Original Research Title page

ANN-assisted prediction of groundwater WQI for drinking-water screening in Salur Mandal, Andhra Pradesh, India

ABSTRACT
Aim:
Groundwater quality monitoring in hard-rock aquifer systems is essential for sustainable resource management. This study aims to assess groundwater quality using the weighted arithmetic Water Quality Index (WQI) method and to develop an Artificial Neural Network (ANN) model for reliable prediction of WQI in the Salur region of Andhra Pradesh, India. 
Study Design: A quantitative analytical study integrating WQI assessment with predictive modeling was conducted using field-monitored groundwater quality data collected over a three-year period (November 2018 to October 2021).  
Methodology:
A total of 468 groundwater samples was collected from 13 monitoring stations between November 2018 and October 2021 and analyzed for fifteen physicochemical parameters adopting standard procedures prescribed by APHA 2017. WQI was computed using the weighted arithmetic method to classify groundwater suitability. A feed-forward ANN model with a 15–5–1 architecture was developed using the Levenberg–Marquardt algorithm. The dataset was randomly divided into 70% training, 15% validation, and 15% testing subsets using MATLAB toolbox.
Results:
WQI results revealed that 77% of groundwater samples fall within the good category (WQI = 26–50), while 23% fall under the Poor category (WQI = 51–75), indicating moderate hydro chemical variability without critical contamination. The ANN model demonstrated high predictive accuracy, with Root Mean Square Error (RMSE=0.438) and coefficient of determination (R²) of 0.998 
Conclusion:
The developed ANN model effectively predicts groundwater WQI with high accuracy and can serve as a robust decision-support tool for sustainable groundwater management in hard-rock aquifer regions, particularly in data-scarce rural areas.
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1. INTRODUCTION
[bookmark: bbib17]Groundwater constitutes the primary source of drinking water in rural India, particularly in hard-rock aquifer regions where surface water availability is limited. Its quality is governed by lithology, recharge dynamics, mineral dissolution, and anthropogenic influences (Gao et al., 2020; Kumar el al., 2021; Subba Rao et al., 2020; Wu et al., 2019).
Water Quality Index (WQI) methods provide simplified representation of hydrochemical status by integrating multiple parameters into a single indicator. The weighted arithmetic WQI approach, originally conceptualized by Horton (1965) and later refined by Brown et al. (1972), has been widely applied for groundwater suitability assessment.
In India, Previous studies have reported groundwater quality assessment using WQI in various Indian regions (Ramakrishnaiah, et al., 2009; P. N. Rajankar et al., 2009; Vasanthavigar et al., 2010; Swarna Latha et al 2010; Srinivasa Rao & Nageswararao, 2013; Gummadi et al 2014; Pavan kumar et al., 2017a; Nayar,2020; Muthukumaran et al.,2022). However, conventional WQI approaches remain descriptive and lack predictive capability.
Recent advancements in deep learning have enabled robust groundwater quality forecasting (Basin et al 2018; Liv et al 2022; Li et al., 2023; Singh, et al., 2024; Chen et al 2025). Machine learning applications for water quality prediction have expanded recently (Maier & Dandy, 2000; Pavan Kumar et al., 2017b; Muthukumaran & Vinoth Kumar, 2022; Ghadai et al., 2022; Rabah Ismail et al., 2024; García-del-Toro et al., 2025). Statistical modelling of groundwater-quality indicators based on hydrochemical parameter relationships has been documented in recent literature (Basavaraja et al., 2025). Recent work has increasingly coupled WQI/GWQI/GQI frameworks with modern AI/ML (including neural networks, Bayesian neural networks, and hybrid deep-learning architectures) to improve index prediction, identify key controlling variables, and support spatial decision-making for drinking-water