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Abstract
Machine learning models (MLMs) have made substantial progress across diverse 
scientific domains owing to their strong predictive capabilities and effectiveness in 
extracting patterns from high-dimensional data. In lake environmental management, 
clarifying the relationships between environmental factors and water quality 
indicators (WQIs) is essential for improving assessment accuracy and operational 
efficiency. In this study, four MLMs (support vector regression [SVR], random forest 
[RF], extreme gradient boosting [XGBoost], and k-nearest neighbors [KNN]) were 
applied to identify the key environmental parameters influencing WQIs in the coastal 
zone of Poyang Lake, China, and to evaluate the predictive performance of each 
model. Model interpretability was enhanced using the SHapley Additive exPlanations 
(SHAP) method, which quantified the contributions of environmental variables to 
WQI variability. Total nitrogen (TN), total phosphorus (TP), and chlorophyll-a (Chla) 
concentrations were used as representative WQIs. Among all models, XGBoost 
consistently exhibited the highest predictive accuracy. Electrical conductivity (EC), 
water temperature (T), dissolved oxygen (DO), oxidation–reduction potential (ORP), 
and pH were identified as the five most influential parameters. Specifically, EC, T, and 
DO were the dominant drivers of TN and Chla, accounting for 92.8% and 84.2% of the 
total SHAP contributions, respectively. Meanwhile, TP was primarily governed by ORP, 
pH, and T, with a combined contribution of 70.6%. XGBoost accurately reproduced 
the observed WQIs using environmental parameters as inputs. These findings 
demonstrate that interpretable MLMs can effectively reveal the environmental 
drivers of lake water quality and offer a robust framework for ecosystem monitoring 
and forecasting in freshwater environments.
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1. Introduction
With increasing anthropogenic pressure, lake water 
quality has deteriorated globally, posing severe risks to 
the ecological integrity of watershed systems.1,2 As vital 
components of regional hydrological networks, lakes are 
highly sensitive to multiple interacting environmental 
drivers.3 Understanding the complex and spatially 
heterogeneous relationships between these drivers and 
water quality indicators (WQIs) is essential for elucidating 
lake ecosystem dynamics and improving water resource 
management strategies.4

Traditional statistical methods, including multiple 
regression5 and ordination methods,6 have been 
widely applied to investigate the relationships between 
environmental variables and water quality, generally under 
the assumption of linear or predefined relationships.7 
Heneash et al.8 employed regression analysis, multiple 
correlation analysis, redundancy analysis (RDA), and 
canonical correspondence analysis (CCA) to identify 
water temperature (T), salinity, and silicate as the primary 
environmental factors influencing plankton community 
composition. Similarly, Jakovljević et al.9 investigated the 
effects of environmental factors on diatom distribution 
and revealed complex ecological patterns using RDA 
and CCA. Beyond biological communities, multivariate 
statistical techniques, including Spearman and Pearson 
correlation analyses and RDA, have also been widely 
used to assess the impacts of land use and anthropogenic 
activities on nutrient dynamics in aquatic ecosystems. Mu 
et al.10 demonstrated that agricultural and urban land uses 
were significantly associated with increased total nitrogen 
(TN) and total phosphorus (TP) concentrations in the 
Huai River (China), while Li et al.11 identified upstream 
inflows and intensive aquaculture as major contributors 
to TP and ammonia nitrogen enrichment in the Daheiting 
Reservoir (China). Mebarkia and Boufekane12 reported that 
anthropogenic salinization and agricultural pollution were 
important stressors affecting water quality in Aïnzeda Lake 
(Algeria). Although these approaches provide valuable 
insights into ecological relationships, they may have limited 
capacity to capture complex nonlinear relationships among 
multiple environmental variables. Therefore, more flexible 
frameworks have been increasingly applied to characterize 
nonlinear patterns in aquatic ecosystems.13-15

In recent years, machine learning models (MLMs) 
have made substantial progress across various scientific 
disciplines, primarily because of their strong predictive 
capabilities and ability to extract patterns from complex, 
high-dimensional datasets.16,17 Algorithms, such as 
random forests (RFs), support vector machines (SVMs), 
and artificial neural networks (ANNs), have demonstrated 

robust performance in predicting WQIs and identifying 
influential environmental factors. For example, Thanh et 
al.18 evaluated the effectiveness of RF and ANN in predicting 
groundwater quality and identifying calcium, magnesium, 
and bicarbonate as the primary pollutants. Uddin et al.19 
compared several MLMs, including SVM, naïve Bayes, 
RF, k-nearest neighbors (KNN), and extreme gradient 
boosting (XGBoost), to determine the most appropriate 
classifier for water quality categorization under the WQI 
framework. Irwan et al.20 applied MLMs to estimate WQI 
in the Gombak River (Malaysia) using variables such as 
dissolved oxygen (DO) and pH, highlighting the utility 
of data-driven models for water-quality monitoring. 
Kruk21 reported that XGBoost effectively detected 
cyanobacterial concentrations based on environmental 
inputs. Furthermore, Chen et al.22 integrated physically 
based models with RF, SVM, and long short-term memory 
(LSTM) networks to forecast phytoplankton dynamics in 
Taihu Lake (China), while Huang et al.23 identified electrical 
conductivity (EC) as a key predictor of chlorophyll-a 
(Chla) concentration through RF modeling.

