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Simple Summary

Estuarine ecosystems, where rivers meet the sea, are among the most productive and
biologically rich environments on Earth, but they face growing threats from human ac-
tivities and climate change. This study focuses on the Yellow River Estuary in China—a
vital wetland area that supports many marine species. We aimed to understand how key
bottom-dwelling animals (like worms, clams, and crustaceans) respond to environmental
changes here based on long-term data. Using a computer-based prediction model, we
found that water depth and nutrients such as ammonia nitrogen strongly influence where
these species can live. Importantly, reducing ammonia nitrogen input from the Yellow
River could significantly improve habitat quality for these organisms. Our results provide
a scientific basis for better managing and protecting this ecologically and economically
important region, ensuring it remains healthy for future generations.

Abstract

Macrobenthic fauna are vital to the ecological health of the Yellow River Estuary, yet
their long-term population drivers are poorly understood. This study used Boosted
Regression Tree models to analyze the spatio-temporal distribution of five dominant
species: Glycinde gurjanovae, Sternaspis scutata, Moerella jedoensis, Theora fragilis, and
Raphidopus ciliatus. Key environmental drivers included ammonia nitrogen, water depth,
sand content of sediment, and water temperature. Specifically, S. scutata and R. ciliatus pre-
ferred deeper waters, M. jedoensis favored habitats with moderate sand content of sediment,
T. fragilis primarily occurred at water temperatures lower than 25 ◦C, and G. gurjanovae
distribution was most influenced by ammonia nitrogen. All species exhibited a preference
for lower ammonia nitrogen concentrations. Inorganic nitrogen and freshwater discharge
from the Yellow River significantly influenced the distribution of G. gurjanovae, whereas
river discharge alone was positively correlated with areas exhibiting a high occurrence
probability (>0.5) for M. jedoensis. Future studies that integrate comprehensive seasonal
monitoring data, hydrodynamic conditions, and food availability could further enhance
predictive accuracy, providing stronger theoretical and technical support for ecological
conservation and management in the Yellow River Estuary.

Biology 2025, 14, 1732 https://doi.org/10.3390/biology14121732

https://doi.org/10.3390/biology14121732
https://doi.org/10.3390/biology14121732
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/biology
https://www.mdpi.com
https://doi.org/10.3390/biology14121732
https://www.mdpi.com/article/10.3390/biology14121732?type=check_update&version=1


Biology 2025, 14, 1732 2 of 19

Keywords: macrobenthos; species distribution; potential habitats; Yellow River Estuary;
boosted regression trees

1. Introduction
The spatial distribution of species is a key determinant of ecosystem structure and

function. It influences community composition and trophic dynamics, playing a crucial
role in maintaining ecosystem stability and supporting species coexistence [1–3]. In the
context of global climate warming, changes in species distributions have garnered increas-
ing attention, as rising temperatures drive many species poleward and upward, causing
contractions in their original ranges [4–6]. Simultaneously, anthropogenic disturbances,
such as habitat destruction and environmental pollution, have altered species distributions
and, in some cases, may have even led to the local extirpation of certain species [7,8]. These
shifts undermine ecosystem stability and functions, thereby accelerating biodiversity loss.
Understanding species distribution patterns and their driving factors is essential for pre-
dicting species responses to environmental change and developing effective management
and conservation strategies.

Estuarine ecosystems, located in the transition zone between land and sea, are bio-
diversity hotspots with high primary productivity and complex habitat gradients. These
ecosystems play a crucial role in maintaining biodiversity and ecosystem stability, yet they
are highly vulnerable to multiple stressors, such as habitat degradation, pollution, and
climate change [9]. The Yellow River Estuary, located in Bohai Sea, China, is the largest
newly formed estuarine wetland ecosystem in the warm temperate zone [10]. The estuarine
ecosystem is strongly shaped by substantial freshwater input, sediment deposition, and
nutrient fluxes from the Yellow River [11,12]. It supports essential ecological functions,
providing crucial habitats for spawning, foraging, overwintering, and migration of various
marine species [13,14].

Macrobenthic fauna represent a key functional group in estuarine and coastal ecosys-
tems. They engage in feeding, bioturbation, and burrowing, thereby altering sediment
structure and regulating nutrient dynamics [15]. By consuming plankton, benthic algae,
and organic detritus, they facilitate nutrient cycling. At the same time, they serve as
prey for fish and crustaceans and play an essential role in energy transfer and material
cycling in marine ecosystems [16,17]. Due to their long life cycles, limited mobility, and
high sensitivity to environmental changes, macrobenthic species are widely recognized as
reliable bioindicators of marine ecosystem health [12]. A comprehensive understanding of
their distribution patterns and habitat suitability is essential for effective marine ecosystem
conservation and resource management.

The macrobenthic communities in the Yellow River Estuary have been extensively
studied for decades. As early as the mid-1980s, Zhang et al. (1990) conducted compre-
hensive surveys of species composition, abundance, and biomass [18]. In recent years,
research has broadened to encompass the structural characteristics, spatio-temporal distri-
bution, and environmental drivers of macrobenthic communities in intertidal and subtidal
zones [16,19–22]. Additionally, studies have also investigated how anthropogenic activi-
ties, such as water diversion and sediment regulation, influence macrobenthic communi-
ties [23–25]. However, existing studies exhibit several notable limitations: (1) discontinuous
temporal coverage, with insufficient continuous observational data to support long-term
trend analyses; (2) a lack of in-depth analysis of environmental driving mechanisms, with a
limited ability to quantify nonlinear relationships between multiple environmental factors
and species distributions; and (3) underdeveloped predictive modeling approaches, hinder-
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ing the accurate forecasting of spatio-temporal distribution dynamics. These gaps hinder a
comprehensive assessment of distribution patterns, historical trends, and projected changes
in macrobenthic communities in the Yellow River Estuary.

Machine learning algorithms, recognized for their ability to model complex nonlinear
relationships [26], have been widely applied in marine species distribution modeling [27].
However, their application in predicting macrobenthic species distributions remains lim-
ited [17]. The boosted regression trees (BRT) machine learning algorithm, which inte-
grates decision trees with boosting techniques, iteratively refines model performance to
improve predictive accuracy [28]. Compared with traditional regression models, BRT
demonstrates superior robustness in capturing complex nonlinear relationships and han-
dling outliers, rendering it particularly effective for ecological modeling. Several studies
have suggested an outperformance of BRT over traditional regression models in species–
habitat relationships [28–32].

This study aims to systematically examine the spatio-temporal dynamics of dominant
macrobenthic species in the Yellow River Estuary over the past years, assess their environ-
mental interactions, and forecast their future distributions. To achieve these objectives, the
BRT machine learning approach was used to develop species distribution models. Using
this modeling framework, we analyze the responses of macrobenthic species to estuarine
environmental changes, identify key environmental drivers shaping their distributions,
and reconstruct their spatio-temporal trends over the past two decades. This research
aims to enhance the understanding of macrobenthic species distribution patterns and their
environmental drivers in the Yellow River Estuary, providing critical insights and technical
support for ecosystem conservation and resource management.

2. Materials and Methods
2.1. Field Survey and Data Collection

This study uses data from historical summer surveys of environmental and biological
resources around the Yellow River Estuary, China (Figure 1). During each field survey,
macrobenthic organisms, water, and sediment samples were collected from every survey
station and transported to the laboratory for further analysis: macrobenthic samples were
obtained using a grab sampler (0.05 m2 sampling area), with 3–5 replicates taken at each
station, and the collected samples were then sieved through a 0.5 mm mesh to retain
benthic organisms and remove sediment particles. All macrobenthic samples were fixed
with formalin and delivered to the laboratory. Species identification were conducted
under a stereomicroscope. For water quality assessment, in situ measurements were
conducted for water depth, temperature, pH, dissolved oxygen, salinity with a calibrated
YSI multi-parameter water quality probe, while water samples were also collected and
transported to the laboratory to analyze chlorophyll-a (chl-a), reactive phosphate, nitrite
nitrogen, ammonia nitrogen, nitrate nitrogen, and petroleum hydrocarbons; sediment
surveys focused on grain size analysis and organic carbon content determination, and all
sample collection and measurement procedures followed the protocols outlined in China’s
national standards for marine surveys [33–35] (GB/T 12763.4-2007; GB/T 12763.6-2007;
GB/T 12763.9-2007).
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Figure 1. Study area in the Yellow River Estuary, China. Red rectangle in the left indicates the
sampling area, the satellite image is acquired by Landsat 9 on 28 July 2025.

