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Abstract 
 

Groundwater is a key water source; even small variations in its quality may result in detrimental impacts, necessitating its regular moni-

toring for effective water management. This study emphasized monitoring and assessing groundwater from Mudirajupalem, Madal-

varigudem, and the Lingayas Institute of Management and Technology, Vijayawada campus, Andhra Pradesh, India. The groundwater was 

analyzed for quantifying acidity, alkalinity, pH, total dissolved solids (TDS), and total hardness according to standard methods. All the 

groundwater sources showed high alkalinity values, whereas Mudirajupalem groundwater exhibited high TDS (962±20 mg/L) and pH 

(9.2±0.3) values due to proximity to farming fields. The obtained water quality index (WQI) values (358.34±15.2, 59.29±4.8, and 20.32±3.1 

for the three sites, respectively) indicate that Mudirajupalem groundwater is unfit for public intake. This study demonstrated promising 

results in forecasting water quality parameters using a hierarchical reconciliation algorithm and predicted the WQI using gradient boosted 

tree (GBT), random forest (RF), and decision tree (DT) techniques. The predicted WQI values closely matched the experimental results, 

confirming that Mudirajupalem groundwater is not fit for drinking. The GBT demonstrated superior performance (R²=0.95-0.98) compared 

with RF (R²=0.89-0.93) and DT (R²=0.84-0.87) for the selected study area , and this study demonstrates that the application of advanced 

machine learning enables a proactive approach for better water quality management to address the future water needs. 

 
Keywords: Use about five keywords or phrases in alphabetical order, separated by a semicolon. 

1. Introduction 

Water is very much essential for life on Earth. Groundwater serves as a primary water source in arid and semi-arid regions, gaining prom-

inence due to increasing population growth and several other demands. [1]. The central groundwater board categorizes groundwater as 

semi-confined or unconfined, existing in sandy clays, gravels, and sands. [2]. Water availability directly influences a nation's economic 

and social development, making groundwater management critical for sustainable development. [3]. Population growth has dramatically 

increased demand for freshwater resources, wherein a primary solution is groundwater apart from rainwater and other sources. However, 

the global water supply is majorly influenced by ever-growing concerns of climate change, owing to human-induced developmental activ-

ities. [4]. Nevertheless, the natural existence of salinity in the groundwater limits its applicability for various needs. Therefore, it is indis-

putably essential to sustain the potability of water for human existence.  

In most of the places around the globe, one of the water sources free from any sort of pollution and clean is groundwater, matching surface 

water. In a study, Gleeson et al. [5] reported that approximately two billion people depend on groundwater as a potable water source, 

whereas almost 40% of irrigation needs are met by groundwater globally. Several developing countries, such as Iran, India, etc., are facing 

comparatively limited groundwater resources, owing to the issues associated with human existence as a result of depleting groundwater 

resources and declining water quality owing to numerous causes [6-8]. The recent investigations on groundwater quality for irrigation 
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reported that there is a rise in groundwater depletion owing to escalating population, developmental activities, changes in the agricultural 

and waste disposal practices [9]. Sustainable Development Goal (SDG) 6 is marked as a key asset to make water management sustainable 

and sanitation available by 2030 as per the United Nations SDGs [10]. The current level of groundwater diminution is one of the critical 

issues, making it a challenge in accomplishing the SDGs [11].  

Numerous tools and techniques, such as the water quality index (WQI), analytic hierarchy processes, fuzzy mathematics, neural networks, 

etc., have been employed to assess the quality of groundwater. [12-16]. Hence, regular monitoring of groundwater resources ensures water 

safety for human use. Machine learning (ML) technologies have attained wide acclaim for prediction and their applicability in various 

fields. Inevitably, ML techniques can also be employed for the prediction of groundwater availability for effective water management. The 

ML techniques enable the collection of datasets, storing them in databases, and processing to develop worthwhile insights, which can be 

used for various applications. [17]. In recent years, numerous investigations have been performed to forecast groundwater quality using 

ML techniques, such as random forest (RF) [18], multiple linear regression (MLR), decision tree regression (DTR), RF regression (RFR), 

and artificial neural network (ANN) [19], etc., which proved to be potential and reliable in successfully predicting the groundwater quality.  

