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Abstract

The characterization and prediction of seasonal variations in river water quality are essential
for maintaining control of aquatic ecosystems and resource management. This study aims
to develop predictive models using Artificial Intelligence (Al) techniques, particularly
Machine Learning (ML) algorithms, to classify seasonal patterns in three major rivers in
Bangladesh: Buriganga, Shitalakhya, and Turag. This study considered 15 of the most
significant water quality parameters, including pH, alkalinity, biochemical oxygen demand
(BOD), chemical oxygen demand (COD), total dissolved solids (TDSs), and electrical
conductivity (EC). A total of 476 samples were gathered on a monthly basis at 17 monitoring
points in the three rivers, covering all months between January and December from 2021 to
2023. With K-fold cross-validation and hyperparameter optimization, three ML models,
like Extreme Gradient Boosting (XGBoost), Random Forest (RF), and Decision Tree (DT),
were employed for predicting seasonal variation in river water quality. The models were
assessed based on accuracy, precision, recall, F1, and ROC-AUC scores. Partial Dependence
Plot (PDP) analysis was applied to explore the marginal effects of key water quality features
on seasonal prediction while keeping other variables constant. RF achieved the highest
accuracy of 79%, and XGBoost was about 77% among the models. The achieved prediction
accuracies indicate a robust capability to capture key seasonal and spatial changes in river
water quality. At this performance level, the models are effective in identifying conditions
associated with deteriorated water quality and potential exceedances of guideline-based
thresholds established by the World Health Organization (WHO) and Bangladesh water
quality standards, supporting timely assessment and management interventions. The
SHAP analysis demonstrated TDS, alkalinity, and EC as the top feature drivers of seasonal
differences, providing insight into the interplay between chemical composition and climate.
The results of the study have the potential to accurately depict the seasonal patterns in river
water quality using Al approaches.

Keywords: river water quality; sustainable resource management; seasonal variation;
machine learning; Artificial Intelligence (AI); SHAP analysis
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1. Introduction

Seasonal variation indicates the periodic alteration of environmental and hydrological
conditions such as temperature, rainfall, river discharge, and evapotranspiration, occurring
over defined temporal cycles within a season [1]. These variations have a profound
influence on the photochemical composition of river systems, thereby impacting overall
water quality. The River Water Quality Index (WQI) work as a comprehensive indicator
that encapsulates many physicochemical parameters, such as pH, dissolved oxygen (DO),
biochemical oxygen demand (BOD), chemical oxygen demand (COD), total dissolved solids
(TDS), turbidity and electrical conductivity (EC) into a single numerical value reflecting the
water ecosystem'’s health [2]. Consequently, the fundamental interaction between seasonal
dynamics and river water quality plays a pivotal role in determining ecosystem stability,
pollutant dispersion, and the sustainability of freshwater resources [3]. Acknowledging
these temporal fluctuations is thus an obligation for effective water resource management,
environmental policymaking, and moderation of anthropogenic impacts [4].

Globally, as well as within Bangladesh, river water quality is highly sensitive to
seasonal cycles driven by climatic and hydrological factors [5]. For instance, the monsoon
season induces increased surface runoff and sedimentation, leading to higher turbidity and
nutrient loads. Whereas the dry season often results in reduced river flow and concentrated
pollutant levels [6]. Identical dependencies have been reported worldwide where rivers in
tropical, subtropical, and temperate areas exhibit distinct physicochemical variations in
response to shifts in precipitation patterns, temperature regimes, and human activities [7].
Parameters such as DO, BOD, TDS, and EC display pronounced temporal variability,
reflecting the influence of natural processes and anthropogenic stressors [8].

However, river water systems are increasingly threatened by seasonal fluctuations
in flow and pollutant loadings, which severely alter their physicochemical composition
and ecological balance [9]. In many developing regions, including Bangladesh, inadequate
wastewater treatment, unregulated industrial discharge, and agricultural runoff further
exacerbate the seasonal degradation of river water quality, particularly during low-flow
periods [9,10]. Moreover, the absence of continuous monitoring systems and limited ana-
lytical capacity makes it difficult to evaluate the temporal changes in key parameters such
as DO, BOD, and EC, resulting in ineffective water quality management practices [11]. The
complexity of seasonal interactions, driven by climatic, hydrological, and anthropogenic
factors, poses a serious challenge to understanding and predicting water quality dynamics
using traditional statistical techniques [12]. Therefore, there is a pressing need for intelli-
gent, data-driven systems capable of capturing nonlinear seasonal behavior and providing
reliable predictions for sustainable water resource management [13].

Considering these consequences, this study aims to predict seasonal variations in river
water quality by applying Al and ML techniques [14]. This study aims to classify and
predict seasonal variations in river water quality using fifteen physicochemical indicators
through three machine learning models: RE, DT, and XGBoost. Four seasonal prediction
models were developed to capture the distinct characteristics of the pre-monsoon, monsoon,
post-monsoon, and winter. Model performance was assessed using standard evaluation
metrics, including accuracy, recall, and Fl-score, leading to the selection of three optimized
models for subsequent validation and application [15]. The confusion matrix was em-
ployed to ensure stable and consistent classification across seasonal categories, while the
ROC-AUC analysis was applied to evaluate the discriminative ability and robustness of
the models in distinguishing between different seasonal classes. In addition, data-driven
analytical techniques were integrated to explore nonlinear dependencies among the physic-
ochemical parameters and to identify dominant features influencing seasonal transitions
using SHAP analysis. The results indicated that total TDS, alkalinity, and EC were the most
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influential parameters governing seasonal variation, emphasizing the complex relationship
between chemical composition and climatic fluctuations. Subsequently, the PDP analysis
was conducted based on the most influential features to interpret their marginal effects on
seasonal classification. The outcomes of this research highlight the potential of Al-driven
predictive modeling as an effective framework for sustainable monitoring and management
of river water quality. By enabling early detection of water quality deterioration and im-
proving predictive reliability, the proposed data-driven approach can assist policymakers,
environmental engineers, and researchers in formulating adaptive and evidence-based
strategies for safeguarding aquatic ecosystems against the impacts of seasonal and climatic
considerations. The paper is structured as follows: Section 2 presents the materials and
methods, including background studies, data collection and cleaning, model development,
and feature selection. Section 3 presents the study’s results, while Section 4 discusses
comparative studies, including limitations and future scope. Finally, Section 5 provides the
concluding remarks.