2.2. Analysis of Dominant Macrobenthic Species

The Index of relative importance (IRI) [36], was used to quantify and identify the
dominant macrobenthic species. In each summer survey, the five species with the highest
IRI values were classified as dominant species. The IRI was calculated as follows:

Y = (ni/N)× fi (1)

where N is the total number of macrobenthic species recorded in each survey, ni represents
the abundance of the macrobenthic species indexed by i, and fi is its frequency of occurrence
in the survey.

2.3. Redundancy Analysis Between Dominant Species and Environmental Variables

This study employed distance-based redundancy analysis (db-RDA) to investigate
the constraining effects of environmental variables on benthic community structure. The
species presence–absence data underwent Hellinger pretreatment, while environmental
factors were standardized to eliminate dimensional influences. The db-RDA model was
subsequently executed, with the significance of both the overall model and individual
environmental factors assessed through 999 permutation tests. Collinearity among envi-
ronmental variables was assessed via the Variance Inflation Factor (VIF), with variables
showing VIF > 4 being progressively excluded [37]. Finally, the relationships between
species and environmental factors within the ordination space were visualized through a
biplot, with key environmental drivers interpreted based on the explanatory variance of
constrained axes and factor loading strengths.

2.4. Construction of Species Distribution Models Using BRT
2.4.1. Introduction to the BRT Model

BRT is an adaptive ensemble learning method that combines boosting with classifica-
tion and regression tree (CART) [32,38,39]. Unlike traditional regression techniques, BRT is
not designed to identify a single optimal model. Instead, it enhances model performance
by aggregating an ensemble of shallow decision trees [39]. A BRT model can be formulated
as a weighted sum of M decision trees:

fM(x) = ∑M
m=1 Tm(X, γm) (2)

where X denotes the set of predictor variables, Tm(X, γm) is the m-th decision tree, and
γm defines the tree’s split points and leaf node values. The process of optimizing γm

corresponds to the learning procedure of an individual decision tree.
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2.4.2. Selection of Model Parameters

BRTs are trained in a sequential, iterative manner, where each decision tree is added to
improve model performance [40]. The learning process of BRT is governed by three key
parameters. First, during training, each decision tree is built using a randomly sampled
subset of the observations, known as the bagging fraction, which introduces randomness to
enhance model predictive accuracy [41]. Second, to control the learning rate and mitigate
overfitting, each new tree is scaled by a small shrinkage factor (v, typically <0.1) before
being added to the model. This factor is commonly referred to as the learning rate (lr).
Finally, all decision trees in a BRT model have a fixed number of leaf nodes. Once a tree
reaches the specified number of terminal nodes, it stops growing, eliminating the need for
pruning. The number of leaf nodes per tree, known as tree complexity (tc), determines the
order of interactions that the model can capture among predictor variables [40]. Among
these three parameters, the recommended bagging fraction typically ranges from 0.50 to
0.75 [39]. The values of lr and tc have a greater impact on model performance. Therefore, lr
is tested at 0.001, 0.005, 0.01, and 0.1, while tc is set at 1, 3, 5, 8, and 15. To assess model
performance, 90% of the data is randomly selected for model training, while the remaining
10% is reserved for evaluating prediction error. The optimal values of lr and tc are selected
based on model fit and prediction accuracy.

2.4.3. Optimal Number of Decision Trees

As the number of decision trees increases, the BRT model achieves a better fit to the
training data. However, an excessive number of trees may lead to overfitting, thereby com-
promising the model’s predictive performance. The optimal number of trees is identified
by minimizing the mean prediction error. A final species distribution model is trained
using the entire dataset with the optimal number of decision trees.

2.4.4. Calculation of Predictor Importance

For an individual CART, the importance of a predictor variable Xn in relation to the
response variable is measured by Jn(T) [32], where

J2
n(T) = ∑tc−1

t=1 j2n I(v(t)) = n, (3)

where T represents a CART with lc leaf nodes, and j2n I(v(t)) = n denotes the reduction
in squared error risk when Xn is selected as the splitting variable at internal node t. In a
BRT model, the relative importance of a predictor Xn, denoted as J2

n, is computed as the
average reduction in squared error risk across all M classification and regression trees in
the model [40,41]:

J2
n =

1
M∑M

M=1 J2
n(Tm). (4)

in practice, the results are typically normalized so that the sum of the relative importance
values for all predictors equals 1.0. The importance of each predictor is then expressed
as a percentage.

2.4.5. Performance Evaluation and Validation of the Predictive Model

Model Accuracy Evaluation: The environmental and spatio-temporal variables from
the validation dataset are incorporated into the predictive model to estimate the corre-
sponding occurrence probabilities. Model performance is assessed based on predictive
deviance, the area under the receiver operating characteristic curve (AUC), root mean
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squared error (RMSE), and mean absolute error (MAE) [42]. Predictive deviance is com-
puted as follows [43]:

Dev = −2
1

∑ wi
∑ wi

[
yi f (xi)− log

(
1 + e f (xi)

)]
(5)

in this equation, (x, y) denotes a test data point, and w represents the assigned weight for
each test sample, with all test samples assigned a uniform weight of 1.0. The function f(x)
corresponds to the raw output of the BRT model.

Model Performance Evaluation: The performance of the optimized model was eval-
uated using 10-fold cross-validation. The RMSE was computed to assess the difference
between predicted values and observed values. Additionally, a linear regression was
performed between predicted values (Pi) and observed values (Oi) to derive the slope,
intercept, and coefficient of determination (R2), which serve as key performance metrics.
This process was repeated 100 times to ensure robustness. The RMSE was calculated using
the following equation [44]:

RMSE =

√
1
n∑n

i=1(Oi − Pi)
2 (6)

simultaneously, the MAE was also computed as an important validation parameter. The
MAE quantifies the absolute difference between predicted and actual values for each data
point and then averages these absolute errors. The MAE was calculated as follows:

MAE =
1
n∑n

i=1

∣∣yi − yp
∣∣ (7)

where n represents the number of data points, yi is the actual target value (ground truth),
and yp is the model’s predicted value for each data point. One key advantage of MAE is its
robustness to outliers, making it a valuable metric for evaluating model performance on
datasets containing extreme values.

All model development and validation procedures were implemented in R 4.4.0 using
the “vegan” (version 2.7-2) and “gbm” (version 2.2.2) packages.

2.5. Spatio-Temporal Patterns of Occurrence Probability of Dominant Macrobenthic Species

To characterize the spatio-temporal distribution patterns of dominant macrobenthic
species in the Yellow River Estuary, the first three dominant species were selected as target
species. BRT models were used to estimate the occurrence probability of these species at
each survey station in August of each year. The predicted probabilities were interpolated
via the inverse distance weighting method at a spatial resolution of 0.01 degrees, producing
a continuous spatial distribution of occurrence probability across the Yellow River Estuary.

