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Abstract: Groundwater is the most reliable source of freshwater in arid and semi‑arid regions, where surface wa‑
ter resources are scarce and highly variable. Its role in agriculture, drinking water supply, and ecosystem stability 
highlights the importance of reliable quality assessment. However, traditional monitoring approaches are often 
costly, labor‑intensive, and spatially limited. Machine learning (ML) techniques offer promising alternatives for ac‑
curately predicting groundwater quality using a reduced set of hydrochemical parameters. This study evaluated 
the application of ML algorithms integrated with the Water Quality Index (WQI) framework to predict groundwater 
quality in the Minab Plain, Hormozgan Province, Iran. Groundwater samples were collected from 15 wells between 
2010 and 2023 and analysed for six physicochemical indicators. Correlation analysis was performed to identify the 
most influential parameters, followed by the application of Decision Tree (DT), k‑Nearest Neighbor (KNN), Support 
Vector Machine (SVM), and Random Forest (RF) models to forecast WQI under variable input scenarios. WQI values 
ranged from 29.74 to 107.2, with 95.6% of samples classified as “Good” and 4.3% as “Excellent.” pH showed the 
strongest correlation with WQI (R2 = 0.98), while Na and total dissolved solids (TDS) exhibited the weakest asso‑
ciations. Among the tested models, DT achieved the highest classification accuracy within this dataset; however, 
the results should be interpreted as case‑study‑specific rather than universally generalizable. The findings demon‑
strate that ML‑based WQI modeling provides a robust, potentially cost‑effective approach for groundwater quality 
prediction, supporting sustainable water management in arid and semi‑arid regions.
Keywords: Groundwater Quality; Water Quality Index (WQI); Machine Learning (ML); Arid and Semi‑Arid Regions;
Coastal Area

1. Introduction
Groundwater is the principal source of irrigation and domestic supply inmany regions, particularly in arid and

semi‑arid areaswhere surfacewater resources are scarce and unreliable [1]. The global importance of groundwater
was underscored by the 2022 UN‑Water campaign, Groundwater: Make the Invisible Visible, which highlighted
that this resource constitutes nearly 99% of the Earth’s unfrozen freshwater reserves, yet remains inadequately
recognized, monitored, and protected [2]. Despite its fundamental role in sustaining human and ecological systems,
groundwater is increasingly threatened by overexploitation and declining quality [3].