2. Materials and Methods

The methodological framework, illustrated in Figure 1, outlines a systematic work-
flow beginning with previous studies and encompassing data collection and preparation,
model development, and performance evaluation. Seasonal variation classification was
processed and divided into training and testing subsets. Three ML models: RF, DT, and
XGBoost—were optimized through hyperparameter tuning and cross-validation. The
model’s robustness was evaluated using accuracy, the F1 score, the confusion matrix, and
the AUC score, while SHAP analysis was applied to rank features and improve inter-
pretability. Additionally, PDP applied to explore the marginal effects of key water quality
features on seasonal prediction.
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Figure 1. Flow chart of research method.
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2.1. Background from Previous Studies

Understanding and predicting the seasonal variation in river water quality is essential
for keeping the aquatic ecosystem healthy and for the sustainable management of our water
resources [5]. River water quality changes naturally from season to season due to variations
in rainfall, temperature, and river flow [12]. During the wet season, heavy rainfall and
surface runoff often carry sediments, nutrients, and pollutants from surrounding land
into rivers, which can temporarily reduce water quality [16]. In contrast, the dry season is
usually marked by lower river flow and higher water temperatures, allowing pollutants
to become more concentrated and dissolved oxygen levels to decrease. These seasonal
changes strongly influence river health and aquatic life [17]. Therefore, understanding
seasonal water quality patterns helps policymakers and water managers design effective
and targeted river water quality monitoring programs.

Although environmental monitoring has been extensively studied over the years, the
recent integration of Artificial Intelligence (AI) and Machine Learning (ML) has introduced
a new direction in this field, effectively addressing many of the limitations associated
with traditional approaches. Previously, most water quality forecasting models relied on
statistical and numerical approaches, similar to the air quality studies conducted decades
earlier [18]. But these old methods, which mostly depend on deterministic or simple physi-
cal assumptions, are not very effective in complex river systems. One of the main problems
is that they rely on incomplete or missing input data and oversimplified assumptions,
which often cause big forecasting errors in real-world conditions [19]. Furthermore, tradi-
tional monitoring systems are slow, costly, and unable to provide the high-frequency data
required for rapid and effective water management. For example, Land Use Regression
(LUR) models mainly focus on spatial patterns but ignore temporal changes, so they are
not very suitable for predicting dynamic environmental quality [20].

Machine learning has become a strong alternative because of its ability to give better
and more reliable predictions [21]. Researchers have already used ML models successfully
in many environmental problems. For example, in air quality prediction, the STA-LSTM
model was used to improve accuracy across different locations and time intervals [22].
Similarly, hybrid approaches that combine simulation-based and data-driven methods,
as in energy use studies or climate-resilient occupant comfort assessments, show that
integrated ML models can perform effectively in environmental applications such as water
quality prediction [23-26]. In the case of water quality, some algorithms like Random
Forest (RF), Multilayer Perceptron (MLP), and Adaptive Neuro Fuzzy Inference System
(ANFIS) are found to be really effective for real-time monitoring, and they often give better
results compared to the old traditional models [27]. These results show that ML-based
models can capture the complex and nonlinear relations among water quality parameters
better than physics-based models alone. Even though many studies have used ML for
water quality prediction, there are still limited works that directly focus on predicting
or classifying seasonal variations in water quality [28]. Seasonal changes bring huge
differences due to rainfall, temperature, and flow rate, which make it very difficult for
simple models to maintain accuracy [29]. Some studies have already proved that ML could
predict parameters like Dissolved Oxygen (DO) and Biochemical Oxygen Demand (BOD)
quite successfully [30-32].

Despite notable progress in ML applications for river water quality, several research
gaps remain. A complete framework that classifies seasonal patterns across multiple rivers
using diverse physicochemical parameters is still missing. Another key limitation concerns
model interpretability; understanding why a model generates certain outputs is essential
for transparency and trust. For instance, simply predicting whether water quality will
deteriorate or improve offers limited value; it is more informative to identify how influential
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parameters such as TDS and alkalinity vary and drive water quality changes under different
seasonal conditions. However, many previous studies overlooked this type of feature-
based explanation, hindering the practical applicability of model results in environmental
management. For example, Lokman et al. note evaluation of model interpretability is rarely
addressed in water quality forecasting [33]. Amini et al. demonstrated TDS prediction in
the Karkheh River using machine learning, with signal-driven features improving RMSE by
30% and enabling scalable real-time water quality monitoring [34]. Also, Xu et al. decoded
river pollution trends and their landscape determinants in an ecologically fragile karst
basin using a ML model, with SHAP analysis indicating that pollutant levels are driven by
anthropogenic sources, fragile soils, and pollutant transport mechanisms [35]. Melesse et al.
predicted river water salinity using hybrid ML models, showing that hybrid algorithms
generally enhance predictive performance and better capture maximum salinity values,
which is crucial for water resource management [36]. Furthermore, existing research rarely
accounts for spatial heterogeneity across monitoring locations, yet differences between
rivers or sites (e.g., urban versus rural, upstream vs. downstream) can significantly affect
the generalizability and robustness of predictive models. Also, comparative evaluations
among different Al/ensemble classifiers are often missing, leaving uncertainty regarding
which model architecture is most suitable for seasonal water quality classification tasks.
For example, a recent Bangladesh study compared many models for WQI prediction in
urban rivers but did not delve into seasonal-pattern classification or parameter-based
explanations [37].

To address these gaps, this study develops an Al-based framework for classifying
seasonal river water quality patterns in Bangladesh. By integrating data-driven prediction
with understandable feature analysis, the study aims to provide transparent, practical, and
evidence-based insights to support sustainable water resource management and informed
decision-making.

2.2. Study Area and Data Collection

This study focuses on three major rivers (Figure 2): Buriganga, Shitalakhya, and Turag,
which form an integral part of Dhaka’s hydrological network and play a crucial role in
maintaining the city’s socio-economic and ecological stability. Urbanization, industrial
discharge, and waste inflow severely affect these rivers, making them crucial for monitoring
and managing water quality. The Buriganga River originates from the Dhaleshwari River
near Kalatia (approx. 23°40'55” N, 90°25'10” E) and flows along the southern edge of
Dhaka before discharging back into the Dhaleshwari near Hasnabad. Its estimated basin
area is about 253 km?, with an average flow ranging from 150 m?/s to 1119 m>/s during
peak monsoon. The Shitalakhya River branches off from the old Brahmaputra River near
Mymensingh and flows southward through Narsingdi and Narayanganj, finally joining
the Dhaleshwari near Kalagachhia (approx. 23°34'11” N, 90°32/00” E). The river covers
a basin area of roughly 624 km?, with an average discharge varying seasonally from
330 m3/s to 1593 m3/s. The Turag River originates from the Bangshi River near Gazipur
(approx. 23°45'59” N, 90°19'60” E) and flows south along Dhaka’s western boundary,
merging with the Buriganga near Mirpur. The basin area of the Turag is approximately
1160 km?, and its average discharge ranges from 124 m3/s during dry periods to 1136 m3/s
in monsoon months.