Therefore, it is vital to monitor the groundwater resources for their quality and to manage the water resources systematically, and make 

use of modern methods for groundwater quality forecasting. Therefore, the objective of the present study mainly focused on monitoring 

and assessing the deviation in the groundwater quality from three different sources, as there is a remarkable gap in the groundwater quality 

data in the selected region. The sources include Mudirajupalem and Madalvarigudem, Krishna district, Andhra Pradesh, India, and Lingayas 

Institute of Management and Technology (LIMAT), Vijayawada campus, Andhra Pradesh, India. The groundwater analysis was carried 

out for the parameters of acidity, total dissolved solids (TDS), total hardness (TH), alkalinity, and pH as described in standard methods, as 

these are a few commonly analyzed parameters for water analysis. Also, as an initiation to the implementation of modern ML techniques, 

this study employed a few ML techniques, such as decision tree (DT), RF, and gradient boosted trees (GBT) for predicting the groundwater 

quality, as these are popular and well-employed methods in the literature for various applications.  

This study integrates conventional methods of groundwater quality analysis with ML techniques, such as DT, RF, and GBT, to predict 

groundwater quality in the selected study area. Additionally, this research fills a significant data gap in groundwater quality assessment for 

Mudirajupalem, Madalvarigudem, and LIMAT, Andhra Pradesh, India, where studies utilizing intelligent technology for groundwater 

monitoring remain limited. By leveraging ML techniques, this study not only provides the evaluation of groundwater quality but also 

introduces predictive models that can serve as decision support tools for effective water resource management. This approach is expected 

to be a stepping-stone for broader applications of ML in hydrology research in the selected study area and contribute to achieving SDG 6. 

This study presents findings from an academic institution within the study area, chiefly underlining the magnitude of the quality of ground-

water in terms of WQI and predicting its accuracy. This could eventually be beneficial to the public, as water is a valuable resource of 

nature, which would further delve into interpreting the quality of groundwater of the study area for various purposes in the future. Moreover, 

the present study lays down a durable platform to perform productive research on groundwater quality prediction and proposes relevant 

locale-specific techniques to conserve water resources that cater to the future water needs and enhance the water quality for public use.  

2. Materials and Methodology 

To plan and execute the monitoring of groundwater quality, samples were collected from three sources, such as Mudirajupalem and Madal-

varigudem, Krishna district, Andhra Pradesh, India, and LIMAT, Vijayawada campus, Andhra Pradesh, India. Groundwater quality mon-

itoring was performed by collecting groundwater samples for a period of more than one month, i.e., from March to April 2024, keeping 

the time frame and limited resources available in view. The groundwater analysis was carried out to quantify the acidity, TH, pH, TDS, 

and alkalinity by making use of the standard methods described in the American Public Health Association (APHA) [20].  

The LIMAT campus is situated in Madalavarigudem village, pertaining to the Gannavaram Mandal of Krishna District, Andhra Pradesh, 

India. Agiripalli Mandal borders Madalavarigudem on the way to the north, Unguturu Mandal in the direction of East, Kankipadu Mandal, 

and Penamaluru Mandal to the South. The satellite images of the groundwater sources in the selected study area are shown in Figure 1. 

The TH, acidity, and alkalinity in all the samples were quantified by making use of titration methods as per the APHA standard methods. 

Scientific pH papers (S. D. Fine-chem Ltd, Mumbai, India) were used to measure the samples' pH collected from three sources. The TDS 

in all the samples was measured using a Generic Digital liquid crystal display TDS Meter (Generic, TDS-3, India). The World Health 

Organization (WHO) and the Bureau of Indian Standards (BIS) [21] were taken as a baseline for assessing the water quality. The method 

described by Brown et al. [22] was used to calculate the WQI of the samples to examine the feasibility of the groundwater quality for 

numerous applications. 

 
(A) (B) 

  
(C) 



SPC Journal of Environmental Sciences 3 

 

 
Fig. 1: Satellite Images of the Selected Study Area A.) the LIMAT, Vijayawada Campus, B.) Mudirajupalem, and C.) Madalvarigudem, Krishna District. 

 

This study made use of ML techniques, such as DT, RF, and GBT, for forecasting the groundwater quality in the selected study area, as 

these are widely employed methods in the literature for various applications. The RF is a well-employed ML technique, which conglom-

erates the forecasts of multiple decision trees for performance enhancement. Reduced variance, high accuracy in predictions, and less 

susceptibility to overfitting are some of the pros of the RF technique, apart from making it suitable for larger datasets with various features. 