Groundwater quality degradation is strongly linked to anthropogenic activities, including intensive agricul‑
tural practices, industrial discharges, and poor waste management, which collectively pose risks to human health
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and ecosystem stability [4]. For irrigation purposes, groundwater quality varieswidely across regions, with salinity
and chemical composition posing major challenges for sustainable agriculture [5,6]. Poor management practices
exacerbate these problems, leading to reduced freshwater availability for human consumption and long‑term eco‑
logical harm [7–9]. Strengthened research and monitoring are therefore essential to safeguard public health and
ensure ecosystem integrity [3,10]. Traditional approaches to groundwatermonitoring, such as field‑based sampling
and statistical regression models, face significant limitations. These methods are often costly and time‑intensive,
particularly when applied to large spatial domains [11]. Furthermore, statistical and empirical models generally
require a fixed number of parameters and exhibit limited adaptability to dynamic hydrogeological conditions or
to newly available datasets [12]. As groundwater systems are inherently complex and nonlinear, such approaches
may fail to capture the full range of interactions among the influencing variables, thereby reducing their predictive
power [13]. Machine learning (ML) techniques have emerged as powerful tools to address these limitations. Un‑
like traditional statistical approaches, MLmodels can handle nonlinear interdependencies and incorporate diverse
datasets, thereby enhancing predictive accuracy and interpretability [12,13]. ML approaches also enable the use
of reduced sets of input parameters while maintaining high accuracy, making them cost‑effective and scalable solu‑
tions for groundwater quality prediction [14,15]. Recent advances in ML, including supervised, unsupervised, and
reinforcement learning, have expanded the scope of groundwater research [16–18]. Supervised learning methods
such as neural networks, support vectormachines (SVM), and random forests (RF) arewidely used for classification
and regression tasks, including groundwater quality prediction [19,20]. Unsupervised methods, including cluster‑
ing and dimensionality reduction techniques such as principal component analysis (PCA), are effective for identi‑
fying hidden structures in hydrochemical datasets [18]. Reinforcement learning, though less commonly applied in
hydrogeology, offers potential for adaptive water resource management [17]. Applications of ML in groundwater
studies have expanded over the past two decades, particularly in groundwater level forecasting, quality assessment,
and aquifer vulnerability mapping [21,22]. Various models, including RF, SVM, Gradient Boosting, and XGBoost,
have been successfully applied to predict theWater Quality Index (WQI), a widely acceptedmeasure that integrates
multiple water quality parameters into a single quantitative index [23,24]. WQI assessments commonly incorpo‑
rate parameters such as pH, total dissolved solids (TDS), calcium, magnesium, and nitrates, with entropy‑weighted
water quality index (EWQI) approaches frequently employed to assign importance to different indicators [25,26].
Large datasets from multiple monitoring sites have been shown to enhance the robustness of ML‑based predic‑
tions, enabling improved spatial mapping and regional understanding of groundwater quality [13]. For instance,
Xu et al. [27] applied linear regression and sevenMLmodels towater quality data from17 rivers in Jiangsu Province,
China, and reported that RF and XGB achieved the highest predictive reliability for WQI grades, with accuracies ex‑
ceeding 85%. However, challenges remain, particularly regarding spatial uncertainty in predictions, data quality,
and the integration of explainable AI approaches to support transparent decision‑making [25]. In Iran, the Minab
Plain aquifer is particularly vulnerable due to unsustainable withdrawals, desertification, and the proliferation of
deep and semi‑deep wells [28,29]. Overexploitation not only reduces water availability but also degrades water
quality, especially in shallow aquifers [30]. Understanding groundwater quality dynamics in this region is there‑
fore essential for ensuring agricultural sustainability and protecting drinking water resources.

Although WQI is conventionally calculated using all measured hydrochemical variables, routine groundwater
monitoring is often constrained by analytical costs, laboratory capacity, and sampling frequency. Therefore, identify‑
ing the minimum number of hydrochemical parameters required for reliable WQI prediction is of considerable prac‑
tical importance. Machine learning provides an opportunity not only to predict WQI but also to identify the smallest
subset of variables that preserves prediction accuracy while reducing monitoring costs. Therefore, this study aims
to (i) identify the minimum hydrochemical dataset required for reliable WQI prediction, (ii) compare the predictive
performance of four machine learning algorithms using progressively reduced input variables, and (iii) evaluate the
practical applicability of reduced‑input models for groundwater quality monitoring in a coastal aquifer.

The novelty of this study lies in four aspects. First, six different variable‑reduction scenarios were evaluated
to identify theminimum hydrochemical dataset required for reliableWQI prediction. Second, both regression (con‑
tinuous WQI prediction) and classification (WQI grades) performance were assessed simultaneously. Third, the
study identifies themost influential groundwater quality parameters for efficient monitoring of this coastal aquifer.
Finally, the proposed framework was evaluated using a long‑term groundwater monitoring dataset (2010–2023),
providing practical implications for cost‑effective groundwater quality assessment.
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2. Material and Method
2.1. Study Area

The Minab River Basin is located in Hormozgan Province, southern Iran, within the Makran folded zone south
of the Jazmurian Depression. It extends eastward and northeastward toward the Minab and Zandan faults and
southwestward to the Oman Sea, covering an area of approximately 10,421 km2. Elevations range from 2,704 m
in the upstream mountains to −16 m near the Persian Gulf, creating diverse topography that influences hydrolog‑
ical and land‑use patterns. The basin experiences an arid‑to‑semi‑arid climate according to the De Martonne and
Thornthwaite classifications, with a mean annual temperature of 26.6 ℃, average precipitation of 224 mm, and
potential evapotranspiration of 2,668 mm. Rainfall is highly seasonal, primarily occurring from February to March
(150–200 mm), contributing to a pronounced water deficit.