screening (Sajib et al., 2023; Ahn et al., 2023; Maiti et al., 2024; Ehteram et al., 2024). For example, ANN-based and related neural-network approaches have been used to predict groundwater quality indices and integrate broader chemical information for potable-water suitability screening (Sajib et al., 2023; Ahn et al., 2023), while Bayesian neural networks have been applied to both predict GWQI and identify the most influential parameters (Maiti et al., 2024). Hybrid/advanced deep-learning models have also shown strong performance for WQI prediction in recent studies (Ehteram et al., 2024), and comprehensive reviews synthesize best practices, limitations (e.g., data leakage and validation design), and emerging directions such as explainable AI for groundwater quality modeling (Haggerty et al., 2023). ANN models are especially advantageous in data-scarce hydro geological settings due to their capacity to approximate complex functional mappings without explicit physical equations.
 Despite increasing ANN applications, predictive WQI modeling remains limited in inland hard-rock aquifer systems of rural India. Therefore, this study aims to:
1. Assess groundwater quality using weighted arithmetic WQI
2. Develop and validate an ANN-based predictive model for monthly WQI estimation
3. Evaluate model robustness and performance
This integrated approach contributes toward proactive and data-driven groundwater sustainability management.
2. MATERIALS AND METHODS
2.1 Study Area
The study area is located (Fig.1) in Salur Mandal (currently Parvathipuram Manyam District), Andhra Pradesh, India, covering ~328 km² between 18°28′12″–18°46′48″N and 83°01′12″–83°17′24″E. The region is characterized by hard-rock aquifers dominated by Khondalite Group formations of the Eastern Ghats. The climate is tropical monsoonal, with seasonal recharge influencing groundwater chemistry. Groundwater serves as the principal drinking water source for rural and tribal communities (K. Krishna Kumar 2012).
[image: ]
Fig. 1: Location map of the study area (Appala Raju et al., 2014)
2.2 Sampling and Laboratory Analysis
A total of 468 groundwater samples (monthly each sample from each sampling location for 36 months) were collected from November 2018 to October 2021 from thirteen monitoring locations in the study area. Geological coordinates of the sampling locations are presented in Table 1. Samples were collected in pre-cleaned polyethylene bottles washed with non-ionic detergent, rinsed with tap water, treated with 1:1 hydrochloric acid, and finally rinsed with deionized water. Prior to sample collection, the bottles were rinsed three times with the respective groundwater. Tube wells were pumped for at least five minutes before sampling to obtain representative aquifer water.
Physico-chemical parameters were analyzed following standard procedures prescribed by APHA (1998). PH and electrical conductivity (EC) were measured using digital pH meter (Elico LI-120) and conductivity meter (Elico CL-351), respectively. Total dissolved solids (TDS) were determined by the gravimetric method. Total hardness (TH), total alkalinity (TA), calcium (Ca²⁺), magnesium (Mg²⁺), chloride (Cl⁻), carbonate (CO₃²⁻), and bicarbonate (HCO₃⁻) were estimated by standard titrimetric methods. Nitrate (NO₃⁻) was determined using a UV–Visible spectrophotometer (Elico SL-177) with a 1 cm quartz cell by the phenol disulphonic acid method. Fluoride (F⁻) was analyzed by the SPADNS method, while sulphate (SO₄²⁻) was determined by the turbidimetric method using standard barium chloride solution. Sodium (Na⁺) and potassium (K⁺) were measured using a flame photometer (Elico CL-361).
A total of fifteen physico-chemical parameters (pH, EC, TDS, TH, TA, Ca²⁺, Mg²⁺, Na⁺, K⁺, NO₃⁻, Cl⁻, F⁻, SO₄²⁻, CO₃²⁻, and HCO₃⁻) were utilized to compute the Water Quality Index (WQI) using the weighted arithmetic method.
Table 1: Groundwater sampling locations and coordinates 
	Sample Id
	Sampling Station
	Mandal
	Latitude(N)
	Longitude(E)

