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ABSTRACT: Machine learning (ML) has been widely used to predict nonlinear relationships among water 
quality variables and to address complex ecological problems. However, the ML models’ results are 
sometimes interpreted as real ecological findings. ML tools like explainable artificial intelligence explain 
model behavior but not the natural processes occurring in the water system. We define this limitation as an 
“interpretability gap” between the output of ML models and ecological causality. For example, in a random 
forest model of benthic chlorophyll-a, colloidal phosphorus was the most influential predictor, but algae 
cannot take up colloidal phosphorus directly. A practical rule is to check whether a variable can affect the 
response directly before calling it a driver. This can lead to incorrect conclusions, especially when input 
variables are highly collinear, as in nutrient cycling and across physical and biological processes. This 
interpretability gap is not only a technical issue in ML models but also a major scientific concern that may 
lead a new researcher down the wrong track. To address this limitation, we proposed a process-based 
hydraulic and biogeochemical model alongside ML models, because high accuracy must be supported by 
ecological understanding. Closing this gap is essential for making ML results more reliable for science and 
decision-making. We frame this challenge from a watershed perspective, since the watershed is widely 
recognized as the fundamental spatial unit for integrating the hydrological, biogeochemical, and land-use 
processes that jointly determine water quality outcomes. 
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1. Introduction 

Clean, adequate water is essential for the survival of living organisms. However, anthropogenic and 
natural activities have significantly reduced water quality and supply globally [1]. Ignoring water quality 
assessment threatens the survival of living organisms worldwide [2]. Advanced tools can address this threat 
by providing low-cost solutions and strategies. 

Today, most researchers in environmental science and technology use machine learning (ML) 
techniques for ecological risk assessment and water health [3]. Several reviews have summarized the use 
of machine learning in hydrology and water resources [4,5]. ML is an advanced technique that relies less 
on prior knowledge and can solve complex ecological problems [6,7]. Compared with traditional modeling, 
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ML is more accurate for complex problems and provides clearer explanations of the input-output 
relationships [8]. Recently, ML has been used to predict water quality (Table 1) by predicting chlorophyll-
a (a proxy for algal biomass) in freshwater bodies, urban rivers, and lakes. This Perspective therefore 
focuses on inland waters at the watershed scale. Different ML models have been used. For instance, Wang 
et al. (2025) [9] used the random forest (RF), artificial neural network (ANN), support vector regression 
(SVR), and extreme gradient boosting (XGBoost) for water quality prediction in freshwater streams. In 
addition, Khan et al. (2025a) [8] used the RF and XGBoost for water quality assessment in the Thousand 
Island catchment area. ML has also been used to assess heavy metals in water bodies. Ullah et al. (2025) 
[10], Lu et al. (2025) [11], and El Bilali et al. (2021) [12] also investigated emerging pollutants in water 
bodies and the impact of climate change on groundwater quality using ML models. In addition, Hussain et 
al. (2025) [13] used ML to control the negative effect of agricultural non-point source pollution on water 
resources and promote the coordinated development of water resource protection and sustainable 
agriculture. While ML is a promising technique in water quality assessment, several fundamental 
challenges need more attention. Many ML models still struggle with explainability and interpretability 
despite their predictive accuracy. 

Table 1. Use of machine learning models in water quality assessment. 

Study Area Machine Learning Models 
Prediction Performance 
(R2) 

Target Variable References 

Imha Reservoir, South 
Korea 

Multiple linear regression (MLR), 
support vector machine (SVM), 
Artificial neural network (ANN) 

0.80 (SVM, validation) 
Chlorophyll-a and Secchi 
depth 

[14] 

Babol-Rood River, Iran 

M5 Prime (M5P), Random forest 
(RF), and their hybrids with 
bagging, random subspace (RS), 
random committee (RC) and 
additive regression (AR) 

0.995 (AR-M5P, testing) 
Electrical conductivity 
(salinity) 

[15] 

Hwanggujicheon Stream 
(urban river), South Korea 

Random Forest, Gradient 
Boosting, adaptive boosting 
(AdaBoost) 

0.912 (AdaBoost, test 
set) 

Dissolved oxygen [16] 

Santiago-Guadalajara River 

MLR, Ridge, least absolute 
shrinkage and selection operator 
(Lasso), generalized additive 
model (GAM), Logistic 
Regression, linear discriminant 
analysis (LDA) 

0.9992 (GAM) 
Santiago–Guadalajara 
River water quality index 
(SGR-WQI) 

[17] 

Lake Erie Bayesian additive regression trees 0.88  Chlorophyll-a  [18] 

