



Comparison of water quality index values and groundwater quality making use of machine learning methods: a case study


ABSTRACT 
The variation in groundwater quality resulting from societal changes is a matter of concern, as groundwater is considered as one of the most vital sources of water supply among all available resources. Assessing water quality through systematic monitoring provides a basis for determining its suitability for various purposes, including effective water quality management. The present study focused on leveraging a hierarchical reconciliation algorithm (HCA) for forecasting water quality parameters and the Gradient Boosted Tree, Decision Tree and Random Forest models to predict Water Quality Index (WQI) values. This study was based on the experimental results conducted for monitoring and evaluating the quality of groundwater samples collected from two locations namely, Mudirajupalem and Lingayas Institute of Management and Technology (LIMAT), Vijayawada campus, Krishna district, Andhra Pradesh, India for the parameters, such as alkalinity, pH, total dissolved solids (TDS), total hardness (TH) and acidity using standard methods. The pH value was in the range of 8.5-10 for the Mudirajupalem samples, whereas pH value in the range of 6.5-8.0 was obtained in the LIMAT campus samples. It was observed that a range of 460-850 mg/L alkalinity was obtained in the Mudirajupalem samples, whereas a range between 550-750 mg/L of alkalinity was obtained in the LIMAT campus samples. Very high values of TDS were obtained in the Mudirajupalem samples with a range between 931-994 mg/L, whereas TDS values ranged between 199-273 mg/L in the LIMAT campus samples. It was observed that TH ranged between 20-246 mg/L for the Mudirajupalem samples, whereas for the LIMAT campus, TH values were in the range of 0-230 mg/L. Groundwater from LIMAT campus and Mudirajupalem samples showed the WQI values in between 39.59 to 41.01 and 396.73 to 397.09, respectively, which affirms that Mudirajupalem groundwater is not fit for public consumption. The foreseen WQI values were found to be similar with the results obtained via experiments, reinforcing the conclusion that the groundwater in Mudirajupalem is unsuitable for public consumption. Additionally, the HCA, which was employed for forecasting key water quality parameters proved to be effective. This study demonstrated promising results in predicting groundwater quality, opening up opportunities for further research into the use of advanced machine learning techniques to achieve even more accurate long-term groundwater quality predictions.
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1. INTRODUCTION 
Water stands as a fundamental element essential for sustaining life on Earth, which is recognized as one of the five core elements supporting all forms of existence on the planet. Among various water sources, groundwater serves as a critical supply for meeting basic needs, predominantly in semi-arid and arid regions, which has become increasingly valuable in recent years due to population growth and rising commercial demands (Vivek et al., 2024). Beyond its life-sustaining role, water is an indispensable resource that contributes significantly to enhancing the economic and social well-being of any nation (Anchan and Prasad, 2021).
Groundwater research has enabled significant advancements through the adoption of various methods for groundwater quality monitoring. A widely applied tool for assessing groundwater quality is Water Quality Index (WQI), which transforms the extensive data of water quality into a particular value that indicates its suitability for diverse uses (Uddin et al., 2020; Atta et al., 2022; Madhavan et al., 2023; Uddin et al., 2023). The current generation is witnessing a notable rise in employing machine learning (ML) techniques across many disciplines, including water resource management, where ML has shown effectiveness in predicting groundwater conditions. These ML approaches encompass data collection, data storage in databases, and the generation of valuable insights through data processing, making them highly applicable across countless domains (Hussein et al., 2020). In a study conducted by Abu et al. (2024), artificial neural networks (ANN), random forest regression (RFR), decision tree regression (DTR) and multiple linear regression (MLR) were employed, wherein it was reported that the models were feasible for predicting groundwater quality; whereas Apogba et al. (2024) in an another study highlighted the strong predictive capability of Random Forest algorithm for groundwater quality purpose. 