Water quality data were collected from 17 monitoring stations distributed along
the three rivers. A total of 476 datasets were utilized in this study, comprising
monthly observations recorded between January 2021 and December 2023. The data
were obtained from validated sources, including the Department of Environment (DoE)
(https://doe.gov.bd /pages/publications, accessed on 1 January 2026) and the Bangladesh
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Water Development Board (BWDB) (http:/ /www.hydrology.bwdb.gov.bd/, accessed on
1 January 2026). In addition, real-time data were collected from multiple as well as corre-
sponding locations and verified through laboratory testing to ensure cross-checking of the
entire dataset. Each observation comprised 15 key physicochemical parameters (Table 1),
including pH, dissolved oxygen (DO), biochemical oxygen demand (BOD), chemical oxy-
gen demand (COD), total dissolved solids (TDS), turbidity, chloride, suspended solids (SS),
alkalinity, and others. These parameters were selected to comprehensively evaluate the
overall river water quality. The corresponding testing methods, units of measurement, and
analytical instruments used for each parameter are also summarized in Table 1. to ensure
methodological transparency and reproducibility. The dataset comprises physicochemical
water quality indicators that are routinely monitored by regulatory agencies and directly
influence seasonal water quality variability. Biological parameters were not consistently
available during the study period and therefore could not be included. As a result, the
developed models primarily capture physicochemical controls on seasonal water quality
dynamics rather than the full biotic functioning of the river ecosystem. While biological
indicators are critical for directly assessing eutrophication, cyanobacterial blooms, and
pathogen-related drinking water risks, the present framework provides a robust physico-
chemical baseline for seasonal water quality assessment and management.
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Figure 2. Case study location.
Table 1. Parameter descriptions and testing methods.
Parameter Description Unit of Testing Method Lab/Field Test Instrument/Device
Measurement Used
.Logarlthnuc measure of hydroggn Glass electrode or pH meter,
pH ion concentration, indicating acidity - o Lab 5 .
. indicator indicator solution
or alkalinity
Dissolved Amount of oxygen dissolved Winkler titration or . DO meter,
Oxygen (DO) in water mg/L electrochemical Lab/Field titration setup
. . Oxygen required by Incubator,
81%:;1;11?1(](3) Ox%%en microorganisms to degrade organic mg/L Dilution method Lab BOD bottles,
matter over 5 days at 20 °C pressure sensor
Chemical Oxygen Oxygen consumed by chemical Pptassmm Titration or
S : mg/L dichromate Lab
Demand (COD) oxidation of organic matter oxidation spectrophotometer
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Table 1. Cont.
Parameter Description Unit of Testing Method Lab/Field Test Instrument/Device
Measurement Used
Gravimetric
Total Dissolved Total inorganic and organic me /L method or Lab Oven
Solids (TDS) substances dissolved in water & conductivity-based (for gravimetric)
estimation
Flectrical Ability of water to Cor}duct electric Conductivity . .
. current, proportional to umohs/cm Field Conductivity meter
Conductivity (EC) . . measurement
1on concentration
Suspended Dry weight of undissolved particles me /L Gravimetric Lab Pre-weighed
Solids (SS) retained by filtration & filtration filters, oven
Argentometric Burette, silver
Chloride Concentrat%on of chloride ions mg/L .t1trat10n or Lab ‘ mtrate,.
in water ion-selective ion-selective
electrode electrode
Capacity to neutralize acids; Titration with
Alkalinity pacity ton 4 mg/L standard acid Lab Burette, pH meter
buffering against pH change (HCI)
Lo Cloudiness due to Nephelometric -
Turbidity suspended particles NTU method Lab Turbidity meter
River Name Name of the river being sampled - - - -
Point Sampling location description - - - -
Year Year of sampling YYYY - - -
Month Month of sampling MM - - -
Seasonal classification based
Season - - - -

on month

2.3. Data Preparation and Processing

To ensure comprehensive data preprocessing and cleaning were performed prior
to model development. Missing values were handled using mean and median imputa-
tion, while inconsistent data entries—including misspellings, improper capitalization, and
non-uniform naming conventions—were corrected to improve overall data consistency
and enhance model stability and generalization. Outliers in the physicochemical dataset
were identified using the IQR method, which is well suited for non-normally distributed
environmental data. For each numeric feature, the first quartile (Q1) and third quartile
(Q3) were calculated, and the IQR was determined as IQR = Q3 — Q1. Values lying be-
low Q1 — 1.5 x IQR or above Q3 + 1.5 x IQR were flagged as potential outliers. These
identified outlier rows were manually removed to prevent extreme values from biasing
correlation analysis and ML model performance, while preserving the overall data dis-
tribution. Therefore, all observations were retained to preserve the natural variability
of the system. Multicollinearity among predictor variables was assessed using Variance
Inflation Factor (VIF) analysis, which indicated moderate to high collinearity among certain
features. However, because tree-based models (e.g., RF, XGBoost) are inherently robust
to multicollinearity, all predictor variables were retained in the modeling process unless
they were considered non-essential from a physicochemical perspective. This approach
ensured that the feature set remained both scientifically meaningful and statistically stable.
All continuous variables were normalized using min-max scaling to maintain uniformity
in feature magnitudes and optimize model performance. The dataset was then categorized
into four seasonal labels, Winter (December—February), Pre-Monsoon (March-May), Mon-
soon (June-September), and Post-Monsoon (October-November), based on the respective
data collection months. To prevent data leakage, all preprocessing steps, including normal-
ization and feature transformation, were applied after dividing the dataset into training and
testing subsets. All data preprocessing, visualization, and classification modeling were con-
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ducted using Jupyter Notebook 7.2.2, an open-source interactive computing platform that
supports collaborative and reproducible machine learning workflows (https:/ /jupyter.org/,
accessed on 1 January 2026).

2.4. Model Development

This study uses three distinct machine learning algorithms, RF, DT, and XGBoost, to
create a model for predicting seasonal variations in river water. Based on their proven
abilities and strengths in handling prediction and classification problems, RF, DT, and
XGBoost were chosen from among the other methods. More specifically, RF effectively
manages imbalanced and nonlinear interactions and offers reliable forecasts. RF is a good
option for seasonal variation prediction since it can handle a variety of input data and
capture intricate relationships between variables. DT can handle both numerical and cate-
gorical data and are easily interpretable. Additionally, DT are suitable for tasks involving
the prediction and optimization of seasonal variations, particularly when understanding
the underlying decision-making process is essential. To achieve high predicted accuracy,
XGBoost combines the advantages of gradient boosting and decision trees.

2.4.1. Random Forest (RF)

One popular supervised machine learning technique that works well for regression and
classification problems is RE. In order to create a forest, it builds several decision trees using
an ensemble technique. The forecasts from each individual tree are combined to form the
forest’s final forecast. This aggregation improves accuracy by reducing overfitting problems
that are frequently seen with decision tree algorithms such as gradient-boosted trees.
Measures of entropy and information gain are applied in feature selection. A favorable
feature is one that has a higher information gain and a lower entropy [38]. This suggests that
the feature offers more useful data for the classification task, improving the RF algorithm’s
overall performance.

2.4.2. Decision Tree (DT)

One well-known machine learning technique for prediction and classification is called
DT, which speeds up decision-making in various decision-making situations. In many
real-world situations, DT and decision rules form the basis of data mining applications,
providing a potent remedy for categorization issues. Regression trees and classification
trees are two categories into which DT can be divided based on the kind of output variable.
Based on the output variable, a classification tree was considered in this study. Building
a model that allocates suitable values of the output variable to the input variables of an item
is the main goal of categorization. Classifying the output variables into classes or categories
is the primary goal of a DT model [39].