Predicted probabilities were categorized into two ranges: 0.0–0.5 and 0.5–1.0. Regions
with probabilities between 0.0 and 0.5 were identified as low-occurrence probability zones,
while regions with probabilities between 0.5 and 1.0 were designated as high-occurrence
probability zones. To assess the impact of annual Yellow River discharge on the spatial
extent of low-occurrence probability zones (0.0–0.5), the Majorize-Minimize Robust Re-
gression Estimation Method (MM Robust Regression) was applied. This method first
utilizes S-Estimator of Regression (S-estimation) or Least Trimmed Squares Estimation to
obtain initial parameter estimates, followed by optimization using iteratively reweighted
least squares. The weight adjustment is performed using M-estimation loss functions,
enhancing both estimation efficiency and robustness. A key advantage of this approach
is its resilience to outliers, making it particularly effective in improving model robustness
and predictive performance [45,46]. All analyses were conducted in R (version 4.4.0) using
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the “gstat”(version 2.1-4) package for spatial interpolation and the “robustbase” (version
0.99-6) package for robust regression analysis.

3. Results
3.1. Dominant Macrobenthic Species

Dominant macrobenthic species in the Yellow River Estuary were identified. The
most frequently occurring dominant species were sequentially listed as Glycinde gurjanovae
(Uschakov & Wu, 1962), Sternaspis scutata (Ranzani, 1817), Moerella jedoensis (Lischke, 1872),
Theora fragilis (A. Adams, 1856), Raphidopus ciliatus (Stimpson, 1858), Heteromastus filiformis
(Claparède, 1864), Protankyra bidentata (Woodward & Barrett, 1858), Laternula marilina
(Reeve, 1860), and others. No invasive species was recorded. Based on these findings, the
first five representative species were selected for the subsequent development of species
distribution models to analyze the spatial distribution patterns of macrobenthic organisms.

3.2. Relationships Between Dominant Macrobenthic Species Distribution and
Environmental Variables

The environmental variables used to analyze the relationships with the dominant
macrobenthic species distribution include water depth, pH, dissolved oxygen, salinity,
reactive phosphate, ammonia nitrogen, nitrate nitrogen, nitrite nitrogen, chl-a, sand content
of sediment, silt content of sediment, and nitrogen-to-phosphorus ratio. An assessment of
collinearity among these variables, based on VIFs, indicated that all values range between
1.20 and 1.90, which falls within an acceptable range for the RDA analysis and following
model construction using the BRT method (Table S1).

The RDA analysis results show that the first two constrained axes cumulatively ac-
count for approximately 74.3% of the constrained variance (Figure 2), with the first axis
serving as the primary gradient axis. The envfit test identified six significant environmental
determinants (p < 0.05): water depth, nitrate nitrogen, phosphate, nitrogen-to-phosphorus
ratio, chlorophyll-a, and sand content of sediment. Figure 2 shows an approximately
perpendicular distribution between water depth and nutrient factors, revealing that the
water depth gradient and the nutrient gradient together constitute a two-dimensional eco-
logical space for the niche differentiation among different species. R. ciliates and S. scutata
show a significant positive correlation with water depth, indicating their preference for
deepwater environments; G. gurjanovae and T. fragilis are closely associated with nutrient
factors such as nitrate nitrogen and chl-a, reflecting their adaptation to eutrophic waters;
while M. jedoensisis distributed near the origin, suggesting a relatively weak response to
the illustrated environmental factors.

Figure 2. Biplot between dominant macrobenthic species and environmental factors from
RDA analysis.
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3.3. BRT Modeling of Dominant Macrobenthic Species Distribution

Various combinations of predictor variables were evaluated during the BRT model
training, and predictor variables were retained if the model achieved an AUC ≥ 0.7. The
selected variables were then used to develop species distribution models for each target
species. The environmental variables selected for the final species distribution models are
listed in Table 1.

Table 1. Predictor variables selected for boosted regression tree models of macrobenthic species in
Yellow River estuary.

Target Species Predictor Variables

S. scutata, T. fragilis, R. ciliatus WD, DO, SA, RP, NIN, NAN, AN, chl-a, N/P, pH, WT, ACS
M. jedoensis WD, DO, SA, RP, NIN, NAN, AN, chl-a, N/P, WT, ACS

G. gurjanovae WD, DO, SA, RP, NIN, NAN, AN, chl-a, N/P, WT, ACS, ICS
Note: WD: water depth; DO: dissolved oxygen; SA: salinity; RP: reactive phosphate; NIN: nitrite nitrogen; NAN:
nitrate nitrogen; AN: ammonia nitrogen; chl-a: chlorophyll-a; N/P: nitrogen-to-phosphorus ratio; WT: water
temperature; ACS: sand content of sediment; ICS: silt content of sediment.

3.3.1. G. gurjanovae

The BRT model for G. gurjanovae achieved optimal performance with a learning rate
of 0.0005, a bagging fraction of 0.5, a tree complexity of 5, and 1800 trees. The model had
a mean deviance of 1.18, RMSE 0.35, training AUC 0.96, and cross-validation AUC 0.73.
Ammonia nitrogen was the most influential predictor (14.50% contribution to the model),
followed by salinity (10.80%). The predicted probability of occurrence was relatively high
within the ammonia nitrogen range of 0.25–0.30 mg/L. It was also elevated at a salinity of
approximately 30‰. (Tables 2 and 3, Figures 3 and 4).

Table 2. BRT model parameters for macrobenthic species.

Species LR TC No. of Trees BF

G. gurjanovae 0.0005 5 1800 0.5
S. scutata 0.005 15 3700 0.5

M. jedoensis 0.001 5 4400 0.5
T. fragilis 0.001 5 4020 0.5
R. ciliatus 0.001 5 3050 0.5

Note: LR: learning rate; TC: tree complexity; No.: number; BF: bagging fraction.

Table 3. Performance validation of BRT models for macrobenthic species.

Species Training AUC CV AUC RMSE MAE MD

G. gurjanovae 0.96 0.73 0.35 0.32 1.18
S. scutata 0.97 0.75 0.34 0.32 1.11

M. jedoensis 0.96 0.71 0.36 0.33 1.19
T. fragilis 0.99 0.78 0.25 0.18 0.91
R. ciliatus 0.96 0.83 0.26 0.17 0.86

Note: AUC: area under the receiver operating characteristic curve; CV: cross-validation; RMSE: root mean squared
error; MAE: mean absolute error; MD: mean deviance.

3.3.2. S. scutate

The BRT model for S. scutata achieved optimal performance with a learning rate
of 0.005, a bagging fraction of 0.5, a tree complexity of 15, and 3700 trees. The model
had a mean deviance of 1.11, RMSE 0.34, training AUC 0.97, and cross-validation AUC
0.75. Water depth was the most influential predictor (13.81% contribution to the model),
followed by reactive phosphate (13.80%), nitrate nitrogen (13.10%), and ammonia nitrogen
(11.10%). The predicted probability of occurrence increased with water depth up to 17 m
and remained high at depths ≥ 17 m. Additionally, S. scutata had a higher predicted
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probability of occurrence when reactive phosphate was approximately 0.003 mg/L and
nitrate nitrogen exceeded 0.6 mg/L (Tables 2 and 3, Figures 3 and 5).
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Figure 3. Relationship between the number of decision trees and model prediction bias under varying
learning rates and model complexities. The solid line shows the average model performance, the
dashed lines show the performance variability, and the red line indicates the minimum number of
trees required for the model to reach a stable state.

Figure 4. Response curves of G. gurjanovae occurrence probability to environmental variables (Abbre-
viations as in Table 1).
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Figure 5. Response curves of S. scutata occurrence probability to environmental variables (Abbrevia-
tions as in Table 1).

3.3.3. M. jedoensis

The BRT model for M. jedoensis achieved optimal performance with a learning rate
of 0.001, a bagging fraction of 0.5, a tree complexity of 5, and 4400 trees. The model had a
mean deviance of 1.19, RMSE 0.36, training AUC 0.96, and cross-validation AUC 0.71. Sand
content of sediment was the most influential predictor (12.60% contribution to the model),
followed by salinity (10.13%) and chl-a (9.6%). The predicted probability of occurrence
was highest when sand content ranged from 19% to 54%. Additionally, increasing chl-a
concentrations was associated with a higher predicted probability of occurrence, with a
peak at approximately 10 µg/L (Tables 2 and 3, Figures 3 and 6).