[18]. In a DT technique, any trail opening from the root is designated as a data splitting system until a Boolean outcome is achieved at the 

leaf node. [23-25].  

The GBT uses decision trees for predictions, in which the weaker estimation method is commonly used. It is very efficient at forecasting 

as it combines several smaller, inefficient models into one robust model, which works effectively. This method is very popular as it is 

efficient at rapidly classifying datasets. [26]. All models were implemented using TensorFlow Decision Forests (Google Zurich), an open-

source framework facilitating consistent preprocessing and validation across algorithms. Following established ML protocols [27, 28], the 

dataset was partitioned using stratified random sampling: 70% for training (n=74 samples) and 30% for testing (n=31 samples), ensuring 

representative class distribution in both subsets. This study implemented a multi-level validation framework combining three complemen-

tary approaches to ensure robust performance estimates [27, 28] and time series-specific cross-validation [29]. Also, a hierarchical recon-

ciliation algorithm was used to forecast the future trend of the parameters tested for quantifying the WQI values [30]. 

3. Results and Discussion 

Groundwater accounts for half of Indian urban water usage. However, proper light is not shed on its sustainable usage, as checking and 

assessment of water quality is limited on a large scale. To develop a solid solution for water-based environmental setbacks, it is essential 

to consistently monitor all water resources to collect accurate information, identify issues, and understand their status and root causes. This 

would further aid in devising a reasonable and robust way out to water related problems. One of the limitations of the widely used param-

eters to figure out the intensity of water quality is TDS, which is characterized by the dissolved materials existing in the water. Figure 2 

depicts the difference in the TDS value of the groundwater samples. Mudirajupalem exhibited the highest TDS values among the tested 

sites, which ranged between 931-994 mg/L, followed by LIMAT campus (199-273 mg/L) and Madalavarigudem (117-280 mg/L). Nor-

mally, oozing of salts from soil and percolation of sewage from domestic sources may result in increasing the TDS values. [31]. 
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Fig. 2: The Difference in the TDS Values in the Samples of Groundwater of the Study Area. 

 

High TDS values in the Mudirajupalem samples are likely attributed to the existence of higher concentrations of both dissolved and sus-

pended substances added by human-induced activities. This is also true in line with the results of interviews and surveys conducted in the 

present study with the local public in the selected location, also in agreement with the results reported in the literature. [32]. The values of 

TDS in Madalavarigudem and LIMAT campus groundwater were below the allowable TDS limit, which is described in the BIS standards; 

however, it is indispensable to treat the groundwater to make it fit for human consumption. Treatment technologies, including reverse 

osmosis (RO), deionization (DI), and distillation, effectively reduce TDS to acceptable levels.  
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Figure 3 illustrates the difference in the pH values in the groundwater samples of the study area. The strength of hydrogen ions present in 

water is reflected by the pH value, which stimulates reactions in any aquatic body; thereby, it is regarded as a chief feature in aquatic 

systems. [33-34]. Among samples tested during the monitoring period, Mudirajupalem groundwater showed maximum pH values that 

ranged from 8.5-10, signifying that the pH values are slightly more than the allowable limit of the BIS standards. Whereas, the pH values 

ranged between 6.5-9.0 and 6.5-8.0 for the samples of Madalavarigudem and the samples of LIMAT campus, respectively, indicating that 

the pH values in the latter samples are within the allowable limits in line with the BIS standards. High pH values may lead to corrosion of 

pipes, unpleasant taste, etc. 
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Fig. 3: Illustration of the pH Values About Three Sources of the Study Area. 

 

Mudirajupalem groundwater samples showed higher pH values, which can be attributed to the presence of agricultural fields within the 

vicinity of the study area, as is also true in the context of the results reported by Khatri et al. [35]. It can be inferred from the results that 

the range of pH values in the three groundwater sources indicates the alkaline nature, likely due to the existence of diverse buffers in the 

groundwater. [36]. Whether it is chemical or physical factors, the quality of groundwater is bound to vary depending on various factors, 

such as geological factors, human-made actions, and climate change. [37, 38]. Besides, the chemistry of groundwater with respect to a 

certain rock fluctuates depending on the contact time; the longer the contact time, the more the chances of the effect of rock chemistry on 

pH and the quality of groundwater. Moreover, pH fluctuates with the rocks' configuration and deposits edging the path through which 

recharge water penetrates the groundwater. [39].  