Despite the high predictive performance of MLMs, their 
limited interpretability has impeded our understanding 
of underlying causal relationships among variables.24 To 
address this challenge, the SHapley Additive exPlanations 
(SHAP) framework was developed to quantify the 
individual contributions of input features to model 
predictions.25,26 Recent studies, such as that by Makumbura 
et al.,27 have combined MLMs with SHAP methods to 
enhance interpretability in water-quality modeling. For 
example, chemical oxygen demand and biological oxygen 
demand were identified as the most influential factors 
affecting water quality in the Kelani River Basin (Sri 
Lanka). The SHAP algorithm offers distinct advantages, 
including the ability to clarify the overall effects of 
environmental drivers and to assess interactions among 
multiple parameters at specific sites. This interpretability 
aligns well with the spatial and temporal heterogeneity of 
water quality dynamics.28

Poyang Lake, the largest freshwater lake in China (with 
a surface area of approximately 4,100 km2 and a depth of 
23 m), plays a critical role in regulating regional hydrology, 
sustaining biodiversity, and supporting agricultural and 
economic activities across the Yangtze River Basin. The 
lake receives inflows from five major rivers and discharges 
through the Hukou outlet, forming a dynamic river–lake 
interaction system.29 The surrounding area includes several 
marginal coastal lakes (e.g., Banghu Lake, Dahu Pond, and 
Zhonghu Pond), which are hydrologically connected to the 
main water body through seasonal fluctuations, exerting 
a substantial influence on water quality.30 These marginal 
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lakes typically merge with Poyang Lake during the rainy 
season (June–September) and become isolated during 
the dry season (October–March), forming a dynamic 
floodplain–lake system. Notably, the water quality of these 
seasonally isolated lakes is sensitive to environmental 
changes because of their limited water storage capacity 
and strong dependence on surface water connectivity.29,31 
Although considerable research has focused on water 
quality variability,32,33 eutrophication processes,34,35 and 
human-induced impacts,36,37 few studies have systematically 
examined the relationship between environmental drivers 
and WQIs, particularly in dynamic marginal lake systems.38 
The integration of MLMs with SHAP offers a promising 
approach to disentangle these complex interactions, 
thereby improving our understanding of ecological 
responses in marginal lakes under shifting environmental 
conditions.

This study proposes an integrated analytical framework 
that combines MLMs with SHAP to evaluate the influence of 
environmental drivers on water quality in the coastal area of 
Poyang Lake. The analysis incorporated six environmental 
parameters (T, DO, pH, EC, oxidation–reduction potential 
[ORP], and total dissolved solids [TDS]) and three WQIs 
(TN, TP, and Chla). Both TN and TP serve as key nutrient 
indicators, as they directly govern nutrient enrichment and 
eutrophication dynamics in lake ecosystems.39,40 Excessive 
inputs of these nutrients are primary drivers of accelerated 
phytoplankton growth, shifts in community composition, 
and altered ecosystem productivity.39,41,42 Chla, a widely 
recognized proxy for phytoplankton biomass, effectively 
reflects the biological response to nutrient availability 
and serves as a core parameter for assessing trophic 
status.43-45 Consequently, TN, TP, and Chla were selected as 
representative metrics to evaluate the overall water quality 
of the target aquatic ecosystems. Four MLMs (support 
vector regression [SVR], RF, XGBoost, and KNN) were 
applied to identify the most influential predictors and 
assess the predictive performance of each model. This 
integrative approach aims to elucidate the regulatory roles 
of environmental variables, enhance the interpretability of 
spatiotemporal water quality dynamics in freshwater lake 
systems, and evaluate the applicability of machine learning 
methods for WQI prediction.

2. Materials and methods
2.1. Study area and data collection

This study focused on the inshore marginal lake of Poyang 
Lake, specifically Banghu Lake, which has a surface area 
of approximately 80 km2,30 located on the western edge of 
Poyang Lake (29º10′N–29º17′N, 115º54′E–116º01′E; Figure 
1). Water samples were collected from 14 sampling sites 

between May 10 and August 10, 2024. Six environmental 
parameters (T, DO concentration, pH, EC, ORP, and TDS) 
were measured using a Professional Plus portable water 
quality analyzer (605604, YSI, United States of America). 
Approximately 1.5 L of surface water was collected from 
each site using an acrylic water sampler and stored in 
polyethylene bottles for subsequent analyses. For Chla 
determination, 1 L of water was filtered through a 0.45 
μm membrane filter (diameter: 47 mm, CN-CA, Haining 
Kewo Filter Equipment Co., Ltd., China). Unfiltered water 
samples (50 mL) were used to analyze TP and TN. All 
samples were preserved at −20 °C and transported to the 
laboratory for further analysis.

2.2. Chemical analysis and chlorophyll-a 
measurement

Total phosphorus concentration was determined using 
the national standard method (GB11893-89). A 15 mL 
unfiltered water sample was treated with 2.4 mL of 5% 
potassium persulfate and autoclaved at 120 °C for 30 min 
(G180DWS, ZEALWAY Instrument Inc., China). The TP 
concentration was measured using the molybdenum blue 
method (detection limit: 1 μg/L), and the absorbance was 
recorded at 700 nm using a UV/visible spectrophotometer 
(UV-2700, Shimadzu, Japan). The TN concentration 
(detection limit: 1 μg/L) was determined using a total 
organic carbon/TN analyzer (Multi N/C 2100, Analytik 
Jena AG, Germany). The Chla concentration in lake water 
(detection limit: 1 μg/L) was measured using the national 
standard method (HJ897-2017). Briefly, Chla from 
phytoplankton assemblages was extracted using 10 mL 
of 90% acetone in the dark at 4 °C for 12 h. The samples 
were then centrifuged at 4,000 rpm for 10 min, and the 
supernatant was used for measurement. Absorbance was 
recorded at 630, 647, 664, and 750 nm using the UV-2700 
UV/visible spectrophotometer. All measurements 
were conducted in triplicate at each sampling site. The 
environmental parameter profiles are shown in Table S1.