Figure 6. Response curves of M. jedoensis occurrence probability to environmental variables (Abbrevi-
ations as in Table 1).
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3.3.4. T. fragilis

The BRT model for T. fragilis achieved optimal performance with a learning rate of
0.001, a bagging fraction of 0.5, a tree complexity of 5, and 4020 trees. The model had
a mean deviance of 0.91, RMSE 0.25, training AUC 0.99, and cross-validation AUC 0.78.
Water temperature was the most influential predictor (11.70% contribution to the model),
followed by ammonia nitrogen (10.80%). The highest predicted probability of occurrence
was observed at approximately 23 ◦C, while the probability remained high when ammonia
nitrogen was <0.1 mg/L (Tables 2 and 3, Figures 3 and 7).

Figure 7. Response curves of T. fragilis occurrence probability to environmental variables (Abbrevia-
tions as in Table 1).

3.3.5. R. ciliates

The BRT model for R. ciliatus achieved optimal performance with a learning rate of
0.001, a bagging fraction of 0.5, a tree complexity of 5, and 3050 trees. The model had
a mean deviance of 0.86, RMSE 0.26, training AUC 0.96, and cross-validation AUC 0.83.
Water depth was the most influential predictor (16.50% contribution to the model), followed
by nitrate nitrogen (12.30%). The predicted probability of occurrence was relatively high at
depths ≥ 17 m and was also high when nitrate nitrogen concentrations ranged from 0.60 to
0.75 mg/L (Tables 2 and 3, Figures 3 and 8).
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Figure 8. Response curves of R. ciliatus occurrence probability to environmental variables (Abbrevia-
tions as in Table 1).

3.4. Spatio-Temporal Variation in the Predicted Occurrence Probability of Macrobenthic Species

To assess the spatio-temporal variation in macrobenthic species occurrence probability,
G. gurjanovae, S. scutata, and M. jedoensis were selected based on their high frequency of
occurrence. Using the constructed species distribution models, the summer occurrence
probability distributions of these species were predicted annually from 2004 to 2023 across
different regions of the Yellow River Estuary.

G. gurjanovae exhibited higher occurrence probabilities from 2009 to 2011 and 2016
to 2023. The total area with a high occurrence probability (≥0.5) was largest in 2017
(4452.73 km2), followed by 2010 (4107.54 km2). In 2008, 2013, and 2015, no areas had a
high occurrence probability (≥0.5) (Figure S1). The predicted distribution of S. scutata
was primarily concentrated in the northeastern and southeastern regions of the Yellow
River Estuary, with relatively low occurrence probabilities near the estuary itself. The
total area with a high occurrence probability reached its maximum in 2010 (4065.21 km2),
followed by 2015 (3658.48 km2). In contrast, the smallest areas were recorded in 2009
(201.32 km2) and 2008 (191.96 km2) (Figure S2). For most years from 2004 to 2023 (excluding
2019), M. jedoensis exhibited consistently low occurrence probabilities. During 2004, 2010,
2012, and 2022, regions with high predicted occurrence probabilities were concentrated
in the northeastern and southwestern parts of the Yellow River Estuary. The total area
with a high occurrence probability (≥0.5) was largest in 2012 (2886.57 km2), followed
by 2004 (2721.25 km2). In 2008, 2016, 2017, and 2023, no areas had a high occurrence
probability (≥0.5) (Figure S3).

3.5. Influence of Yellow River Annual Discharge on the Distribution of Macrobenthic Species

The Yellow River plays a crucial role in shaping the ecology of the Yellow River Estuary.
This study applied the MM robust regression model to assess the relationship between
annual discharge and the total area where G. gurjanovae, S. scutata, and M. jedoensis had a
low occurrence probability (0–0.5). The results showed no significant correlation between
annual discharge and the low-occurrence area of G. gurjanovae and S. scutata. However,
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a significant negative correlation was found for M. jedoensis (Figure 9). These findings
indicate that higher annual Yellow River discharge reduces the total area where M. jedoensis
had an occurrence probability between 0 and 0.5, explaining 46.46% of its variation.

 

Figure 9. Interannual variations in the sea area associated with a 0–0.5 occurrence probability of
dominant macro-benthic species and the Yellow River discharge. The fit line (solid blue), confidence
interval (gray area), and outliers (red triangles) are displayed accordingly.

4. Discussion
This study systematically investigated the distribution patterns and environmental

drivers of dominant macrobenthic species in the Yellow River Estuary using a BRT model.
It identified key environmental factors shaping species distributions and reproduced the
spatio-temporal variations of dominant species over the past two decades. Five repre-
sentative species were selected, including annelids (G. gurjanovae, S. scutata), bivalves
(M. jedoensis, T. fragilis), and crustaceans (R. ciliatus). As essential components of the Yellow
River Estuary ecosystem, the spatio-temporal distribution of these species in response to
environmental changes can, to some extent, serve as an indicator of regional ecological
conditions and the long-term dynamics of estuarine ecological processes.

4.1. Relationships Between Macrobenthic Fauna Distribution and Environmental Drivers

This study found that water depth was the most significant factor influencing the
distribution of S. scutata and R. ciliatus. This relationship is likely driven by hydrodynamic
variations along depth gradients [47–50]. Deeper areas provide more stable sediments
with lower hydrodynamic disturbances, creating favorable habitats for benthic organ-
isms [47]. Additionally, depth-driven variations in material exchange may also regulate
species growth, reproduction, and settlement [50]. This finding aligns with previous stud-
ies which identified water depth as the key driver of benthic fauna distribution in the
Yangtze River Estuary, central and southern Bohai Sea, and the Yellow and East China Seas,
respectively [51,52]. No significant correlation was observed between the annual discharge
of the Yellow River and the area of low-occurrence probability zones for S. scutata. This may
be due to two factors: first, S. scutata is a pollution-tolerant species with high resilience to
environmental disturbances [53]; second, it primarily inhabits deeper waters, where river
discharge fluctuations may have minimal influence. Further correlation analyses, consider-
ing specific environmental contexts and temporal variations, may provide deeper insights
into how discharge fluctuations shape the spatio-temporal distribution of this species.

Ammonia nitrogen, salinity, and nitrate nitrogen were identified as key determinants
of G. gurjanovae distribution. This species exhibited a preference for lower ammonia nitro-
gen and nitrate nitrogen concentrations, with habitat suitability increasing as concentrations
declined. It also favored high-salinity environments (≥30‰). Cai et al. [54] reported that
eutrophication significantly reshapes benthic community structure and alters dominant
species composition in Bohai Bay. In this study, the dominance of G. gurjanovae increased
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markedly from 2009 onward. According to Wu et al. [55], inorganic nitrogen concentrations
peaked in 2006 in the Yellow River Estuary, then gradually declined, reaching approxi-
mately 30 µmol/L by 2009, and remained below this threshold until 2023. This reduction
in inorganic nitrogen likely enhanced habitat suitability for G. gurjanovae in the region.
As a relatively sensitive species in the AZTI’s Marine Biotic Index (AMBI) system [53],
G. gurjanovae is susceptible to mild pollution and anthropogenic disturbances, suggesting
that improved water quality may benefit its survival. No significant correlation was ob-
served between the annual discharge of the Yellow River and the area of low-occurrence
probability zones for G. gurjanovae. Given that the Yellow River is the primary source of
nutrients and freshwater in this marine system [55,56], this result does not necessarily
preclude an influence of river discharge on species distribution. Instead, the weak corre-
lation likely reflects the dominant role of nutrient concentration fluctuations, rather than
discharge volume alone, in regulating G. gurjanovae distribution.