In a study conducted by Singha et al. (2021), a deep learning (DL) model outperformed RF, ANN and eXtreme gradient boosting algorithms for predicting the quality of groundwater collected from an agriculturally intensive area, Arang of Raipur district, Chhattisgarh, India. An entropy weight-based groundwater quality index (EWQI) was predicted in their study, which proved that DL model was the best prediction model with the R2 value of 0.996, whereas RF, XGBoost and ANN showed R2 value of 0.886, 0.927, 0.917, respectively. The literature cited above emphasizes groundwater as an undisputed and critical source of global drinking water, highlighting the need for its continuous monitoring and management to accomplish the sustainable development goals (SDGs) (Sajib et al., 2023). This, in turn, calls for the application of ML techniques to improve groundwater quality forecast. In light of these considerations, the present study was focused on leveraging the Gradient Boosted Tree (GBT), Decision Tree (DT) and Random Forest (RF) models for prediction of WQI values and a hierarchical reconciliation algorithm (HCA) for forecasting water quality parameters. In line with results reported by Vamsi et al. (2024), this study was conducted for monitoring and evaluating the quality of groundwater samples collected from Mudirajupalem and Lingayas Institute of Management and Technology (LIMAT), Vijayawada campus, Krishna district, Andhra Pradesh, India for the parameters, such as pH, alkalinity, total hardness (TH), total dissolved solids (TDS) and acidity using standard methods. This study details the groundwater quality prediction by leveraging three ML techniques conducted independently by an academic institution located near the selected study area. Perhaps, this study is probably first of its kind addressed by an academic institution with in the vicinity of selected study area combining experimental study and modeling, underlining the magnitude of the quality of groundwater in line with WQI values, which may lead to directly benefiting the society owing to vitality of the naturally gifted resource. Furthermore, the study highlights opportunities for future research on groundwater quality prediction with more advanced ML techniques. 
2. MATERIALS AND METHODS 
For the experimental investigation, samples were collected from two groundwater locations: the LIMAT campus in Vijayawada and Mudirajupalem village in Krishna district, Andhra Pradesh, India. Penamaluru Mandal and Kankipadu Mandal geographically border the LIMAT campus, situated in Maadalavarigudem, to the south, Agiripalli Mandal to the north, and Unguturu Mandal to the east. Mudirajupalem village, on the other hand, lies within Gannavaram Mandal of Krishna district. The satellite imagery of both the LIMAT campus and the Mudirajupalem region is presented in Figure 1.
2.1 Methodology 	
[bookmark: _GoBack]“As per the time constraints and limited resources available, groundwater monitoring was conducted over a 35-day period in the study area” (Vamsi et al., 2024). “Samples collected during this period were analyzed for pH, alkalinity, TDS, TH and acidity following standard methods (APHA, 2005), as these parameters are generally assessed in water quality studies” (Vamsi et al., 2024). The pH values in the samples collected were quantified using scientific pH papers (S. D. Fine-chem Ltd, Mumbai, India), whereas the TDS values were determined by a Generic Digital LCD TDS Meter (Generic, TDS-3, India). Acidity, TH and alkalinity values in the samples collected were measured by titration methods available in APHA standard methods. Groundwater quality was evaluated as per the water quality standards prescribed by the World Health Organization (WHO, 2004) and the Bureau of Indian Standards (IS, 2012). Additionally, the WQI was calculated following the method described by Brown et al. (1972) to assess the groundwater aptness for diverse uses. 
WQI = (Σ𝑊n𝑄n) / (Σ𝑊n) 
The unit weight (Wn) for each water quality parameter is calculated by using the following formula: 
𝑊n=𝐾/𝑆n 
Where, K = proportionality constant and can also be calculated by using the following formula: 
𝐾= (1/Σ (1/𝑆n))
Sn is standard desirable value of nth parameter. 