2.4.3. Extreme Gradient Boosting (XGBoost)

XGBoost is a nonprobability classifier and an improved distributed gradient improve-
ment library that enhances the gradient lifting algorithm [40]. It is an ensemble learning
method based on gradient-boosted decision trees, designed to achieve high predictive
accuracy through iterative optimization. In this study, it was employed for multi-class
classification using a tree-based boosting framework. The model minimizes a differen-
tiable loss function, while regularization techniques—including L1/L2 penalties, tree depth
constraints, and minimum child weight—prevent overfitting. Row-wise and feature-wise
subsampling were applied to enhance generalization, and class imbalance was addressed
through weighted training. The loss function’s extreme values are solved using the Newton
method after a second-order Taylor expansion, incorporating the regularization term. XG-
Boost is widely recognized for its efficiency, flexibility, and reliability in classification tasks.
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2.5. SHapley Additive exPlanations (SHAP)

SHAP is a model-agnostic interpretation method grounded in cooperative game theory
that explains how each feature contributes to a model’s prediction. It utilizes Shapley values
to fairly distribute the model output among features by calculating their average marginal
contributions across all possible feature combinations [41]. SHAP provides both global and
local interpretability, ensuring consistency and transparency in model explanations. It is
particularly effective for tree-based models, such as RF and XGBoost, through the efficient
TreeSHAP algorithm. In this study, SHAP analysis was applied to identify the relative
importance of each parameter and to assess how individual features influenced the model’s
predictions. This approach quantifies the extent to which each feature alters the output,
thereby enhancing understanding of feature significance and model behavior.

2.6. Partial Dependence Plots (PDP)

By measuring the marginal impact of one or more input variables on the desired
outcome, partial dependence plots (PDPs), which are model-agnostic visualization tools,
are used to evaluate machine learning predictions. PDPs provide information on feature
relevance and model behavior by displaying whether the relationship between features and
predictions is linear, monotonic, or very nonlinear. While marginalizing other variables,
the average prediction over all observations isolates the contribution [42]. The model’s
sensitivity to that variable is indicated by the PDP curve’s slope or curvature; steeper
gradients signify greater influence. PDPs were used in this work to assess the distinct
impacts of the most crucial river water parameter. In addition to identifying important
variables, this study makes sophisticated nonlinear machine learning models used to
predict seasonal variation interpretable.

2.7. Model Hyper-Parameter Optimization and Model Performance

RandomizedSearchCV-based hyperparameter optimization and 5-fold cross-validation
(CV) were performed for all ML algorithms to ensure methodological transparency and min-
imize model selection bias. Initially, the dataset was divided into 80% for training and 20%
for testing to evaluate the model’s generalization on unseen data. Within the training phase,
a 5-fold CV was applied, where the data were further partitioned into five equal subsets; in each
iteration, four folds were used for training and one for validation. Each fold served once as the
validation set, and the process was repeated five times. By averaging the results across all folds,
this approach mitigates bias from a single train—test split and provides a robust estimate of the
model’s predictive performance. Consequently, the reported performance metrics (precision,
recall, Fl-score, and accuracy) represent the mean =+ standard deviation across the five folds,
offering a statistically reliable evaluation of model generalization. Table 2. summarizes the
optimal hyperparameters for each model, obtained through systematic parameter tuning to
balance predictive accuracy and overfitting control.

Table 2. Optimal hyperparameters for ML models.

ML Model Hyperparameter Value

RF Number of trees (n_estimators) 150

Maximum tree depth (max_depth) 9

Minimum samples to split (min_samples_split) 6

Minimum samples per leaf (min_samples_leaf) 2

Feature selection (max_features) sqrt

Split criterion Gini impurity
DT Maximum tree depth (max_depth) 9

Minimum samples to split (min_samples_split) 10

Minimum samples per leaf (min_samples_leaf) 11

Feature selection (max_features) None

Split criterion Gini impurity
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Table 2. Cont.
ML Model Hyperparameter Value
Tree-based
XGBoost Booster type (booster) boosting (gbtree)
Objective/Evaluation metric Multiclass logistic loss
(mlogloss)
Number of trees (n_estimators) 400
Learning rate (learning_rate) 0.3
Maximum tree depth (max_depth) 13
Minimum child weight (min_child_weight) 1
Column subsampling (colsample_bytree) 0.7
L1 regularization (reg_alpha) 0
L2 regularization (reg_lambda) 1
Gamma (regularization) (gamma) 0.1
. . . Handled internally by
Missing value handling (missing) XGBoost
Categorical handling (enable_categorical) False
Number of parallel jobs (n_jobs) 1
Early stopping Not applied

2.8. Model Performance Test
2.8.1. Classification Report

A range of evaluation indicators should be considered to comprehensively assess the
performance of ML classification models. Accuracy is one of the most common metrics used
to measure predictive performance. It shows the percentage of samples that were correctly
predicted out of the total number of samples. A higher value means better predictive
performance. The F1-score represents the harmonic mean of precision and recall, which are
complementary measures—an increase in recall often results in a decrease in precision, and
vice versa. The mathematical expressions for calculating accuracy, precision, recall, and
F1-score are presented in Equations (1)—(4) [43].

TP + TN

Accuracy = TP+ FP + TN - FN @)
.. TP
Precision = TP+ FD TP 2)
TP
Recall = m (3)
Fl — 2 X Precision x Recall )

Precision + Recall

where FP stands for false positive, TN for true negative, FN for false negative, and TP for
true positive (i.e., the number of correctly categorized positive samples).

2.8.2. ROC Curve and AUC

The true positive rate (TPR) is plotted on the y-axis and the false positive rate (FPR)
on the x-axis in a graphical representation known as the ROC curve. The trade-off between
coverage and accuracy is shown by this graph. High accuracy and coverage are indicated
by an FPR that is near 0 and a TPR that is near 1. One metric that measures the classifier’s
capacity to differentiate between samples is the AUC. Classifier performance is often
assessed using the AUC value, which is insensitive to the balance of sample classes. A better
classifier performs better when its AUC score is larger.

3. Results
3.1. Correlation Analysis

Figure 3 presents a heatmap illustrating the correlations among various water quality
parameters. This correlation analysis served as an initial diagnostic tool to identify potential
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multicollinearity within the physicochemical variables. To further validate these findings
and quantify the extent of multicollinearity, the corresponding VIF results are provided
in Appendix A. Notably, strong positive correlations were observed between TDS and EC
(r =0.85), as well as between TDS and alkalinity (r = 0.55), suggesting possible redundancy
among ionic-related parameters. In the same way, COD also shows a positive relation
with TDS (r = 0.60) and BOD (r = 0.44). This means both organic and inorganic pollution
are connected and mostly come from the same pollution sources. On the other hand, DO
shows a strong negative relation with TDS (r = —0.72) and COD (r = —0.49). It means when
the pollution level goes high, the dissolved oxygen in water goes down. Also, DO and
EC (r = —0.63) have a negative relation, which shows oxygen level decreases when ionic
concentration increases in the river. Season also shows a negative relation with TDS, EC,
and alkalinity (around —0.55). This phenomenon may happen because during rainy season
or monsoon time, rainwater causes dilution and reduces this value. A moderate positive
relation was found between alkalinity and TDS (r = 0.55) and also with EC (r = 0.57). This
indicates that carbonate and bicarbonate ions primarily contribute to the increase in these
parameters. Turbidity and Suspended Solids (SS) (r = 0.34) also have a positive relation,
which is normal because when solid particles increase, water becomes more turbid. Some
parameters, like pH, month, and year, show very weak or no relation with other factors.
Overall, this correlation analysis shows that DO, TDS, EC, and COD are the main important
parameters that affect river water quality. Seasonal changes also play a big role in these
water parameters.
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Figure 3. Correlation matrix heatmap of 15 features.

