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ABSTRACT

Water-quality degradation threatens aquatic ecosystems, public health, and sustainable resource
management, creating a need for accurate and interpretable predictive approaches. This study developed
an explainable machine-learning framework for water-quality assessment and pollution-risk prediction
using physicochemical, hydroclimatic, spatial, and seasonal variables. A total of 1,495 observations
from 58 sampling locations across 13 rivers and streams were analyzed. Water Quality Index (WQI)
was modeled as a continuous outcome using Linear Regression, Random Forest, Extra Trees, Gradient
Boosting, and Support Vector Regression, while pollution status was classified into Good, Poor, and
Very Poor categories using Logistic Regression, Random Forest, Extra Trees, and Support Vector
Machine. Five-fold location-grouped cross-validation was applied to reduce spatial leakage. The overall
mean WQI was 91.40, and 94.25% of observations were classified as Very Poor. Gradient Boosting
achieved the strongest WQI prediction, with a mean R? of 0.9993, MAE of 0.1215, and RMSE of
0.3485. Random Forest provided the best pollution classification, attaining 0.9940 accuracy, 0.9061
balanced accuracy, 0.9394 macro-F1, and 0.9414 MCC. Permutation importance identified phosphate as
the dominant predictor of WQI, followed by pH and dissolved oxygen. The framework demonstrates
that explainable machine learning can provide accurate, transparent, and management-relevant support

for sustainable water-resource monitoring.

Key words: Water Quality Index; Explainable Machine Learning; Pollution Risk Prediction; Gradient

Boosting; Sustainable Water Resource Management
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1. INTRODUCTION

The degradation of water quality is now a significant environmental issue, as the surface-water
systems are more affected by urbanisation, industrial effluents, agricultural runoff, hydrological
variability and climate related pressures. Assessment that is reliable is therefore required to
describe current conditions as well as to anticipate deterioration and support timely management
decisions. While most monitoring methods are based on single measurements or composites of
measurements (physicochemical), water-quality variables often interact in a nonlinear fashion
and are spatially variable. Recent advances in machine learning (ML) present the opportunity to
combine multiple indicators and develop prediction systems, which can be more flexible in their
analytical approach for estimating water quality conditions. The River Quality Modelling
reviews have been carried out, and it has been proved that the relevance of ML in Water Quality
Index (WQI) based Prediction and Environmental Monitoring is increasing (Shaheed et al.,

2025).

The WQI is a good tool for reducing multidimensional information concerning water quality to a
single metric of overall environmental condition. But, to predict the WQI, accurate analytical
approaches must be able to detect the nonlinear relationships and complex interactions in the
physicochemical and hydroclimatic characteristics. In recent years, gradient boosting and other
ML methods have shown promising performance in WQI estimation and water monitoring
sustainability (Islam, Salekin, Anzum, et al., 2024). Collaboration of predictive algorithms has
been demonstrated to enhance the WQI estimation and aid in the understanding of the water-

quality variables that are influential in the process (Choudhary et al., 2025).

Although complex ML systems have the predictive power, they are often criticized for its black
box nature. This is a significant issue in environmental applications because environmental
managers must know why a given water body is classified as a particular quality or pollution
classification. The integration of ML with explainable Al (XAI) can enhance groundwater-
quality prediction and create a clearer understanding of information for environmental decision
making (Alshehri & Rahman, 2023). Through systematic evidence, transparency, interpretability,
and trust have been identified as key prerequisites for water-quality monitoring using XAl
(Aderemi et al., 2025b). Predictive models can also be interpreted in a parametric way, which
can further show how individual physicochemical properties contribute to variations in the

predicted water quality (Nallakaruppan et al., 2024).
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The relevance of interpretability to pollution management is particularly important because the
ability to predict is not sufficient to provide information on which environmental parameters are
related to deterioration. Explainable data-driven approaches have thus been used to water quality
assessment to deliver more actionable data for pollution management decisions (Mallick et al.,
2024). Additionally, ensemble learning has been suggested to obtain accurate and interpretable
water-quality prediction alongside XAI (Hellen et al., 2023). Model calibration and model
explainability are equally crucial for the confidence of the environmental decision support

application with predictive water-quality systems (Hellen, 2022).