	S1
	Annamarajuvalasa
	Salur
	18°37′46″
	83°11′04″

	S2
	Borabanda
	Salur
	18°33′35″
	83°14′31″

	S3
	Chinavootagedda
	Salur
	18°42′05″
	83°11′43″

	S4
	Jilleduvalasa
	Salur
	18°43′16″
	83°08′07″

	S5
	Kandulapalem
	Salur
	18°38′40″
	83°09′22″

	S6
	Karasuvalasa
	Salur
	18°34′34″
	83°10′05″

	S7
	Kurukutti
	Salur
	18°35′20″
	83°05′35″

	S8
	Maripalle
	Salur
	18°37′54″
	83°09′07″

	S9
	Mirtivalasa
	Salur
	18°36′4″
	83°13′44″

	S10
	Neliparti
	Salur
	18°30′16″
	83°10′57″

	S11
	Parannavalasa
	Salur
	18°32′22″
	83°15′11″

	S12
	Puroithunivalasa
	Salur
	18°34′08″
	83°14′33″

	S13
	Sivarampuram
	Salur
	18°32′11″
	83°14’36”



2.3 Water Quality Index
Several Water Quality Index (WQI) models have been proposed by researchers, notably Horton (1965) and Brown et al. (1972), and have since been widely adopted by governmental agencies and researchers for water quality assessment. Among these, the Weighted Arithmetic Water Quality Index (WAIWQI) method is one of the most popular and extensively applied approaches. The WQI was computed using the below equations (Eq.1- Eq. 4). 

        (Eq. 1)
The quality rating scale (Qi) for each parameter is calculated by using this expression:
     (Eq. 2)
Where, Vi= estimated concentration of ith parameter in the analysed water, Vo=The ideal value of this parameter in pure water
   Vo=0 (except pH =7.0)
    Si=Standard value of ithparameter
 The unit weight (Wi) for each water quality parameter is calculated by using the following formula:
             (Eq. 3)
Where, K=proportionality constant and can also be calculated by using the following equation:
         (Eq. 4)
Using the equations, WQI values were computed for all sampling locations and periods. Based on the obtained WQI values, the groundwater quality was classified into standard rating categories to interpret its suitability for drinking purposes. It is presented in Table 2.
Table 2: Water Quality rating as per WA-WQI model
Brown et al (1972)]