Basically, the alkalinity in water is characterized by the acid-neutralizing capacity. [40]. The difference in the alkalinity values in the 

samples of groundwater in the study area is presented in Figure 4. Among the samples tested, Madalavarigudem groundwater showed 

maximum alkalinity values, which ranged between 525-910 mg/L, whereas in the context of Mudirajupalem and the LIMAT campus 

groundwater, alkalinity values ranged between 460-850 mg/L and 550-750 mg/L, respectively. In general, the alkalinity of water samples 

is bound to vary with the amount of cations, anions, alkaline metals, etc., that exist in the natural water. [31]. The alkalinity values obtained 

in this study imply that the values are far more than the permissible limits described in the BIS standards. Elevated alkalinity concentrations 

can be reduced by employing water-softening processes. 

Figure 5 highlights the difference in the acidity values in the samples of groundwater in the study area. Among the samples tested, the 

LIMAT campus groundwater showed maximum acidity values, which ranged between 45-525 mg/L, whereas in the context of 

Mudirajupalem and the Madalavarigudem groundwater, acidity values ranged between 45-480 mg/L and 105-460 mg/L, respectively. 

Groundwater is bound to remain acidic in nature, depending on the aquifer geology containing carbonate rocks. As reported in the literature, 

acidic quality in water in itself is not so harmful; perhaps, the conduits or pipelines that convey the drinking water may get affected even 

if the water is in mild acidic nature. Therefore, several standards, which have been framed to tune the quality of water, have determined 

that a pH value ranging between 6.5 and 8.5 would be a barrier to minimize the scale deposits and dissolved substances because of acidic 

water. [39]. 
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Fig. 4: Variation of the Alkalinity Values in Three Sources of the Study Area. 
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Hardness in water comes into the picture because of polyvalent metallic ions dissolved in water, more predominantly due to magnesium 

and calcium. [41]. The difference in the TH values in the samples of groundwater in the study area is presented in Figure 6. Among the 

samples tested, the Mudirajupalem groundwater showed maximum TH values, which ranged between 20 and 246 mg/L, whereas in the 

context of the LIMAT campus and the Madalavarigudem groundwater, TH values ranged between 20-230 mg/L and 10-210 mg/L, respec-

tively. According to Sawyer [41]The relationship between TH and the nature of the water varies, as soft with TH less than 75 mg/L, 

moderately hard with TH ranging between 75-150 mg/L, hard with the TH ranging between 150-300 mg/L, and very hard if the TH is more 

than 300 mg/L. The TH values in groundwater from all three sources in this study indicate that the groundwater falls under a soft to hard 

band. 
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Fig. 5: Acidity Value Variation in the Samples Collected from Different Sources. 
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Fig. 6: Source-wise Variation in TH Values Across the Samples from Different Sources. 

 

Alkaline earth materials, such as magnesium and calcium, impart hardness to the water. The existence of non-carbonate and carbonate 

compounds in water will result in raising the total hardness level. [42]. The TH values in all three sources are slightly higher than the 

allowable limits approved by the standards of BIS, inferring the hard water nature of the groundwater. Water softening processes are widely 

popular for removing excess TH concentration from water. Among several contemporary tools available for gauging the quality of water, 

the WQI is deliberated as a key resourceful technique used for computing the quality of water. Brown et al. [22] reported that the WQI 

could be used to examine fluctuations in the quality of water and can be compared with any other water supply quality. The WQI takes 

into account several parameters, which convert an ample amount of data to a single number that enunciates the overall water quality.  

The WHO described the variation of the quality of water with WQI values, which state that water is unfit for drinking if the WQI is more 

than 100, very poor water quality if the WQI ranges between 76-100, poor water quality if the WQI ranges between 51-75, good water 

quality if the WQI ranges between 26-50, and excellent water quality if the WQI is less than 25 [43]. Amongst the samples of groundwater 

tested in the study area, the WQI values followed the order of 358.34±15.2, 59.29±4.8, and 20.32±3.1 for groundwater from Mudirajupa-

lem, Madalavarigudem, and LIMAT campus, respectively, demonstrating that Mudirajupalem groundwater doesn’t entail fit for public 

water supply. [43]. In line with the relationship between WQI and water quality, Madalavarigudem groundwater is considered to have poor 

water quality, whereas the LIMAT campus groundwater is of good water quality, which could be utilized for public water supply, provided 

after appropriate treatment for safety purposes. In a study conducted to investigate the groundwater quality and potential analysis using 

geospatial techniques, it was reported that the WQI values were in the range of 5.208-134.232 [44]. Similarly, a study was conducted to 

investigate the groundwater quality evaluation using WQI and geospatial techniques, wherein the WQI values were in the range of 77.03-

115.14 [45], Both the study results slightly matching with the current study results.  