The importance of ML is not just for predicting WQI, it can also be used for ecological
assessment and for sustainable resource planning. ML-based ecological-quality prediction can
help assess the conditions of rivers and provide guidance for management interventions based on
scenarios (Politikos et al., 2024). Explainable modelling has also been used to explore the
potential effects of climate change and urban-policy scenarios on water-quality conditions,
illustrating the need to consider the environmental context in predictive assessment (Tian et al.,
2024). The integration of XAl and ML, on the other hand, can provide a more comprehensive
and holistic understanding of water pollution and can help to make more manageable and
actionable decisions based on the predictive results.The integration of XAl and ML, however,
can create a wider scope of understanding water pollution and can help in transforming complex

predictive outcomes into evidence relevant for management decisions (Talukdar et al, 2024).

The purpose of this study was therefore to create an explanatory machine learning-based water-
quality assessment and pollution-risk prediction framework. The range included physicochemical,
hydroclimatic, seasonal, spatial and river-level characteristics where WQI was considered as a
continuous prediction result and pollution status was considered as a three-class classification
result. Overall and seasonal water-quality patterns were characterized; several water-quality
models based on multiple regression were compared in terms of their water-quality prediction
capability; water-quality classification models for pollution-risk discrimination were assessed
while dealing with severe class imbalance; and variables contributing most strongly to the
prediction capability were identified using permutation-based explainability. The overall goal
was to create a clear analytical approach to facilitate sustainable water-resource monitoring and

management.

2. MATERIALS AND METHODS
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2.1 Study Data and Analytical Variables

Secondary water quality and hydroclimatic observations from rivers and streams in Dhaka,
Bangladesh were used for the study, consisting of 1495 observations from 58 sampling locations
spread across 13 rivers and streams. The records spanned the time interval from January 2017 to
July 2021 and comprised physicochemical, hydroclimatic, spatial, temporal and water-quality
classification variables. The data were from the publicly available repository reported by Sinha et

al. (2026).

The physicochemical variables measured were: water temperature (°C), pH, dissolved oxygen
(mg/L), chemical oxygen demand (mg/L), nitrate (mg/L), turbidity (NTU), and phosphate (mg/L).
The hydroclimatic variable included was rainfall (mm). Contextual variables were sampling date,
river or stream identity, sampling location, latitude, longitude and season. Water-quality
predictions were conducted using the Water Quality Index (WQI), while recorded pollution label
was used as the categorical outcome for pollution-risk classification. The outputs of WQI and
pollution status were both classified as "separate outcomes" and WQI was not directly used as an

input predictor in the pollution-classification models to reduce target leakage.
2.2 Data Preprocessing and Descriptive Analysis

There were no missing values coded in the original data frame and 1,495 data rows. Prior to
performing statistical analysis, data-quality screening was performed. Two pairs of labels
identified the same season, so the seasonal labels were standardized. The phrase ‘Pre monsoon'
was merged with ‘Pre-monsoon’, and ‘Post monsoon' with ‘Post-monsoon'. The seasonal
variability was thus obtained as four categories namely Winter, Pre-monsoon, Monsoon and

Post-monsoon.

Six of the COD measurements were negative, with the lowest of these at =59 mg/L, which was
physically implausible as the concentration of COD. The six measurements were not interpreted
as valid observations, but were recorded as missing for analyses involving COD. Thus,
descriptive statistics calculated for COD were 1,489 valid observations and the denominator for
the overall study was 1,495 observations. For predictive modelling, the records with invalid
COD measurements were retained as they were preprocessed with data from the training folds to

avoid transferring information from the validation folds into training the model.

The mean, standard deviation, minimum, median, and maximum were used to summarize

continuous variables. Percentages for pollution categories were determined by dividing the
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number of observations in each category by the total sample (N = 1,495) and multiplying by 100.
WQI, DO, COD, nitrate, turbidity, phosphate and rain were calculated and presented in
descriptive summaries for each season. The means (standard deviation) were used to summarize
the data for WQI, and the means were used for the remaining seasonal variables. The
comparisons were descriptive and no inferential seasonal hypothesis test was used because the
Results section provided information about the distribution of the data by season rather than the

results of tests for significance.
2.3 Water Quality Index Prediction

The continuous dependent variable was WQI and supervised regression analysis was conducted.
The predictor variables included all the available physicochemical, hydroclimatic, spatial,
temporal and contextual variables, apart from those that explicitly included the target variable.
The following regression algorithms were tested: Linear Regression, Random Forest Regression,
Extra Trees Regression, Gradient Boosting Regression and Support Vector Regression with a

radial basis function kernel.