	WQI Value
	Rating of Water Quality
	Suitability for drinking

	0-25
	Excellent
	Fit for drinking

	26-50
	Good
	Acceptable for drinking

	51-75
	Poor
	Moderately polluted

	76-100
	Very Poor
	Excessively polluted

	Above 100
	Unsuitable for drinking purpose
	Unfit for drinking


2.4 Artificial Neural Network (ANN) Model development for prediction of WQI
A feed-forward Multilayer Perceptron (MLP) Artificial Neural Network (ANN) was developed to predict monthly Water Quality Index (WQI) values using hydro chemical parameters as inputs. The dataset comprised out of 468 samples, 390 monthly groundwater samples from 13 monitoring stations over a 30-month period taken as training and validation period. A period six of months was considered as testing period. The dataset was randomly divided using MATLAB’s random split default dividerand function into training (70%, n = 273), validation (15%, n = 59), and testing (15%, n = 58) subsets. The validation subset was utilized for early stopping to control overfitting during training, whereas the testing subset was reserved exclusively for independent model evaluation.
Fifteen physicochemical parameters—pH, EC, TDS, Ca²⁺, Mg²⁺, Na⁺, K⁺, Cl⁻, SO₄²⁻, HCO₃⁻, CO₃²⁻, NO₃⁻, F⁻, Total Hardness (TH), and Total Alkalinity (TA) —served as input neurons, and the calculated WQI was treated as the single output neuron. Prior to model development, all input variables were normalized to the range of 0–1 using min–max scaling to enhance training efficiency and numerical stability.
The optimized ANN architecture (Fig.2) consisted of 15 input neurons, one hidden layer containing 5 neurons, and one output neuron (15–5–1 configuration).  A tangent sigmoid (tansig) activation function was employed in the hidden layer to model nonlinear relationships among the hydro chemical variables, while a linear (purelin) function was applied at the output layer to generate continuous WQI predictions.
The selection of hidden neurons was performed through iterative trials by testing networks with 3 to 10 neurons and comparing validation errors. The configuration chose with five hidden neurons the best balance between prediction accuracy and generalization performance. Increasing the number of neurons beyond five did not significantly reduce validation error and posed a greater risk of overfitting.
Training was carried out using the Levenberg–Marquardt back propagation algorithm (trainlm) available in the Neural Network Toolbox of MATLAB (R2023a, Math Works Inc., USA), chosen for its rapid convergence with moderate-sized datasets. The final model comprised 86 adjustable parameters, which is substantially lower than the number of training samples (n = 273), thereby ensuring statistical adequacy and limiting over-parameterization.
Model performance was assessed using the coefficient of determination (R²), root mean square error (RMSE), mean absolute error (MAE), and mean bias error (MBE), to comprehensively evaluate model accuracy and predictive capability. The performance indicators are calculated using below equations. 
Model Performance Evaluation indicators
Model performance was evaluated using the equations (Eq.5 – Eq. 8) presented below. 
Coefficient of Determination
R² = 1 − [Σ(Oi − Pi)² / Σ(Oi − Ō)²]     (Eq. 5)
Root Mean Square Error
RMSE = √[(1/n) Σ(Oi − Pi)²]          (Eq. 6)
Mean Absolute Error
MAE = (1/n) Σ|Oi − Pi|           (Eq. 7)
Mean Bias Error
MBE= (1/n) Σ(Pi – Oi)    (Eq. 8)
where
Oi = observed WQI; Pi = predicted WQI; Ō = mean observed WQI; n = number of samples
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Figure 2: Architecture of the feed-forward ANN model used for WQI prediction
3. RESULTS AND DISCUSSION
      3.1.  Physico chemical Analysis
Fifteen physicochemical parameters of all samples were measured using standard methods prescribed by APHA 2017. Parameters Min-Max values and Permissible values (Si) were presented in Table 3.  
Table 3: Physico-Chemical Parameters & Its Permissible values
	Sample ID
	S1
	S2
	S3
	S4
	S5
	S6
	S7

	Parameters
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max

	pH
	7.05
	7.93
	7.05
	7.53
	7.35
	7.93
	7.05
	7.53
	7.05
	7.93
	7.45
	8.03
	7.35
	8.03