Geologically, the region comprises igneous intrusive rocks, metamorphic complexes, and sedimentary forma‑
tions, reflecting the complex tectonic setting of the Makran zone, as shown in Figure 1. Field observations indicate
widespread exposure of metamorphic, igneous, and sedimentary rocks across the basin. Alluvial sediments domi‑
nate the Minab Plain, especially at the river entrance, where coarse‑grained sand and gravel deposits are prevalent.
Particle size decreases westward near the coast, transitioning to finer silty and sandy sediments with higher salin‑
ity. Hydrologically, the Minab River originates from the Zagros Mountains and flows southeast to the Persian Gulf.
Surface water is limited and variable, rendering groundwater the main source for irrigation, domestic supply, and
industrial use. The most favorable groundwater occurs near the river entrance, where coarse alluvial deposits con‑
tain relatively freshwater. Westward, groundwater salinity increases due to finer sediments and lateral flow effects.
Land use is dominated by irrigated agriculture, particularly in themiddle and lower basin, while urban settlements,
including the city of Minab, exert additional pressure on water resources. The combination of arid climate, high
evapotranspiration, geological heterogeneity, and intensive groundwater use makes the Minab Basin a vulnerable
socio‑hydrological system, highlighting the importance of sustainable groundwater management and quality mon‑
itoring. Figure 2 illustrates the workflow of the method applied in this study.

Figure 1. A View of the location of sample wells in Iran, Hormozgan, and the study area, and the geologic map.
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Figure 2. Workflow of the presented methodology.

2.2. Methods
2.2.1. Study Site and Sampling

The monitoring program was conducted within the agricultural areas of the Minab Plain aquifer. A total of 15
groundwater wells, distributed across different agricultural zones, were selected for the study. Groundwater sam‑
ples were collected from these wells over 14 years (2010–2023), yielding 308 samples. The location and coordi‑
nates of eachwell were recorded using a Global Positioning System (GPS) to ensure accurate spatial representation.
Sampling, transportation, and analysis were performed in accordance with standardized procedures for water and
wastewater testing [31].
• Water Quality Parameters

Six hydrochemical parameters were analysed to determine the Groundwater Quality Index (GWQI): pH, total
hardness (TH), total dissolved solids (TDS), sodium (Na⁺), sulfate (SO₄2⁻), and chloride (Cl⁻). Total hardness repre‑
sents the combined concentration of calcium and magnesium (mg/L) and is a key indicator of water suitability for
irrigation, human consumption, and industrial use [32,33]. The pH of groundwater samples ranged from 7.9 to 8.3,
indicating neutral to mildly alkaline conditions, consistent with typical natural waters [34].

Based on groundwater classification criteria [35], approximately 40% of the samples exhibited very high min‑
eralisation (TDS > 1,500 mg/L), a condition that can be exacerbated by seawater intrusion and anthropogenic ac‑
tivities, such as domestic wastewater discharge [32]. Chloride and sodium are the predominant ions affecting irri‑
gation water quality. Excessive chloride, originating from saltwater intrusion or atmospheric deposition, can act
as a tracer for contamination [36,37]. High sodium concentrations reduce oil permeability, while elevated chloride
levels can inhibit plant growth. Over time, the accumulation of salts from irrigation water and soil can increase soil
salinity, adversely affecting crop productivity [38].
• Geological Context

All geological formations within the study area are classified as Quaternary deposits, including coastal sands,
marine sediments, and alluvial deposits. The most favorable aquifer zones correspond to coarse‑grained alluvial
deposits at the mouth of the Minab River, which contain relatively fresh water, whereas finer sediments toward
the west exhibit higher salinity. This comprehensive 14‑year dataset enabled assessment of spatial and temporal
variations in groundwater quality across the Minab Plain, forming the basis for WQI calculation and subsequent
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machine‑learning‑based predictive analyses. Table 1 summarizes the threshold values for each water quality pa‑
rameter according to international standards.