The results from the groundwater analysis showed high values of alkalinity in all three sources, whereas among the three sources, Mudiraj-

upalem groundwater exhibited high pH and TDS values, which could be due to the presence of agricultural fields within the study area. 

Khatri et al. [35] demonstrated comparable results in a study conducted, wherein hardness, alkalinity, and TDS concentration in the ground-

water were found at elevated levels, which is owed to the geological strata. Also, there is a tendency for the increased levels of alkalinity 

and hardness in the groundwater because of the oozing of magnesium and calcium into the groundwater. This is true in the context of the 
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results obtained in the current study. Apart from this, it was very well reported in the literature that the geology of the bedrock and weather 

conditions play a chief role in the groundwater quality in southern India, which is influenced by human-induced activities [46].  

The authors of this study conducted ground-level awareness campaigns in and around Mudirajupalem to inform the public on restricting 

the usage of groundwater in Mudirajupalem for drinking purposes and how it is going to affect the health, making use of information and 

communication technology (ICT) tools. The authors have already submitted a separate consultancy report on the findings of this study to 

the local Government along with simple and cost-effective designs for the implementation of rainwater harvesting techniques as well. The 

authors have implemented two simple and cost-effective designs of rainwater techniques in the LIMAT campus to recharge the groundwater 

with rainwater. 

The future-forecasting trend of the selected water quality parameters was performed using a hierarchical reconciliation algorithm for nearly 

two months, where the forecasted TDS, pH, TH, and alkalinity values of the samples collected from three sources, along with the experi-

mental results, are depicted in Figures 7 to 10. The reconciliation algorithm used is a top-down approach using forecast proportions. The 

most common top-down approaches specify disaggregation proportions based on the historical proportions of the data. As per the literature, 

these approaches are simple to use and produce quite reliable forecasts for the aggregate levels, and they are useful with low-count data. 

[30]. After incorporating the forecasted values, the WQI values of the groundwater from LIMAT campus, Madalavarigudem, and Mudiraj-

upalem followed the order of 26.22, 63.81, and 362.96, respectively, matching the experimental results obtained, further validating that 

Mudirajupalem groundwater is not fit for public consumption [47]. Sensitivity analysis revealed that TDS exerts a strong influence on 

WQI, followed by alkalinity. 
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Fig. 7: Experimental Results and Forecasted Total Dissolved Solids (TDS) Values From Three Sources. 

 

As the WQI is a numeric value, ML techniques, such as GBT, RF, and DT, were used for the groundwater quality prediction. The GBT 

resulted in R2 values of 0.95, 0.98, and 0.88 for Mudirajupalem, Madalavarigudem, and LIMAT campus samples, respectively. The RF 

resulted in R2 values of 0.89, 0.93, and 0.90 for Mudirajupalem, Madalavarigudem, and LIMAT campus samples, respectively, whereas 

DT resulted in R2 values of 0.87, 0.84, and 0.845 for Mudirajupalem, Madalavarigudem, and LIMAT campus samples, respectively. The 

GBT resulted in root mean squared error (RMSE) values of 17.55, 20.66, and 66.85 for Mudirajupalem, Madalavarigudem, and LIMAT 

campus samples, respectively. The RF resulted in RMSE values of 17.55, 48.86, and 37.7 for Mudirajupalem, Madalavarigudem, and 

LIMAT campus samples, respectively, whereas DT resulted in RMSE values of 23.69, 39.32, and 25.73 for Mudirajupalem, Mada-

lavarigudem, and LIMAT campus samples, respectively. 
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Fig. 8: The Experimental Results and Corresponding Forecasted pH Values for Selected Three Sources. 
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Fig. 9: Illustration of the Experimental Results and Corresponding Forecasted TH Values in Three Sources. 