Five-fold grouped cross validation with sampling location as grouping variable was used for
evaluating the predictive ability. Each fold had only one of the two subsets (training or validation)
that contained records of one sampling location. This method was used to achieve this by
adjusting performance estimates to be less optimistic due to spatial dependence in repeated

observations from the same location.

Regression performance was assessed using the coefficient of determination (R?), mean absolute

error (MAE), and root mean squared error (RMSE):

n

. i — y?
RP=1-—F%
o yi—y)?
i=1
1 n
MAE = 5 ly; — Vil

RMSE = \/ (Yi — Yi)?

i=1
yiMean \(R*2\), MAE, and RMSE values across the five validation folds were used for model

comparison, while the standard deviation of fold-specific \(R”"2\) values was used to evaluate

21 https://gnpublication.org/index.php/env


https://gnpublication.org/index.php/env

International Journal for Research in Environment

performance stability. Predictions from all held-out folds were subsequently combined to
generate out-of-fold predictions for all 1,495 observations, which were used for the observed-

versus-predicted WQI assessment.
2.4 Pollution-Risk Classification

Pollution risk prediction has been designed as a three-class supervised classification problem
where the dependent variable is the recorded categories Good, Poor, and Very Poor. There were
52 Good observations, 34 Poor observations and 1,409 Very Poor observations, which represent

3.48% and 2.27% and 94.25% of the total observations, respectively.

Due to the significant class imbalance, accuracy alone was not used to assess model performance.
The four classification algorithms evaluated were: Logistic Regression, Random Forest, Extra
Trees, and Support Vector Machine (SVM) — radial basis function (RBF) kernel. Where

supported, imbalance-aware class weighting or other algorithm-specific weighting applied.

The physicochemical, hydroclimatic, seasonal, river and geographic variables were included in
the predictor set. To avoid leakage of a variable that was highly correlated with the pollution-

category outcome, the pollution-risk predictor was not included in WQI.

Pollution classification was performed using the same five-fold sampling-location-grouped cross
validation as performed for the WQI regression. As a result, there were no records available for

training and validation at the same sample site within a fold.

Classification performance was assessed using accuracy, balanced accuracy, macroaveraged F1-

score, and Matthews correlation coefficient (MCC). Accuracy was calculated as:

Correctly classified observations

Accuracy = -
y Total evaluated observations

Balanced accuracy was calculated as:

1
Balanced Accuracy = K Recall
k=1

where K = 3 represents the number of pollution classes.
For each class, the F1-score was calculated as:

Precision  x Recall

Fl, =2 x —
k Precision  + Recall
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Macro-F1 was obtained as the unweighted mean of the three class-specific F1-scores. MCC was
additionally reported because it incorporates information from the complete classification

confusion structure and provides a more informative evaluation under severe class imbalance.

Predictions from all held-out folds were combined to generate out-of-fold classifications for all
1,495 observations. For the best-performing classifier, the pooled confusion matrix and class-
specific precision, recall, and Fl-score were examined to evaluate predictive performance

separately for the minority Good and Poor classes and the dominant Very Poor class.
2.5 Model Explainability and Statistical Reporting

Permutation feature importance was used to explore model explainability for the top performing
WQI regression model. The validation data were then repeatedly permuted for each predictor,
while the model fitted was not changed. For this, the decrease in the predictive R? compared to
the unpermuted model was used as the importance measure. Larger decrease in R? were deemed
to be more influential in the determination of model performance. The errors bars show the
estimated variability of the importance estimates, using repeated permutations. The results of the
importance test were used as a sign of the lack of independence of the model instead of as
evidence of a causal relationship. All comparisons of machine-learning models were computed

using out-of-sample predictions obtained using location-grouped cross-validation.
3. Results
3.1 Overall Water-Quality Characteristics and Pollution Status

Results from an analysis of 1495 observations were obtained. As summarized in Table 1, mean
water temperature was 27.76 + 3.42 °C and mean pH was 7.38 + 0.36. The average value of the
dissolved oxygen was 2.27 + 2.45 mg/L (excluding the six negative COD measurements), while
the average value of COD was 71.98 + 27.85 mg/L. Nitrogen (nitrate), turbidity and phosphate
were highly variable. The overall WQI was high, with a mean of 91.40 + 13.63 and a median of
94.80.