Water resources of 
Lianyungang City 

Quad-Modality Deep Neural 
Network 

0.73 Chlorophyll-a [19] 

Reservoirs XGBoost and RF 0.90 (average for both) 
Dissolved organic matter 
(DOM)-associated 
bacteria and fungi 

[20] 

Lakes and reservoirs Deep learning neural network  
0.67 for lakes and 0.79 
for reservoirs 

Chlorophyll a  [21] 

Lake Müggelsee 
XGBoost; long short-term 
memory neural network (NN) 

0.8 for XGBoost and 
0.71 for long short-term 
memory NN  

Cyanobacterial harmful 
algal bloom (CyanoHAB) 

[22] 

Water bodies RF, SVR, XGBoost, Catboost 
0.88 (RF), 0.84 (SVR), 
0.98 (XGBoost), 0.90 
(Catboost) 

Emerging inorganic 
pollutants 

[10] 
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The studies in Table 1 are from 2020 to 2025. Some early studies compared simple models such as MLR, 
SVM, and ANN, while later studies more often used tree-based models such as random forest and XGBoost. 
Study areas shifted from single rivers or reservoirs to urban rivers. Target variables have also diversified to 
include chlorophyll-a, dissolved oxygen, electrical conductivity, and a water quality index. 

In water quality research, the shift from traditional modeling to ML and deep learning models has 
increased significantly, providing highly accurate results [23]. Tree-based and neural network review 
articles have summarized the use of machine learning in hydrology and water resource modeling, including 
nonlinear input-output relationships and high-dimensional relationships that traditional models cannot 
capture [24]. ML and deep learning models are increasingly used for surface, ground, and coastal water 
quality prediction; however, because of their complexity, their interpretability remains in question [25]. For 
this reason, interpretability has attracted much attention in geoscience and hydrology [26,27]. Meanwhile, 
researchers need to pay more attention to this problem. Many studies indicate that ML and deep learning 
models provide accurate and precise predictions (Table 1) but cannot explain the physical and chemical 
rationale behind them [28]. 

These feature-importance results may explain the high prediction performance but offer limited 
transparency into the model’s rationale [29]. Without this distinction, predictive attribution may be 
interpreted as an ecological explanation. The lack of transparency also has broader implications. Many 
mechanical processes occur in the water quality system, such as nutrient cycling, hydrological flushing, 
sediment-water exchange, and biological uptake. When ML models identify predictors (such as phosphorus, 
temperature, or flow velocity) for water quality (often using chlorophyll-a as a proxy), it is important to 
determine whether the outputs reflect mechanisms or only statistical correlations. Because of this difference, 
ML results may not provide ecological explanations. This lack of transparency carries profound 
consequences for future studies and planning [30]. ML models have been widely used in water purification 
technology; however, stakeholders need scientifically sound, interpretable answers [31]. Many concerns 
remain about ML decisions, which may lack transparency and logical coherence [29]. These limitations do 
not contradict the value of ML in water quality modeling. Rather, they highlight the need for structured 
interpretability frameworks. Many researchers remain cautious when using ML in contexts where 
interpreting results matters [32]. ML is important in water quality assessment; however, its limited 
transparency should be addressed [30]. 

2. The Interpretability Gap: Attribution Versus Causality 

Machine learning models are often called “black boxes” because of their complex internal structures. 
But for water quality research, what really matters isn’t the complexity of the structure itself; it’s the lack 
of transparency in how the results are explained. These black box models often confuse statistical and 
ecological causality [29]. Most of the literature relies on these black-box models and focuses on 
performance metrics like R2, root mean square error (RMSE), and mean absolute error (MAE), which 
provide limited information about the relationship between model results and hydro-geochemical processes 
(Figure 1) [33]. Many studies used feature importance ranking, but these analyses rarely explained predictor 
collinearity, seasonal variability, or stability across cross-validation stages [33]. When machine learning 
models identify temperature, phosphorus [34], or flow as influential predictors of chlorophyll-a, it is 
essential to clarify whether the model is capturing mechanistic dominance or statistical association. 

Explainable artificial intelligence (XAI) tools identify each predictor’s contribution to the model’s 
output. However, XAI did not explain any ecological mechanism [29]. This difference is especially 
important. Which variables did the ML models use to make their predictions? The feature importance 
analysis can answer this question. Another question is how the physical, chemical, and biological variables 
explain ecological processes. In water science, hydro-biogeochemical processes occur in which each 
variable or predictor depends on the others during a complex process [34]. These questions are not 
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interchangeable. If this difference between model attribution and causality cannot be explained, it may lead 
to overconfident policy conclusions. 