The quality rating scale (Qn) for each parameter is calculated by using the following formula: 
Qn=100 × [(𝑉n−𝑉𝑜) / (𝑆n−𝑉𝑜)] 
Where, Vn is mean concentration of nth parameter in the analyzed water, 
Vo is the ideal values of the parameter in pure water (Vo= 0 in general), except for pH
Therefore, overall WQI = (Σ𝑊n𝑄n) / (Σ𝑊n)
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Figure 1. The satellite images of study area, a.) LIMAT, Vijayawada Campus and b.) Mudirajupalem, Krishna district.
This study employed three widely used ML techniques reported in the literature, which include RF, GBT and DT to forecast the quality of groundwater within the vicinity of the selected study area. The DTs are supervised learning algorithms that shapes their arrangement depending on input data, making apt for both cataloging and regression tasks. It resembles the structure of a tree in which each internal node represents a test on an attribute, each branch corresponds to an attribute value, and each leaf node denotes the ultimate result or forecast. The DT models are generated from an algorithm which is automated that applies a series of hierarchical decisions to partition the input variable into subspaces, resulting in a structured hierarchy of nodes and branches (Hyndman and Athanasopoulos, 2021). In the RF technique, overall performance is improved based on the predictions from multiple decision trees, which are combined in nature. The RF is predominantly valued for its high prediction accuracy, reduced susceptibility to overfitting, and lower variance, making it well suited for large datasets with numerous features (Apogba et al., 2024). The GBT operates collective decision trees to mark predictions, relying on weaker estimators that are iteratively combined to form a stronger, more robust model, ultimately delivering reliable results. Its ability to rapidly classify datasets is a notable advantage, contributing to its popularity in predictive modeling (Sarailidis et al., 2023).
In the current study, these models were implemented using open-source, user-friendly tools devised by the TensorFlow Decision Forests team at Google Zurich. In the present study, the proposed models were trained with 70% data, and testing was performed with 30% data. Furthermore, a hierarchical reconciliation algorithm (HRA) was utilized to estimate forthcoming tendencies in groundwater quality parameters, ultimately aiding in the quantification of WQI values (Hyndman and Athanasopoulos, 2021).
3. RESULTS AND DISCUSSION
The groundwater quality is susceptible to vary from area to area owing to dynamic nature of the groundwater, which necessitates its regular monitoring, eventually supporting in understanding the groundwater quality issues and aid in figuring out practical solutions for water quality issues. The TDS values variation in the samples during the monitoring period is shown in Figure 2, wherein very high TDS values were obtained in the Mudirajupalem samples ranging between 931-994 mg/L, whereas for LIMAT campus samples, TDS values were in the range of 199-273 mg/L (Vamsi et al., 2024). Kumar et al. (2024) conducted a study on evaluation of groundwater quality using WQI and geospatial techniques, wherein high TDS values were reported ranging between 450-1820 mg/L, emphasizing that high TDS values were obtained because of dumping municipal and industrial wastes, leaks, and the infiltration of water comprising of solid materials into the ground. Generally, high TDS values are found in groundwater owing to the leaching of salts from soil, apart from the municipal sewage that may infiltrate into the groundwater, eventually increasing the TDS values (Prasanth et al., 2012). In the current study, high TDS values were obtained in the Mudirajupalem groundwater samples, which could be attributed to the presence of solid materials (both dissolved and suspended) because of various human induced activities within the vicinity of the study area. 
Deviation of the TH values in the study area samples is presented in Figure 3. It was observed that TH values were in the range of 0-230 mg/L for the LIMAT campus samples, whereas for the Mudirajupalem samples, TH values were in the range of 20-246 mg/L (Vamsi et al., 2024). The results reported by Kumar et al. (2024) in their study indicated that TH values were in the range of 252-1049 mg/L, which is slightly matching with the current study results, the difference could be due to geological formulations. Figure 4 shows the differences in the alkalinity values in the study area samples, wherein it can be noticed that alkalinity values were in the range of 550-750 mg/L for the LIMAT campus samples, whereas for the Mudirajupalem samples, the range was 460-850 mg/L. The alkalinity results obtained in the current study specify that the alkalinity is outside the range of permissible limit, which is in line with the BIS standards (Vamsi et al., 2024). Figure 5 depicts the variation of the pH values in the samples in the selected study area. As apparent from the results, the pH values were in the range of 6.5-8.0 for the LIMAT campus samples, whereas the pH values were in the range of 8.5-10 for the Mudirajupalem samples. This clearly indicates that the pH values were beyond the range of permissible limit in the latter context as per the BIS standards. It is evident that high pH values were attained in the Mudirajupalem samples, probably due to the existence of agricultural fields within the vicinity of the selected area (Vamsi et al., 2024). 