Table 1. Descriptive characteristics of water-quality and hydroclimatic parameters

23 https://gnpublication.org/index.php/env


https://gnpublication.org/index.php/env

International Journal for Research in Environment

Parameter Mean SD Minimum | Median | Maximum

Temperature (°C) 27.76 342 20.20 28.90 39.60
pH 7.38 0.36 4.47 7.38 9.12

DO (mg/L) 2.27 2.45 0.00 1.07 12.28
COD (mg/L) 71.98 27.85 0.00 70.00 380.00
Nitrate (mg/L) 9.31 17.13 0.10 5.10 367.80
Turbidity (NTU) 45.47 49.82 0.00 30.10 501.00
Phosphate (mg/L) 3.98 6.06 0.00 2.00 84.20
Rainfall (mm) 8.20 16.94 0.00 1.14 118.92
WQI 91.40 13.63 7.26 94.80 99.65

The distribution of pollution category is very skewed as depicted in Figure 1. Of the 1,495
observations, 1,409 (94.25%) were classified as Very Poor, 52 (3.48%) as Good, and 34 (2.27%)
as Poor. The WQI values also exhibited good separation between the pollution classes, with the
mean of WQI values in the Good observations ranged from 7.26 to 49.20; Poor observations

52.75 t0 68.16, and Very Poor observations 76.02 to 99.65.

1409 (94.2%)

34 (2.3%)

Poor

Pollution class

Good 52 (3.5%)

V] 200 600 800 1000 1200 1400 1600

Number of observations

Figure 1. Pollution-class distribution across all water samples
3.2 Seasonal Variation in Water Quality

Table 2 shows seasonal water-quality patterns. Mean WQI was highest during the pre-monsoon
season (93.10 £ 10.98), followed by winter (92.92 + 13.39), post-monsoon (91.20 + 11.19), and
monsoon (89.26 + 16.20). The highest mean dissolved oxygen concentration was observed
during monsoon (3.78 mg/L), mean phosphate concentration was the highest during winter (6.77

mg/L), and mean turbidity was the highest during monsoon with a value of 72.33 NTU.The
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dissolved oxygen concentration was highest in the monsoon (3.78 mg/L), the phosphate
concentration was highest in winter (6.77 mg/L), and the turbidity concentration showed the
highest monsoonal increase (72.33 NTU). Monsoon rainfall was also significantly higher with

mean of 19.10 mm.

Table 2. Seasonal profile of WQI and major water-quality parameters

Season n W(ilsl\l/l)ean DO COD | Nitrate | Turbidity | Phosphate | Rainfall
Winter | 426 9123932; 118 | 6968 | 1119 | 31.28 6.77 0.03
Pre- 258 | 2310 gaa | 6626 | 7.63 39.92 5.78 7.96
monsoon 10.98
Monsoon | 476 8196226;[ 378 | 7730 | 876 | 7233 1.66 19.10
Post- 1 455 | 91202 1500 1 9104 | 898 | 29.64 232 3.07
monsoon 11.19

The seasonal WQI distributions are visualized in Figure 2. Although all four seasons were
dominated by relatively high WQI values, monsoon observations exhibited greater dispersion

and a somewhat lower central WQI profile than the other seasonal groups.

100 -
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40 -

Water Quality Index (WQI)
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Winter Pre-monsoon Monsoon Post-monsoon
Season

Figure 2. Seasonal distribution of the Water Quality Index
3.3 Machine-Learning Prediction of Water Quality Index

The five regression algorithms were tested for prediction of WQI via location-grouped five-fold
cross-validation. As evident in Table 3, Gradient Boosting regressor was the best performing

model with 0.9993 as Mean R?, 0.1215 as MAE, and 0.3485 as RMSE. Random Forest also gave
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excellent R2 value of 0.9989 while Extra Trees achieved an R2 value of 0.8331, which was still

significant. The performance of linear Regression and RBF-SVR was significantly poorer.

