefficients cannot reflect causality between variables and should not be used to
infer causal relationships.

This study indicates that SST is likely a crucial environmental variable influencing
catch, a finding that is highly consistent with existing research. As typical warm-water
migratory fish, skipjack tuna are highly sensitive to changes in water temperature, with their
feeding, migration, and schooling behaviors all being regulated by SST [5,45]. Variations
in SST not only affect the suitability of skipjack tuna habitats but also drive adjustments
in their spatial distribution patterns [46]. In the Western Central Pacific Ocean region, the
spatial center of gravity of skipjack tuna catch often shifts significantly with the movement
of the 29 °C isotherm along the edge of the tropical warm pool, reflecting their high
responsiveness to changes in sea surface temperature [3].

Compared with SST, SSS also showed significant influence, with its p values exceeding
0.5, nearly equivalent to SST. Studies have shown that salinity is not only an important
environmental factor representing nutrient transport and distribution in the ocean [47,48],
but also an effective tracer for identifying ocean circulation pathways [49]. In addition,
SSS affects MLD by regulating seawater density, playing a key role in regulating vertical
heat and nutrient transport [50]. Some previous studies suggested that SSS is not sensitive
enough in short-term dynamic changes and therefore is not one of the main environmental
drivers. This study, based on an analysis of long-term averaged environmental data, reveals
the response characteristics of skipjack tuna catch to SSS over long time scales.

In this study, the influence of NPP ranks third among the environmental factors
considered. As the fundamental source of nutrients for skipjack tuna, NPP typically
affects the distribution and reproduction of phytoplankton and zooplankton [51], and
through the trophic cascade effect between phytoplankton and prey, indirectly affects the
abundance level of skipjack tuna resources. Studies have shown that high NPP levels help
improve the spawning and reproductive success of skipjack tuna, having a positive effect on
population maintenance [52].

Meanwhile, we found that the temperature, salinity in the subsurface water, and MLD
significantly influence the vertical distribution patterns of skipjack tuna, indicating their
strong responsiveness to the thermohaline structure of the water column during habitat
selection and foraging. In contrast, SLA and ocean current factors U5 and V5 exhibited rela-
tively weaker roles in the causal contribution analysis. We posit that this may be because
these dynamic factors primarily influence skipjack tuna distribution indirectly through
other environmental variables. For instance, SLA is often associated with ocean eddies
and circulation systems, which can create frontal zones at their edges, enhancing nutrient
levels and primary productivity, thereby providing potential foraging environments for
skipjack tuna [53]. Similarly, changes in ocean currents can indirectly affect the aggrega-
tion behavior of skipjack tuna on larger spatial scales by regulating key environmental
conditions such as temperature, salinity, and dissolved oxygen, which in turn reshape the
distribution patterns of plankton and prey resources [54]. Furthermore, there may be strong
intercorrelations among multiple environmental variables, leading to relatively weaker
direct effects observed in causal analyses.
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4.2. Application of Geographic Similarity in Fishery Prediction

Since the 1990s, associated schools have been the primary target of purse seine fisheries.
However, while the high-intensity deployment of FADs has improved fishing efficiency, it
has also, to some extent, altered the physical environment of the sea surface and exacerbated
the catch issue of juvenile tuna species. This has caused relatively severe negative impacts
on the health of target fish populations and the pelagic marine ecosystem. In view of
this, the WCPFC has gradually guided the purse seine fishery towards an operation
mode focused on unassociated schools, aiming to reduce ecological risks and enhance the
sustainability of fisheries resources.

To evaluate the predictive performance of the GOS model, this study conducted a
comparative analysis between the GOS model and two other methods (GAM, BCS). From
the perspective of the coefficient of determination (R?), the GOS model outperformed both
the GAM and BCS models for both unassociated and associated schools, demonstrating
its good capability in capturing spatial structural features. Furthermore, when comparing
indicators such as RSS, RMSE, and MAE, the GOS model also exhibited certain advantages
in error control, reflecting its comprehensive potential in terms of accuracy and robust-
ness. GAM, as a mature nonlinear statistical modeling method, has certain advantages
in handling complex relationships. However, under data conditions with uneven sample
distribution, strong noise, or significant spatial heterogeneity, its predictive accuracy may
fluctuate. The BCS model, although based on the similarity principle, is highly dependent
on full-sample characteristics, making it susceptible to noise interference and resulting
in poor prediction stability and low computational efficiency. The advantage of the GOS
model lies in its use of the cross-validation method to automatically determine the optimal
similarity threshold, enabling the model to select a relatively small but representative subset
from the observed data for fitting, thereby reducing reliance on full-sample modeling. This
strategy helps to reduce the risks of noise interference and overfitting and, to a certain
extent, improves the model’s predictive error performance, especially showing good results
in RMSE control [19]. In addition, the GOS model has strong interpretability. Its process
of inferring fishing ground distribution based on environmental feature similarity helps
to reveal the potential physical associations between environmental factors and fishing
ground distribution, to some extent making up for the deficiencies in the interpretation
mechanisms of traditional statistical methods or some machine learning models.