3.2. Classification Report and Confusion Matrix

Table 3 presents the comparative classification performance of the three machine
learning models, RF, XGBoost, and DT for predicting the seasonal class. Among the
evaluated models, RF achieved the highest overall performance, with precision, recall,
Fl1-score, and accuracy all equal to 0.79, indicating strong and balanced predictive capability.
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XGBoost followed closely, obtaining precision and recall values of 0.77 and an F1-score
of 0.76, while DT performed comparatively lower with all metrics at 0.74. These results
confirm that RF exhibits superior generalization and class discrimination ability, making
it the most accurate model for seasonal classification tasks. The results demonstrate that
ensemble-based models, particularly RF, outperform single-tree classifiers due to their
enhanced capability to reduce overfitting and variance through bootstrap aggregation
and random feature selection. These findings align with previous studies, which reported
that ensemble learners such as RF and XGBoost generally achieve higher robustness and
generalization in environmental and climatic classification tasks compared to conventional
decision trees [40,44,45]. The training dataset evaluation metrics for all models are provided
in detail in Appendix B.

Table 3. Model performance of three ML models.

Features Name Model Name Precision Recall F1 Score Accuracy
RF 0.79 0.79 0.79 0.79

Seasonal Class XGBoost 0.77 0.77 0.76 0.77
DT 0.74 0.74 0.74 0.74

Confusion matrices are applied to analyze the ML models’ performance per class,
allowing for insight beyond overall accuracy. The confusion matrices indicate that all
three models exhibited consistent and reliable performance in classifying seasonal vari-
ations in river water quality. Each matrix shows how the actual and predicted classes
compare, which makes it possible to fully assess the model’s accuracy and trends in mis-
classification. The confusion matrices presented in Figure 4 illustrate the classification
performance of the three ML models, RE, DT, and XGBoost, in the prediction task. The RF
model exhibited a high degree of accuracy across all seasonal classes, particularly for the
monsoon (27 correctly classified) and winter (23 correctly classified) seasons, indicating
robust generalization and minimal misclassification. The pre-monsoon class showed a mod-
erate performance, with most instances correctly classified. The XGBoost model achieved
the highest accuracy for the monsoon season (34 correct predictions), reflecting its strong
capacity to capture non-linear relationships and feature interactions. However, minor mis-
classifications were observed between the winter and pre-monsoon categories and between
monsoon and post-monsoon, suggesting partial seasonal transition overlap in the dataset.
Conversely, the DT model exhibited comparatively lower overall accuracy, with noticeable
confusion between winter and pre-monsoon, and between monsoon and post-monsoon.
Although the model captured major seasonal trends, its simpler structure likely limited
its ability to differentiate complex intersessional patterns. The limited misclassifications
observed between pre-monsoon and winter for the RF model, and between monsoon and
post-monsoon for the XGBoost model, can be explained by hydrometeorological continuity
across seasonal transitions. In the study area, pre-monsoon and winter periods often share
relatively low rainfall, reduced river discharge, and stable flow conditions, resulting in
similar physicochemical signatures such as elevated dissolved oxygen and comparatively
lower turbidity and suspended solids. Likewise, monsoon and post-monsoon seasons
exhibit overlapping hydrological characteristics due to residual monsoonal rainfall, delayed
recession of river flow, and continued catchment runoff. These transitional hydrometeoro-
logical conditions lead to partial overlap in water quality parameter distributions, which
can cause limited class confusion despite the overall high predictive performance of the
models. Such behavior reflects realistic seasonal dynamics rather than model inadequacy.
Overall, the comparative analysis of the confusion matrices highlights that RF and XGBoost
outperform DT in capturing seasonal variability, with RF demonstrating better balance
across all classes, while XGBoost achieved superior precision in the monsoon classification.
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Figure 4. Confusion matrix for season prediction.

3.3. ROC-AUC Curve Report

The ROC curves presented in Figure 5 illustrate the classification performance of
three ML models, RF, XGBoost, and DT, for predicting the seasonal variations in river
water quality across four distinct periods: winter (class 0), pre-monsoon (class 1), monsoon
(class 2), and post-monsoon (class 3). The AUC values were used as the principal metric to
evaluate the discriminative ability of each model.
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Figure 5. AUC-ROC for (a) RF; (b) XGBoost; (c¢) DT models for seasonal classification.

The RF model demonstrated (Figure 5a) superior classification capability, achieving
AUC values of 0.96, 0.95, 0.97, and 0.97 for winter, pre-monsoon, monsoon, and post-
monsoon, respectively. These results indicate excellent model performance with consistent
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accuracy across all seasonal classes. The XGBoost model also exhibited (Figure 5b) high
predictive accuracy, with AUC values of 0.91 (winter), 0.95 (pre-monsoon), 0.95 (monsoon),
and 0.94 (post-monsoon), confirming its robustness and stability in capturing non-linear
seasonal dependencies. Conversely, the DT model (Figure 5c¢) produced relatively lower
AUC values of 0.80, 0.80, 0.91, and 0.85 for the corresponding seasons, reflecting its limited
capacity to model complex relationships compared to ensemble-based approaches.

Overall, ensemble algorithms such as RF and XGBoost significantly outperformed the
single-tree model, underscoring the effectiveness of ensemble learning in capturing intricate
physicochemical and hydrological interactions influencing seasonal water quality varia-
tions. The consistently high AUC values during the monsoon and post-monsoon periods
further suggest enhanced model sensitivity in detecting pronounced seasonal transitions,
likely driven by increased runoff, dilution, and changes in dissolved ionic concentra-
tion. These findings reaffirm the suitability of ensemble ML techniques for environmental
prediction tasks, offering superior generalization and interpretability in comparison to
conventional models. Similar observations have been reported in contemporary research
on Al-driven water quality modeling [46,47].

3.4. SHAP Analysis of Feature Importance

The SHAP analysis was applied to interpret and rank the relative contribution of
physicochemical parameters in predicting the seasonal variations in river water quality.
The SHAP summary plot (Figure 6a) indicates that alkalinity, TDS, and EC exhibit the
highest mean absolute SHAP values, highlighting their primary influence on the RF model’s
predictive performance. These parameters mainly represent the ionic composition and
electrical conductivity of water, which fluctuate with seasonal hydrological processes such
as rainfall, runoff, and evaporation. Moderate importance was found for chloride, DO,
and pH, while SS, COD, and BOD contributed less, indicating that the AI model is more
responsive to dissolved ionic and conductivity parameters than to organic or suspended
load indicators [46].