For example, if Shapley additive explanations (SHAP) values suggest that temperature affects 
chlorophyll-a [8], this may indicate collinearity between temperature and nutrient stratification rather than 
direct control by temperature variation. For example, in a random forest model of benthic chlorophyll-a in 
the Thousand Island Lake watershed, colloidal phosphorus was the most influential predictor (R2 = 0.88), 
but algae cannot take up colloidal phosphorus directly, and it must first be released as dissolved inorganic 
phosphorus [35]. This shows that the model relied on colloidal phosphorus, but it does not mean colloidal 
phosphorus directly affects algal biomass. A similar problem occurs with temperature. Temperature often 
ranks as the most important predictor of chlorophyll-a, but it does not supply nutrients on its own; its 
importance mainly reflects covariation with season, light, and stratification [8]. A practical rule is to check 
whether a variable can affect the response directly before calling it a driver. Statistical associations from 
ML models cannot establish causality without mechanistic understanding. 

 

Figure 1. Progress and limitations of machine learning in water quality. 

3. Explainable Artificial Intelligence for Water Quality Modeling 

The integration of explainable artificial intelligence (XAI) into water quality modeling has emerged as a 
response to growing concerns about transparency in complex machine learning systems. While ML models 
can achieve high predictive performance, decision-makers and researchers require insight into how 
predictions are generated to evaluate their reliability and applicability [36]. Interpretability is therefore not 
primarily about improving accuracy, but about strengthening transparency, confidence, and scientific 
defensibility [29]. Some studies have also proposed easy-to-understand models, such as physically 
interpretable neural networks [37]. Adding XAI to water quality monitoring is important not only for model 
accuracy but also for improving the interpretability of predictions [36]. Water resource managers and 
researchers must understand how ML makes predictions to take appropriate action and build confidence in 
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the results. Among XAI tools, Shapley additive explanations (SHAP) can assign each input feature an exact, 
additive contribution, making it a powerful tool for transparency. SHAP uses game theory to ensure the input 
feature’s impact on ML predictions [38]. SHAP can explain predictions for the overall dataset or individual 
inputs by assigning the prediction to each variable. In water studies, SHAP has been used extensively to 
predict chlorophyll-a and identify threshold levels of nutrients (Nitrogen and Phosphorus) in lakes and other 
water bodies [9]. For example, SHAP values have recently been used to investigate how P fractions influence 
algal biomass prediction. SHAP analysis can increase transparency by showing how model inputs contribute 
to the model output under different conditions [35]. The SHAP values depend on the methodological 
conditions. More specifically, the contribution estimated by SHAP depends on how the ML models handle 
missing values or excluded features [39]. In hydro-biogeochemical systems, the variables are highly collinear, 
whereby importance may be shared among them. As a result, SHAP indicates how the model made the 
prediction using the input, rather than showing the system’s true drivers [39]. So, SHAP interpretations must 
recognize the distinction between model reliance and system causality. SHAP values explain how ML models 
behave by showing positive and negative contributions, but they do not validate any mechanistic processes 
within the hydro-biogeochemical system. Partial dependence plots (PDPs) also play a vital role in water 
quality assessments, even though they focus on the overall behavior of ML models. PDPs show the 
relationship between two input features while holding the other variable constant and provide the predicted 
outcome [38]. Two-way PDP plots can explain interactions between two or three variables and clarify the 
threshold region of the predictors [24]. Although PDPs are a useful ML tool, typical PDPs rely on 
marginalization over input and output variables and capture limited interactions between features [10]. As we 
already mentioned, in the environmental system, the variables are strongly correlated to each other (like 
temperature and nutrients or the flow velocity, depth, and nutrients), the PDP may produce imaginary 
combinations and lead to imaginary results. This limitation can be mitigated with accumulated local effect 
plots, but interpreting the results remains crucial. Like SHAP, PDP explains the model’s statistical 
assumptions rather than the real mechanism in the ecological system [40]. Local Interpretable Model-agnostic 
Explanations (LIME) can explain a complex ML model using a single observation, helping identify which 
variable affects a specific model output. In water quality studies, LIME explains bloom alerts, unusual events, 
or predictions at specific sites [39]. However, LIME focuses on a single prediction and cannot explain how 
the neighborhood is defined; therefore, it does not provide a complete understanding of the ML model and 
should not be used to interpret results that explain the ecological system [29]. 