Table 1. Indicator Thresholds in Water Quality Standards.

Units WHO Range of WQI Groundwater Quality

pH ‑ 6.5–8.5 <50 Excellent
Na+ mg/L 200 50–100 Good
SO4

2− mg/L 250 100–200 Poor
Cl− mg/L 300 200–300 Very Poor
TH mg/L CaCO3 500 >300 Unsuitable
TDS mg/L 1,000

2.2.2. WQI Calculation

The quality of groundwater for drinking purposes can be quantitatively assessed using theWater Quality Index
(WQI), which integrates multiple hydrochemical parameters into a single, dimensionless value to facilitate [39,40].
In this study,WQIwas calculated using six key parameters, each assigned aweight (Wᵢ) reflecting its relative impor‑
tance to overall water quality and potential health impacts. The calculation procedure involves three main steps.
First, a sub‑index (Qᵢ) is determined for each parameter, based on its measured concentration (Vᵢ), the ideal or
optimal value (V0), and the standard permissible value (Sᵢ) according to international guidelines:

Qi = 100 ቈVi − V0
Si − Vo

቉

A proportionality constant (K) is used to calculate the weight for each parameter:

Wi =
K
Si

Finally, the overall WQI is computed as a weighted average of the sub‑indices:

WQI =
∑Wi Qi
∑Wi

The resulting WQI values range from 0 to 100, providing a relative measure of water quality. Based on estab‑
lished thresholds, water quality can be categorised into five classes: “Excellent” (<50), “Good” (50–100), “Poor”
(100–200), “Very Poor” (200–300), and “Unsuitable” (>300) [41]. This approach enables systematic ranking of
wells and identification of areas where water quality may pose risks to human health, facilitating effective ground‑
water management and decision‑making.

2.2.3. Machine Learning Algorithms for WQI Prediction

In this study, various combinations of groundwater quality parameters were employed to predict the Water
Quality Index (WQI) using fourwidely appliedmachine learning (ML)models: Decision Tree (DT), k‑Nearest Neigh‑
bors (KNN), Support Vector Machine (SVM), and Random Forest (RF). Continuous variables were normalized using
Min–Max scaling to improve model stability and comparability among variables with different units. The dataset
was randomly divided within each cross‑validation iteration into training (90%) and validation (10%) subsets.
Model selection was based exclusively on the training folds, while final model performance was reported on the
independent test set. Extreme values were examined using the interquartile range (IQR) method; however, no
observations were removed because they represented realistic hydrochemical conditions of the aquifer. The orig‑
inal monitoring dataset contained no missing values because only complete laboratory records were retained for
analysis. Therefore, no data imputation procedure was required.

TheDecisionTree (DT)model emulates a sequential decision‑makingprocess,wherewater quality features are
recursively partitioned to reach terminal nodes for classification. DT models are intuitive, interpretable, and allow
visualisation of decision paths. However, they may be prone to overfitting on training data, potentially limiting
generalisation [42,43]. The Classification and Regression Tree (CART) algorithm is widely used for its robustness
and versatility [25,44], with parameters set to mtry = 5 and CP = 0.0001.
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K‑Nearest Neighbors (KNN) is a distance‑based algorithm that classifies or predicts values by measuring simi‑
larity among neighboring data points usingmetrics such as Euclidean, Manhattan, orMinkowski distances. Despite
its computational intensity, KNN has demonstrated superior performance compared to traditional methods [45].
The Euclidean distance is used in this study.