	EC
	1249
	1311
	1110
	1193
	1499
	1694
	1168
	1232
	1335
	1460
	1792
	1858
	1327
	1374

	TDS
	819
	859
	730
	784
	979
	1104
	768
	808
	916
	954
	1167
	1209
	869
	899

	NO3
	15
	20.6
	19
	24.6
	30.1
	35.6
	26
	31.6
	28
	33.6
	26
	31.6
	4
	9.6

	TH
	365
	388
	355
	383
	359
	378
	335
	368
	285
	318
	460
	488
	350
	378

	Ca
	33
	39.6
	38
	46.6
	31
	37.6
	31
	35.6
	36
	41.6
	51
	56.6
	35
	40.6

	Mg
	69
	73.6
	82
	88.6
	64
	71.6
	63
	68.6
	44
	51.6
	79
	83.6
	62
	65.6

	Na
	19
	28.2
	20
	27.2
	42
	48.2
	18
	26.2
	53
	59.2
	32
	39.2
	25
	32.2

	K
	3.7
	4.66
	3.9
	4.66
	8.1
	8.66
	3.3
	4.26
	10.3
	10.9
	6.1
	7.06
	4.9
	5.66

	Cl
	32
	40.8
	32
	40.8
	61
	73.8
	30
	37.8
	80
	89.8
	50
	59.8
	40
	48.8

	SO4
	20
	26.6
	31
	39.6
	54
	60.6
	10
	15.6
	40
	45.6
	42
	47.6
	33
	38.6

	CO3
	54
	62.6
	93
	98.6
	9
	16.6
	45
	54.6
	9
	16.6
	61
	70.6
	21
	29.6

	HCO3
	270
	316
	270
	316
	300
	346
	270
	316
	250
	296
	320
	376
	290
	326

	F
	0.29
	0.55
	0.33
	0.57
	0.34
	0.49
	0.31
	0.45
	0.39
	0.64
	0.33
	0.46
	0.39
	0.55

	TA
	270
	336
	280
	326
	310
	376
	280
	326
	270
	316
	340
	396
	310
	346



	Sample ID
	S8
	S9
	S10
	S11
	S12
	S13
	Permissible values 

	Parameters
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	Min
	Max
	

	pH
	7.15
	7.65
	7.55
	8.13
	7.15
	7.73
	6.95
	7.53
	7.35
	7.93
	7.45
	8.03
	8.5

	EC
	1022
	1076
	1428
	1481
	1970
	2038
	1392
	1460
	2240
	2311
	1620
	2004
	1000

	TDS
	674
	709
	934
	969
	1279
	1324
	911
	954
	1454
	1499
	1055
	1302
	600

	NO3
	15
	20.6
	14
	20.6
	25
	31.6
	16
	21.6
	17
	22.6
	16
	22.6
	50

	TA
	295
	318
	365
	403
	395
	423
	415
	438
	595
	643
	415
	438
	500

	Ca
	26
	31.6
	59
	65.6
	57
	63.6
	38
	44.6
	64
	68.6
	40
	48.6
	200

	Mg
	52
	58.6
	51
	56.6
	59
	64.6
	74
	80.6
	111
	117
	73
	81.6
	150

	Na
	18
	24.2
	37
	44.2
	39
	46.2
	28
	34.2
	48
	54.2
	24
	30.2
	200

	K
	3.7
	4.26
	7.6
	8.36
	7.5
	8.46
	5.7
	6.16
	9.5
	10.1
	4.8
	5.26
	20

	Cl
	27
	34.8
	57
	66.8
	57
	68.8
	43
	50.8
	73
	81.8
	38
	45.8
	250

	SO4
	25
	34.6
	34
	39.6
	14
	19.6
	82
	87.6
	9
	15.6
	23
	29.6
	250

	CO3
	41
	47.6
	43
	49.6
	65
	72.6
	34
	40.6
	119
	129
	63
	70.6
	30

	HCO3
	190
	246
	270
	316
	270
	326
	290
	336
	420
	466
	310
	356
	500

	F
	0.24
	0.38
	0.6
	0.75
	0.17
	0.33
	0.69
	0.92
	0.51
	0.74
	0.3
	0.47
	1.2

	TA
	210
	266
	280
	336
	280
	346
	310
	366
	430
	486
	320
	376
	200



 Monthly WQI values were computed for all 468 groundwater samples collected between November 2018 and October 2021. The year wise average WQI values and their ratings prescribed by Brown et al 1972 are presented in Table 3. 
3.2.  Water Quality Index Distribution

Table 4:  WQI Values and their ranking
	Sample ID
	Yearly Average WQI Values
	Average WQI values
	WQI ranking

	
	Year 1
	Year 2
	Year 3
	
	

