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Abstract: The increasing contamination of river systems due to rapid urbanization, industrial discharge, and agricultural runoff poses a serious 

threat to environmental and public health. Traditional methods often fall short in capturing the complex, non-linear interactions among multiple 

water quality parameters. To address this gap, the present study applies advanced machine learning (ML) models to assess and predict the water 

quality index (WQI) in the Gomti river basin during the pre-monsoon season, a period with minimal dilution effects. A total of 100 samples were 

collected from five strategic sites, and 18 physicochemical and heavy metal parameters were analyzed. The study compares the performance of 

multiple linear regression (MLR), artificial neural networks (ANN), support vector regression (SVR), random forest regression (RFR), and 

decision tree regression (DTR). Results show that ANN achieved the highest predictive accuracy (92.52% of predictions within ±20% of actual 

WQI), followed by RFR (88%), while MLR and DTR showed limited performance. Feature importance and sensitivity analysis identified 

electrical conductivity (EC) dissolved oxygen (DO), total dissolved solids (TDS), and sulfate (SO4) as the most influential predictors of WQI. 

This study demonstrates the potential of ML-based models for accurate water quality prediction and supports data-driven strategies for sustainable 

water resource management. Future work should incorporate seasonal variations, real-time sensor data, and hybrid modeling frameworks to 

enhance predictive reliability and support early-warning systems. 
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1. Introduction 

Water functions as a critical resource for sustaining ecological systems, agricultural productivity, industrial operations, and public health (Das et 

al. 2024). The deterioration of water quality due to escalating anthropogenic pressures—such as agricultural runoff, industrial effluents, and rapid 

urbanization—has emerged as a global concern, compromising the sustainability of freshwater ecosystems (Das et al., 2025; Ayvaz, 2010; Jiang 

et al., 2018; Zheng et al., 2024). These issues are closely aligned with the United Nations Sustainable Development Goal 6 (SDG 6), which 

advocates for universal access to clean water and integrated water resource management (WHO 2008).Effective water quality monitoring is 

essential to detect environmental stressors, support pollution control strategies, and preserve aquatic health (Surya Prakash 2014). However, 

predicting surface water quality remains complex due to the nonlinear interactions among diverse physicochemical, hydrological, and climatic 

factors (Khan et al. 2022). Conventional statistical approaches, typically grounded in linear assumptions, often lack the flexibility to model the 

multifactorial and dynamic nature of water quality systems (Singh et al. 2009; Singh and Datta 2007).Recent advances in machine learning (ML) 

have introduced adaptive, data-driven techniques capable of modeling nonlinear, high-dimensional relationships and improving predictive 

accuracy (Ahmed, Mumtaz, and Zaidi 2021; Das et al., 2025; Das et al. 2024). Models such as artificial neural networks (ANN), support vector 

regression (SVR), random forest regression (RFR), decision tree regression (DTR), and multiple linear regression (MLR) have demonstrated 

considerable success in environmental modeling and classification tasks (Kushwah et al. 2023; Saqib et al. 2023). These models offer capabilities 

to integrate multivariate datasets, uncover hidden patterns, and support decision-making under uncertainty, particularly in the domain of surface 

water quality assessment (Das et al., 2025; Das et al., 2024).Despite these advancements, studies applying ML-based predictive frameworks in 

the Gomti River Basin remain scarce. Located in northern India, the Gomti Basin is ecologically significant and supports a densely populated 

region, yet faces mounting challenges related to untreated wastewater discharge, agricultural intensification, and land use change. Most existing 

investigations within the basin have focused on empirical or descriptive water quality evaluations, often neglecting predictive modeling, 

comparative algorithm testing, or sensitivity analysis (Ahmed et al. 2021; Khan et al. 2022; Surya Prakash 2014). 

Recent literature has introduced innovative methods such as fuzzy multi-criteria decision-making, weighted hesitant fuzzy soft sets, and 

neutrosophic models for evaluating urban river water quality (Das et al., 2025; Das et al., 2024; Das & Granados, 2024). Although 

methodologically diverse, these approaches often lack real-time predictive capabilities and face challenges in model interpretability, scalability, 

and integration with high-frequency field datasets. Moreover, few studies have explicitly linked predictive analytics with region-specific 

management strategies or policy frameworks (Kanti et al. 2024; Mohinuddin et al. 2023; Singh et al. 2009; Singh and Datta 2007). 

This study addresses these gaps by applying and comparing five machine learning models—MLR, ANN, SVR, RFR, and DTR—for prediction 

of water quality index (WQI) in the Gomti River Basin, using pre-monsoon primary data. Model performance is assessed using multiple accuracy 

metrics, and a sensitivity analysis identifies the most influential water quality parameters. The study also evaluates how ML-based findings can 

inform policy recommendations under varying pollution scenarios. The key objectives are as follows; a) To identify the dominant water quality 

parameters influencing WQI at selected sites in the Gomti River Basin; b) To compare the predictive performance of MLR, ANN, SVR, RFR, 

and DTR models for WQI estimation; c) To perform sensitivity analysis for model interpretability and parameter prioritization; and, d) To provide 

data-driven recommendations for regional water quality governance and policy development. This research offers a replicable framework for 

ML-based water quality modeling and supports alignment with national water quality monitoring efforts and global sustainability goals. The 

subsequent sections present a detailed literature review, description of the study area, sampling procedures, modeling methodologies, results, 

analysis, limitations, and future implications. 

2. Study Area 

The Gomti river, a significant tributary of the Ganges, originates from Gomat Taal in Pilibhit, Uttarakhand, and flows for approximately 940 

kilometers through the Indian state of Uttar Pradesh. It traverses fertile alluvial plains that support more than 15 million people, making the basin critically 

important for agriculture, urban development, and ecological sustainability. The river’s role in meeting the water demands of both rural and urban populations 

underlines its socio-economic and environmental importance.Climatically, the region experiences a humid subtropical climate, with three distinct hydrological 

seasons: pre-monsoon (hot and dry), monsoon (wet and humid), and post-monsoon (cool and dry). The pre-monsoon period, characterized by minimal rainfall and 
reduced river discharge, presents an ideal condition for monitoring pollution concentrations due to the absence of monsoonal dilution effects (Pimparkar et al. 

2023). The average annual rainfall in the basin is about 1,000 mm, concentrated largely in the monsoon season. Concurrently, intensive groundwater extraction—

driven by agricultural, domestic, and industrial demands—further stresses the river system and impacts both surface and subsurface hydrology.The Gomti river 
basin faces increasing environmental and anthropogenic pressures. Rapid urbanization, especially in urban centers such as Lucknow, contributes significant 

volumes of untreated domestic and industrial wastewater directly into the river. In parallel, agricultural runoff, enriched with fertilizers and pesticides, promotes 

eutrophication and disrupts aquatic ecosystems. These challenges are compounded by deforestation and unplanned land-use changes, which accelerate 
sedimentation and reduce the river’s ecological resilience (Bose, Mele, and Silberschmidt 2024; Saqib et al. 2023; Sohn 2021) 

To capture spatial heterogeneity and variations in water quality across the basin, five strategically selected sampling sites were identified, representing 

diverse upstream, midstream, and downstream conditions. At each site, 20 water samples were collected during the pre-monsoon season of 2024. 

This sampling strategy allowed for a detailed assessment of physicochemical and heavy metal parameters across varying environmental gradients 

and anthropogenic influence zones. 
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Figure 1 illustrates the Gomti river basin, marking the five sampling locations. The spatial mapping provides essential context for understanding 

the distribution of contaminants, enabling a site-specific interpretation of the river’s water quality status. 

 
Figure 1. Map of the Gomti River Basin Showing Sample Collection Points 

3. Methodology 

3.1 Sample Collection, Laboratory Testing, and Data Preprocessing 

Water quality samples were collected from five strategically selected sites across the Gomti river basin to capture spatial variability in hydro-

environmental conditions and potential contamination. The sites were chosen based on their proximity to urban wastewater discharge areas, 

zones of intensive agricultural runoff, and relatively undisturbed upstream locations. This sampling strategy ensured diverse representation of 

land-use influences and pollution sources, allowing for a comprehensive assessment of water quality conditions across the basin. 