M. jedoensis is a typical marine estuarine benthic species [57] that responds strongly
to sediment grain size and salinity variations. Unlike S. scutata and G. gurjanovae, which
prefer fine silt-rich sediments, M. jedoensis is less adapted to environments with minimal
sand content. Yuan et al. [58] also found that bivalves are highly sensitive to sediment grain
size, which significantly influences their spatial distribution along the coast of Qingdao.
The area of low-occurrence probability zones for M. jedoensis is negatively correlated with
the Yellow River discharge, suggesting that higher discharge expands the suitable habitat
(occurrence probability > 0.5). This trend aligns with the positive relationship between
species occurrence probability and chl-a concentration. The underlying reason may be
that increased Yellow River discharge enhances phytoplankton productivity and terrestrial
organic input [57,59], thereby providing more food for M. jedoensis and improving its habitat
suitability. Similar patterns have been reported in the Yangtze and Pearl River estuaries,
where river discharge significantly influences the distribution of macrobenthic fauna [60,61],
highlighting the broader role of riverine input in shaping estuarine benthic ecosystems.

The distribution of T. fragilis is strongly affected by water temperature, with its oc-
currence probability dropping significantly above 25 ◦C. This is likely due to the species’
physiological and ecological traits [62], as temperature changes strongly influence metabolic
rates and life cycle rhythms in benthic organisms, which in turn shape their spatial distri-
bution and population dynamics [63]. These findings suggest that climate-driven warming
may profoundly affect the distribution of T. fragilis.

Spatially, the northeastern Yellow River Estuary exhibited higher habitat suitability
for S. scutata and M. jedoensis in most study years. As the primary outflow channel of
the Yellow River, this region receives significant terrestrial input, which enhances the
occurrence probability of these two benthic species. In years when G. gurjanovae had a
higher occurrence probability (>0.5) across large areas (2009, 2011, 2016, 2018, 2022, and
2023), its abundance was significantly lower in the northeastern estuary. This region,
where Yellow River discharge enters the sea, experiences strong plume influence [25]. This
pattern is consistent with the correlation analysis between Yellow River discharge and the
unsuitable habitat area.

Fu et al. [64] identified salinity and sediment type as the primary factors shaping
macrozoobenthos distribution patterns in the northern and southern intertidal zones of the
Yellow River Delta. In this study, salinity was not a major determinant of macrozoobenthos
distribution, except for G. gurjanovae. Likewise, Li et al. [23] found that salinity variations
had no significant impact on the biomass and density of most benthic species across the
Yellow River Estuary, although these species generally preferred deeper waters and higher
salinity levels. Notably, the factors influencing species distribution in the Yellow River
Estuary are dynamic, responding to climate change and human activities. During water-
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sediment regulation periods, the large influx of freshwater and terrestrial materials may
substantially alter benthic organism distribution, particularly in the northeastern estuary
and river mouth region [23]. Consequently, some species may exhibit environmental
responses that differ from those observed in this study.

In this study, ammonia nitrogen had a strong influence on the distribution of
G. gurjanovae, T. fragilis, and R. ciliatus; all dominant benthic species had higher occur-
rence probabilities at lower NH4

+-N concentrations. Their occurrence probability notably
increased when NH4

+-N dropped below 0.1 mg/L. In the Yellow River Estuary, NH4
+-N

concentrations ranged from 0.005 to 0.26 mg/L, averaging 0.060 mg/L. Lowering NH4
+-

N concentrations in this region may probably improve the habitat suitability for most
dominant benthic species.

4.2. Model Limitations and Optimization Directions

In this study, the training AUC values for all macrobenthic species exceeded 0.95,
while the predictive AUC values all exceeded 0.70, indicating that the model achieved
relatively high predictive accuracy. However, in the analysis of key influencing factors, no
single factor exhibited a substantially greater influence on species distribution than others.
This may suggest that some critical environmental factors influencing the distribution of
large benthic animals remain unidentified. For instance, food availability and hydrody-
namic forces, which are recognized as key determinants of marine species distribution [65],
were not included as variables in the model during training. Alternatively, this could
be attributed to the relatively small spatial scale of the Yellow River Estuary, where the
overall marine ecological environment is relatively homogeneous, leading to a relatively
uniform distribution of large benthic animals. Additionally, it is worth noting that this
study only considered monitoring data from the spring and summer seasons, which may
have limited the ability to fully capture the habitat preferences of dominant benthic species
in response to environmental factors. Incorporating dietary preferences, physiological char-
acteristics, and hydrodynamic factors, along with expanding the study area and improving
seasonal-scale monitoring data to increase data diversity and volume, may facilitate the
identification of key environmental drivers influencing species distribution and improve
model predictive performance.

4.3. Implications for Management

In this study, inorganic nitrogen, sediment sand content, and water temperature were
identified as key factors influencing the distribution of large benthic organisms. Human
activities, including terrestrial pollution discharge and water-sediment regulation in the
Yellow River, significantly alter inorganic nitrogen concentrations and sediment characteris-
tics in marine environments. Additionally, ongoing climate warming may further intensify
these environmental changes. Our findings suggest that both anthropogenic activities
and climate change may have a significant influence on the distribution of macrobenthic
fauna. Because ammonia nitrogen strongly influences the distribution of most benthic
organisms, it may serve as a critical indicator of habitat suitability for macrobenthic com-
munities. As terrestrial inputs from the Yellow River constitute a major source of ammonia
nitrogen in the Yellow River Estuary [56], reducing ammonia nitrogen loading from the
watershed could lower ammonia nitrogen concentrations in the estuarine system, thereby
improving habitat conditions for macrobenthic organisms. Furthermore, considering the
contrasting effects of Yellow River discharge and nutrient input on different species, mini-
mizing human-induced fluctuations in river flow is essential for maintaining the stability
of macrobenthic community structure within the estuarine ecosystem.
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Due to the absence of future environmental data, this model can only reconstruct
the historical distribution of dominant benthic species. It cannot predict their future
distribution under projected environmental scenarios. To overcome this limitation, future
studies could use ecological dynamic models to predict changes in marine environmental
variables [66]. The terrestrial watershed models [67], such as those for the Yellow River, can
provide essential terrestrial input data to drive ecological dynamic models. This approach
could facilitate projections of future macrobenthic species distributions. Such projections
may in turn offer valuable technical and theoretical support for the regulation of terrestrial
inputs and the conservation of marine ecosystems.

5. Conclusions
Based on historical monitoring data from the Yellow River Estuary, this study applied

the Boosted Regression Tree model to develop species distribution models for five dominant
macrobenthic species. The models predicted the spatial probability distribution of these
species over the past two decades in the estuary. Water depth, ammonia nitrogen, water
temperature, and sand content of sediment were identified as the primary determinants of
their distribution.

Macrobenthic organisms exhibited distinct response patterns to environmental
changes in the estuary, which may be linked to shifts in their key habitats. Most species
responded similarly to ammonia nitrogen, providing a key reference for benthic habitat
management and optimization. The Yellow River played a crucial role in shaping the
distribution of dominant benthic species, particularly in the areas influenced by its plume.
However, temporal variations in nutrient concentrations may lead to fluctuating impacts
of the river on macrobenthic species distribution.

Enhancing seasonal coverage of monitoring data and integrating hydrodynamic and
food-resource variables may further improve model accuracy. Future research that inte-
grates coupled hydrodynamic–ecological models with terrestrial watershed models could
enhance the predictive accuracy of species distribution patterns, thereby offering more
robust theoretical and technical support for ecological conservation and management in
the Yellow River Estuary.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/biology14121732/s1, Table S1. Statistical summary of model
variables. Figure S1. Spatio-temporal distribution of Glycinde gurjanovae occurrence probability from
2004 to 2023. Figure S2. Spatio-temporal distribution of Sternaspis scutata occurrence probability from
2004 to 2023. Figure S3. Spatio-temporal distribution of Moerella jedoensis occurrence probability
from 2004 to 2023.