 

Apogba et al. [18]  Their study yielded an RMSE of 23.03 and an R2 value of 0.82 using RF, which is in agreement with the current study 

results, indicating that GBT and RF can foretell and produce favorable results. In a study planned for groundwater characterization and 

quality forecasting using a combination of multivariate statistics and ML techniques, DTR and RFR yielded RMSE values of 6.8 and 6.0 

with R2 values of 0.89 and 0.91, respectively [19]. Table 1 presents a comparison of groundwater quality prediction studies using various 

ML techniques. 
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Fig. 10: Experimental and Forecasted Alkalinity Values for Groundwater Samples from Three Sources. 

 
Table 1: Comparison of Groundwater Quality Prediction Studies Using Various ML Techniques 

Study Location 
ML 

Techniques 

Sample 

Size 
Parameters 

Performance 

(R²/RMSE) 
Strengths Limitations 

Compared with 

the present 

study  

Apogba 

et al. 
[18] 

Nabogo 

Basin, 
Ghana 

RF 
150 

samples 

12 

parameters 

R²=0.82, 

RMSE=23.03 

First ML study 

for the selected 

region. 
Comprehensive 

parameter set 

No algorithm 
comparison. 

Low sample to 

parameter ratio 
(12.5:1). 

No temporal 

analysis. 
Missing 

uncertainty 

quantification 

Higher sample 

density (21:1 

ratio). 
Three-algorithm 

comparison. 

Temporal 
forecasting 

added 

Abu et 

al. [19] 

Northern 

Ghana 

DTR, RFR, 

MLR, ANN 

500 

samples 

5 

parameters 

RFR: R²=0.91, 

RMSE=6.0; DTR: 
R²=0.89, RMSE=6.8 

Large dataset 

Multiple 
algorithm 

comparison 

Strong 
validation 

Single time point 

No GBT 

evaluation 
Limited to 

retrospective 

analysis 
No prediction 

intervals 

Adds GBT to 
the comparison. 

35-day 

continuous 
monitoring. 

60-day 

capability.  

Ubah et 
al. [50] 

Nigeria ANN 
120 
samples 

4 
parameters 

R²=0.93 

ANN 
architecture 

optimization 

Irrigation-
specific 

Single algorithm. 
No ensemble 

methods. 

Limited 
parameters. 

Ensemble 

methods 
comparison. 

Five parameters. 
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No validation 

strategy reported 

k-fold 

validation. 

Drinking water 

focus. 

Khatri 
et al. 

[35] 

Gujarat, 

India 

Traditional 

WQI only 

45 

samples 

11 

parameters 

WQI calculated; ML 

was not applied 

Regional 

relevance (India) 

Agricultural 
context 

No predictive 
capability. 

Static 

assessment. 
ML was not 

implemented.  

ML application 
for a similar 

Indian context. 

Predictive 
modeling added. 

Forecasting. 

Kumar 
et al. 

[45] 

Andhra 
Pradesh, 

India 

Traditional 
WQI and 

GIS 

30 

samples 

8 

parameters 
WQI range: 77-115 

Andhra Pradesh 

GIS integration 

ML techniques 

were not 
employed. 

Small sample 

size. 
Single time 

point. 

No prediction 

Same 
geographic 

region. 

ML 
implementation. 

Continuous 

monitoring. 
60-day 

forecasting. 

Current 

Study 

Krishna 

District, 
Andhra 

Pradesh, 

India 

GBT, RF, 

DT 

105 

samples 

(35 days 
× 3 sites) 

5 parameters 

GBT: R²=0.95-

0.98; 

RMSE=17.55-
66.85 

Comparison of 

GBT/RF/DT for 

groundwater 

WQI. 
Continuous 35-

day monitoring. 

60-day 
hierarchical 

forecasting. 

Agricultural 
contamination 

context 

Moderate 

sample size.  
Single region. 

Limited to 5 

parameters. 

Three-algorithm 
comparison. 