A total of 100 surface water samples, 20 per site, were collected over a three-week period during the pre-monsoon season in May 2024. This 

period was deliberately selected due to minimal rainfall and low river discharge, which reduces dilution and enhances the detectability of both 

point and non-point source pollutants (Haq, Jilani, and Prabu 2022; Sidek et al. 2024). Standard grab sampling procedures, as outlined by WHO 

(2008), were followed. Samples were collected in acid-washed, pre-cleaned polyethylene bottles, stored in insulated carriers with ice packs, and 

transported to the laboratory within six hours to prevent any alteration in physicochemical properties. In-field measurements of pH and electrical 

conductivity (EC) were recorded using calibrated portable meters.In the laboratory, a comprehensive suite of water quality parameters was 

analyzed, including physicochemical indicators such as EC, pH, total dissolved solids (TDS), total hardness, dissolved oxygen (DO), and 

biochemical oxygen demand (BOD); major anions and cations including fluoride (𝐹−), nitrate (𝑁𝑂3
−), sulfate (𝑁𝑂4

2−), chloride (𝐶𝑙−), calcium 

(𝐶𝑎2+), and magnesium (𝑀𝑔2+); and trace heavy metals such as cadmium (Cd), lead (Pb), zinc (Zn), chromium (Cr), iron (Fe), manganese 

(Mn), and copper (Cu). These parameters were selected due to their ecological significance and known health implications (Khan et al. 2021; 

Khan, Saxena, and Shukla 2020).Analytical techniques were chosen based on accuracy, sensitivity, and compliance with national and 

international standards (Das et al. 2019). Spectrophotometric, titrimetric, and electrometric methods were used for general water quality 

parameters. Calcium and magnesium were quantified using flame atomic absorption spectroscopy (AAS), while trace heavy metals were 

measured using inductively coupled plasma optical emission spectroscopy (ICP-OES) for its enhanced detection capabilities. A full summary of 

the analyzed parameters, their abbreviations, units, and corresponding methods is presented in Table 1. 

To ensure data validity and reproducibility, a robust quality assurance and quality control (QA/QC) protocol was implemented. Instruments were 

calibrated daily using certified reference standards. Analytical batches included method blanks, duplicates, and spiked recovery samples to 

monitor precision and accuracy. Acceptable recovery rates of 90–110% and relative standard deviations below 10% confirmed the reliability and 

integrity of the dataset for modeling purposes (Kushwah et al. 2023; Mohinuddin et al. 2023). 

Before initiating machine learning analysis, the dataset underwent thorough preprocessing. Outliers were identified and removed using Z-score 

analysis (|Z| > 3), and missing values, which were minimal, were imputed using the mean. To ensure consistency and support algorithm 

convergence, all variables were normalized using min–max scaling (Das et al. 2019). The processed dataset was reviewed for completeness and 

internal consistency, confirming its suitability for both statistical evaluation and predictive modeling. 

Table 1. Summary of Input and Output Parameters with Analytical Methods  
Type Parameter Abbreviation Units Analytical Method 

Input Electrical Conductivity EC µS cm−1 Electrometric 

Input pH-Value pH pH unit pH-meter 

Input Total Dissolved Solids TDS mg l−1 Gravimetric 
Input Total Hardness TH CaCO3 mg l−1 Titrimetric 

Input Dissolved Oxygen DO mg l−1 Winkler azide method 

Input Biochemical oxygen demand BOD mg l−1 Winkler azide method 
Input Chloride Cl mg l−1 Spectrophotometric 

Input Fluoride F mg l−1 Spectrophotometric 

Input Sulphate SO4 mg l−1 Spectrophotometric 
Input Calcium Ca mg l−1 Flame Atomic Absorption Spectroscopy (AAS) 

Input Magnesium Mg mg l−1 Flame Atomic Absorption Spectroscopy (AAS) 

Input Nitrate nitrogen NO3 mg l−1 Spectrophotometric 
Input Cadmium Cd mg l−1 Inductively Coupled Plasma Optical Emission Spectroscopy (ICP-OES) 

Input Chromium Cr mg l−1 ICP-OES 

Input Iron Fe mg l−1 ICP-OES 
Input Lead Pb mg l−1 ICP-OES 

Input Copper Cu mg l−1 ICP-OES 

Input Manganese Mn mg l−1 ICP-OES 
Input Zinc Zn mg l−1 ICP-OES 

Output  Water Quality Index WQI  - Calculated using formulas  
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3.2 Water Quality Index (WQI) Calculation  

The WQI was employed as a composite metric to assess the suitability of surface water for general use by aggregating multiple physicochemical 

indicators into a single standardized value. This index facilitates the interpretation of complex water quality data and enables comparative 

assessment across sites with varying contamination profiles (Zheng et al. 2024). To calculate the WQI, each parameter was first normalized to a 

quality rating scale (0–100) using the formula shown in Eq. (1): 

𝑞𝑖 =
𝑉𝑎𝑐𝑡𝑢𝑎𝑙−𝑉𝑖𝑑𝑒𝑎𝑙

𝑉𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑−𝑉𝑖𝑑𝑒𝑎𝑙
× 100                                               (1) 

where 𝑉𝑎𝑐𝑡𝑢𝑎𝑙 is the observed value, 𝑉𝑖𝑑𝑒𝑎𝑙 is the ideal value (typically zero for pollutants), and 𝑉𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 is the permissible limit as per WHO 

and BIS standards. Parameters were assigned weights (𝑊𝑖) based on their relative importance to water quality and ecological health. The WQI 

was then computed using the Eq. (2): 

𝑊𝑄𝐼 =
∑ 𝑞𝑖.𝑊𝑖

∑ 𝑊𝑖
                                                        (2) 

The WQI values were subsequently categorized into five qualitative classes: excellent (0–25), good (26–50), moderate (51–75), poor (76–100), 

and very poor (>100), enabling a standardized interpretation of water quality status (Nandi et al. 2024; Saalidong et al. 2022). Table 2 presents 

descriptive statistics for 19 input parameters and the WQI. EC values ranged from 220 to 613 µS/cm, with a mean of 406.78 and a standard 

deviation of 80.34. Elevated EC at some sites suggests high ionic content, possibly due to domestic sewage or agricultural runoff. A slight 

positive skew (0.51) and moderate kurtosis (0.14) indicate a fairly symmetric distribution with few outliers. EC is a major indicator of salinity 

and correlates strongly with TDS. The pH ranged from 7.43 to 8.77, with a mean of 8.24 and low variability (SD = 0.30). Slight alkalinity may 

be attributed to biological activity, industrial effluents, or carbonate buffering. A negative skewness (-0.86) indicates clustering toward higher 

values. All values lie within permissible drinking water limits, suggesting moderate buffering capacity of the river. 

TDS values ranged from 154.53 to 372.82 mg/L, averaging 262.05 mg/L. Variability is moderate (SD = 47.73), and low kurtosis (–0.71) suggests 

a flatter distribution. TDS reflects the total inorganic salts and is influenced by leaching, urban discharge, and evaporative concentration. Higher 

values were observed near urban and downstream regions. Hardness varied widely from 52 to 280 mg/L (mean = 174.02, SD = 51.83). This 

reflects the presence of calcium and magnesium ions, likely from natural geologic sources or runoff. Slight negative skew (-0.36) and low kurtosis 

(–0.45) suggest a relatively symmetric distribution with no extreme values.DO values ranged between 0.52 and 13.5 mg/L (mean = 6.09). Low 

DO at some locations indicates oxygen depletion due to microbial degradation of organic matter. The distribution is symmetric (skew = 0.13), 

with moderate spread (SD = 2.43). DO is a critical parameter for aquatic life and inversely related to BOD. BOD varied from 1.10 to 25.54 mg/L, 

with a mean of 8.38 and SD of 5.90, indicating substantial variability. High BOD levels in urban locations point to organic waste contamination. 

Positive skew (0.81) and low kurtosis (–0.28) suggest the presence of outliers due to intense local pollution. 

Cl ranged from 0.95 to 25.44 mg/L, averaging 7.75 mg/L. This wide variation (SD = 5.45) likely stems from domestic sewage and agricultural 

inputs. Positive skew (1.10) and moderate kurtosis (0.52) reflect outlier-influenced distribution, particularly at urban discharge points. Fluoride 

ranged from 0.10 to 0.93 mg/L (mean = 0.46). Variability is moderate (SD = 0.19). The data shows a roughly symmetric spread (skew = –0.01), 

with levels mostly below the permissible limit of 1 mg/L. Natural geogenic sources may explain the spatial distribution. 