4. Hybrid Modeling and Governance Implications for Accountable Machine Learning 

Here, we do not propose a hybrid model as a novel approach. However, we discuss hybrid models as 
a potential pathway to explain and reduce the interpretation gap between ML models and real ecological 
processes. The future of water quality should be defined within a hydrobiological model framework that 
uses ML models to explain hydrodynamic and biogeochemical processes. This process-based model will 
provide a mechanistic understanding of ecological processes, explaining the complex, nonlinear 
interactions between inputs and outputs [41]. The hybrid model framework can reduce the false behavior 
of ML models, while ML models can improve predictive accuracy under complex or poor ecological 
conditions [40]. In this kind of modeling, interpretability plays a crucial role, rather than relying only on 
XAI tool visualizations [30]. The feature importance plot from these models can be used to check whether the 
relationships built by the hybrid framework are consistent with known hydro-biogeochemical processes [40]. 
For example, if a variable is especially important in the hybrid model but has no mechanistic interpretation, 
this may indicate model bias, data imbalance, or model misspecification. In such cases, model interpretability 
can be assessed by checking whether the outputs are consistent with known, published ecological processes 
[30]. Combining the hybrid model with interpretability can improve stakeholders’ trust in the model 
assumptions and reduce model uncertainty (Figure 2). Ecological systems have measurement or human error, 
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and combining ML models can reduce error and improve prediction performance [42]. When interpretability 
tools are used alongside overfitting or sensitivity analyses, they can improve prediction performance and make 
model outputs more scientifically meaningful. Water is a fundamental natural resource underpinning life, 
ecosystems, and human society [43,44], so water quality management requires both technical and institutional 
alignment in ML. The hybrid ML framework can increase the reliability and interpretability of results, and 
together they support a shift away from black-box prediction. 

Such hybrid frameworks are not only theoretical; they have already been applied in real water bodies. 
Chen et al. (2024) [45] combined a physics-based model with machine learning (long short-term memory 
(LSTM), random forest, and SVM) to predict chlorophyll-a in a freshwater lake. They also used Bayesian 
model averaging to improve the forecast. Huang et al. (2024) [46] coupled a hydrodynamic-based water 
quality model with an attention-based gated recurrent unit (GRU) network to estimate daily chemical 
oxygen demand (COD) and total phosphorus loads in the middle-lower Yangtze River. The coupled model 
performed better than the machine learning model alone (Kling–Gupta efficiency (KGE) = 0.77–0.91 for 
COD) and reduced parameter uncertainty. These two examples show that combining process-based models 
with machine learning can improve accuracy in real water bodies. However, the authors used the process 
model mainly to improve predictions and did not check whether the machine-learning results align with the 
process model. This Perspective addresses this gap. 

However, hybrid frameworks also face practical challenges. Errors from the process-based model can 
enter the machine-learning model, and process-based models require many parameters that are hard to 
measure. Running both models together also requires more time, costs more, and requires more data. Other 
studies discuss these problems [47,48]. So, hybrid modeling may not suit catchments with limited data, but 
it can be useful when data and resources are sufficient. 

 

Figure 2. Conceptual framework for hybrid modeling of water quality by integrating process-based knowledge with machine 
learning (ML). Process-based models provide hydrodynamic and biogeochemical knowledge and impose process-informed 
feature constraints, whereas ML provides predictive power for nonlinear patterns and high-dimensional data. The hybrid 
framework integrates these complementary components through guided ML, hybrid hydro-ML modeling, and process-based 
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modeling to improve the interpretation of model outputs. The framework explicitly evaluates whether model predictions align 
with ecological mechanisms, including potential model bias and mechanistic consistency, linking predictive performance to 
mechanistic interpretation, transparency, accountability, and governance. Green arrows indicate process-based knowledge and 
constraints; blue arrows indicate ML inputs or model integration; orange arrows indicate links from the hybrid model to 
accountability and decision-relevant outcomes; dashed arrows indicate conceptual or indirect relationships rather than direct 
causal pathways. TP, total phosphorus; TN, total nitrogen; pH, potential of hydrogen (acidity/alkalinity); Chl-a, chlorophyll-a; 
ML, machine learning. 

5. Conclusions 

This Perspective highlights a conceptual challenge that is often overlooked in ML studies: the tendency 
to interpret model results as ecological causality. ML is a popular tool for predicting water quality and can 
solve complex environmental problems with high accuracy. However, ML models also have disadvantages 
in ecological studies. Many ML models cannot interpret their outputs, raising concerns about their 
transparency and credibility. SHAP, PDP, and LIME have been used to address this limitation, but these 
XAI tools explain model behavior rather than providing interpretation. We argue that we need hybrid 
models that combine process-based models and machine learning. Such a hybrid model can increase ML 
accuracy and improve result interpretability. Using mechanistic data prediction with interpretability 
practices can improve model reliability and can gain the attention and trust of policymakers. We also 
suggest that future studies report not only model accuracy, but also whether the important variables can 
truly affect the response. These findings are particularly relevant for watershed-scale management, where 
reliable and mechanistically grounded predictions are needed to support sustainable, evidence-based 
decision-making across the catchment. 
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