Similarly, the XGBoost model (Figure 6b) revealed that alkalinity, TDS, and EC were the
most influential variables, emphasizing their strong predictive power in capturing seasonal
dynamics of river water quality. These features reflect the ionic strength and salinity
characteristics of the aquatic environment, which are highly sensitive to hydrological cycles,
such as dilution during monsoons and concentration during dry periods. Chloride, DO,
and SS exhibited moderate SHAP contributions, suggesting that the model also accounts
for dissolved oxygen and sediment-related processes to a limited degree. Lower-ranked
parameters such as COD, BOD, turbidity, and year exerted minimal influence, supporting
the consistency of findings between RF and XGBoost in identifying conductivity-related
parameters as primary seasonal drivers.

In contrast, the DT model (Figure 6¢) displayed a slightly different ranking pattern,
where DO emerge as the most influential predictor, followed by TDS, alkalinity, and
chloride. This deviation may be attributed to the inherent structure of the DT algorithm,
which relies on a single, non-ensemble tree that tends to emphasize features with strong
threshold-based separability rather than cumulative variable interactions.

Consequently, DT prioritized DO, a parameter with clear seasonal thresholds between
wet and dry conditions, over conductivity-related features. River name and EC also showed
notable SHAP values, reflecting site-specific and ionic effects on water quality prediction.
Parameters such as pH, BOD, and COD contributed minimally, while SS and year were
least influential.
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Figure 6. SHAP summary plots for (a) RF; (b) XGBoost; (c) DT models.

The SHAP-based interpretation consistently revealed that ionic and conductivity-
related parameters predominantly govern the seasonal variation in river water quality
across all three models. This finding aligns with previous studies by Schifer et al. [48],
Yang et al. [49], and Wang et al. [50], which similarly emphasized the strong influence of
ionic composition and conductivity on spatiotemporal water quality dynamics. However,
the slight divergence observed in the DT results underscores that ensemble-based models
such as RF and XGBoost provide more stable and generalizable feature attributions com-
pared to single-tree methods. This consistency further confirms the robustness of SHAP
analysis in interpreting complex water quality datasets.

3.5. Partial Dependence Plot (PDP)

Partial Dependence Plot (PDP) analysis was employed to examine the sensitivity of
the top-ranked influential features to seasonal variations while holding less important
variables constant. Based on the SHAP feature importance ranking, three primary predic-
tors, alkalinity, TDS, and EC, were selected for PDP analysis. The analysis illustrates the
marginal effects of each parameter on seasonal classification probabilities across four dis-
tinct categories—winter, pre-monsoon, monsoon, and post-monsoon—thereby quantifying
their individual influence on the model outputs. Correspondingly, Table 4 summarizes
the PDP results, presenting the lower and upper bounds, minimum and maximum PDP
outputs, and the computed range (A) for each feature across different seasons, which
collectively elucidate the extent of variation and sensitivity of each predictor under varying
seasonal conditions.
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Table 4. PDP-based evaluation for Alkalinity, TDS, and EC.

Lower Upper PDP PDP Dominant Hydrological
Feature Season Bound Bound Min Max A (Range) Trend Interpretation
Winter 8.00 35400  0.2210 0.3620 0.1410 s bufferi derd
Alkalinity Pre-Monsoon 8.00 35400 02210 03620 0.1410 Mod tror‘l%l itk et
(mg/L) Monsoon 8.00 35400 02210  0.3620 0.1410 oderate o tlution in
Post-Monsoon 8.00 35400  0.1974 0.3549 0.1575 wet seasons
Winter 59.00 688.00  0.1703 0.4057 0.2353 Solute accumulation, durin
DS (mg/L) Pre-Monsoon 59.00 688.00  0.1703 0.4057 0.2353 Stron low discharee: Washoutg
& Monsoon 59.00 688.00 01703 04057 0.2353 & o e
Post-Monsoon 59.00 688.00  0.1590 0.4163 0.2573 &
Winter 112.00 978.00 0.1636 0.3488 0.1852 Tonic retention and salt
EC Pre-Monsoon 112.00 978.00 0.1636 0.3488 0.1852 Mod intrusion under dry
(umhos/cm) Monsoon 112.00 978.00  0.1636 0.3488 0.1852 oderate conditions; dilution after
Post-Monsoon 112.00 97800  0.1819 0.3465 0.1646 rainfall

3.5.1. Alkalinity

As shown in Figure 7, the predicted probability of winter and pre-monsoon increased

consistently with alkalinity, rising from approximately 0.22 to 0.36 within the 0-100 mg/L
range. This suggests enhanced buffering capacity and carbonate equilibrium stability
during dry seasons when river discharge is minimal. Conversely, during monsoon and
post-monsoon, a downward trend was observed beyond 50 mg/L due to dilution effects
from rainfall and surface runoff. This reversal (A ~ 0.16) demonstrates the strong seasonal
dependence of alkalinity dynamics. Similar findings were reported by Uddin et al. [51]
reported similar findings, noting reduced alkalinity during monsoon due to enhanced
freshwater inflow in coastal Bangladesh rivers.
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Figure 7. PDP of Alkalinity (mg/L) showing model-predicted probability across four seasons.
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3.5.2. Total Dissolved Solids (TDS)

The PDP for TDS (Figure 8) revealed a strong non-linear relationship with predicted
seasonal probabilities. Winter and pre-monsoon probabilities increased sharply from 100
to 300 mg/L, reflecting solute accumulation due to evaporation and reduced flow, and
then plateaued beyond 300 mg/L. In contrast, monsoon and post-monsoon probabilities
decreased after 100 mg/L, suggesting strong dilution during peak rainfall. The total
response amplitude (A ~ 0.25) indicates TDS as the most responsive parameter to seasonal
hydrological shifts. This agrees with Islam et al., [52], who reported similar pre-monsoon
TDS peaks followed by monsoonal dilution in Dhaka’s rivers.
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Figure 8. PDP of TDS (mg/L) showing model-predicted probability across four seasons.

3.5.3. Electrical Conductivity (EC)

The PDP for EC is shown in Figure 9. The EC (112-978 umhos/cm) showed a moderate
influence on predicted probability (A ~ 0.18) and revealed distinct seasonal patterns:
higher probabilities associated with higher EC during the dry season (winter), implying
ionic retention/salt intrusion, and lower probabilities during the wet season (monsoon),
consistent with dilution by rainfall. Comparatively, a recent study by Assessment of
physicochemical properties of water and their seasonal variation in an urban river in
Bangladesh. Rahman et al. found that EC varied markedly between dry and wet seasons
in an urban Bangladeshi river setting (EC ranged ~110-910 uS/cm) with lowest values
in the wet season [53]. Thus, our findings align with previous local work insofar as EC
increases during lower-flow/dry periods and decreases during high-flow /wet periods,
reinforcing the interpretation that EC serves as a proxy for solute concentration dynamics
under changing hydrological conditions.
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Figure 9. PDP of EC (umhos/cm) showing model-predicted probability across four seasons.