	S1
	39.01
	40.94
	40.70
	40.21
	Good

	S2
	42.96
	44.89
	44.65
	44.17
	Good

	S3
	35.42
	37.35
	37.11
	36.63
	Good

	S4
	33.73
	35.66
	35.42
	34.94
	Good

	S5
	42.04
	43.97
	43.73
	43.25
	Good

	S6
	40.42
	42.35
	42.11
	41.63
	Good

	S7
	38.97
	40.90
	40.66
	40.18
	Good

	S8
	28.84
	30.77
	30.53
	30.04
	Good

	S9
	56.74
	58.67
	58.42
	57.94
	Poor

	S10
	29.33
	31.26
	31.02
	30.54
	Good

	S11
	60.51
	62.44
	62.20
	61.72
	Poor

	S12
	61.48
	63.41
	63.17
	62.69
	Poor

	S13
	38.75
	40.68
	40.44
	39.95
	Good


WQI result from Table 4 states that the majority of samples (77%) were classified as good, indicating overall acceptable groundwater quality for drinking purposes with minor treatment. A smaller proportion of samples (23%) fell within the Poor category, indicating localized deterioration likely associated with geogenic mineral dissolution, and source of contamination (particularly pre-monsoon). No samples were categorized under Very Poor or Unsuitable classes, indicating the absence of severe contamination during the monitoring period.
The observed WQI variability reflects nonlinear interactions among major cations, anions, and physicochemical parameters. Seasonal recharge and evapoconcentration likely influence fluctuations in TDS, hardness, and major ion chemistry, which in turn affect WQI values. However, the absence of extreme WQI classes (WQI 76-100, WQI >100) suggests that groundwater quality degradation is moderate rather than critical within the investigated region.
3.2. ANN Performance Evaluation
The comparison between experimentally computed and ANN-predicted Water Quality Index (WQI) values for six months (from May-2021 to October-2021) is presented in Table 5. The model demonstrated excellent predictive performance, with a high coefficient of determination (R² = 0.998), indicating a very strong agreement between observed and predicted values.
Table 5: Comparison Between Experimented and ANN Predicted WQI Values during Testing 
	Sample ID
	Month& Year
→
	May-2021
	Jun-2021
	Jul-2021
	Aug-2021
	Sep-2021
	Oct-2021