2.3. Machine learning model selection

A sequential analytical framework was adopted, integrating 
machine learning modeling, model interpretability, and 
statistical validation. First, optimal MLMs were selected 
through a comparative performance evaluation. The SHAP 
analysis was performed to quantify the contributions 
of each input feature and to explore potential response 
patterns. Finally, a traditional statistical test was applied 
for model-independent validation to ensure consistency.

2.3.1. Support vector regression

Support vector regression is a regression-based extension 
of SVM that aims to identify a hyperplane that best fits 
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the data while allowing a predefined margin of tolerance, 
known as ε-insensitive loss.46 It supports various kernel 
functions (e.g., linear, radial basis, and polynomial) 
to capture nonlinear relationships.47 The optimization 
objective is expressed as follows:46,48
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where w is the weight vector that defines the orientation 
of the regression hyperplane; C is the regularization 
parameter (a large C emphasizes minimizing training 

errors, whereas a small C promotes generalization); n is the 
number of data points in the dataset; ξi and ξi

* are the slack 
variables representing the deviation from the ε-tube; ε is 
the margin of tolerance; yi is the observed output (target) 
for the data point I; xi is the input feature vector for the data 
point I; and b is the bias term that shifts the hyperplane.

2.3.2. Random forest

Random forest is an ensemble learning algorithm designed 
to mitigate the issues of overfitting and instability associated 
with single decision trees.49 It constructs multiple decision 
trees on random subsets of the original training dataset 
and combines their outputs to enhance prediction 
accuracy and robustness. RF has been widely employed 
for both regression and classification tasks.50 The inherent 

Figure 1. Location of Poyang Lake in Jiangxi Province, China, and 14 sampling sites situated in its coastal area (Banghu Lake)
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randomness in feature and sample selection improves 
generalization performance, and the final prediction is 
derived from the average output of all individual trees, as 
expressed below:

( )1
ˆ 1 M

mm
y T x

M =
= ∑ 	 (3)

where ŷ  is the final predicted value for input x, M is the 
number of decision trees, and ( )mT x  is the prediction from 
the m-th tree in the ensemble for a given input x.

2.3.3. Extreme gradient boosting

Extreme gradient boosting is a gradient boosting 
framework developed for high performance and 
scalability.51-53 XGBoost constructs an ensemble of weak 
learners (typically decision trees) in an additive fashion by 
optimizing a regularized objective function.54 The objective 
function (Obj) is defined as follows:51
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with the regularization term:

( ) 21
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where L is the differentiable convex loss function that 
measures the difference between the prediction and the 
target yi, fk is the decision tree k, the term Ω penalizes the 
complexity of the model (i.e., the regression tree function), 
γ is the regularization term for the number of leaves T, and 
λ is the penalty coefficient for the weight w.

2.3.4. K-nearest neighbors

K-nearest neighbors is a simple, nonparametric, and 
instance-based machine learning algorithm applicable to 
both regression and classification tasks.55,56 KNN operates 
without model training by storing the entire dataset 
and predicting the output based on the proximity of 
neighboring samples. For each prediction, the algorithm 
identifies the nearest neighbors by calculating the distance 
between the test sample and all training samples, typically 
using a metric such as Euclidean distance.57 The prediction 
can be determined based on either the average value 
(regression) or the majority vote (classification) of the 
KNN in the feature space, using a distance metric such as 
Euclidean distance.55,58 In this study, for a given test sample 
x, the Euclidean distance (d) between x and a training 
sample xi was calculated as:59

( ) ( )2n
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where x = (x1, x2, …, xn) is the feature vector of the test 

sample, xi = (xi1, xi2, …, xin) is the feature vector of the i-th 
training sample, n is the number of features, xj is the value 
of the j-th feature of the test sample, and xij is the value of 
the j-th feature for the i-th training sample. For a given test 
sample x, the predicted value is computed as the average 
of the target values of the K-nearest training samples as 
follows:
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where ŷ  is the predicted value of the test sample x; K 
denotes the number of nearest neighbors; represents the set 
of indices corresponding to the K samples in the training 
set that are closest to x based on the Euclidean distance; 
and yi is the actual observed target value of the i-th nearest 
neighbor.

2.4. Data processing

Prior to implementing MLMs, a Mantel test was 
conducted to examine the relationship between the 
multivariate structures of environmental factors and 
WQIs. This statistical approach is particularly suitable for 
assessing relationships within multivariate ecological and 
environmental datasets.60-62 Specifically, the Mantel test 
evaluates the association between two distance matrices 
by computing the Spearman correlation coefficient and 
assessing its significance through permutation testing. 
The analysis was performed using the vegan package 
(version 0.9.8.1) in the R software (version 4.3.2), with the 
significance threshold set at p < 0.05.