Therefore, through the evaluation of the GOS model’s predictive accuracy and the
comparison results with the GAM and BCS models, this study to a certain extent demon-
strates the potential application value of the geographic similarity method in predicting
the spatial distribution of skipjack tuna fishing grounds. Meanwhile, this method exhibits
certain interpretability in characterizing the spatial relationships between environmen-
tal factors and fishing ground distribution, providing new ideas for predicting fishing
ground distribution.

4.3. Analysis of Prediction Uncertainty in GOS Model for Different Fish Schools

The uncertainty values predicted by the GOS model reflect the similarity between
the observed and predicted locations [22] and serve as indicators of prediction reliability.
This uncertainty can be classified as estimation uncertainty, primarily stemming from
prediction biases caused by environmental differences during the spatial inference process
of the model, which relies on geographic similarity weights. As clearly shown in Figure 7,
areas with high uncertainty values exist for both fish schools, revealing generally similar
spatial patterns of uncertainty distribution between the two fish schools, though the high-
value uncertainty zones are more extensive for associated schools than for unassociated
schools. By quantifying the proportion of uncertainty values across different categories, it is
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evident that the GOS model provides higher reliability for unassociated school predictions
than for associated schools, particularly in the low-uncertainty range (0.00-0.25), where
performance significantly surpasses that for associated schools. In recent years, the catch of
associated schools has predominantly originated from FADs, which may be a key factor
contributing to their higher prediction uncertainty.

Figures 3 and 6 further demonstrate that unassociated schools exhibit stronger re-
sponses to environmental factors than associated schools, indicating that unassociated
schools rely more on natural environmental variations for habitat selection. In contrast, the
deployment of FADs partially disrupts the environmental response capacity of associated
schools. In terms of biological characteristics, differences in the type of purse seine used
can lead to variations in the body length composition of catch [55]. Unassociated schools
tend to have larger body lengths and higher ages, and they rely more on natural envi-
ronmental changes to make habitat choices. In contrast, associated schools have smaller
body lengths and lower ages, and they are less sensitive to environmental changes [55-57].
This difference means that the spatial distribution of associated schools is more likely to
be driven by their schooling behavior, which weakens the direct impact of environmental
factors on their distribution. Consequently, this affects the accuracy and stability of model
predictions [58].

Overall, Figure 7 shows that some areas consistently exhibit high uncertainty values
(0.75-1.00), with a portion of these high-uncertainty zones located in coastal waters. These
coastal areas typically fall within the Exclusive Economic Zones (EEZs) of coastal states.
Under WCPFC regulations, EEZs have specific management regimes and fisheries policies,
where states hold sovereign rights over resource exploitation and utilization. Such insti-
tutional arrangements may lead to intensive human activities in these areas, particularly
concentrated fishing efforts, resulting in disturbances to local ecosystems. WCPFC data
also indicate [59] that these high-uncertainty zones show significant spatial overlap with
areas of high fishing effort. In addition, within these regions, the proportion of fishing
using FADs is relatively high. Such intensive deployment of FADs may lead to abnormal
fluctuations in environmental variables, reducing environmental stability. Consequently,
this undermines the performance of prediction models based on geographic similarity,
manifesting as an increase in uncertainty [60-62].

Excluding areas close to land, Figure 7 shows that high uncertainty is generally preva-
lent at the edges of the study area. This may be closely related to the spatiotemporal
variations in the “warm pool-cold tongue” system triggered by El Nifio-Southern Oscil-
lation (ENSQO) events. This system exhibits significant spatial migration in the equatorial
Pacific Ocean, which can easily cause drastic fluctuations in regional environmental con-
ditions. As a result, it weakens the similarity between observation points and prediction
points, thereby increasing the uncertainty in model predictions [3]. Research indicates that
the “warm pool-cold tongue” system can shift up to 8000 km in the east-west direction
between El Nifio and La Nifia phases, leading to significant shifts in the isotherms cor-
responding to the optimal temperature for skipjack tuna (approximately 29 °C) [50,63].
The spatial variations in these isotherms are highly consistent with the high-uncertainty
values observed at the edges in this study. As the strongest air-sea interaction phenomenon
globally, ENSO not only reshapes the hydrological structure of the tropical Pacific Ocean
but also causes noticeable displacements in the center of gravity of skipjack tuna fishing
grounds [3,64,65]. This further increases the challenges for geographic similarity-based pre-
dictions in these edge regions. In particular, during different ENSO phases, the distribution
patterns of environmental variables change significantly, reducing the model’s adaptability
and prediction stability in the edge areas [66].
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Additionally, from a regional management perspective, high-uncertainty zones fre-
quently occur in transitional areas between multiple EEZs or the high seas, falling under the
collaborative management mandates of multilateral fisheries organizations (e.g., WCPFC).
Fisheries management regimes in these areas are relatively complex, with notable disparities
among nations in fishing effort, FAD regulations, data reporting, and monitoring capacity,
often leading to institutional fragmentation and data inconsistencies [67-70]. Existing stud-
ies have demonstrated that institutional fragmentation undermines the coordination and
enforcement capacity of Regional Fisheries Management Organizations (REMOs) in trans-
boundary resource governance, particularly in regions like the Pacific where jurisdictional
boundaries are ambiguous and maritime overlaps frequently occur [67,68]. Meanwhile,
disparities in national capacities for regulatory enforcement and data monitoring systems
further exacerbate this challenge [69,70]. Due to their inherent complexity and limitations in
data acquisition, the aforementioned management systems, FAD (Fish Aggregating Device)
deployment behaviors, and national boundaries were not directly incorporated as modeling
variables in this study. Such management inconsistencies may introduce environmental
data discrepancies between observed and predicted locations, thereby compromising the
model’s accuracy in assessing environmental similarity, ultimately manifesting as elevated
uncertainty in peripheral zones.