The Support Vector Machine (SVM) is a kernel‑based model that optimizes global solutions while handling
nonlinear relationships. Various kernel functions can be applied, including polynomial and radial basis function
(RBF) kernels. In this study, SVM was implemented using the RBF kernel, with gamma = 0.5 and C = 1, ensuring
high flexibility and regularisation [46,47].

Random Forest (RF) is an ensemble learning technique that combines multiple decision trees to improve pre‑
dictive accuracy. By randomly selecting subsets of data and features for each tree, RF reduces overfitting while
improving model stability. It is particularly effective in handling high‑dimensional and complex datasets and al‑
lows evaluation of feature importance [48,49]. For this study, the RF model was configured with mtry = 5 and CP
= 0.0001. Model hyperparameters were optimized using a grid‑search procedure within the training folds of the
cross‑validation framework. The tested ranges included tree complexity parameters for DT and RF, the number of
neighbors for KNN (k = 3–15), and the regularization (C = 0.1–10) and kernel parameters (γ = 0.01–1) for SVM.

To partially account for the temporal structure of the 2010–2023 dataset, model evaluationwas repeated using
a chronological hold‑out test in which the most recent 20% of observations were reserved for independent testing,
while the remaining data were used for model training and cross‑validation.

2.2.4. Performance Evaluation

To assess the predictive capability of each model, several performance metrics were applied, including accuracy,
coefficient of determination (R2), Mean Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and Root
Mean Square Error (RMSE) [50–52]. Accuracy, defined as the ratio of correctly predicted samples to the total num‑
ber of samples, provides a general measure of classification performance [53]. RMSE andMSE quantify the deviation
between predicted and observed values, while R2 assesses the proportion of variance explained by themodel. Collec‑
tively, these metrics provide a comprehensive evaluation of each ML algorithm’s reliability in WQI prediction.

RMSE =ඨ 1
N ෍

n

i=1
(Yi − Xi)2 (1)

MSE = 1
N ෍

N

t=1
(yi − xi)2 (2)

r = 𝑛 ∑𝑛
𝑖=1 𝑥𝑖 𝑦𝑖 − ∑𝑛

𝑖=1 𝑦𝑖
ට൤𝑛 ∑𝑛

𝑖=1 𝑥2𝑖 − (∑𝑛
𝑖=1 𝑥𝑖)

2൨ × ൤𝑛 ∑𝑛
𝑖=1 𝑦2𝑖 − (∑𝑛

𝑖=1 𝑦𝑖)
2 ൨

(3)

MAPE = 1
N ෍

N

t=1
ቤyi − xi

yi
ቤ (4)

Accuracy = TP + TN
TP + FP + TN + FN (5)

For a given point N in space and time, the mean of the observed (𝑌𝑖) and simulated (𝑋𝑖) Values are calculated
using all available data, including observations and outputs from multiple simulations. The R2 value, as expressed
in Equation (3), reflects how well the simulated values reproduce the variability of the observed data, with values
closer to 1 indicating higher predictive accuracy and better model performance.

3. Result and Discussion
Groundwater quality is a key determinant of its suitability for drinking, irrigation, and industrial use. Table