Four MLMs were implemented using Scikit-learn and 
XGBoost libraries on the Google Colab platform (https://
colab.research.google.com; June 26, 2026). As a cloud-
based version of Jupyter Notebook, Colab was used to 
execute Python scripts. The input features comprised 
six environmental parameters: T, DO, pH, EC, ORP, and 
TDS. The target variables were three WQIs: TP, TN, and 
Chla. Before model training, the dataset was normalized 
and randomly partitioned into training (80%) and testing 
(20%) subsets, following a commonly adopted strategy 
that provides a reasonable balance between model training 
and independent performance evaluation.63-65 Stratified 
sampling was employed to ensure consistent distribution 
of the target variables across subsets. Hyperparameters 
for each model were optimized via a grid search using a 
five-fold cross-validation on the training set.66 For each 
target variable, the entire training dataset was randomly 
partitioned into five equal folds. In each iteration, four 
folds were used for model training, and the remaining fold 
served as the validation set to evaluate the performance of 
a given parameter combination. This process was repeated 
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five times, and the average coefficient of determination 
(R2) was used as the performance metric for that parameter 
set. The grid search enumerated all combinations within 
the predefined hyperparameter ranges for each model 
(Table S2), and the final optimal parameters were selected 
as the combination that yielded the highest average 
cross‑validation R2. This strategy was applied across all four 
algorithms, ensuring a standardized and rigorous model 
selection process while mitigating the risk of overfitting 
given the limited sample size.

Model performance was assessed on the testing set 
using three evaluation metrics: root-mean-squared error 
(RMSE), mean absolute error (MAE), and R2, as defined 
below:

2
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where yi, ŷi, and ȳ represent the observed, predicted, and 
mean of observed values, respectively.

Subsequently, SHAP was applied to interpret the 
selected best-performing model. The SHAP value is a 
weighted average of all possible differences and is calculated 
as follows:25,67

( )
{ }( ) ( ){ }

! 1 !
!i SS iS N i

S N S
f f

N
φ ∪⊆

− −  = − ∑ 
	 (11)

where ϕi is the SHAP value for feature i, N is the set of all 
features, S is a subset of features excluding feature i, |S| is 
the number of features in subset S, |N| is the total number 
of permutations of all features, f(S∪{i}) is the prediction after 
adding feature i, and f(S) is the model’s prediction with 
feature subset S. 

Given that the XGBoost model exhibited the highest 
predictive performance among the tested models 
(see Section 3), it was selected to predict WQIs from 
environmental parameters and to compare the predicted 
values with the observed data. The scripts used for non-
image data analysis and for MLMs figure generation are 
available in Data S1.

3. Results
3.1. Water profile and water quality indicators

Distinct spatiotemporal patterns of water profiles were 

observed across the study area (Figure S1). Relatively 
higher Ts were recorded in the southern basin than in the 
northern basin, ranging from 21.0 °C to 23.6 °C and 31.7 
°C to 34.1 °C in May and August, respectively. The DO 
concentrations exceeded 8.0 mg/L (8.786–10.500 mg/L) in 
May, while values below 7.3 mg/L (4.132–7.208 mg/L) were 
recorded in August. The pH ranged similarly in May (7.5–
8.4) and August (7.1–8.6), with average values of 8.0 and 
7.8, respectively. The lowest pH consistently occurred at the 
BH1 site, whereas relatively higher pH levels were observed 
in the northern basin. A similar spatial distribution pattern 
was identified for EC and TDS in May, with elevated values 
detected in the western region compared with the eastern 
region, particularly at sites BH10 and BH11. However, no 
such spatial consistency was observed between EC and 
TDS in August. ORP exhibited an inverse spatiotemporal 
distribution pattern, with relatively higher values in 
the northern region in May and in the southern region 
in August. The distribution patterns of environmental 
parameters indicate considerable variability across the 
study area.

Similarly, spatiotemporal variations were also evident 
in WQIs (Figure S2). TN concentrations were relatively 
higher in May (1.100–1.730 mg/L) than in August (0.606–
0.974 mg/L). Across sampling sites, TN concentrations 
were consistently higher in the southern region than in the 
north. TP concentrations ranged from 0.037–0.110 mg/L 
in May and 0.049–0.072 mg/L in August, with a mean 
value of 0.059 mg/L (August). Chla concentrations ranged 
from 0.007–0.023 mg/L in May and 0.013–0.040 mg/L 
in August. Higher Chla concentrations were observed 
predominantly in the southern and northern regions in 
May and August, respectively.

3.2. Mantel test 

Six pairs of significant correlations (based on Spearman 
correlation, p < 0.05) were identified among the tested 
environmental parameters, including T and DO, T and 
EC, DO and pH, DO and EC, pH and ORP, and EC and 
TDS (Figure 2). The Mantel test further confirmed that 
WQIs were significantly associated with variations in 
environmental parameters. TN and Chla exhibited strong 
correlations with T, DO, and EC (p < 0.05), whereas TP 
showed a significant correlation only with T (p < 0.05). 
These results suggest that T, DO, and EC may serve as key 
environmental factors that influence lake water quality.