4. Discussion
4.1. Comparative Performance and Explainability of ML Models Across Seasonal River Conditions

Seasonal river water quality in highly urbanized catchments is governed by complex
interactions among hydrological variability, pollutant loading, and physicochemical pro-
cesses. The observations analyzed in this study reflect routine seasonal and interannual
fluctuations in river conditions, including rainfall-driven changes in flow that influence tur-
bidity, suspended solids, and organic pollution indicators. In this broader context, Dhaka
and Gazipur have been among the most flood-affected regions in Bangladesh in terms of
inundation extent and exposed population, providing an important hydrological backdrop
for understanding the observed variability in river water quality [54]. However, samples
collected during extreme hydro-meteorological events (e.g., peak flood or disaster-period
conditions) were not intentionally included, as all measurements were obtained during
standard monitoring periods. Consequently, the developed machine learning models
are most applicable for characterizing and predicting seasonal variation dynamics under
typical hydrological conditions rather than extreme climate scenarios. This distinction
is important when interpreting seasonal overlap in physicochemical characteristics and
occasional misclassification between adjacent seasons.

Among the evaluated models, the RF model achieved the highest predictive accuracy
(79%), followed by XGBoost (77%) and DT (74%), demonstrating robust generalization
across nonlinear physicochemical relationships. Rachid et al. predicted water potability
using an ML approach, reporting that the RF outperformed the SVM model with 70% accu-
racy, 72% precision, and a 75% ROC-AUC [55]. In contrast, the present study focuses on
predicting seasonal variations in river water quality using an ML approach that integrates
multiple physicochemical parameters. The results demonstrate superior predictive perfor-
mance, indicating improved accuracy, robustness, and reliability over previous findings.
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Compared to Hasikin et al., who achieved 77.68% using a modified RF model [56], and
El Hafyani et al., whose multi-view stacking model achieved superior performance in
precipitation forecasting [57], the present RF framework demonstrates superior balance
among precision, recall, and Fl-score across seasonal classes, underscoring its reliability
under hydrologically dynamic and data-limited conditions. A key strength of this study
lies in combining SHAP and PDP analyses, which provide explainable, feature-level in-
terpretations, revealing that alkalinity, TDS, and EC are the dominant drivers of seasonal
variation. Such interpretive transparency remains absent in most earlier studies [46].The
ensemble model demonstrated exceptional predictive power, achieving an AUC above
0.95 for all seasonal classes. This performance clearly outperforms comparable explainable
Al frameworks, such as those developed by Nallakaruppan et al. [47] and Yang et al. [49],
whose reported AUC values remained below 0.93. These results highlight the model’s
superior ability to distinguish water quality variations across seasons and confirm its relia-
bility for practical river-management applications. Unlike prior single-river or static WQI
models [1,37,50], this study integrates multi-river data (Buriganga, Shitalakhya and Turag),
addressing spatial heterogeneity and enhancing model generalizability. Data for this study
were collected from 17 monitoring stations, which provides a broader spatial coverage
compared to the study by Del Castillo et al., who collected data from 6 to 13 monitoring
sites to predict river water quality [8]. Moreover, the study validates the dominance of ionic
and conductivity-related parameters, corroborating Schafer et al. [48], while extending
their insights through cross-seasonal and multi-river explainability.

Hence, this research advances the frontier of explainable ensemble Al for sustainable
water quality assessment, combining predictive strength with mechanistic interpretability
rarely achieved in the prior literature. From a management and regulatory perspective, the
achieved classification accuracies (RF: 79%; XGBoost: 77%; DT: 74%) have clear practical sig-
nificance for water quality assessment. These performance levels indicate that the models
can reliably distinguish seasonal pollution regimes associated with variations in key physic-
ochemical indicators that are commonly evaluated against guideline-based thresholds
defined by WHO and national surface water quality standards of Bangladesh. For example,
dissolved oxygen concentrations below approximately 5-6 mg L~! are widely recognized
as indicative of ecological stress for aquatic life, pH values outside the recommended range
of 6.5-8.5 reflect chemical imbalance, BOD levels exceeding ~5 mg L~! indicate elevated or-
ganic pollution, and TDS values approaching or exceeding ~1000 mg L~! suggest degraded
water quality [6,58]. While the proposed framework does not explicitly predict threshold
exceedance events, its ability to consistently identify seasonal conditions associated with
deterioration in these physicochemical indicators enables effective early warning of poten-
tial non-compliance with WHO and Bangladesh water quality guidelines. Consequently,
the models provide a valuable decision-support tool for prioritizing field monitoring, iden-
tifying high-risk seasons and river reaches, and supporting proactive river-management
and pollution-control strategies under hydrologically dynamic conditions.

4.2. Al-Based Seasonal Water Quality Management System

This study presents a holarchy Al-based conceptual framework for assessing and
managing seasonal river water quality, as illustrated in Figure 10. The framework is
organized as a set of interconnected layers, where each layer performs a specific role
while collectively supporting the overall system. In this holarchy structure, individual
layers can operate independently, yet they remain closely linked to one another, ensuring
smooth information flow from data collection to decision-making. Applied to river water
quality management, this approach brings together environmental monitoring, machine
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learning—based analysis, model interpretability, and management actions into a single,
coherent, and scalable system that is easy to understand and practical to apply.

Seasonal Water
Quality State

Physicochemical
Drivers

Al Prediction &
Explainability
Monitoring &
Data
Infrastructure
Decision Support
& Governance

Figure 10. Conceptual Al-Based Seasonal Water Quality Framework illustrating the integration of
seasonal physicochemical inputs and machine learning prediction.

At the center of the holarchy system lies the seasonal water quality state, which
represents the final outcome of the framework. This layer divides the quality of river
water into four seasonal groups: winter, pre-monsoon, monsoon, and post-monsoon.
These groups show the main hydrological and physicochemical conditions that affect river
systems in Bangladesh. The core layer summarizes the environmental condition that is most
relevant for water resource managers and policymakers, serving as the primary indicator
for environmental status assessment.

Surrounding the core is the physicochemical driver layer, which captures the funda-
mental environmental processes influencing seasonal water quality dynamics. This layer
includes key water quality parameters such as alkalinity, TDS, and EC, identified through
SHAP analysis as the dominant contributors to seasonal variability. Supporting parameters,
including DO, chloride, pH, suspended solids, BOD, and COD, provide complementary
information on organic load, ionic composition, and oxygen dynamics. This layer explains
the underlying environmental mechanisms responsible for seasonal transitions, such as
solute accumulation during dry periods and dilution during monsoon flows.

The third layer consists of the Al-based analytical engine, where ML models process
multivariate physicochemical inputs to predict seasonal water quality classes. Ensemble
models, particularly RE, capture nonlinear interactions and complex dependencies among
parameters, ensuring robust predictive performance. Model explainability is embedded
within this layer through SHAP and PDP analyses, enabling transparent interpretation
of feature contributions and marginal effects. This layer transforms raw environmental
data into understandable knowledge, bridging the gap between prediction accuracy and
decision relevance.