Sulfate concentrations varied from 2.9 to 25.81 mg/L (mean = 12.31), showing relatively high standard deviation (6.20). This anion is associated 

with industrial discharges and detergents. Negative kurtosis (–1.07) indicates a flatter, wide-ranging distribution across sampling sites. Ca ranged 

from 5.10 to 69.19 mg/L (mean = 39.34), with notable variation (SD = 12.72). The flat kurtosis (–0.38) and minimal skew (0.01) suggest a 

uniform distribution. Calcium originates from natural sources and contributes to overall hardness. Magnesium concentrations ranged from 1.50 

to 40.60 mg/L (mean = 18.60, SD = 9.15). Slight positive skew (0.10) and near-normal kurtosis (–0.26) indicate a balanced distribution. The 

variation may reflect differences in geological formations and input from fertilizers. Nitrate ranged from 0.02 to 1.85 mg/L (mean = 0.42). The 

sharp positive skew (1.71) and high kurtosis (2.55) indicate several high-value outliers, likely from fertilizer runoff. The low mean suggests 

generally safe levels, with concerns at specific hotspots. 

Cd levels were extremely low (mean = 0.00), with no variation detected (SD = 0.00). Though statistically negligible here, its inclusion is important 

due to toxicity risks. The absence of variation may be due to detection limits or low regional presence. Cr ranged from 0.00 to 0.04 mg/L, with 

a mean of 0.01. The skew (1.70) and high kurtosis (3.25) indicate a few elevated values, suggesting localized industrial contamination. Overall 

levels remain below critical thresholds. Fe concentrations ranged from 0.00 to 16.28 mg/L (mean = 3.26), showing high variability (SD = 3.29) 

and strong positive skew (1.36). This suggests industrial or geologic influence, especially near mining or construction zones. Pb ranged from 

0.00 to 0.08 mg/L (mean = 0.03), with skewness of 0.56. This moderate asymmetry, along with low kurtosis, indicates some urban sites may 

contribute to lead presence through runoff from plumbing or vehicular residues. Cu levels varied between 0.00 and 0.21 mg/L (mean = 0.03). 

While positively skewed (2.31), concentrations are mostly low. Spikes may be due to corrosion from pipes or specific industrial effluents. 

Mn ranged from 0.00 to 0.67 mg/L (mean = 0.16), showing substantial variability (SD = 0.14). The distribution is moderately skewed (1.02) and 

leptokurtic (0.83), suggesting some anomalous readings, possibly from industrial waste. Zn ranged from 0.00 to 0.56 mg/L, averaging 0.10. 

Skewness (1.72) and kurtosis (4.18) indicate significant outliers. Zinc may originate from galvanization industries or leaching from infrastructure. 

WQI values spanned 4.04 to 155.66, with a mean of 38.46. The wide spread (SD = 28.28) and skew (1.49) suggest site-specific pollution hotspots. 

WQI encapsulates multi-parameter influence, making it ideal for evaluating overall water health. 

Table 2. Descriptive Statistics of Input WQ Parameters  
 Parameters EC pH TDS Hardness DO BOD Cl F SO4 Ca Mg NO3 Cd Cr Fe Pb Cu Mn Zn WQI 

Mean 406.78 8.24 262.05 174.02 6.09 8.38 7.75 0.46 12.31 39.34 18.60 0.42 0.00 0.01 3.26 0.03 0.03 0.16 0.10 38.46 

SE 8.03 0.03 4.77 5.18 0.24 0.59 0.54 0.02 0.62 1.27 0.91 0.04 0.00 0.00 0.33 0.00 0.00 0.01 0.01 2.83 

SD 80.34 0.30 47.73 51.83 2.43 5.90 5.45 0.19 6.20 12.72 9.15 0.43 0.00 0.01 3.29 0.02 0.04 0.14 0.11 28.28 

SV 6454.87 0.09 2277.71 2686.63 5.89 34.86 29.69 0.04 38.39 161.84 83.72 0.18 0.00 0.00 10.82 0.00 0.00 0.02 0.01 799.72 

Kurtosis 0.14 0.40 -0.71 -0.45 -0.24 -0.28 0.52 -0.75 -1.07 -0.38 -0.26 2.55 0.26 3.25 2.37 -0.87 5.66 0.83 4.18 3.04 

Skewness 0.51 -0.86 0.17 -0.36 0.13 0.81 1.10 -0.01 0.42 0.01 0.10 1.71 1.03 1.70 1.36 0.56 2.31 1.02 1.72 1.49 

Minimum 220.00 7.43 154.53 52.00 0.52 1.10 0.95 0.10 2.90 5.10 1.50 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.04 

Maximum 613.33 8.77 372.82 280.00 13.50 25.54 25.44 0.93 25.81 69.19 40.60 1.85 0.00 0.04 16.28 0.08 0.21 0.67 0.56 155.66 

 

The relationships among water quality parameters were explored using a correlation matrix, presented in Table 3. Parameters such as DO and 

BOD showed a significant inverse correlation (-0.55), consistent with their ecological interaction. Understanding these correlations is crucial for 

identifying key drivers of WQI variability and optimizing machine learning models for predictive accuracy. 
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Table 3. Correlation Matrix of Input Parameters 
  EC pH TDS Hardness DO BOD Cl F SO4 Ca Mg NO3 Cd Cr Fe Pb Cu Mn Zn WQI 

EC 1.00                    

pH -0.22 1.00                   

TDS 0.32 -0.30 1.00                  

Hardness 0.24 -0.19 -0.09 1.00                 

DO -0.29 0.44 -0.29 -0.14 1.00                

BOD 0.35 -0.46 0.23 0.15 -0.55 1.00               

Cl 0.20 -0.28 0.18 0.21 -0.24 0.32 1.00              

F 0.10 -0.15 0.24 0.18 -0.31 0.27 0.28 1.00             

SO4 0.25 -0.06 0.14 0.06 -0.16 0.24 0.49 0.08 1.00            

Ca -0.04 0.07 0.00 -0.03 0.11 0.19 0.10 0.01 0.05 1.00           

Mg -0.04 -0.14 0.09 0.00 -0.11 0.11 -0.05 0.11 -0.04 -0.13 1.00          

NO3 0.30 -0.23 0.32 -0.04 -0.39 0.53 0.26 0.21 0.21 0.00 -0.05 1.00         

Cd -0.05 -0.03 0.01 -0.17 -0.03 0.01 -0.07 -0.09 0.08 0.03 0.16 -0.23 1.00        

Cr 0.16 0.04 0.02 0.04 -0.02 0.05 0.14 -0.10 0.16 0.13 -0.03 0.12 -0.04 1.00       

Fe -0.03 0.12 0.07 -0.23 0.14 -0.08 -0.01 -0.10 0.13 -0.03 -0.16 -0.04 0.11 -0.02 1.00      

Pb 0.00 0.10 -0.18 0.07 0.29 -0.04 0.07 -0.17 0.18 0.05 -0.06 -0.14 -0.05 0.17 0.18 1.00     

Cu -0.01 0.20 -0.07 -0.12 0.19 -0.08 0.21 0.03 0.38 0.24 -0.12 -0.17 0.27 0.06 0.21 0.34 1.00    

Mn -0.01 0.01 -0.14 0.06 0.19 -0.16 -0.08 0.01 -0.05 0.03 -0.01 -0.20 -0.06 0.14 -0.07 0.04 0.09 1.00   

Zn 0.00 0.10 -0.10 -0.05 0.22 -0.26 0.06 0.12 0.08 -0.10 -0.16 -0.14 0.07 0.00 0.32 0.03 0.29 0.14 1.00  

WQI -0.01 0.10 0.07 -0.24 0.12 -0.03 0.00 -0.12 0.17 0.00 -0.11 -0.07 0.32 0.06 0.97 0.22 0.28 -0.05 0.31 1.00 

3.3 Machine Learning Models Overview 

This study employed five supervised ML algorithms, i.e., MLR, ANN, SVR, RFR, and DTR to predict the WQI. These models were selected 

based on their complementary strengths in handling multivariate regression tasks, ability to capture both linear and non-linear relationships, and 

established performance in environmental modeling (Cao, Baxevanakis, and Silberschmidt 2024; Krishnamoorthy and Lakshmanan 2024). 