In addition to the estimation uncertainty mentioned earlier, there is also a certain
degree of data uncertainty in this study. The fisheries data employed in the research are
presented as 1° x 1° grid data. However, the original sampling across different years
exhibits significant spatial coverage disparities. There are instances of missing data or
incomplete grids in various years, resulting in an unbalanced spatial structure of the
samples and insufficient sampling density. Skipjack tuna is a highly migratory fish species,
and its distribution is highly dynamic, being significantly influenced by factors such as
ocean currents and temperature. This leads to a strong spatial randomness in fishing
activities themselves. Its catch is easily affected by a combination of human factors (e.g.,
fishing routes, fishing strategies) and environmental factors in spatial terms, which may also
introduce additional noise. These factors collectively contribute to data-level uncertainty,
potentially affecting the reliability of model inputs and the robustness of prediction results
to a certain extent.

5. Prospects

With regard to the limitations of this study and potential future research directions,
the following aspects can be further expanded and improved:

For the GCCM model, while it can be used as a tool for detecting potential directional
causal associations, it is not yet suitable as a standard framework for estimating causal
effects because its p value is more akin to a dependence indicator. Interpretation of GCCM
results still depends on the validity of several key assumptions, such as the existence
of embedded mappings between variables and the plausibility of spatial neighborhood
definitions [71,72]. However, in highly complex marine ecosystems, these prerequisites are
often difficult to fully satisfy. In particular, the behavior of migratory species may introduce
a large number of unobserved variables and potential confounders, posing challenges to
the stability and interpretability of causal identification [16,73]. Therefore, future studies
should combine sensitivity analyses, confounding variable detection methods, and other
approaches to systematically assess the robustness of model inferences. In addition, more
standardized causal inference frameworks such as directed acyclic graphs (DAGs) should
be integrated to clarify causal relationships among variables.

The geographical similarity method: (1) Since this study conducted annual averag-
ing of environmental and fisheries data, the geographic similarity method consequently
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failed to account for the temporal variations in the marine environment and skipjack tuna
resources. Subsequent research should build upon this and incorporate time-series ef-
fects to elucidate the spatiotemporal fluctuations in the responses of Pacific purse seine
skipjack tuna to changes in dominant environmental factors. (2) For the setting of sim-
ilarity thresholds in the geographic similarity method, further sensitivity analyses can
be conducted in subsequent research to systematically evaluate the impact of different
threshold settings on the model’s prediction results. Although the thresholds in the cur-
rent study have, to a certain extent, embodied the similarity screening mechanism, their
robustness has not yet undergone rigorous testing. (3) In the future, it is also worth ex-
ploring the integration of the geographic similarity method with traditional spatial models
(such as Geographically Weighted Regression (GWR) and Kriging) to further enhance its
explanatory power and inferential value. For instance, attempts can be made to construct
a regression Kriging method based on geographic similarity weights, or to introduce the
similarity matrix into the Geographically Weighted Regression (GWR) model to replace
the traditional geographic distance kernel function. This would enable local modeling of
environmental configuration similarity. Such hybrid methods are expected to take into
account both geographic similarity structures and spatial dependence characteristics, pro-
viding more robust and flexible tools for spatial prediction of resource distribution and
mechanism identification. (4) Regarding the characterization of uncertainties, this study
primarily focused on the distribution differences in spatial prediction results and has not
systematically encompassed uncertainties at the levels of model parameters and structural
assumptions. Therefore, in the future, it is necessary to further expand the identification
and quantification of uncertainties from different sources on the basis of the existing spatial
prediction uncertainties.
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