Table 3. Location-grouped five-fold cross-validation performance for WQI prediction

Model Mean R? SD of R? MAE RMSE
Linear Regression 0.1361 0.0864 6.6398 12.2826
Random Forest 0.9989 0.0008 0.1597 0.4441

Extra Trees 0.8331 0.0432 1.9413 5.3875
Gradient Boosting 0.9993 0.0006 0.1215 0.3485
SVR (RBF) 0.0853 0.0503 3.6324 12.7238

The close agreement between observed and cross-validated predicted WQI values is illustrated in
Figure 3. Based on pooled out-of-fold predictions, Gradient Boosting produced an overall R? of

0.9991, MAE of 0.1214, and RMSE of 0.4067.
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Figure 3. Observed versus cross-validated WQI predicted by the Gradient Boosting model

The results of the model interpretability analysis showed that the models for predicting WQI
were dominated by certain physicochemical variables. When looking at the changes in predictive
R? after the permutation of each individual variable (Figure 4), phosphate was the variable that
caused the greatest decrease, indicating that it is the strongest controller of the fitted WQI model.
The other variables that gave some explanatory information were the pH, the dissolved oxygen,

and the turbidity, followed by nitrate. The other physicochemical predictors accounted for
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relatively little extra predictive information when added to the major physicochemical predictors,

which were season, COD, river identity, and spatial coordinates.
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Figure 4. Permutation-based predictor importance for Gradient Boosting WQI prediction
3.4 Explainable Pollution-Risk Classification

Pollution-risk classification was done independently from WQI with physicochemical,
hydroclimatic, seasonal, river and geographic predictors. Class-weighted models and imbalance-
sensitive performance measures were highlighted, as 94.25% of observations fell in the Very
Poor category. Table 4 shows that the Random Forest classifier performed best overall, with a
mean accuracy of 0.9940, balanced accuracy of 0.9061, macro-F1 of 0.9394 and MCC of 0.9414

over the location-grouped folds.

Table 4. Location-grouped five-fold cross-validation performance for pollution-risk

classification
Model Accuracy Balanced Macro-F1 MCC
Accuracy
Logistic Regression 0.8120 0.7685 0.5049 0.3779
Random Forest 0.9940 0.9061 0.9394 0.9414
Extra Trees 0.9391 0.6595 0.6189 0.5018
SVM (RBF) 0.8735 0.5901 0.4886 0.3288

The pooled out-of-fold predictions for the Random Forest model accurately identified 51 of 52
Good samples, 26 of 34 Poor samples and all 1,409 Very Poor samples. Class-specific F1-scores
were 0.9808 for Good, 0.8525 for Poor, and 0.9975 for Very Poor. The comparatively lower
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recall value (0.7647) suggests that this is still an intermediate pollution category, and that this is
still the most difficult to separate, while the most predominant pollution category (Very Poor)

recovered with complete sensitivity.
4. DISCUSSION

The present study showed significant degradation of the water systems observed with a mean
WQI of 91.40 and 94.25% of the observations were classified as Very Poor. The dissolved
oxygen was relatively low, while large variations were found for COD, nitrate, phosphate and
turbidity. The results show that water-quality condition was related to interactions between
several physicochemical components, which is not related to one pollution characteristic.
Interpretable ML also has shown that quantifying the effect of single water qualities is also

significant under multiple pollution sources ( Zhang et al., 2025).

Further, the seasonal trends were observed, with minimum WQI during the monsoon season and
maximum turbidity and dissolved oxygen during this period. Phosphate levels were higher, in
contrast, in winter and pre-monsoon periods. These differences emphasize the need to include
temporal and hydroclimatic data in monitoring water quality rather than assuming that all aspects
of the environment are at the same state throughout the year. Water Quality Index (WQI) based
ML evaluation has also been suggested as a tool to capture the complexity of water quality

variations using integrated predictive modelling (Islam, Salekin, Abdullah, et al., 2024).