Author Contributions: Conceptualization, C.Y. and J.F.; Methodology, C.Y., L.W. and S.S.; Software,
H.Y.; Validation, C.Y., H.S., S.S. and J.X.; Formal analysis, C.Y. and L.W.; Resources, Y.L. and J.F.; Data
curation, C.Y. and J.F.; Writing—original draft, C.Y., H.S. and J.F.; Writing—review and editing, C.Y.,
J.H., L.W., T.Z., H.Y., Y.L., J.S., Y.S. and J.X.; Visualization, Y.L.; Supervision, J.X.; Project administration,
J.H. and J.F.; Funding acquisition, J.F. and J.X. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was supported by National Natural Science Foundation of China (Grant nos.
42306151); the Open Research Fund of the Key Laboratory of Ecological Prewarning, Protection, and
Restoration of Bohai Sea, Ministry of Natural Resources (Grant No. 2023109); the capacity building
project for the Ocean Decade Collaborative Center on Ocean-Climate Nexus and Coordination (DCC-
OCC)—Protection and Restoration Technologies for Seagrass Meadow Ecosystems in the Northern
Chinese Seas: A Qingdao Case Study (Grant nos. GH2025001); the China National Offshore Oil
Corporation Marine Environment and Ecological Protection Public Welfare Foundation (Grant No.
CF-MEEC/TR2025-13); the project “Development of Key Technologies for Marine Development

https://www.mdpi.com/article/10.3390/biology14121732/s1
https://www.mdpi.com/article/10.3390/biology14121732/s1


Biology 2025, 14, 1732 17 of 19

Suitability Assessment and Marine Disaster Impact Evaluation in the Specific Waters East of Rushan,
Southern Shandong Peninsula” funded under the “Revealing the List and Taking the Lead” program
of the Shandong Provincial Key Laboratory of Marine Ecological Environment and Disaster Preven-
tion and Mitigation; Marine Science and Technology Project of North China Sea Bureau, Ministry of
Natural Resources (202503); Shandong Provincial Key Laboratory of Marine Ecological Environment
and Disaster Prevention and Mitigation Open Fund (202312).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets generated and/or analyzed during the current study are
available from the corresponding author on reasonable request.

Acknowledgments: We are thankful to those providing precise historical field and laboratory data for
our data analysis, and on the support from the Ocean Decade Collaborative Center on Ocean-Climate
Nexus and Coordination (DCC-OCC).

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Odum, E.P. The Strategy of Ecosystem Development. Science 1969, 164, 262–270. [CrossRef]
2. Tilman, D.; Isbell, F.; Cowles, J.M. Biodiversity and Ecosystem Functioning. Annu. Rev. Ecol. Evol. Syst. 2014, 45, 471–493.

[CrossRef]
3. Wu, D.; Du, E.; Eisenhauer, N.; Mathieu, J.; Chu, C. Global Engineering Effects of Soil Invertebrates on Ecosystem Functions.

Nature 2025, 640, 120–129. [CrossRef]
4. Walther, G.-R.; Post, E.; Convey, P.; Menzel, A.; Parmesan, C.; Beebee, T.J.C.; Fromentin, J.-M.; Hoegh-Guldberg, O.; Bairlein, F.

Ecological Responses to Recent Climate Change. Nature 2002, 416, 389–395. [CrossRef]
5. Parmesan, C. Ecological and Evolutionary Responses to Recent Climate Change. Annu. Rev. Ecol. Evol. Syst. 2006, 37, 637–669.

[CrossRef]
6. Pinsky, M.L.; Selden, R.L.; Kitchel, Z.J. Climate-Driven Shifts in Marine Species Ranges: Scaling from Organisms to Communities.

Annu. Rev. Mar. Sci. 2020, 12, 153–179. [CrossRef]
7. Lotze, H.K.; Lenihan, H.S.; Bourque, B.J.; Bradbury, R.H.; Cooke, R.G.; Kay, M.C.; Kidwell, S.M.; Kirby, M.X.; Peterson, C.H.;

Jackson, J.B.C. Depletion, Degradation, and Recovery Potential of Estuaries and Coastal Seas. Science 2006, 312, 1806–1809.
[CrossRef]

8. Costello, M.J.; Tsai, P.; Wong, P.S.; Cheung, A.K.L.; Basher, Z.; Chaudhary, C. Marine Biogeographic Realms and Species
Endemicity. Nat. Commun. 2017, 8, 1057. [CrossRef]

9. Zhuang, P. Aquatic Biodiversity and Sustainable Development of Estuaries; Shanghai Scientific & Technical Publishers: Shanghai, China,
2008; pp. 1–313. (In Chinese)

10. Yang, H. Characteristics and Ecosystem Health Evaluation Research of the Yellow River Delta Wetland. Master’s Thesis,
North China University of Water Resources and Electric Power, Beijing, China, 2019. (In Chinese)

11. Wang, H.; Yang, Z.; Saito, Y.; Liu, J.P.; Sun, X. Interannual and Seasonal Variation of the Huanghe (Yellow River) Water Discharge
over the Past 50 Years: Connections to Impacts from ENSO Events and Dams. Glob. Planet. Change 2006, 50, 212–225. [CrossRef]

12. Wang, N.; Li, G.; Qiao, L.; Shi, J.; Dong, P.; Xu, J.; Ma, Y. Long-Term Evolution in the Location, Propagation, and Magnitude of the
Tidal Shear Front off the Yellow River Mouth. Cont. Shelf Res. 2017, 137, 1–12. [CrossRef]

13. Jin, X.; Shan, X.; Li, X.; Wang, J.; Cui, Y.; Zuo, T. Long-Term Changes in the Fishery Ecosystem Structure of Laizhou Bay, China.
Sci. China Earth Sci. 2013, 56, 366–374. [CrossRef]

14. Shan, X.; Sun, P.; Jin, X.; Li, X.; Dai, F. Long-Term Changes in Fish Assemblage Structure in the Yellow River Estuary Ecosystem,
China. Mar. Coast. Fish. 2013, 5, 65–78. [CrossRef]

15. Sun, G.; Fang, Y.; Li, H.-S. Ecology of Benthic Animals; Tsinghua University Press: Beijing, China, 2024; pp. 1–352. (In Chinese)
16. Han, J.; Zhang, Z.; Yu, Z. Macrobethic Community Structure in the Southern and Central Bohai Sea, China. Acta Ecol. Sin. 2004,

24, 531–537. (In Chinese with English abstract)
17. Cong, J.-Y.; Li, X.-Z.; Xu, Y. Application of Species Distribution Models in Predicting the Distribution of Marine Macrobenthos.