The monitoring layer forms the data backbone of the holarchy system. It integrates
multi-source water quality data obtained from field measurements, laboratory analyses,
and institutional monitoring programs. This layer ensures continuous data flow, qual-
ity control, and spatial coverage across multiple rivers and monitoring stations. The
framework is inherently scalable, allowing future integration of real-time sensor net-
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works, loT-based monitoring, and remote sensing data to enhance temporal resolution and
operational responsiveness.

The outermost layer represents decision support and governance, where model out-
puts are translated into actionable insights for environmental management. Seasonal
predictions and feature-level explanations inform early-warning systems, seasonal reg-
ulation strategies, monitoring prioritization, and pollution control interventions. This
layer supports evidence-based policymaking by aligning scientific insights with regulatory
actions, enabling adaptive river management under seasonal and climatic variability.

The holarchy structure ensures that each layer operates both independently and
cooperatively, allowing localized improvements (e.g., enhanced sensing or model opti-
mization) without disrupting the overall system. By integrating predictive accuracy with
explainable intelligence and decision-oriented outputs, the proposed framework moves
beyond conventional black-box modeling and establishes a transparent, scalable, and op-
erationally relevant system for seasonal river water quality management. This holarchy
Al-based framework is particularly suited for data-limited and hydrologically dynamic
regions, offering a practical pathway toward sustainable and adaptive water resource
governance. While the proposed Al-based seasonal water quality framework is devel-
oped using physicochemical parameters, it is designed as a flexible and modular structure.
The framework can be extended to incorporate biological indicators, such as microbial
abundance, pathogen-related signals, or organismal response dynamics. This adaptability
is particularly important in regions exposed to extreme climatic events, where episodic
environmental disturbances may significantly influence aquatic ecosystem behavior.

4.3. Limitations and Future Perspectives

The findings of this study highlight the strong potential of machine learning to cap-
ture seasonal river water quality dynamics using routinely monitored physicochemical
indicators. The accurate prediction and classification of seasonal conditions demonstrate
that the proposed framework can serve as a practical decision-support tool for identifying
periods of elevated pollution and areas requiring management attention, emphasizing the
value of data-driven models for adaptive, seasonally informed water quality management,
particularly in data-limited rivers. Despite these strengths, it is important to acknowledge
several limitations. The dataset covers a relatively short period from 2021 to 2023 and lacks
real-time or high-frequency sensor data, which may limit the models’ ability to generalize
under rapidly changing hydrological, climatic, or human-influenced conditions. Important
hydrological and meteorological factors, such as rainfall, river discharge, and land-use
changes, were excluded, despite their significant influence on pollutant transport and the
dynamics of seasonal variation. The framework relies solely on physicochemical parame-
ters because biological and microbiological data were not consistently available, meaning
the models primarily reflect abiotic controls on water quality variability rather than the
full ecological state of the river. While physicochemical indicators provide a solid baseline,
the absence of biological data limits direct assessment of eutrophication, cyanobacterial
blooms, pathogen risks, and overall ecosystem health. Adding samples that were affected
by extreme weather events like heavy rain and changes in flow makes the models stronger,
but it can also make the seasonal classes overlap more, which can lead to misclassifica-
tion. This shows how hard it is to predict seasons when the weather is extreme and how
important it is to have more ecological and hydrological information.

Future research should prioritize the integration of IoT-based sensors and remote sens-
ing technologies to enable near real-time monitoring and enhance temporal coverage. It is
essential to evaluate models across a range of hydrological, climatic, and human-influenced
settings to determine their transferability and scalability. Additionally, developing hy-
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brid or physics-informed machine learning models that merge process understanding
with data-driven predictions will improve reliability and interpretability. Conducting
sensitivity and uncertainty analyses is vital for assessing model robustness. Furthermore,
incorporating biological and microbiological indicators—such as chlorophyll-a, fecal col-
iform or E. coli counts, and macroinvertebrate indices—alongside physicochemical and
hydrometeorological data, using longer-term datasets, will bolster ecosystem-level insights,
support drinking water safety assessments, and enhance monitoring of eutrophication and
cyanobacterial blooms.

5. Conclusions

This study developed and evaluated an Al-driven framework to predict and classify
the seasonal variations in river water quality in three major rivers of Bangladesh: Burig-
anga, Shitalakhya, and Turag. Using fifteen physicochemical parameters collected from
476 samples (2021-2023), three ML algorithms, RF, XGBoost, and DT, were trained and
optimized through RandomizedSearchCV and cross-validation, ensuring transparent and
unbiased model evaluation. The objective was to establish a reliable, interpretable, and
data-driven system for understanding and forecasting seasonal water quality dynamics in
rapidly urbanizing basins.

The proposed methodology demonstrated strong predictive performance and inter-
pretability. The RF classifier had the highest overall accuracy (79%), followed by XGBoost
(77%) and DT (74%). This shows that ensemble-based algorithms are better at captur-
ing nonlinear and multivariate environmental relationships. Model explainability was
enhanced through SHAP and PDP analyses, which identified alkalinity, TDS, and EC as
the most influential factors driving seasonal changes. PDP results revealed that solute
accumulation and ionic retention dominated during dry and pre-monsoon periods, while
dilution effects increased during the monsoon, confirming a strong hydrological linkage
between ionic composition and seasonal flow dynamics. These findings demonstrate that
explainable ML techniques can effectively uncover complex physicochemical interactions
underlying seasonal water quality variations, offering both accuracy and interpretability
for environmental modeling.

This study establishes a transparent, reproducible, and explainable Al framework
for seasonal water quality prediction, providing a solid foundation for data-informed
decision-making in the face of rapid urbanization and climate considerations. In regions
vulnerable to extreme climatic events, such as cyclone-induced flooding, abrupt hydrologi-
cal and environmental disturbances can substantially alter water quality conditions and
associated public health risks. Although the proposed Al-based seasonal water quality
framework demonstrates strong predictive capability using physicochemical parameters,
its effectiveness is inherently dependent on the completeness and ecological relevance of the
input data. The integration of biological indicators would further enhance the framework’s
applicability under disaster-driven scenarios and improve its capacity to support resilient
water quality management.
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Appendix A
Training Dataset
Features Name Model Name Precision Recall F1 Score Accuracy
RF 0.95 0.94 0.94 0.94
Seasonal Class XGBoost 0.96 0.96 0.96 0.96
DT 0.93 0.93 0.93 0.93
Appendix B
Feature VIF
Point 28.66
River_Name 16.37
TDS_mg/L 15.38
Alkalinity_(mg/L) 10.82
EC_(pumohs/cm) 9.28
DO_mg/L 7.94
PH 6.67
COD_mg/L 6.57
Year 4.83
Season 4.70
Month 3.87
Chloride_(mg/L) 2.44
SS_(mg/L) 227
BOD_mg/L 2.22
Turbidiy_(NTU) 2.16
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