3.3. Machine learning models

For the training data, the scatter plots of observed and 
predicted values approximated a 1:1 linear fit line (R2 
> 0.85 for all), whereas TP values predicted by the SVR 
model showed the largest deviation (Figure S3, Table S3). 
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In the testing dataset, the predictive performance varied 
considerably across models (Figure S4). For TN, XGBoost 
achieved the best performance, with the lowest RMSE 
(0.06807) and the highest R2 (0.97853) among all models 
(Table 1). For TP, SVR exhibited the lowest predictive 
accuracy, whereas RF, XGBoost, and KNN demonstrated 
comparable performance. Their RMSE values ranged from 
0.00491 to 0.00603, MAE values ranged from 0.00381 to 
0.00451, and R2 values ranged from 0.86150 to 0.90818 
(Table 1). For Chla, although RF yielded the lowest MAE 
(0.04489), XGBoost still demonstrated superior overall 
performance, with RMSE, MAE, and R2 values of 0.05961, 
0.04960, and 0.96993, respectively (Table 1).

The residual distributions also differed across 
prediction models. Broader and more dispersed residuals 
were observed in TN and Chla predictions from SVR and 
KNN, indicating poor reliability (Figure 3a and Figure 
3c). In contrast, the TN residuals from XGBoost exhibited 
the narrowest range and the highest density among the 
three models (Figure 3a), indicating the best prediction 
accuracy for TN using XGBoost. For TP, the residuals 

from KNN, RF, and XGBoost displayed similar patterns, 
whereas those from SVR deviated significantly (Figure 3b). 
For Chla, both RF and XGBoost exhibited relatively low 
residual variability, confirming their excellent predictive 
performance (Figure 3c). These results indicate that 
XGBoost consistently produces reliable and acceptable 
predictions for simulating nutrient and phytoplankton 
dynamics. Residual skewness also varied across models. 
For TN, positive skewness was observed in SVR (1.146) 
and RF (0.204), whereas negative skewness was observed 
in XGBoost (−0.737) and KNN (−0.284) (Figure 3d). For 
TP, RF demonstrated negative skewness (−0.646), whereas 
the other models exhibited positive skewness (Figure 
3e). For Chla, all four models yielded negative skewness, 
ranging from −1.225 to −0.661 (Figure 3f).

The SHAP analysis was conducted on the XGBoost 
model owing to its superior predictive performance. The 
SHAP values revealed the predicted characteristics of 
observations and their contributions to WQI estimation 
accuracy. EC, T, and DO were identified as the dominant 
predictors for both TN and Chla concentrations, 

Figure 2. Mantel test results showing correlations among environmental parameters and their relationship with water quality indicators (total nitrogen 
[TN], total phosphorus [TP], chlorophyll-a [Chla]) and each environmental parameter (water temperature [T], dissolved oxygen [DO], water pH [pH], 
electrical conductivity [EC], oxidation–reduction potential [ORP], total dissolved solids [TDS]). 
Notes: * p < 0.05, *** p < 0.001.
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contributing 35.2%, 34.6%, and 23.0% (92.8% in total) 
for TN (Figure 4a and 4b) and 43.7%, 24.7%, and 15.8% 
(84.2% in total) for Chla (Figure 4g and 4h). In contrast, 
ORP, pH, and TDS exhibited minor contributions (<5.5%) 
to TN and Chla. For TP, a distinct set of key predictors 
was identified, with ORP, pH, and T contributing 27.1%, 
23.7%, and 19.8% (70.6% in total), respectively, whereas 
EC and DO contributed moderately (13.2% and 13.0%, 
respectively), and TDS accounted for only 3.2% (Figure 
4d and 4e). In the decision diagram ranking predictor 
importance, individual prediction characteristics were 
ordered based on SHAP values (Figure 4c, 4f, and 4i). 
Predictors ranked higher in importance, such as EC, T, and 
DO for TN and Chla and ORP, pH, and T for TP, exhibited 
more pronounced SHAP value fluctuations than the lower-
ranked variables.

Table 1. Parameter metrics of the four machine learning 
models (MLMs) 

WQIs MLMs
Performance metrics

RMSE MAE R2

TN

SVR 0.13398 0.09869 0.87808

RF 0.07467 0.06087 0.96213

XGBoost 0.06807 0.06313 0.97853

KNN 0.09706 0.08132 0.93602

TP

SVR 0.00979 0.00903 0.63477

RF 0.00539 0.00381 0.88930

XGBoost 0.00603 0.00451 0.86150

KNN 0.00491 0.00433 0.90818

Chla

SVR 0.16868 0.11398 0.75919

RF 0.06638 0.04489 0.96270

XGBoost 0.05961 0.04960 0.96993

KNN 0.22340 0.15930 0.57764

Abbreviations: Chla: Chlorophyll-a; KNN: k-nearest neighbors; 
MAE: Mean absolute error; R2: Coefficient of determination; RMSE: 
Root-mean-squared error; RF: Random forest; SVR: Support vector 
regression; TN: Total nitrogen; TP: Total phosphorus; XGBoost: Extreme 
gradient boosting.

The complete hyperparameter ranges and the optimal 
parameters for all four models are summarized in Table 
S2. Notably, the optimal XGBoost configurations varied 
across the three target variables, reflecting the varying 
complexities and data distributions of the three WQIs. The 
predicted spatiotemporal distributions of WQIs closely 
matched the observed values (Figures 5 and S2). Linear 

regression analyses demonstrated a strong agreement 
between the predicted and observed target WQIs, with R2 
values exceeding 0.988 for all parameters (Figure 6). Most 
predicted values followed the temporal trends of observed 
data, confirming the model’s ability to capture dynamic 
patterns effectively. Although relatively large deviations 
were observed at specific sampling sites (Figure 6), such 
as TN at BH8 in August and Chla at BH1 in May (Figures 
5 and S2), the overall agreement between observed and 
predicted values confirmed high predictive reliability.