J. Appl. Ecol. 2024, 35, 2392–2400. (In Chinese with English abstract)
18. Zhang, Z.; Tu, L.; Yü, Z. Preliminary study on the macrofauna in the Huanghe River estuary and its adjacent waters (I) the

biomass. J. Ocean Univ. Qingdao 1990, 20, 37–45. (In Chinese with English abstract)

https://doi.org/10.1126/science.164.3877.262
https://doi.org/10.1146/annurev-ecolsys-120213-091917
https://doi.org/10.1038/s41586-025-08594-y
https://doi.org/10.1038/416389a
https://doi.org/10.1146/annurev.ecolsys.37.091305.110100
https://doi.org/10.1146/annurev-marine-010419-010916
https://doi.org/10.1126/science.1128035
https://doi.org/10.1038/s41467-017-01121-2
https://doi.org/10.1016/j.gloplacha.2006.01.005
https://doi.org/10.1016/j.csr.2017.01.020
https://doi.org/10.1007/s11430-012-4528-7
https://doi.org/10.1080/19425120.2013.768571


Biology 2025, 14, 1732 18 of 19

19. Sun, K.; Luo, X.; Zhang, J.; Lin, S.; Wang, X. The Assessment of Benthic Community Health and Habitat Suitability in Huanghe
Estuary and Its Adjacent Area. Period. Ocean Univ. China 2015, 45, 107–112. (In Chinese with English abstract)

20. Yan, L.; Chen, L.; Lv, J.; Jiang, S.; Liu, C.; Li, X.; Song, B.; Li, B. Community Characteristics of Macrobenthos in the Coastal Waters
of the Yellow River Estuary. Guangxi Sci. 2020, 27, 231–240. (In Chinese with English abstract)

21. Long, S.; Xiu, Y.; Li, Y.; Zhang, Z.; Zhang, M. Influence of Water Quality on Community Structure of Zoobenthos in the Yellow
River Delta. Acta Sci. Circumstantiae 2022, 42, 104–110. (In Chinese with English abstract)

22. Xie, C.; Xie, T.; Ning, Z.; Cui, B. Characteristic Change of Macrobenthic Communities in the Tidal Flat Wetlands of the Yellow
River Delta in the Past 20 Years. Environ. Eng. 2024, 42, 42–50. (In Chinese with English abstract)

23. Li, S.; Zhang, Y.; Li, F.; Lv, Z. Effects of Water and Sediment Discharge Regulation on Macrobenthic Community in the Yellow
River Estuary. Res. Environ. Sci. 2015, 28, 259–266. (In Chinese with English abstract)

24. Qiao, S.; Yang, Y.; Xu, B.; Yang, Y.; Zhu, M.; Li, F.; Yu, H. How the Water-Sediment Regulation Scheme in the Yellow River Affected
the Estuary Ecosystem in the Last 10 Years? Sci. Total Environ. 2024, 927, 172002. [CrossRef]

25. Sun, D.; Wang, J.; Fu, Q.; Chen, L.; Chen, J.; Sun, T.; Li, B. Artificial River Flow Regulation Triggered Spatio-Temporal Changes in
Marine Macrobenthos of the Yellow River Estuary. Mar. Environ. Res. 2024, 202, 106804. [CrossRef] [PubMed]

26. Bishop, C.M.; Nasrabadi, N.M. Pattern Recognition and Machine Learning; Springer: New York, NY, USA, 2006.
27. Dong, Y.; Bao, M.; Cheng, J.; Chen, Y.; Du, J.; Gao, Y.; Hu, L.; Li, X.; Liu, C.; Qin, G. Advances of Marine Biogeography in China:

Species Distribution Model and Its Applications. Biodivers. Sci. 2024, 32, 23453. (In Chinese with English abstract) [CrossRef]
28. Elith, J.; Leathwick, J.R.; Hastie, T. A Working Guide to Boosted Regression Trees. J. Anim. Ecol. 2008, 77, 802–813. [CrossRef]
29. Compton, T.J.; Morrison, M.A.; Leathwick, J.R.; Carbines, G.D. Ontogenetic Habitat Associations of a Demersal Fish Species,

Pagrus auratus, Identified Using Boosted Regression Trees. Mar. Ecol. Prog. Ser. 2012, 462, 219–230. [CrossRef]
30. Froeschke, B.F.; Tissot, P.; Stunz, G.W.; Froeschke, J.T. Spatiotemporal Predictive Models for Juvenile Southern Flounder in Texas

Estuaries. N. Am. J. Fish. Manag. 2013, 33, 817–828. [CrossRef]
31. Lewin, W.C.; Mehner, T.; Ritterbusch, D.; Brämick, U. The Influence of Anthropogenic Shoreline Changes on the Littoral

Abundance of Fish Species in German Lowland Lakes Varying in Depth as Determined by Boosted Regression Trees. Hydrobiologia
2014, 724, 293–306. [CrossRef]

32. Soykan, C.U.; Eguchi, T.; Kohin, S.; Dewar, H. Prediction of Fishing Effort Distributions Using Boosted Regression Trees.
Ecol. Appl. 2014, 24, 71–83. [CrossRef]

33. GB/T 12763.4-2007; The Specification for Oceanographic Survey—Part 4: Survey of Chemical Parameters in Sea Water. Standards
Press of China: Beijing, China, 2007.

34. GB/T 12763.6-2007; Specifications for Oceanographic Survey—Part 6: Marine Biological Survey. Standards Press of China:
Beijing, China, 2007.

35. GB/T 12763.9-2007; Specifications for Oceanographic Survey—Part 9: Guidelines for Marine Ecological Survey. Standards Press of
China: Beijing, China, 2007.

36. Pinkas, L.; Oliphant, M.S.; Iverson, I.L. Food Habits of Albacore, Bluefin Tuna, and Bonito in California Waters. Fish Bull. 1970,
152.

37. Lawesson, J.E. Statistical Methods for Addressing Collinearity in Regression Models: A Review of Recent Developments and
Applications. J. Biometr. Biostat. 2010, 1, 102. [CrossRef]

38. Breiman, L.; Friedman, J.; Olshen, R.A.; Stone, C.J. Classification and Regression Trees; Routledge: London, UK, 2017. [CrossRef]
39. Friedman, J.H. Greedy Function Approximation: A Gradient Boosting Machine. Ann. Stat. 2001, 29, 1189–1232. [CrossRef]
40. Hastie, T.; Tibshirani, R.; Friedman, J.H. The Elements of Statistical Learning: Data Mining, Inference, and Prediction, 2nd ed.; Springer:

New York, NY, USA, 2009.
41. Friedman, J.H. Stochastic Gradient Boosting. Comput. Stat. Data Anal. 2002, 38, 367–378. [CrossRef]
42. Swets, J.A. Measuring the Accuracy of Diagnostic Systems. Science 1988, 240, 1285–1293. [CrossRef]
43. Ridgeway, G. Generalized Boosted Regression Models: A Guide to the GBM Package. Available online: https://cran.r-

project.org/web/packages/gbm/vignettes/gbm.pdf (accessed on 30 November 2025).
44. Hyndman, R.J.; Koehler, A.B. Another Look at Measures of Forecast Accuracy. Int. J. Forecast. 2006, 22, 679–688. [CrossRef]
45. Cantoni, E.; Ronchetti, E. Robust Inference for Generalized Linear Models. J. Am. Stat. Assoc. 2001, 96, 1022–1030. [CrossRef]
46. Belsley, D.A.; Kuh, E.; Welsch, R.E. Regression Diagnostics: Identifying Influential Data and Sources of Collinearity; John Wiley & Sons:

Hoboken, NJ, USA, 2005.
47. Thrush, S.F.; Dayton, P.K. Disturbance to Marine Benthic Habitats by Trawling and Dredging: Implications for Marine Biodiversity.

Annu. Rev. Ecol. Evol. Syst. 2002, 33, 449–473. [CrossRef]
48. Wu, A.; Zhong, Z.; Yu, S.; Sui, X.; Yao, X.; Zou, L. The Current Status and 20 Years of Evolution of Nutrient Structure in the Yellow

River Estuary. Prog. Fish. Sci. 2024, 45, 1–13. (In Chinese with English abstract)
49. Ma, H.-C. Study on the Hydro-Morphodynamic in the Tidal Changjiang River. Master’s Thesis, East China Normal University,

Shanghai, China, 2023. (In Chinese)

https://doi.org/10.1016/j.scitotenv.2024.172002
https://doi.org/10.1016/j.marenvres.2024.106804
https://www.ncbi.nlm.nih.gov/pubmed/39454487
https://doi.org/10.17520/biods.2023453
https://doi.org/10.1111/j.1365-2656.2008.01390.x
https://doi.org/10.3354/meps09790
https://doi.org/10.1080/02755947.2013.811129
https://doi.org/10.1007/s10750-013-1746-8
https://doi.org/10.1890/12-0826.1
https://doi.org/10.4172/2155-6180.1000102
https://doi.org/10.1201/9781315139470
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1016/S0167-9473(01)00065-2
https://doi.org/10.1126/science.3287615
https://cran.r-project.org/web/packages/gbm/vignettes/gbm.pdf
https://cran.r-project.org/web/packages/gbm/vignettes/gbm.pdf
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1198/016214501753209004
https://doi.org/10.1146/annurev.ecolsys.33.010802.150515