The Gradient Boosting regression algorithm produced the highest mean WQI prediction results
(0.9993), the lowest MAE (0.1215), and best RMSE (0.3485) of the regression algorithms
evaluated. Similarly, there was a strong performance from Random Forest while Linear
Regression and RBF-SVR gave poor performance. This difference indicates that the relationship
between the environmental variables measured and the underlying relationships with WQI was
more well-represented by nonlinear tree-based ensembles. Similarly, robust ML techniques have
been used to make good performance in the prediction of WQI under complex environmental
conditions (Han et al., 2025). Explainable ensemble models also showed consistent performance
in predicting water-quality when using various forms of water-quality indicators (Doan &
Nguyen, 2025). Similar to the interpretable models described, models with high predictive
accuracy have been coupled with the identification of contamination-related variables (Aldrees et

al., 2025).

Phosphate was found to provide the most important information for WQI, followed by pH and
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dissolved oxygen and then turbidity and nitrate. Permutation importance indicated that these
variables were dominant and provided the most important information regarding the WQI. The
pattern indicates that nutrient enrichment, oxygen availability, acidity/alkalinity balance and
suspended material all played a role in determining the modelled water-quality condition.
Interpretable ML has also been employed to reduce monitoring protocols while retaining highly
informative water-quality parameters, without discarding them (Xue et al., 2025). The XAl-
based assessment has also shown the benefit of revealing influential predictors to water-quality
predictions, which are otherwise model outputs without explanatory power (Maurya et al., 2025).
However, permutation importance provides a measure of model dependence, but should not be

used to interpret causal environmental relationships.

The classification for pollution risk was especially difficult as only 52 observations were
classified as Good and 34 as Poor, while 1,409 were classified as Very Poor. The accuracy of
Random Forest was 0.9940, the balanced accuracy was 0.9061, the macro-F1 was 0.9394 and the
MCC was 0.9414, despite this, the imbalance. Modelling of riverine pollution indices using data
has also been done to support the use of multiple ML algorithms for discriminating pollution
types (Chowdhury & Debnath, 2025). Explainable pollution-index prediction has also been
shown to be beneficial for bridging between environmental measurements and resource-

suitability decisions (Abba et al., 2023).

The RF model correctly classified all of the Very Poor observations and 51 of 52 Good
observations, yet only 26 of 34 Poor observations were correctly classified. The middle category
was therefore the most challenging to differentiate, and highlighted the need for accuracy to be
misleading under the class imbalance observed. With the assessment of water-quality prediction
systems beyond headline parameters, robustness evaluation is becoming an increasingly
important aspect (Zalte et al., 2025). The automation of interpretation of predictive water-quality
models can further improve the confidence in environmental-management applications (Mallick
et al., 2025). When predictive evidence is used for management planning, the interpretation of
black-box pollution models has been encouraged, too (Talukdar et al., 2025). At a larger scale,
recent XAl literature reviews highlight the importance of transparent interpretation of the models
for reliable water quality monitoring systems (Aderemi et al., 2025a). Overall, the results go to
validate the use of nonlinear prediction, imbalance-sensitive validation, and interpretable feature

analysis in water-resource management frameworks that are sustainable in the long run.

5. CONCLUSION
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This study showed the feasibility of an explainable machine-learning system for water-quality
analysis and forecasting of water pollutants based on physicochemical, hydroclimatic, spatial and
seasonal data. Generally poor water quality with an average WQI of 91.40 and 94.25% of
observations rated as Very Poor was found in the monitored waters. Seasonal differences also
suggested that monsoon conditions were related to low mean WQI and high turbidity, and
nutrients displayed significant seasonal trends. The Gradient Boosting regression model was the
most reliable model for predicting the WQI with a mean cross-validated R? of 0.9993 and minor
MAE and RMSE values. Random Forest had the highest BAC, macro-F1, and MCC scores and
high balanced accuracy despite significant class imbalance in the data, making it the best for
classification of pollution-risk among all the algorithms. The explainability analysis showed that
phosphate was the most important predictor of the WQI, followed by pH, dissolved oxygen,
turbidity and nitrate. Combining the two approaches, predictive modelling and model
interpretability, can give an accurate and interpretable environmental assessment, the findings
reveal. This approach can assist in early warning of poor water quality, focus monitoring to
important pollution factors, and more specific monitoring approaches. Overall the framework has
practical applicability to sustainable water-resource management, but further studies would be
needed to establish its generalizability to other regions, monitoring durations, and contaminant

inventories and suites.
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