4. Discussion
4.1. Model comparison

Among the four evaluated MLMs, XGBoost consistently 
outperformed the others in terms of predictive accuracy and 
robustness, confirming its suitability for modeling complex 
and nonlinear environmental systems.68 A previous study 
utilized five machine learning algorithms to predict nitrate 
nitrogen concentrations in the lower Ganga River (Pakistan) 
based on water quality and meteorological data,69 in which 
XGBoost achieved the highest predictive performance (R2 
= 0.85), followed by RF (R2 = 0.80). In contrast, traditional 
models such as multiple polynomial regression70 and 
generalized additive models yielded lower accuracy. 
Niazkar et al.71 assessed the predictive performance of 11 
MLMs for groundwater quality in the arid province of 
Yazd,72 and XGBoost demonstrated stable reliability across 
varying scenarios. These findings further emphasize the 
strength of XGBoost in capturing complex environmental 
interactions and underscore its broad potential for water-
quality prediction. In our study, XGBoost achieved high 
R2 values for both the training set (0.907−0.998; Table 
S3) and the test set (0.861−0.979; Table 1). Moreover, the 
training and validation plots show comparable predictive 
performance between the training and test datasets, 
providing no substantial overfitting (Figures S3 and S4). 
In contrast, the SVR and KNN models exhibited high R2 
values (>0.855) in the training set but substantially lower 
R2 values (approximately 0.6) in the test set, suggesting 
potential overfitting. Although multicollinearity among 
environmental variables may exist because some water 
quality parameters are ecologically interrelated, only 
a limited proportion of variable pairs showed strong 
correlations in this study (Figure 2), suggesting that 
severe multicollinearity was unlikely among the selected 
predictors. Moreover, XGBoost is generally less sensitive 
to multicollinearity than linear regression approaches 
because it does not rely on estimating independent 
regression coefficients for correlated predictors.51 However, 
multicollinearity may still influence the interpretation of 
feature importance when correlated predictors provide 
redundant information. Because the SHAP values in this 
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Figure 3. Density distribution of residuals from four machine learning models for predicting water quality indicators using test data: (a) TN, (b) TP, and 
(c) density. Skewness values of the residual distributions are also shown for (d) TN, (e) TP, and (f) density. 
Abbreviations: Chla: Chlorophyll-a; KNN: k-nearest neighbors; RF: Random forest; SVR: Support vector regression; TN: Total nitrogen; TP: Total 
phosphorus; XGBoost: Extreme gradient boosting.

study were interpreted as the contribution of each variable 
to the model predictions rather than as evidence of causal 
relationships, additional time-series analyses, such as 
wavelet analysis and convergent cross mapping, are needed 
to further investigate the potential causal relationships 
among environmental variables.13,15,73,74

Although the dataset from Poyang Lake used in this 
study was relatively small and lacked long-term temporal 
observations, the close agreement between predicted 
and observed values suggested that the selected input 
features, including physicochemical parameters, contained 
sufficient predictive information to capture the dynamics 
of water quality fluctuations.75 Tree-based ensemble 
methods generally require large datasets to reduce the 
risk of overfitting; recent studies have demonstrated 
that XGBoost can achieve competitive performance and 
robustness even with relatively small datasets.76,77 XGBoost 
incorporates several mechanisms to reduce the risk of 
overfitting, including regularized objective functions, tree 
pruning, shrinkage, and subsampling strategies. These 
approaches constrain model complexity and improve the 
generalization ability of the model, allowing XGBoost to 
achieve robust predictive performance even with relatively 
small datasets.51 These findings highlight the applicability 

of ensemble learning approaches for analyzing complex 
ecological datasets and support the potential use of 
XGBoost as a promising tool for water quality assessment 
and environmental decision-making.78 As this study 
represents an initial exploratory effort to evaluate the 
feasibility of MLMs for water-quality prediction in Poyang 
Lake, the application of XGBoost provides a preliminary 
predictive framework under current data limitations. 
Water quality is influenced by multiple factors, including 
seasonality, spatial scale, and land-use characteristics, and 
water quality parameters are generally better explained 
during the rainy season than during the dry season.79 Future 
research will focus on expanding long-term monitoring 
datasets and performing independent temporal validation. 
With larger datasets, bootstrap-based confidence intervals 
can also be employed to quantify the uncertainty in model 
predictions and to further assess the robustness, reliability, 
and transferability of the proposed model.

The residual distribution of XGBoost showed 
negative skewness for both TN and Chla predictions, 
indicating a general underestimation of these variables. 
This pattern may be attributed to the conservative 
regularization constraints embedded in XGBoost, which 
can effectively reduce overfitting while limiting the model’s 
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responsiveness to elevated target values.51 Although RF, 
XGBoost, and KNN exhibited acceptable predictive 
performance for TP, XGBoost displayed the lowest 
skewness, suggesting that it is the most reliable model. 
Nonetheless, a slight positive skewness was observed in 
TP predictions using XGBoost, suggesting a potential 
overestimation tendency. Phosphorus, serving as a key 

limiting nutrient regulating primary production in aquatic 
ecosystems, can be influenced by complex interactions 
between internal loading and external sources related to 
biological processes.45,80 These interactions contribute 
to the variability in the phosphorus cycle across natural 
waters, posing challenges for TP prediction with current 
environmental parameters. Consequently, appropriate 