2 summarizes six hydrochemical parameters measured at 15 monitoring wells in the Minab aquifer from 2010 to
2023. These parameters were evaluated against World Health Organization (WHO) guidelines to assess water suit‑
ability [54]. Spatial distributions of groundwater quality were also analysed in relation to the basin’s geological
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characteristics (Figure 1). The pH values ranged from 7.9 (Wells W12 and W15) to 8.3 (Wells W3 and W13), indi‑
cating neutral to mildly alkaline conditions. Chloride concentrations varied widely, from 170 to 2,393 mg/L, with a
mean of 189mg/L, while sulfate (SO₄2⁻) ranged from102 to 698.8mg/L (mean 251mg/L), reflecting contributions
fromboth natural sources and anthropogenic activities [55]. Excessive chloride can impart a salty taste and indicate
contamination from seawater intrusion or human activity. Total dissolved solids (TDS) in groundwater ranged from
720 to 4,889mg/L (mean 1,614.5 mg/L), representing the sum of dissolved inorganic salts (WHO) [54]. Total hard‑
ness (TH) varied between 112 and 1,440 mg/L as CaCO₃ (mean 339 mg/L), while sodium concentrations ranged
from 186 to 1,339mg/L (mean 424mg/L). Sodium levels above 200mg/Lmay compromise taste and domestic us‑
ability [32,56,57]. Spatial variations in groundwater quality are closely linked to geological formations. TDS levels
were generally lower in Quaternary sediments but higher in eastern wells, owing to high evaporation rates and an‑
thropogenic activities such as intensive agriculture andwater harvesting [41]. Elevated TH concentrationswere ob‑
served in areas underlain byMiocene basement rocks, rich in calcite and dolomite, whereas Quaternary formations
exhibited lower TH. Sodium concentrations followed a similar trend, with higher values in Miocene formations in
the east. The Makran unit, composed of Miocene–Pliocene sediments including Goshi Marl, Khako Sandstone, Tiab
Sandstone, and Minab Conglomerate, contributes to groundwater salinity due to high porosity, prolonged water
contact, and elevated chloride content, predominantly as sodium chloride. The Minab aquifer generally receives
recharge from the eastern highlands, suggesting an east‑to‑west flow. However, excessive groundwater extraction,
particularly in central and eastern sections, has reversed the flow direction to west‑to‑east. The largest declines in
the water table occur in the southeast, driven by intensive exploitation and overpumping, highlighting the critical
need for sustainable groundwater management.

Table 2. Details of six water quality parameters at each monitoring well.

Areas Name Parameter Min Max Mean S.D Classification

W1 TH 320.0 381.0 351.8 17.8 Very Hard
Na+ 443.7 540.3 475.9 27.6 Bad
SO4

2− 168.1 331.4 220.9 43.2 Good
Cl− 620.4 797.6 716 42.5 Bad
pH 7.8 8.5 8.1 0.2 ‑
TDS 1,657.0 1,974.4 1,780.5 101.5 Very High: Useful for irrigation

W2 TH 160.0 496 347.1 72.3 Very Hard
Na+ 224.4 423.2 316.5 49.6 Not Bad
SO4

2− 150.8 380.4 250.2 62.1 Good
Cl− 202.1 443.1 330.5 56.5 Good
pH 7.4 8.4 7.9 0.3 ‑
TDS 873.6 1,652.0 1,326.3 201.2 High: Useful for irrigation

W3 TH 112 184 137 21.1 Hard
Na+ 239.1 323.2 281 19.7 Not Bad
SO4

2− 131.1 273.3 183.4 30.5 Good
Cl− 226.9 265.9 246.6 10.0 Good
pH 7.7 8.8 8.3 0.3 ‑
TDS 896.6 1,043.2 958.0 38.1 Moderate: Permissible for drinking

W4 TH 144 392 220.4 67.9 Hard
Na+ 284.2 450.1 326.6 39.4 Not Bad
SO4

2− 144.6 464 204.7 67.0 Good
Cl− 329.7 487.5 380.2 50.3 Not Bad
pH 7.7 8.5 8.1 0.2 ‑
TDS 1,031.0 1,751.7 1,199.9 184.7 Useful for irrigation

W5 TH 128 256 180.6 40 Hard
Na+ 186.2 226.2 208.8 15.9 Good
SO4

2− 139.3 195 165.6 20.0 Good
Cl− 170.2 216.3 189.4 20.7 Good
pH 7.8 8.5 8.1 0.2 ‑
TDS 720.0 940.8 811.9 81.9 Moderate: Permissible for drinking

W6 TH 208.0 336 244.8 37.2 Hard
Na+ 211.7 294.7 232.3 22.5 Not Bad
SO4

2− 102.8 293.9 201.2 38.9 Good
Cl− 191.4 322.6 216.3 30.8 Good
pH 7.8 8.6 8.1 0.2 ‑
TDS 92.0 1,228.2 926.2 206.6 Moderate: Permissible for drinking

W7 TH 176.0 584 425.3 88.5 Very Hard
Na+ 239.3 480.3 420.9 50.7 Not Bad
SO4

2− 161.4 346.3 258.3 52.1 Good
Cl− 260.6 620.4 484.3 70.7 Not Bad
pH 7.5 8.8 8.0 0.4 ‑
TDS 1,012.5 2,074.2 1,718.6 221.5 Very High: Useful for irrigation
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Table 2. Cont.