Biology 2025, 14, 1732 19 of 19

50. Rhoads, D.C.; Young, D.K. The Influence of Deposit-Feeding Organisms on Sediment Stability and Community Trophic Structure.
J. Mar. Res. 1970, 28, 150–178. [CrossRef]

51. Yang, Y.; Tan, S.Z.; Chen, S.S.; Zhou, H.H.; Ji, X.; Cai, Y.R.; Ji, H.H.; Yang, X.X.; Fan, H.M.; Deng, B.P. The variation of macrobenthos
community structure in Changjiang River estuary from 2011 to 2020. Acta Ecol. Sin. 2023, 43, 5863–5874. (In Chinese with
English abstract)

52. Xu, Y.; Ma, L.; Sui, J.; Li, X.; Wang, H.; Zhang, B. Potential impacts of climate change on the distribution of echinoderms in the
Yellow Sea and East China Sea. Mar. Pollut. Bull. 2023, 194, 115246. [CrossRef]

53. Borja, A.; Franco, J.; Pérez, V. A Marine Biotic Index to Establish the Ecological Quality of Soft-Bottom Benthos Within European
Estuarine and Coastal Environments. Mar. Pollut. Bull. 2000, 40, 1100–1114. [CrossRef]

54. Cai, W.-Q.; Liu, L.-S.; Qiao, F.; Lin, K.-X.; Zhou, J. Study on the Changes of Macrobenthos Communities and Their Causes in
Bohai Bay. Environ. Sci. 2012, 33, 3104–3109. (In Chinese with English abstract)

55. Ma, G.; Wang, J.; Ke, H.; Dong, G.; Du, X. Study on the Variation Trend of the Influence of Yellow River Runoff on the Water
Environment in the Estuary and Adjacent Sea Areas. Open J. Fish. Res. 2021, 8, 17–33. (In Chinese with English abstract) [CrossRef]

56. Lira, M.; Marinho, N.; Costa, L.; Nascimento, E.; Ferreira, G.; Santos, P. Terrestrial Input Impacts on the Yellow River Estuary
Ecosystem: A Review. Estuar. Coast. Shelf Sci. 2024, 295, 108890. [CrossRef]

57. Xu, F.; Zhang, J. Characteristics of Bivalve Diversity in Typical Habitats of China Seas. Biodivers. Sci. 2011, 19, 716. (In Chinese
with English abstract) [CrossRef]

58. Yuan, D.S.; Liu, Z.H.; Ma, P.Z.; Sun, X.J.; Zhou, L.Q.; Li, Z.Z.; Xu, D.; Wu, B. Species Composition and Community Characteristics
of Typical Intertidal Shellfish in Qingdao, China. Prog. Fish. Sci. 2025, 46, 15–29. (In Chinese with English abstract)

59. Wang, M.; Ding, X.; Hou, X.; Wu, N.; Wang, Y.; Zhou, N.; Wang, L.; Zhang, X.; Zhu, D.; Liu, C.; et al. Temporal and Spatial
Variations of Chlorophyll a and Their Influencing Factors in the Bohai Sea. Period. Ocean Univ. China 2023, 53, 123–131.
(In Chinese with English abstract)

60. Peng, S.; Lai, Z.; Jiang, W.; Gao, Y.; Pang, S.; Yang, W. Study on Community Structure of Macrozoobenthos and Impact Factors in
Pearl River Estuary. Acta Hydrobiol. Sin. 2010, 34, 1179–1188. (In Chinese with English abstract) [CrossRef]

61. Liu, L.; Meng, W.; Tian, Z.; Cai, Y. Distribution and variation of macrobenthos from the Changjiang Estuary and its adjacent
waters. Acta. Ecol. Sin. 2008, 28, 3027–3034. (In Chinese with English abstract)

62. Somero, G.N. Linking Biogeography to Physiology: Evolutionary and Acclimatory Adjustments of Thermal Limits. Front. Zool.
2005, 2, 1. [CrossRef]

63. Clarke, A. Costs and Consequences of Evolutionary Temperature Adaptation. Trends Ecol. Evol. 2003, 18, 573–581. [CrossRef]
64. Fu, Q.; Wang, J.; Sun, D.; Chi, J.; Fan, W.; Li, Y.; Wang, Y.; Li, B.; Chen, L. Environmental Heterogeneity Drives the Spatial

Distribution of Macrobenthos in the Yellow River Delta Wetland. Aquat. Sci. 2025, 87, 47. [CrossRef]
65. Smith, M.; Chagaris, D.; Paperno, R.; Markwith, S. Tropical Estuarine Ecosystem Change Under the Interacting Influences of

Future Climate and Ecosystem Restoration. Glob. Change Biol. 2023, 29, 5850–5865. [CrossRef]
66. Zhou, F.; Chai, F.; Huang, D.; Xue, H.; Chen, J.; Xiu, P.; Xuan, J.; Li, J.; Zeng, D.; Ni, X.; et al. Investigation of Hypoxia off the

Changjiang Estuary Using a Coupled Model of ROMS-CoSiNE. Prog. Oceanogr. 2017, 159, 237–254. [CrossRef]
67. Tian, H.; Xu, R.; Pan, S.; Yao, Y.; Bian, Z.; Cai, W.-J.; Hopkinson, C.S.; Justic, D.; Lohrenz, S.; Lu, C.; et al. Long-Term Trajectory

of Nitrogen Loading and Delivery from Mississippi River Basin to the Gulf of Mexico. Glob. Biogeochem. Cycles 2020, 34,
e2019GB006475. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1357/002224020834162167
https://doi.org/10.1016/j.marpolbul.2023.115246
https://doi.org/10.1016/S0025-326X(00)00061-8
https://doi.org/10.12677/OJFR.2021.81003
https://doi.org/10.1016/j.ecss.2024.108890
https://doi.org/10.3724/sp.j.1003.2011.07158
https://doi.org/10.3724/SP.J.1035.2010.01179
https://doi.org/10.1186/1742-9994-2-1
https://doi.org/10.1016/j.tree.2003.08.007
https://doi.org/10.1007/s00027-025-01172-4
https://doi.org/10.1111/gcb.16868
https://doi.org/10.1016/j.pocean.2017.10.008
https://doi.org/10.1029/2019GB006475

	Introduction 
	Materials and Methods 
	Field Survey and Data Collection 
	Analysis of Dominant Macrobenthic Species 
	Redundancy Analysis Between Dominant Species and Environmental Variables 
	Construction of Species Distribution Models Using BRT 
	Introduction to the BRT Model 
	Selection of Model Parameters 
	Optimal Number of Decision Trees 
	Calculation of Predictor Importance 
	Performance Evaluation and Validation of the Predictive Model 

	Spatio-Temporal Patterns of Occurrence Probability of Dominant Macrobenthic Species 

	Results 
	Dominant Macrobenthic Species 
	Relationships Between Dominant Macrobenthic Species Distribution and Environmental Variables 
	BRT Modeling of Dominant Macrobenthic Species Distribution 
	G. gurjanovae 
	S. scutate 
	M. jedoensis 
	T. fragilis 
	R. ciliates 

	Spatio-Temporal Variation in the Predicted Occurrence Probability of Macrobenthic Species 
	Influence of Yellow River Annual Discharge on the Distribution of Macrobenthic Species 

	Discussion 
	Relationships Between Macrobenthic Fauna Distribution and Environmental Drivers 
	Model Limitations and Optimization Directions 
	Implications for Management 

	Conclusions 
	References