Figure 4. SHapley Additive exPlanations (SHAP) analysis of the effect of six input variables (T, DO, pH, EC, ORP, TDS) on the XGBoost model’s predictive 
ability for three water quality indicators: (a–c) TN, (d–f) TP, and (g–i) Chla. (a, d, g) SHAP bar plots. (b, e, h) SHAP dot plots. (c, f, i) SHAP decision plots. 
Each dot represents the SHAP value for one prediction (28 in total), with one dot for each feature per prediction. Variables were ranked in descending 
order of importance. Dot color indicates the actual value of each feature, with red representing higher feature values and blue representing lower values.
Abbreviations: Chla: Chlorophyll-a; DO: Dissolved oxygen; EC: Electrical conductivity; ORP: Oxidation–reduction potential; pH: Water pH; T: Water 
temperature; TDS: Total dissolved solids; TN: Total nitrogen; TP: Total phosphorus; XGBoost: Extreme gradient boosting.
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MLMs should be selected with caution. Notably, all MLMs 
demonstrated negatively skewed residual distributions 
for Chla, reflecting a consistent underestimation pattern. 
This result indicates that current models may struggle to 
capture the full scope of Chla dynamics, possibly because 
of the intricate interplay between environmental drivers 
and this biotic indicator. 

Support vector regression exhibited suboptimal 
performance in water-quality prediction, characterized 
by wide residual spreads and elevated residual standard 

deviations across all evaluated WQIs (Figure S5). SVR has 
been applied in various fields, such as time series analysis, 
financial prediction, and the approximation of complex 
engineering analyses.48 A previous study demonstrated 
that SVR outperformed RF and linear regression in 
predicting key irrigation water quality parameters, 
highlighting its effectiveness for real-time groundwater 
quality monitoring and management; however, limitations 
include reliance on data from specific periods and 
potential long-term or extreme weather effects.47 KNN and 
RF occasionally produced predictions similar to XGBoost, 

Figure 5. Predicted spatiotemporal distribution of water quality indicators in the coastal area of Poyang Lake using the extreme gradient boosting 
(XGBoost) model. The (a–c) upper and (d–f) lower rows represent the predictions for May 10 and August 10, 2024, respectively. (a, d) Total nitrogen (TN). 
(b, e) Total phosphorus (TP). (c, f) Chlorophyll-a (Chla).
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such as in the case of TP. The limited capacity of SVR to 
capture nonlinear relationships under sparse parameter 
tuning, combined with KNN’s sensitivity to local noise 
and outliers, may partially account for these deficiencies.58 
In the present study, RF consistently showed negative 
skewness, indicating a general underestimation tendency. 
Prior studies have revealed that RF is sensitive to local data 
fluctuations, and its ensemble nature leads to overfitting 
in areas with high variance or extreme values.49 Yu et 
al.81 demonstrated that integrating RF with optimization 
techniques, such as adaptive boosting (AdaBoost), the 
Kepler optimization algorithm (KOA), and the genetic 
algorithm (GA), significantly enhanced its predictive 
accuracy for TP and TN concentrations, outperforming 
the conventional RF model. Bradter et al.82 suggested that 
incorporating the area under the curve (AUC) metric 
effectively reduced the adverse effects of small sample 
sizes on the inference and predictive performance of RF 
models, thereby substantially improving their reliability 
and robustness. These findings collectively emphasize the 
critical role of algorithmic optimization and the selection 
of appropriate performance metrics in enhancing model 
adaptability to complex and data-limited environmental 
systems.83 Recently, Transformer-based neural networks 
have emerged as a promising alternative for environmental 
prediction because their self-attention mechanism enables 
the learning of complex nonlinear relationships and long-
range temporal dependencies within multivariate time-
series data.84,85 Transformer-based architectures have 
shown superior performance compared with conventional 
MLMs when large and continuous monitoring datasets 
are available. However, these models generally require 
substantially larger datasets for effective training, 
which may limit their applicability to relatively small 

environmental datasets, such as that used in the present 
study. Comparisons with established deep learning models, 
including XGBoost and LSTM, have indicated that these 
approaches performed well for short-term forecasting, 
whereas their performance may be less satisfactory for 
long-term prediction.84

4.2. Influential environmental parameters and 
predictions 

Both the Mantel test and SHAP analysis consistently 
identified EC, T, and DO concentrations as key 
environmental drivers influencing TN and Chla 
concentrations. Significant correlations (Spearman 
correlation, p < 0.001 for all) among EC, T, and DO 
concentrations were further confirmed (Figure 2). 
Because the Mantel test was not designed to quantify the 
contribution of each parameter in predictive modeling, 
XGBoost combined with SHAP analysis was employed to 
evaluate their influence. The results demonstrated that EC, 
T, and DO were the three most influential predictors, jointly 
accounting for 92.8% of the total SHAP importance for TN 
prediction. Similarly, for Chla prediction, their combined 
SHAP importance reached 84.2%, with the remaining 
15.8% attributed to other environmental variables. Notably, 
correlations among environmental variables are common 
in aquatic ecosystems because many physicochemical 
parameters are governed by the same ecological and 
biogeochemical processes.40 Consequently, a certain 
degree of multicollinearity is expected in environmental 
datasets. Although EC and TDS were highly correlated, 
only EC showed a substantially greater contribution in 
the XGBoost–SHAP analysis, particularly in TN and 
Chla (Figure 4). These findings suggest that XGBoost can 
effectively capture complex nonlinear relationships and 

Figure 6. Scatter plots of observed versus predicted values of water quality indicators using the extreme gradient boosting (XGBoost) model. (a) Total 
nitrogen (TN). (b) Total phosphorus (TP). (c) Chlorophyll-a (Chla). A linear regression line (dashed red) and corresponding statistical coefficients are 
also provided.
Abbreviations: MAE: Mean absolute error; R2: Coefficient of determination; RMSE: Root-mean-squared error; 
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distinguish the relative predictive importance of correlated 
environmental variables.