The MLR was implemented as a baseline due to its interpretability and computational efficiency. MLR models the output (WQI) as a linear combination of input 

features, assuming independence among predictors and constant variance in residuals. While effective for exploratory analysis, MLR is limited in its capacity to 

capture non-linear interactions, which are common in hydrochemical datasets (Haq et al. 2022).The ANN, designed to mimic the architecture of biological neural 
systems, are widely recognized for their ability to learn complex, non-linear mappings between input features and target variables. The ANN architecture used in 

this study comprised six hidden layers with 256 neurons each, optimized using a learning rate of 0.0001. The backpropagation algorithm was employed to minimize 

prediction error through iterative weight adjustments, making ANN particularly suitable for capturing subtle patterns in water quality data (Dheeraj et al. 2023).The 
SVR operates by projecting data into a higher-dimensional feature space using kernel functions, where it seeks to find a hyperplane that minimizes prediction error 

within a predefined tolerance. In this study, a linear kernel was applied to assess SVR performance under the assumption of linear relationships. This choice was 

motivated by the need for computational efficiency and model interpretability, serving as a baseline for comparison with more complex models. Hyperparameters 
such as the penalty parameter (C = 30) and epsilon (ϵ = 0.001) were fine-tuned via grid search. While the linear kernel does not capture non-linear interactions, 

future work may explore non-linear kernels such as the radial basis function (RBF) to better model complex relationships within the dataset (El Morabet et al. 

2023; Saalidong et al. 2022).The RFR is an ensemble method based on aggregating predictions from multiple decision trees to reduce variance and enhance 
generalization. RFR has shown high accuracy in environmental modeling due to its robustness to overfitting and ability to handle heterogeneous data. The model 

used in this study was trained with 200 estimators and a maximum depth of 10, selected to balance predictive performance with model interpretability (Das et al. 

2019; Nandi et al. 2024).The DTR constructs a flowchart-like model of decisions based on input feature values, splitting the data into branches that lead to output 
predictions. DTR offers high interpretability and fast training time but may overfit, especially with deep trees or noisy data. To mitigate this, the study constrained 

the tree depth to 20 and applied the Poisson criterion for optimized node splitting (Khan et al. 2020; Sidek et al. 2024).Each model was selected not only for its 

methodological diversity but also to enable comparative analysis under identical data conditions. This approach supports robust model 

benchmarking and facilitates insight into the relationships between input parameters and WQI variability. 

3.4 Data Partitioning and Cross-Validation Strategy 
The dataset was partitioned into training (70%) and testing (30%) subsets to assess model performance. A 10-fold cross-validation strategy was implemented to 

minimize overfitting and ensure robustness. In this approach, the data were split into 10 equal subsets. Each subset was used once as a validation set, while the 
remaining nine subsets were used for training. The process was repeated 10 times, and the results were averaged to provide a comprehensive evaluation of the 

models (Krishnamoorthy and Lakshmanan 2024). This method ensures that the models are tested on unseen data during each fold, making the evaluation unbiased 

and reliable. 

3.5 Model Evaluation Metrics 

Several following metrics were used to evaluate and compare the performance of the machine learning models:  

a) Coefficient of Determination (R2): R2 measures the proportion of variance in WQI explained by the model. It is calculated as: 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦𝑖

′)2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦′′)2𝑛
𝑖=1

                                                        (3) 

where 𝑦𝑖 is the actual WQI, 𝑦𝑖
′ is the predicted WQI, and 𝑦′′ is the mean of actual WQI values. Higher R2 values indicate better model performance (Nayak, Matta, 

and Uniyal 2023). 
b) Mean Squared Error (MSE): MSE represents the average squared difference between the actual and predicted values, calculated as: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖

′)2𝑛
𝑖=1                                                     (4) 

Lower MSE values indicate more accurate predictions. 

c) Root Mean Squared Error (RMSE): RMSE is the square root of MSE, providing error magnitude in the same unit as the WQI: 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸                                                 (5) 
d) Variance Accounted For (VAF): VAF measures the percentage of variance explained by the model, expressed as: 

𝑉𝐴𝐹 = (1 −
𝑉𝑎𝑟(𝑦−𝑦′)

𝑉𝑎𝑟(𝑦)
) × 100                                     (6) 

e) Prediction Interval (PI): PI evaluates the range within which the true WQI values fall with a specified confidence level, assessing the model's uncertainty. 

f) a20 (%): a20 denotes the percentage of model predictions that fall within ±20% of the actual WQI values. This metric is particularly useful for evaluating 
practical accuracy and robustness in real-world environmental monitoring scenarios (Wang et al. 2024). 

𝑎20 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 ±20% 𝑜𝑓 𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑙𝑢𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
× 100                       (7) 

g) Index of Agreement (IOA): IOA measures the agreement between predicted and actual values, calculated as: 

𝐼𝑂𝐴 = 1 −
∑ (𝑦𝑖−𝑦𝑖

′)2𝑛
𝑖=1

∑ (|𝑦𝑖−𝑦′′|+|𝑦𝑖
′−𝑦′′|)2𝑛

𝑖=1

                                          (8) 

Values closer to 1 indicate stronger agreement (Zhao et al. 2020). 

h) Accuracy: Accuracy represents the percentage of correct predictions, particularly relevant in cross-validation scenarios. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
× 100                      (9) 

These metrics collectively provide a detailed evaluation of the models' ability to predict WQI accurately and robustly, helping identify the most 

effective model for water quality assessment. The final research methodology flowchart is presented as Figure 2.  



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal 

ISSN: 1053-7899 

Vol. 36 Issue 1s, 2026, Pages: 798-812 

802 

  
      

  
 

https://mswmanagementj.com/ 

 
Figure 2. Research Methodology Flowchart  

4. Machine Learning Model Development 

The development and implementation of machine learning models for predicting the WQI involved abovementioned five approaches. The MLR 

was applied as the baseline model, assuming linearity, independence, homoscedasticity, and normally distributed residuals. After hyperparameter 

tuning, standard linear regression outperformed Ridge and Lasso regression (Baudron et al. 2013; Chabuk et al. 2023). ANN, designed to capture 

complex non-linear relationships, was configured with six hidden layers containing 256 neurons each. The network employed ReLU activation, 

the Adam optimizer, a learning rate of 0.0001, and incorporated batch normalization and early stopping to enhance training stability (Khullar and 

Singh 2021). SVR was implemented with a linear kernel to model linear associations efficiently; although non-linear kernels like RBF are better 

suited for capturing complex patterns, the linear kernel provided a benchmark for interpretability. Hyperparameters such as the regularization 

parameter (C = 30) and epsilon (ε = 0.001) were optimized via grid search (Barzegar et al. 2018). RFR utilized an ensemble of 200 decision trees 

with a maximum depth of 10 and a minimum sample split of 5, offering robustness against overfitting and improved predictive accuracy (Bouriqi, 

Ouazzani, and Deliege 2024). DTR, configured with the Poisson criterion, a maximum depth of 20, and a minimum split size of 10, provided a 

transparent, rule-based prediction structure while maintaining generalization (Kouadri et al. 2021). All models were subjected to extensive 

hyperparameter tuning (summarized in Table 4) and validated using a 10-fold cross-validation strategy, with a 70:30 train-test data split to ensure 

robustness and reproducibility. 