Forecasting 

integration. 
ML & WQI 

integration  

 

The current study results are in agreement with the literature in terms of R2, even though the RMSE values differ. Similar results (R2 of 

0.92, 0.98, and 0.96) were reported by Wang et al. [48], Sami et al. [49], and Ubah et al. [50] in respective research works carrying out the 

WQI analysis. The variation in the RMSE and R2 values could be attributed to different operating conditions, features, and the range of 

values in the dataset. Among the GBT, RF, and DT techniques employed, GBT and RF generated encouraging results that are identical to 

the experimental results [47]. Apogba et al. [18] In their study used twelve parameters with 150 samples, while Abu et al. [19] used five 

parameters with 500 samples (100 samples per parameter) in their investigation. The difference in sample to parameter ratio likely explains 

performance variation, suggesting RF requires substantial data density for optimal performance. This study addresses this by maintaining 

a favorable ratio (35 samples × 3 locations = 105 samples for five parameters, 21:1 ratio). Abu et al. [19] reported an R² value of 0.89 with 

an RMSE value of 6.8 for DT regression, outperforming several studies using algorithms that are more complex. However, Eesa et al. [23] 

and Yang [24] reported the susceptibility of DT to overfitting with noisy environmental data. Studies by Sami et al. [49] (n=1,095) and 

Ibrahim et al. [9] (15 parameters with GIS) establish the potential for broader approaches. This study systematically compared DT, RF, 

and GBT under identical conditions to figure out which model performs better performance.  

Moreover, the GBT resulted in WQI values of 396.74, 33.62, and 40.05 for Mudirajupalem, Madalavarigudem, and LIMAT campus sam-

ples, respectively. The RF resulted in WQI values of 397.09, 33.66, and 39.59 for Mudirajupalem, Madalavarigudem, and LIMAT campus 

samples, respectively, whereas DT resulted in WQI values of 396.73, 33.59, and 41.01 for Mudirajupalem, Madalavarigudem, and LIMAT 

campus samples, respectively. Even though there was a variation in the WQI values of samples of Madalavarigudem and LIMAT campus, 

WQI values of Mudirajupalem samples are high, which are once again closely matching with the obtained experimental results, further 

validating that Mudirajupalem groundwater is not fit for public consumption. In a study carried out to characterize the groundwater quality 

and forecast, Abu et al. [19] reported WQI values ranging from 15 to 374. Similarly, in a study planned for the characterization of the 

groundwater quality and forecasting, Apogba et al. [18] reported WQI values ranging from 9.51 to 69.99 with different features and con-

ditions. The variation in WQI values may be due to different hydrological conditions and features applied in different investigations. The 

GBT exhibited maximum R2 values consistent with the findings of Wang et al. [48] and Sami et al. [49]. The RF exhibited moderate R2 

values consistent with the findings of Abu et al. [19], followed by DT, which exhibited slightly lower R2 values. The findings of this study 

highlight the significance of context-specific model development rather than algorithm generalization across different hydrogeological 

conditions. 

This study substantiates the necessity to perform productive research on groundwater quality analysis with additional water quality param-

eters for a long period covering seasonal variations to generate real time database in the selected study area, eventually benefiting society. 

Also, extend this study to employ advanced ML techniques for predicting more accurate groundwater quality assessment. This study's 

results also envisage that it is essential to embrace location-specific treatment techniques to make the groundwater safe for human suste-

nance. Also, this study foresees the necessity of rainwater harvesting structures implementation to increase the groundwater recharge so as 

to meet the future water demand, as groundwater is undeniably one of the key sources of water supply globally. 

4. Conclusion 

Overall, this study addressed the monitoring and evaluation of the quality of groundwater from three different sources for a period of more 

than one month, analyzing TH, TDS, pH, acidity, and alkalinity. Groundwater analysis revealed high values of alkalinity in all three 

sources; however, Mudirajupalem exhibited elevated pH (9.2±0.3) and TDS (962±20 mg/L), which could be due to the presence of nearby 

agricultural fields. The WQI values of the samples tested in the study area demonstrated that Mudirajupalem groundwater is not appropriate 

for public water supply due to a WQI value of 358.34±15.2, whereas Madalavarigudem groundwater requires treatment (WQI=59±5), and 

LIMAT campus groundwater indicates acceptable quality after basic treatment (WQI=20±3). Further, this study demonstrated potential in 

forecasting water quality parameters using a hierarchical reconciliation algorithm and predicting the WQI values using GBT, RF, and DT 
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techniques. The predicted WQI values closely matched the obtained experimental results, further validating that Mudirajupalem ground-

water is not fit for public consumption. This study opened up a scope to perform productive research on groundwater quality analysis with 

additional water quality parameters covering seasonal variations and employ more advanced ML techniques for predicting more accurate 

groundwater quality assessment for proactive water quality management. 
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