In aquatic ecosystems, EC reflects the total 
concentration of dissolved ions and therefore serves as an 
integrative indicator of watershed inputs and hydrological 
conditions.86-88 Seasonal fluctuations in water level and 
river-lake connectivity strongly regulate the transport, 
exchange, and dilution of dissolved substances.89 The 
dominant role of EC in nitrogen dynamics corroborates 
previous findings from agricultural watershed studies.90 
The coastal region of Poyang Lake, which is characterized 
as a typical agricultural watershed, is subject to substantial 
external nutrient input.91 In this study, a significant positive 
correlation between TN and EC was observed (Mantel test, 
r = 0.791, p < 0.001; Figure 2). As EC commonly reflects the 
level of external nutrient loading, it is typically associated 
with TN concentration.92 Unlike TN, Chla represents 
phytoplankton biomass rather than nutrient concentration. 
The importance of EC in predicting Chla potentially reflects 
its role as an integrated indicator of the physicochemical 
environment that supports phytoplankton growth.93,94 
Therefore, EC may indirectly capture these combined 
environmental effects, thereby conferring high predictive 
importance for Chla. The effects of T and DO on TN and 
Chla are attributed to both abiotic and biotic processes. A 
recent machine learning-based study in the lower Ganga 
River (India) identified T as a major driver of nitrogen 
concentration.69 Elevated temperatures promote nutrient 
release from sediments and stimulate nitrifying bacteria, 
leading to nitrate accumulation.95 Furthermore, DO was 
reported to significantly enhance nitrification efficiency, 
thereby regulating nitrogen dynamics.96 Increased T and 
DO levels can often promote phytoplankton proliferation 
and consequently elevate Chla concentrations.97,98 These 
observations are consistent with findings from stochastic 
transfer function modeling, which confirm the strong 
predictive power of T and DO for Chla concentrations.99 
Using linear mixed-effects models, Li et al.100 further 
verified the dominant influence of T, DO, and EC on 
controlling TN variations along hydrological gradients in 
Poyang Lake.

The environmental factors influencing TP exhibited 
distinct patterns compared with those influencing TN 
and Chla. While the Mantel test identified T as the most 
influential variable for TP, SHAP analysis further revealed 
that ORP and pH were two additional important predictors. 
A significant positive correlation was observed between 
ORP and pH (Spearman correlation, ρ = 0.453, p < 0.05; 
Figure 2). The potential of MLM-based analysis to capture 
complex ecological relationships is supported by SHAP 
results.67 In contrast, the Mantel test is limited to identifying 

monotonic associations and may overlook such nonlinear 
patterns.101 A decrease in ORP was generally accompanied 
by an increase in TP concentration. The changes in ORP 
under resulting redox conditions indirectly affect TP 
dynamics by influencing the release and deposition of 
phosphorus between sediments and the overlying water 
column.102 In addition, reductive conditions can dissolve 
iron compounds and subsequently mobilize phosphorus 
into the water column.103 Buffering mechanisms in aquatic 
environments may further decouple phosphorus cycling 
through pH fluctuations.104 Despite these nonlinear 
interactions, the consistent identification of T across both 
traditional statistical approaches and MLMs highlights 
its fundamental role in regulating phosphorus dynamics. 
Liikanen et al.105 reported that a 3 °C increase under both 
aerobic and anaerobic conditions led to a maximum increase 
in TP release of 57%. Similar observations have been 
reported in mesocosm experiments.106 As TP predictions 
by the XGBoost model relied on moderate contributions 
from ORP, pH, and T (approximately 20%), these findings 
underscore the need to incorporate additional variables, 
such as sediment phosphorus and inflow rates, to capture 
TP dynamics more comprehensively and improve model 
accuracy.

5. Conclusion
This study systematically compared the predictive 
performance of four MLMs (SVR, RF, XGBoost, and KNN) 
for estimating WQIs (TN, TP, Chla) in the coastal zone of 
Poyang Lake and interpreted the underlying environmental 
drivers using SHAP analysis. Among the evaluated models, 
XGBoost consistently achieved the highest predictive 
accuracy, demonstrating its suitability for water-quality 
prediction based on physicochemical parameters. SHAP 
analysis further identified EC, T, DO, ORP, and pH as 
the dominant predictors, although the key controlling 
factors differed among TN, TP, and Chla. These results 
demonstrate that integrating XGBoost with SHAP not only 
provides accurate predictions but also improves model 
interpretability by quantifying the relative contributions of 
individual environmental variables. This study provides a 
practical and interpretable machine learning framework for 
water-quality assessment and environmental management 
in freshwater ecosystems. From a management perspective, 
monitoring key environmental parameters may provide a 
cost-effective approach for assessing eutrophication risk, 
consequently reducing the need for frequent and labor-
intensive nutrient analyses. However, because the present 
analysis was based on a relatively short monitoring period, 
future research should incorporate long-term monitoring 
datasets and temporal validation to further improve model 
reliability and transferability.
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