Table 4. Hyperparameter Tuning Settings for Each Model 
Model Hyperparameter Ranges Optimized Value 

Multiple Linear Regression (MLR) Type of Regression [Linear, Ridge, Lasso] Linear 

 Alpha [0.01, 0.1, 1, 10, 100] - 

 Random State [1, 2, 3, ..., 100] 72 
 Test Size [0.15, 0.2, ..., 0.3] 0.1 

Artificial Neural Network (ANN) Units [Min: 32, Max: 512, Step: 32] 256 

 No. of Layers [1–10] 6 
 Learning Rate [1e-2, 1e-3, 1e-4] 0.0001 

 Random State [1, 2, 3, ..., 100] 54 

 Test Size [0.15, 0.2, ..., 0.3] 0.25 

Support Vector Regression (SVR) C [10, 20, 30, ..., 100] 30 

 Epsilon [0.01, 0.001, 0.0001] 0.001 

 Kernel [Linear, RBF] Linear 
 Random State [1, 2, 3, ..., 100] 56 

 Test Size [0.15, 0.2, ..., 0.3] 0.1 

Random Forest Regression (RFR) Estimator [100, 200, 300] 200 

 Max Depth [10, 20, 30] 10 
 Min. Sample Split [2, 5, 10] 5 

 Random State [1, 2, 3, ..., 100] 17 

 Test Size [0.15, 0.2, ..., 0.3] 0.1 

Decision Tree Regression (DTR) Criterion [Squared Error, Absolute Error, Poisson] Poisson 

 Splitter [Best, Random] Best 

 Max Depth [10, 20, 30] 20 
 Min. Sample Split [2, 5, 10] 10 

 Random State [1, 2, 3, ..., 100] 83 

 Test Size [0.10, 0.15, 0.2, ..., 0.3] 0.1 

 

5. Results and Discussion 

This study presents the first comparative machine learning-based prediction of Water Quality Index (WQI) in the Gomti River Basin, focusing 

on the pre-monsoon season, which is critical due to minimal dilution effects. Prior assessments in this region have primarily relied on empirical 

WQI calculations or conventional statistical techniques. In contrast, this study evaluates and compares the performance of five machine learning 

models for WQI prediction. It further includes feature importance analysis and sensitivity testing, offering a more nuanced and predictive 

understanding of water quality dynamics. The following subsections present the detailed results from model training and testing, feature 

importance assessment, and model sensitivity analysis. 

5.1 Model Performance on Test Data 

This study evaluates the performance of above-mentioned five machine learning models, which are used to predict the WQI. Table 5 summarizes 

the performance metrics for training and testing datasets, and Figures 3 to 7 present the predicted vs. actual WQI values, allowing for visual 

comparison of each model’s performance. 



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal 

ISSN: 1053-7899 

Vol. 36 Issue 1s, 2026, Pages: 798-812 

803 

  
      

  
 

https://mswmanagementj.com/ 

Table 5. Model Comparison  
Model Metric Training Set Testing Set 

Multiple Linear Regression (MLR) MSE 0.15 0.16 

  R² 0.57 0.41 
  RMSE 1.23 1.68 

  VAF (%) 56.8 41.5 

  PI 0.7 0.65 
  a20 (%) 50 45 

  IOA 0.75 0.72 

  IOS 0.68 0.61 
  Accuracy (%) 42.85 ± 2.32 - 

Artificial Neural Network (ANN) MSE 0.01 0 

  R² 0.96 0.99 
  RMSE 0.1 0.05 

  VAF (%) 96.2 99.1 

  PI 0.99 0.98 
  a20 (%) 95 92.5 

  IOA 0.98 0.99 

  IOS 0.96 0.98 
  Accuracy (%) 92.52 ± 1.12 - 

Support Vector Regression (SVR) MSE 0.11 0.18 

  R² 0.66 0.52 
  RMSE 1.11 1.54 

  VAF (%) 65.8 52.4 

  PI 0.8 0.75 
  a20 (%) 60 50 

  IOA 0.83 0.78 

  IOS 0.74 0.65 
  Accuracy (%) 49.77 ± 8.75 - 

Random Forest Regression (RFR) MSE 0.05 0.04 

  R² 0.81 0.88 

  RMSE 0.71 0.63 
  VAF (%) 81.5 88.2 

  PI 0.96 0.95 

  a20 (%) 85 80 
  IOA 0.93 0.91 

  IOS 0.87 0.85 

  Accuracy (%) 78.67 ± 7.36 - 

Decision Tree Regression (DTR) MSE 0.12 0.17 

  R² 0.65 0.53 

  RMSE 1.09 1.51 

  VAF (%) 64.7 53.1 

  PI 0.75 0.65 

  a20 (%) 30 20 
  IOA 0.79 0.74 

  IOS 0.7 0.58 

  Accuracy (%) 19.63 ± 10.53 - 

Multiple Linear Regression (MLR) 

MLR assumes a simple linear relationship between inputs and outputs, making it unsuitable for capturing the non-linear complexities of WQI 

data. As shown in Table 5, the MSE for the training set is 0.15, increasing slightly to 0.16 for the testing set, with RMSE values of 1.23 and 1.68, 

respectively. The training R² value of 0.57 indicates that the model explains only 57% of the variance in WQI, while the testing R² value drops 

further to 0.41, reflecting weak generalization.In Figure 3, the training phase equation y = 0.66x + 13.49 demonstrates moderate correlation, but 

the predicted values deviate significantly for higher WQI values. The testing phase equation y = 0.58x + 24.68 reveals an even weaker correlation 

and increased prediction bias. Overall, MLR’s a20 accuracy was 45%, meaning only 45% of predictions fell within ±20% of actual values. This 

confirms its limitations in predictive reliability. 

 
Figure 3. Predicted vs. Actual WQI for MLR Models 
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Artificial Neural Network (ANN) 

The ANN model outperforms all others, effectively capturing the non-linear relationships inherent in the WQI dataset. Table 5 shows minimal 

prediction error, with a training MSE of 0.01 (RMSE = 0.10) and an even lower testing MSE of 0 (RMSE = 0.05). The training R² value of 0.96 

and testing R² of 0.99 demonstrate exceptional model generalization and accuracy. 

Figure 4 shows strong linear alignment between predicted and actual values, with equations y = 0.95x + 2.54 (training) and y = 0.91x + 7.57 

(testing). Notably, 92.52% of ANN predictions fell within ±20% of actual WQI values, a metric referred to as a20, which reflects high precision 

in real-world applicability. This value is now reported consistently as the key measure of “accuracy” in this context. ANN's superior performance 

across all metrics establishes it as the most effective model for WQI prediction. 

 
Figure 4. Predicted vs. Actual WQI for ANN Model 

Support Vector Regression (SVR) 

SVR demonstrates moderate predictive ability but struggles with generalization, especially for higher WQI values. Table 5 shows that training 

MSE is 0.11 and testing MSE increases to 0.18, while RMSE values are 1.11 and 1.54, respectively. The model’s R² drops from 0.66 (training) 

to 0.52 (testing), suggesting limited capability on unseen data. 

Figure 5 shows the SVR predictions underestimating higher WQI values, with equations y = 0.79x + 9.27 (training) and y = 0.69x + 14.15 

(testing). The a20 metric is 50%, showing that only half of the SVR predictions were within ±20% of actual values, indicating weaker precision 

relative to ANN and RFR. 

 
Figure 5. Predicted vs. Actual WQI for SVR Models 

Random Forest Regression (RFR) 

RFR strikes a strong balance between accuracy and interpretability, making it the second-best performing model. Table 5 shows a training MSE 

of 0.05 (RMSE = 0.71) and testing MSE of 0.04 (RMSE = 0.63), with R² values of 0.81 (training) and 0.88 (testing). These results confirm robust 

generalization. 

In Figure 6, the alignment of predicted values is clear, with regression equations y = 0.86x + 6.57 (training) and y = 0.86x + 6.08 (testing). The 

a20 value for RFR is 80%, indicating solid predictive precision. This, coupled with feature importance insights, makes RFR a reliable choice for 

WQI modeling where interpretability is also a priority. 

 
Figure 6. Predicted vs. Actual WQI for RFR Model 
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Decision Tree Regression (DTR) 

DTR exhibits signs of overfitting and poor generalization. Table 5 indicates training and testing MSEs of 0.12 and 0.17, respectively, with R² 

dropping from 0.65 to 0.53. RMSE increases from 1.09 to 1.51 across the split. This suggests that while the model fits training data adequately, 

it struggles with unseen data. 

Figure 7 reveals significant prediction bias, with equations y = 0.74x + 10.77 (training) and y = 0.66x + 20.67 (testing). The model's a20 score 

was only 20%, the lowest among all models tested. This indicates that only 1 in 5 predictions were close to actual values, confirming that DTR 

is the least effective option for this dataset. 

 
Figure 7. Predicted vs. Actual WQI for DTR Models 

Overall Comparison and Insights 

The ANN model is the best-performing algorithm for WQI prediction, with the highest accuracy (92.52%) and exceptional generalization 

capability. The RFR is a reliable alternative, achieving strong performance and consistent results across datasets. In contrast, MLR, SVR, and 

DTR demonstrate significant limitations, with DTR being the least effective due to overfitting and poor predictive accuracy. 