	S1
	Experimented
	48.41
	48.77
	37.03
	35.52
	34.52
	31.62

	
	ANN Predicted
	48.41
	48.98
	36.28
	35.23
	34.36
	30.94

	S2
	Experimented
	50.72
	50.43
	40.54
	38.24
	38.54
	38.44

	
	ANN Predicted
	50.59
	50.62
	40.43
	37.94
	38.97
	38.30

	S3
	Experimented
	40.75
	40.78
	34.23
	34.13
	32.37
	35.49

	
	ANN Predicted
	40.97
	41.00
	34.26
	34.12
	32.15
	35.54

	S4
	Experimented
	38.60
	39.44
	33.12
	32.62
	33.06
	31.92

	
	ANN Predicted
	38.58
	39.10
	33.05
	32.65
	32.94
	32.24

	S5
	Experimented
	51.66
	49.14
	40.24
	36.38
	35.13
	38.19

	
	ANN Predicted
	50.43
	49.21
	40.02
	36.32
	35.10
	37.85

	S6
	Experimented
	44.24
	45.80
	40.62
	38.79
	40.61
	39.07

	
	ANN Predicted
	44.00
	45.98
	40.12
	39.05
	40.40
	38.21

	S7
	Experimented
	43.80
	45.04
	39.71
	38.10
	36.21
	36.36

	
	ANN Predicted
	43.72
	45.19
	39.66
	38.14
	36.76
	35.98

	S8
	Experimented
	33.55
	34.16
	26.73
	28.36
	26.38
	28.96

	
	ANN Predicted
	33.52
	34.31
	26.01
	28.22
	25.12
	29.16

	S9
	Experimented
	62.08
	62.67
	55.98
	56.36
	54.72
	53.64

	
	ANN Predicted
	62.18
	62.82
	56.13
	56.09
	54.42
	53.53

	S10
	Experimented
	35.45
	34.99
	29.62
	27.84
	27.99
	26.28

	
	ANN Predicted
	35.48
	35.24
	29.76
	27.83
	28.68
	26.01

	S11
	Experimented
	67.74
	68.14
	56.22
	55.15
	56.75
	54.51

	
	ANN Predicted
	67.32
	67.85
	57.80
	55.13
	56.04
	54.42

	S12
	Experimented
	67.70
	69.30
	61.10
	57.82
	56.24
	56.99

	
	ANN Predicted
	68.09
	69.50
	60.92
	57.55
	54.58
	56.93

	S13
	Experimented
	45.52
	45.38
	36.54
	36.71
	38.95
	36.72

	
	ANN Predicted
	45.01
	45.54
	36.59
	36.73
	39.13
	36.55


The error metrics further confirm the robustness of the developed ANN model, as evidenced by low Root Mean Square Error (RMSE = 0.438), Mean Absolute Error (MAE = 0.287), and minimal bias (−0.098). These results indicate high prediction accuracy, low dispersion of errors, and negligible systematic overestimation or underestimation.
The regression performance plot for Sample 1 is illustrated in Fig. 3, demonstrating the close clustering of predicted values along the 1:1 line. The regression coefficient (R) values for all samples are provided in Table 6, representing the strength of correlation between experimentally observed (actual) and ANN-predicted WQI values. The consistently high R values across samples confirm the reliability and generalization capability of the developed ANN model.[image: D:\ann\PMWS11.jpg]
Figure 3 Regression performance of the ANN model during training, validation, and testing phases (Sample S1).

Table 6:   Regression coefficient (R) values of the samples
	Sample ID
	Training
	validation
	Testing
	All

	S1
	0.99997
	0.99633
	0.97176
	0.99509

	S2
	0.97815
	0.99412
	0.98929
	0.97985

	S3
	0.99982
	0.99643
	0.99301
	0.99575

	S4
	0.96993
	1
	0.92065
	0.97223

	S5
	0.99956
	0.98976
	0.98369
	0.99314

	S6
	0.94363
	0.99709
	0.99954
	0.97622

	S7
	0.99984
	0.99652
	0.99014
	0.99761

	S8
	0.97688
	0.98551
	0.98003
	0.97487

	S9
	0.99783
	0.96785
	0.96241
	0.98251

	S10
	0.98274
	0.99831
	0.97242
	0.98216

	S11
	0.98124
	0.99023
	0.98488
	0.98363

	S12
	0.99489
	0.99727
	0.97409
	0.99229

	S13
	0.99964
	0.99927
	0.99449
	0.99782


.
4. CONCLUSIONS
(i) Based on WA-WQI analysis from Table 4, 

a) The results indicated that the water samples collected from ten sampling stations (S1, S2, S3, S4, S5, S6, S7, S8, S10 and, S13) of the study area meet the required standards for drinking purpose as their status was classified under good category. 
b) The remaining water samples at three sampling stations (S9, S11, S12) Mittivalasa, Parannavalasa and Puroithunivalasa reported as Poor category. It is proposed to take appropriate treatment measures before the consumption of water collected from these stations. 

(ii) Based on ANN Performance Evaluation from Table 4 and Table 5, 
It is observed that the 15–5–1 ANN developed model achieved strong predictive performance with consistent generalization across independent datasets. The framework enables rapid WQI estimation from routine hydro chemical measurements and may serve as a practical decision-support tool in hard-rock aquifer systems.
Future work should explore reduced-parameter ANN models and cross-regional validation to enhance scalability.

Limitations and Future Research
This study is limited by its reliance on physicochemical measurements from 13 stations within a single hard-rock aquifer setting; therefore, the reported WQI patterns and model performance may not directly generalize to other hydrogeological domains or to locations influenced by different land-use and contamination sources. In addition, the ANN was trained to reproduce WQI derived from the same input parameters, which may inflate predictive metrics and does not demonstrate true forecasting of future water quality conditions. Quality-assurance information (e.g., duplicates, blanks, detection limits, ionic balance error) was not explicitly assessed, and seasonal/monsoon variability was not examined in detail. 
Future research should incorporate multi-year datasets from diverse aquifers, evaluate time-aware validation (e.g., temporal holdout), and explore models that predict future WQI or key parameters using hydroclimatic drivers. Interpretable methods (e.g., SHAP/feature sensitivity) and uncertainty quantification should be added to identify dominant controls and improve decision support for groundwater management.
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