The HRA was applied to estimate the forthcoming trends of designated parameters of groundwater quality over a period of nearly two months. The projected values of alkalinity, TDS, TH and pH in the samples collected from two different sources, together with the corresponding experimental results are presented in Figures 2 to 5. For this purpose, a top-down reconciliation algorithm was adopted, utilizing prediction quantities. This method is commonly used in top-down approaches, where disaggregation proportions are determined based on the historical distribution of data. 


Figure 2. The projected values of TDS parameter together with the corresponding experimental results collected from two sources.
Such methods are commonly preferred as they are straightforward to implement, generate reliable estimates at the cumulative level, and are particularly effective when dealing with datasets of relatively low counts (Hyndman and Athanasopoulos, 2021). Experimental results pertaining to the current study showed alkalinity with high values in both the sources, whereas, groundwater collected from Mudirajupalem showed high TDS and pH values as it is sited within the vicinity of agricultural fields (Vamsi et al., 2024). Experimental results are very well correlating with the forthcoming trends of designated parameters of water quality presented in Figures 2 to 5.


Figure 3. The projected values of TH parameter together with the corresponding experimental results collected from two sources.


Figure 4. The projected values of alkalinity parameter together with the corresponding experimental results collected from two sources.


Figure 5. The projected values of pH parameter together with the corresponding experimental results collected from two sources.
The DT, GBT and RF are three ML techniques that were applied for the prediction of groundwater quality, where, R2 values of 0.90 and 0.89 for LIMAT Campus and Mudirajupalem, respectively were obtained in case of the RF. In case of DT, R2 values of 0.845 and 0.87 were obtained in the samples of LIMAT Campus and Mudirajupalem, respectively, whereas in case of GBT, R2 values of 0.95 and 0.88 were obtained in the samples of LIMAT Campus and Mudirajupalem, respectively. Root mean squared error (RMSE) values of 37.7 and 17.55 were obtained in case of RF for LIMAT Campus and Mudirajupalem, respectively. In case of DT, RMSE values of 25.73 and 23.69 were obtained in the samples of LIMAT Campus and Mudirajupalem, respectively, whereas RMSE values of 66.85 and 17.55 were obtained in the samples of LIMAT Campus and Mudirajupalem, respectively in case of GBT.    
In a study conducted by Apogba et al. (2024), a R² value of 0.82 and RMSE of 23.03 were obtained using RF aligning with the current study findings, demonstrating that both GBT and RF are effective in yielding favorable predictions. Similarly, RMSE values of 6.8 and 6.0 with corresponding R² values of 0.89 and 0.91 were reported by Abu et al. (2024), employing DTR and RFR for characterization of groundwater and forecasting its quality through different ML techniques and amalgamation of multivariate statistics. Although slight deviations are reported in RMSE values, the outcome of the current study is consistent with R² performance reported in the literature. Sami et al. (2022), Wang et al. (2017), and Ubah et al. (2021) also reported comparable results, with R² values of 0.98, 0.92 and 0.96, respectively, in their WQI analyses. Variations in RMSE and R² values in the current study could be attributed to differences in operating conditions, input features, and dataset ranges. In the current study, GBT and RF produced the most reliable results out of three ML techniques employed, closely matching with the experimental findings.  