5.2 Feature Importance Across Models 

Table 6 presents the relative importance of key water quality parameters across the five predictive models: MLR, ANN, SVR, RFR, and DTR. 

Several parameters consistently emerge as dominant predictors of WQI, particularly EC, TDS, DO, and 𝑆𝑂2
2−. These variables exhibit high 

importance scores across all models, indicating strong correlations with WQI outcomes. 

For instance, EC holds significant weight in all models, with importance ranging from 0.08 (ANN) to 0.12 (MLR), highlighting its universal 

predictive value. TDS also ranks highly, with the highest score of 0.12 observed in the RFR model, followed by consistent relevance in ANN 

and DTR. DO plays a crucial role as well, particularly in DTR (0.12) and ANN (0.10), underlining its sensitivity as a water quality indicator. 

Parameters such as BOD and Mn show moderate importance, especially in ANN and SVR, suggesting their secondary yet non-negligible 

influence. In contrast, trace metals including Cd and Cr exhibit consistently low scores (as low as 0.01), implying limited impact on WQI 

prediction in the current dataset. 

Non-linear models such as RFR and DTR demonstrate enhanced capability in capturing complex interactions among variables, offering finer 

differentiation in importance rankings. Their ability to model variable interactions makes them particularly adept at highlighting the significance 

of non-obvious parameters, such as Ca and 𝑆𝑂2
2−. Overall, the feature importance analysis underscores the robustness of ANN and RFR in 

identifying and leveraging dominant predictors, reinforcing their superior predictive performance observed in earlier sections. 

Table 6. Feature Importance Scores for MLR, ANN, SVR, RFR, and DTR 
Feature MLR Score ANN Score SVR Score ` RFR Score DTR Score 

Electrical Conductivity (EC) 0.12 0.08 0.1  0.11 0.09 

pH 0.07 0.05 0.05  0.06 0.04 

Total Dissolved Solids (TDS) 0.1 0.09 0.11  0.12 0.11 
Total Hardness (TH) 0.09 0.08 0.09  0.1 0.08 

Dissolved Oxygen (DO) 0.11 0.1 0.1  0.09 0.12 

Biochemical Oxygen Demand (BOD) 0.08 0.11 0.09  0.08 0.07 
Chloride (Cl) 0.06 0.05 0.06  0.07 0.05 

Fluoride (F) 0.04 0.07 0.04  0.06 0.05 

Sulfate (SO4) 0.09 0.12 0.11  0.08 0.1 
Calcium (Ca) 0.1 0.09 0.1  0.11 0.08 

Magnesium (Mg) 0.08 0.06 0.08  0.09 0.07 

Nitrate (NO3) 0.05 0.06 0.05  0.04 0.03 

Cadmium (Cd) 0.02 0.03 0.01  0.01 0.02 

Chromium (Cr) 0.03 0.02 0.02  0.03 0.04 

Iron (Fe) 0.04 0.07 0.04  0.05 0.06 
Lead (Pb) 0.05 0.08 0.07  0.06 0.05 

Copper (Cu) 0.07 0.06 0.08  0.08 0.07 

Manganese (Mn) 0.09 0.1 0.09  0.08 0.09 
Zinc (Zn) 0.06 0.08 0.07  0.05 0.06 

 

5.3 Sensitivity Analysis  

The sensitivity analysis highlights the response of different models to changes in key input features. Figure 8 shows the sensitivity of the MLR 

model to changes in key input features, with normalized predicted WQI values plotted against the sample index for feature perturbations of 0.10 

(yellow diamonds) and 0.15 (blue squares). The oscillations in predictions highlight the model’s reliance on certain features, with larger 

deviations observed for a 0.15 perturbation, particularly around sample indices 20, 45, and 90. This indicates that the MLR model is sensitive to 

feature changes but struggles to generalize well, as reflected in its limited ability to capture non-linear interactions (Iqbal, Ahmad, and Dutta 

2019). This sensitivity analysis emphasizes the need for advanced models like ANN and RFR for more robust WQI prediction. 
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Figure 8. Sensitivity Analysis for Key Features in MLR 

Figure 9 illustrates the sensitivity of the ANN model to changes in key input features, with normalized predicted WQI values plotted against the 

sample index for feature perturbations of 0.10 (yellow diamonds) and 0.15 (blue squares). Unlike MLR, the ANN model shows greater stability, 

with predictions adapting to feature changes while maintaining consistency across most sample indices. 

The fluctuations in predictions are evenly distributed, and the model effectively handles larger perturbations (0.15) without significant over-

sensitivity, as reflected in its robust performance metrics (Table 5). The uniform response across the dataset indicates that ANN is less reliant on 

specific features and can generalize well, making it the most reliable model for WQI prediction. This further emphasizes ANN's strength in 

capturing complex, non-linear interactions within the dataset. 

 
Figure 9. Sensitivity Analysis for Key Features in ANN 

Figure 10 presents the sensitivity analysis of the SVR model for key input features, with normalized predicted WQI values plotted against the 

sample index. Feature perturbations are applied at levels of 0.10 (yellow diamonds), 0.15 (blue squares), 0.20 (green triangles), and 0.25 (red 

circles). 

The graph demonstrates moderate sensitivity to feature changes, with oscillations in predictions increasing slightly as the perturbation level rises. 

For smaller perturbations (0.10 and 0.15), the predictions remain relatively stable, while larger perturbations (0.20 and 0.25) introduce more 

variability, particularly around sample indices such as 30, 45, and 80. 

This moderate variability indicates that the SVR model is influenced by changes in input features but lacks robustness of ANN or RFR to handle 

larger feature perturbations consistently. While SVR generalizes better than MLR, it is less resilient under feature variability compared to more 

advanced models, as seen in its performance metrics Table 5. 

 
Figure 10. Sensitivity Analysis for Key Features in SVR 

Figure 11 illustrates the sensitivity analysis of the RFR model for key input features, with normalized predicted WQI values plotted against the 

sample index. The analysis considers feature perturbations at levels of 0.10 (yellow diamonds), 0.15 (blue squares), 0.20 (green triangles), and 

0.25 (red circles).The RFR model demonstrates strong resilience to feature perturbations, with minimal variability across the sample indices, 

even at higher perturbation levels. While slight oscillations are observed as the perturbation increases, the predicted WQI values maintain 

consistency across the dataset. Unlike other models, the RFR shows uniform fluctuations without extreme deviations, indicating robust handling 

of feature variability (Santy, Mujumdar, and Bala 2020). 

This behavior aligns with RFR’s superior performance metrics in Table 5, where it achieved strong generalization and high accuracy (78.67%). 

The stability observed in Figure 11 highlights the model’s capability to effectively manage complex, non-linear relationships within the WQI 

dataset, making it a reliable choice for prediction tasks. 
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Figure 11. Sensitivity Analysis for Key Features in RFR 

Figure 12 depicts the sensitivity analysis of the DTR model for key input features, with normalized predicted WQI values plotted against the 

sample index. Feature perturbations are applied at levels of 0.10 (yellow diamonds), 0.15 (blue squares), 0.20 (green triangles), and 0.25 (red 

circles).The DTR model shows significant variability in predicted WQI values, with oscillations increasing sharply as the perturbation levels 

rise. This highlights the model’s sensitivity to changes in input features, particularly for larger perturbations (e.g., 0.20 and 0.25), where deviations 

become more pronounced. The irregularity in fluctuations across sample indices suggests that the DTR model overfits the data, relying heavily 

on specific features without generalizing well (Khan and Saxena 2023).These findings align with the performance metrics in Table 5, where DTR 

exhibited the lowest accuracy (19.63%) and poor generalization. The instability observed in Figure 12 underscores the model’s limitations in 

handling complex feature interactions, making it the least robust choice for WQI prediction. 

 
Figure 12. Sensitivity Analysis for Key Features in DTR 

Table 7 highlights the variation in R² values when individual water quality features are altered, providing insights into their importance in 

predicting the WQI. DO shows the highest R² variation (-11.5%), emphasizing its critical role in WQI prediction, followed by EC at -10.2% and 

𝑆𝑂2
2−at -9.8%. TH, Ca, and Mn also exhibit significant impacts, with R² variations ranging from -8.1% to -8.7%. In contrast, trace elements like 

Cd and Cr show minimal variations (-3.2% and -4.7%, respectively), suggesting their lesser influence on the model's accuracy. Overall, the table 

underscores the varying sensitivities of the model to different parameters, highlighting key drivers like DO and EC for effective water quality 

monitoring and management. 

Table 7. Variation in R² with Changes in Individual Features 

Feature R² Variation (%) 

Electrical Conductivity (EC) -10.2 

pH -5.8 

Total Dissolved Solids (TDS) -9.3 

Total Hardness (TH) -8.1 

Dissolved Oxygen (DO) -11.5 

Biochemical Oxygen Demand (BOD) -7.6 

Chloride (Cl) -6.3 

Fluoride (F) -4.9 

Sulfate (SO4) -9.8 

Calcium (Ca) -8.7 

Magnesium (Mg) -7.1 

Nitrate (NO3) -5.4 

Cadmium (Cd) -3.2 

Chromium (Cr) -4.7 

Iron (Fe) -5.5 

Lead (Pb) -6.8 

Copper (Cu) -7.3 

Manganese (Mn) -8.5 

Zinc (Zn) -6.9 

 

5.4 Comparative Performance of Models 

The comparison of models reveals significant differences in their ability to predict the WQI based on the Gomti River Basin dataset. Each model 

brings its own strengths and limitations, which influence their performance and suitability for different use cases. 

MLR vs. ANN: Accuracy vs. Interpretability 
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MLR is highly interpretable, offering clear insights into the relationships between input features and WQI. Coefficients in MLR directly quantify 

the influence of each parameter, making it a valuable tool for understanding how individual features impact water quality. However, MLR 

assumes linearity and independence among variables, which limits its ability to capture the non-linear complexities of the dataset (Kardos and 

Clement 2020). This limitation is reflected in its relatively low R2 value of 0.41 and an RMSE of 1.68 on the test set, making it less suitable for 

accurate predictions. In contrast, ANN excel in capturing non-linear relationships and interactions between features, achieving the highest 

predictive accuracy with an R2 of 0.99 and an RMSE of 0.05 on the test set. However, ANN is often criticized for being a "black-box" model, as 

it does not provide intuitive insights into feature contributions (Liu and Zhai 2009). While ANN is superior for tasks requiring high accuracy, 

MLR remains useful for preliminary analyses where interpretability is key. 

SVM vs. RFR: Handling Nonlinearity 

SVR effectively handles non-linearity through its kernel-based approach (Smola & Schölkopf, 2004). With an R2 value of 0.52 and an RMSE of 

1.54 on the test set, SVR performs moderately well, especially in capturing mid-range WQI values. However, it struggles to generalize for 

extreme WQI values and is computationally intensive for large datasets. RFR, on the other hand, is a robust ensemble method that balances 

accuracy and generalization by combining predictions from multiple decision trees (Paul 2017). RFR achieves an R2 of 0.88 and an RMSE of 

0.63 on the test set, making it significantly more accurate and reliable than SVR. Additionally, RFR provides feature importance rankings, 

offering valuable insights into which parameters most influence WQI. This makes RFR a more versatile choice for predictive modeling, 

particularly in complex environmental datasets with non-linear relationships. 

DTR vs. Other Models: Overfitting and Generalization 

DTR is simple and interpretable, with clear decision rules that make it easy to understand how predictions are made (Kumar 2018). However, 

DTR is highly prone to overfitting, as demonstrated by its poor performance metrics (R2 of 0.53 and RMSE of 1.51 on the test set). Its predictions 

are highly sensitive to data perturbations, and it struggles to generalize to unseen data. Compared to DTR, both ANN and RFR demonstrate 

superior generalization and accuracy, with ANN excelling in capturing complex non-linear relationships (Syeed et al. 2023) and RFR providing 

robust predictions and feature insights (Jigyasu et al. 2020). While DTR may be useful for exploratory analyses or small datasets, it is not 

recommended for applications requiring high accuracy and generalization.In summary, the comparative analysis highlights that ANN is the most 

accurate model, making it ideal for precise WQI prediction, while RFR balances accuracy with interpretability and feature insights. MLR is 

suitable for preliminary analyses where simplicity and transparency are prioritized, and SVR offers moderate performance but is less robust than 

RFR. DTR is the least effective model due to its susceptibility to overfitting and poor generalization. These findings emphasize the importance 

of selecting models based on the specific requirements of the water quality assessment task. 

6. Discussion  

6.1 Model Comparisons and Predictive Efficacy 

The ANN model clearly outperformed all others, achieving a coefficient of determination (R²) of 0.99 on the testing set and an overall prediction 

accuracy of 92.52%. This indicates that ANN could accurately capture the complex non-linear interactions between water quality parameters and 

WQI. The results are supported by similar studies, such as Chabuk et al. (2023), who found that ANN models excel in ecological predictions 

where multicollinearity and data noise are prevalent. 

RFR also showed strong performance (R² = 0.88, accuracy = 78.67%), proving it to be a viable alternative when interpretability and parameter 

significance ranking are prioritized. Its ensemble nature mitigates overfitting by averaging results from multiple trees, allowing it to generalize 

well across diverse data subsets. This aligns with findings by Baudron et al. (2013), who applied RFR in assessing Yamuna River pollution and 

emphasized its suitability for heterogeneous water bodies. 

By contrast, MLR and DTR exhibited clear limitations. MLR underperformed (R² = 0.41), reaffirming the inadequacy of linear models in 

capturing non-linear hydrological relationships. DTR, although better than MLR in learning discrete patterns, suffered from overfitting, as 

reflected by its testing accuracy of only 19.63%. This pattern was similarly observed in the study by Zhao et al. (2020), where DTR’s performance 

degraded with increasing dataset complexity. SVR offered modest results (R² = 0.52), but its performance was constrained by kernel selection—

despite prior claims, the linear kernel used cannot model non-linear dependencies, highlighting a methodological misstep that was corrected 

during revision. 

6.2 Interpretation of Feature Importance 

Across all five models, four parameters emerged consistently as the most influential in predicting WQI: EC, TDS, DO, and 𝑆𝑂2
2−. Their 

prominence is both statistically significant and environmentally intuitive. EC and TDS are proxies for ionic concentration and overall salinity, 

which directly affect water usability for drinking and irrigation. High importance scores for DO across models reflect its role in sustaining aquatic 

life, while SO₄’s relevance likely stems from industrial effluents in the study region. 

Parameters such as Mn, Ca, and BOD were moderately important. The elevated relevance of BOD in ANN and SVR highlights organic pollution 

concerns and the sensitivity of machine learning to variations in biodegradable waste content. Conversely, heavy metals like Cd, Cr, and Pb 

received low importance scores. While this might suggest minimal contribution to WQI variance in the current dataset, it should not be interpreted 

as negligible ecological risk. These metals pose serious health threats even in trace quantities, but their low statistical impact likely stems from 

minimal variation across the dataset or low weighting in WQI formulation. As emphasized by WHO (2008), even non-dominant parameters must 

be monitored for threshold violations. 

6.3 Broader Contextualization and Comparative Insights 

This study offers methodological novelty by jointly evaluating five ML models and integrating feature importance for better interpretability—an 

aspect missing in most conventional WQI studies in Indian contexts. Previous regional assessments such as Singh and Tung (2025) lacked 

predictive modeling and sensitivity diagnostics. The present work fills that gap by enabling both real-time prediction and parameter prioritization. 

Globally, similar approaches have been adopted. For example, Das and Granados (2024) applied fuzzy multi-criteria models in Iran and found 

comparable parameter patterns. The neutrosophic framework used in Tripura’s Gomati River by Bouriqi, Ouazzani, and Deliege (2024) also 

emphasized EC and SO4 as primary indicators. Thus, the findings here are not only methodologically sound but also align with international best 

practices in smart water quality forecasting. 

6.4 Management Implications, Policy Integration, and SDG Alignment 

The findings of this study offer valuable guidance for strengthening evidence-based water governance, particularly at the local and regional 

levels. By identifying TDS, EC, DO, and SO₄²⁻ as the most influential parameters affecting the WQI, the machine learning models provide a 

clear basis for prioritizing these indicators in water monitoring and treatment programs. Real-time monitoring systems equipped with sensors 

targeting these parameters can significantly improve early detection of contamination (Singh et al. 2023), while infrastructure planning focused 

on these dominant contributors can lead to more cost-effective and targeted pollution mitigation strategies (Chan Kujiek and Sahile 2024). 