The GBT model resulted in WQI values of 40.05 and 396.74 for LIMAT Campus and Mudirajupalem samples, respectively, while the RF model yielded 39.59 and 397.09, and the DT model predicted WQI values of 41.01 and 396.73 for the same locations. Based on the WQI values obtained in the forecasted values, LIMAT Campus and Mudirajupalem showed identical results matching with the attained experimental results. Further, as per the predicted WQI values, Mudirajupalem groundwater is nowhere apt for public use. Comparable studies support these outcomes; for instance, the WQI values ranging from 15 to 374 were reported in groundwater quality characterization and forecasting study conducted by Abu et al. (2024), while Apogba et al. (2024) documented WQI values between 9.51 and 69.99 under varying conditions and features. Such differences in reported WQI values may be ascribed to distinct hydrological settings and dataset characteristics. 
[bookmark: _heading=h.3znysh7][bookmark: _heading=h.tyjcwt]In a study conducted by Shrivastava et al. (2022), the WQI prediction was performed by comparing ensemble methods (Logistic Regression, k-nearest neighbor (kNN), DT, support vector machine (SVM), and Naïve Bayes), boosting (AdaBoost and Stochastic Gradient Boosting) and bagging (Bagged Decision Trees, RF, and Extra Trees). The ensemble model, bagged decision trees and gradient boosting achieved the highest accuracy (Shrivastava et al., 2022). Kumar and Pati (2022) in a study reported that RF showed arsenic prediction in the groundwater in terms of better classification performance compared with DT, Naïve Bayes algorithm and Multi-layer Perceptron (MLP). In a study conducted by Mogaraju (2022) for prediction of water quality class in India, RF and a kNN model showed the highest accuracy compared with Classification and Regression Tree (CART), linear discriminant analysis and SVM models. In a study, Tasan et al. (2022) reported that deep neural network (DNN) and convolutional neural network (CNN) outpaced RF and extreme gradient boosting (XGB) meant for assessment of parameters of groundwater quality, such as chloride, potential salinity, TDS, and sodium adsorption ratio in a coastal aquifer by means of pH and electrical conductivity (EC) as factors.
Agrawal et al. (2021) reported that Naïve Bayes-Particle Swarm Optimization (PSO) classifier marginally outpaced a PSO-SVM model conducted for the prediction of WQI values. In an another study conducted by Sheikh Khozani et al. (2022), long short-term memory (LSTM) and CNN were compared with MLP for the prediction of WQI values, wherein the LSTM accomplished better results on the dataset for almost all performance measures. Similarly, in another study, RF showed potential results in determining the WQI and groundwater quality index (GQI) values combining with a fuzzy method (Norouzi and Moghaddam, 2020). The study conducted by Yan et al. (2024) reported that XGB, RF, MLP, CNN and Short-term Memory models showed better performance in predicting WQI values, whereas the RF algorithm showed potential in effectively selecting key water quality indicators. Tanega et al. (2023) reported that RF model showed superior performance with 95% accuracy among the DT and Support Vector, which were used to calculate the values of WQI and, water quality classification of Lake Taal in the Philippines. The findings of the current study suggest that employing more advanced ML techniques could further enhance the accuracy of prediction of the quality of groundwater. Moreover, the current study envisages the importance of implementing commonly available rainwater harvesting designs to address impending challenges associated with scarcity of water and improve groundwater recharge, which would in turn positively influence the quality of groundwater quality in the long stand.
4. CONCLUSION
Overall, the present study validated the efficacy of ML models in envisaging groundwater quality factors. Favorable results were obtained with the use of HCA for forecasting water quality indicators and the application of GBT, RF, and DT techniques for predicting WQI values. The experimental findings were consistent with the predicted WQI values, thereby ratifying that the Mudirajupalem groundwater is unsuitable for human consumption. The study highlights the potential of ML-based approaches in groundwater quality prediction and opens opportunities for future research by leveraging more advanced ML techniques to achieve greater accuracy in long-term water quality assessment.
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