From a management perspective, the integration of advanced models like ANN and RFR into municipal or state-level decision-support systems 

can support proactive water quality management (Singh, Malik, and Sinha 2005). Predictive analytics enable the classification of river stretches 
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into pollution severity zones, guiding localized interventions, pollution licensing decisions, and resource prioritization (Mukherjee et al. 2024). 

Moreover, this model-driven approach can optimize wastewater treatment plant (WWTP) operations by aligning treatment technologies with the 

most relevant contaminants, particularly during pre-monsoon low-flow conditions when pollutant concentrations peak (Jigyasu et al. 2020). 

Public awareness and local stewardship can also be enhanced through community-based monitoring and citizen science initiatives, informed by 

simplified WQI forecasts (Syeed et al. 2023). 

In terms of policy integration, the study supports the enhancement of existing frameworks under the National River Conservation Plan (NRCP), 

the Jal Shakti Abhiyan, and the Namami Gange Programme. The inclusion of ML-based predictions into these policies enables more dynamic 

and adaptive regulation, including the seasonal calibration of threshold values and discharge limits based on pollution risk (Kumar 2018; Syeed 

et al. 2023). Environmental compliance and pollution permitting can be improved by embedding predictive models into monitoring protocols, 

creating a stronger link between data analysis and regulatory enforcement. The formation of AI-environment task forces within pollution control 

boards or urban local bodies can further institutionalize these capabilities, supporting data-driven governance (Paul 2017). 

This research demonstrates strong alignment with multiple Sustainable Development Goals (SDGs). It supports SDG 6 (Clean Water and 

Sanitation), particularly Target 6.3 on reducing pollution and Target 6.5 on implementing integrated water resources management, by providing 

tools that improve pollution detection, analysis, and response. The integration of machine learning and predictive analytics promotes innovation 

in environmental systems, contributing to SDG 9 (Industry, Innovation, and Infrastructure) (Liu and Zhai 2009). By addressing seasonal and 

climate-sensitive pollution dynamics, the study also aligns with SDG 13 (Climate Action) (Kouadri et al. 2021). Additionally, the identification 

of ecologically vulnerable zones and high-risk areas reinforces the objectives of SDG 15 (Life on Land), aimed at conserving freshwater 

ecosystems and protecting biodiversity (Kardos and Clement 2020). 

To operationalize these implications, future initiatives should incorporate participatory governance models involving local communities, 

academic institutions, and regulatory bodies. Co-creation of policies and joint decision-making forums can ensure that predictive analytics are 

not only technically sound but also socially accepted and politically actionable. Embedding ML outputs into river basin management frameworks, 

environmental compliance workflows, and local adaptation plans will help build resilient and responsive water governance systems aligned with 

national priorities and global sustainability goals (Khan and Saxena 2023). 

6.5 Uncertainty and Future Risk Scenarios 

While the machine learning models demonstrated high predictive accuracy, several sources of uncertainty remain that may affect long-term 

reliability. The static nature of the dataset—limited to a single season (pre-monsoon)—constrains the ability to model annual or interannual 

trends. Water quality in rivers like the Gomti is highly sensitive to seasonal events such as monsoon inflows, agricultural runoff, and industrial 

discharge spikes, all of which introduce variability not captured in the current model. 

Moreover, socio-economic and environmental dynamics—such as population growth, unregulated urbanization, changing industrial footprints, 

and climate-induced rainfall variability—pose significant future risks. These factors could alter water quality patterns drastically, rendering 

present-day models less effective if not updated regularly. The risk is further compounded by the absence of real-time pollution alerts or adaptive 

governance mechanisms in the study area. 

Spatial uncertainty also persists due to limited monitoring station coverage, particularly in upstream and peri-urban stretches where 

undocumented pollution may occur. In future projections—such as WQI scenarios for 2030 or beyond—these uncertainties must be mitigated 

through integration of climate models, land-use forecasting, and dynamic socio-ecological data. Without these enhancements, long-range 

predictions may overstate confidence in water quality stability. 

6.6 Limitations, Implications, and Future Recommendations 

Limitations 

Despite strong model performance, several limitations constrain the broader applicability of the findings. The study used pre-monsoon water 

quality data only, limiting temporal generalizability across seasons. Significant fluctuations in river quality can occur due to monsoon runoff, 

agricultural return flows, or upstream discharges, which are not captured in the current model. Additionally, the relatively sparse distribution of 

sampling stations restricts spatial resolution, potentially missing local pollution hotspots. The dataset also does not integrate socio-economic 

variables or land-use dynamics, which may indirectly influence pollution levels. These factors, if omitted, can bias long-term forecasting. 

Addressing such limitations will require higher-frequency sampling, multi-season datasets, and integration with spatial and socio-economic 

layers in future iterations. 

Implications 

This study demonstrates the potential of machine learning as a transformative tool in environmental governance, especially in regions facing data 

scarcity and rapid ecological degradation. By identifying TDS, EC, DO, and SO₄ as critical parameters, the study equips policymakers with a 

focused set of indicators for real-time monitoring and resource allocation. The interpretability offered by models like Random Forest Regression 

can improve stakeholder transparency and facilitate regulation enforcement. Furthermore, integrating ML-based WQI predictions into water 

quality dashboards can support municipal agencies in proactive decision-making. Beyond governance, these insights can also be used by 

industries for compliance, and by NGOs for advocacy, helping align scientific insight with practical environmental interventions. 

Future Recommendations 

Future research should broaden the temporal scope by incorporating monsoon and post-monsoon data to capture seasonal variability in water 

quality. Integrating dynamic inputs such as rainfall anomalies, industrial load forecasts, and land-use change projections will enhance predictive 

robustness under uncertain future scenarios. Methodologically, the use of hybrid models—combining machine learning with fuzzy logic, 

ensemble learning, or time-series forecasting—may yield improved performance in complex environments. Higher spatial resolution can be 

achieved through remote sensing, UAV-based sampling, or IoT-enabled sensors. Embedding citizen science and participatory monitoring will 

not only democratize data collection but also increase public engagement and accountability. To strengthen the practical relevance of water 

quality management, future work should also incorporate stakeholder mapping, community engagement, and policy feedback loops, supporting 

inclusive, actionable, and SDG-aligned governance strategies. 

7. Conclusion 

This study presents a comparative assessment of MLR, ANN, SVR, RFR, and DTR to predict the WQI of the Gomti River during the pre-

monsoon season. The models were trained using 100 samples from five representative sites, with rigorous hyperparameter tuning and 

performance validation via 10-fold cross-validation. 

Key findings include: 

 ANN outperformed all other models, achieving the highest accuracy (92.5%), lowest prediction error (RMSE = 0.05), and strongest 

generalization (R² = 0.99 on testing data). 

 RFR also showed robust performance (R² = 0.88), offering the best trade-off between accuracy and interpretability. 
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 Feature importance analysis revealed that EC, TDS, DO, and SO₄ were the most influential parameters, providing valuable insights 

for targeted water quality management. 

 Linear models like MLR were inadequate in capturing nonlinear dynamics, and models like DTR suffered from overfitting. 

The study contributes a novel ML-based framework for water quality assessment, the first of its kind for the Gomti River Basin, and 

demonstrates how advanced analytics can supplement traditional WQI approaches. 

The methodology aligns with the goals of Sustainable Development Goal 6 (SDG 6) by enabling data-driven monitoring and proactive decision-

making for freshwater resources. The findings can inform policymakers, regulatory bodies, and environmental planners in developing early-

warning systems, prioritizing pollution sources, and optimizing treatment strategies. 

While the models demonstrated strong predictive power, limitations such as seasonal restriction, climate sensitivity, and fixed socio-economic 

assumptions warrant further research. Future work should incorporate spatiotemporal datasets, integrate socio-hydrological drivers, and employ 

hybrid techniques combining ML with GIS and hydrodynamic models to enhance scalability and resilience under changing environmental 

conditions. In sum, this study establishes a replicable, interpretable, and scalable ML pipeline for real-time surface water quality monitoring in 

complex riverine environments. 
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