Areas Name Parameter Min Max Mean S.D Classification

W8 TH 144.0 352 251 61.4 Hard
Na+ 349.7 478.2 430.5 46.6 Not Bad
SO4

2− 189.7 654.6 264.6 106.3 Good
Cl− 221.6 496.3 421.6 64.0 Not Bad
pH 7.8 8.8 8.2 0.3 ‑
TDS 1,340.2 1,647.4 1,517.4 91.5 Very High: Useful for irrigation

W9 TH 160.0 384 237.6 51.1 Hard
Na+ 320.7 699.3 414.5 100.7 Not Bad
SO4

2− 184.4 372.7 246.2 42.3 Good
Cl− 336.8 531.8 398.6 63.5 Not Bad
pH 7.5 8.7 8.2 0.3 ‑
TDS 1,219.2 2,213.1 1,457.7 299.5 High: Useful for irrigation

W10 TH 248.0 1000 313.7 150.6 Very Hard
Na+ 304.6 835.9 355.6 106.7 Not Bad
SO4

2− 160.9 597.0 241.0 87.3 Good
Cl− 280.1 1471.2 363.8 242.0 Not Bad
pH 7.6 8.7 8.2 0.3 ‑
TDS 1,194.2 3,601.3 1,395.1 485.5 High: Useful for irrigation

W11 TH 384.0 1,160 784.5 238.1 Very Hard
Na+ 809.5 1,339.1 1,031.6 151.8 Bad
SO4

2− 286.3 658.5 482.1 102.7 Not Bad
Cl− 974.9 2,180.3 1,636.2 388.6 Bad
pH 7.4 8.4 8.0 0.2 ‑
TDS 2,826.2 5,052.8 3,886.0 658.5 Very High: Unfit for drinking and irrigation

W12 TH 288.0 1,440 630.0 329.9 Very Hard
Na+ 425.3 1,263.3 787.8 262.5 Bad
SO4

2− 156.1 617.6 339.5 135.6 Not Bad
Cl− 567.2 2,393.0 1,217.5 550.4 Bad
pH 7.6 8.4 7.9 0.3 ‑
TDS 1,626.2 4,889.6 3,002.5 1,081.3 Very High: Unfit for drinking and irrigation

W13 TH 120.0 192 166.7 21.3 Hard
Na+ 211.5 245.5 228.4 10.3 Good
SO4

2− 131.1 209.9 156.3 20.3 Good
Cl− 200.3 276.5 233.6 22.4 Good
pH 7.7 8.7 8.3 0.2 ‑
TDS 777.0 935 849.3 46.3 Moderate: Permissible for drinking

W14 TH 272.0 464 308.3 40.3 Very Hard
Na+ 319.3 503 369.3 36.2 Not Bad
SO4

2− 147.4 454.8 244.7 66.1 Good
Cl− 354.5 620.4 383.9 54.2 Not Bad
pH 7.6 8.5 8 0.3 ‑
TDS 1,317.1 1,991.7 1,423.5 143.0 High: Useful for irrigation

W15 TH 288.0 640.0 488.8 77.6 Very Hard
Na+ 367.6 591.1 480.3 65.9 Bad
SO4

2− 141.7 698.8 311.9 116.9 Not Bad
Cl− 354.5 584.9 477.4 73.2 Not Bad
pH 7.3 8.8 7.9 0.4 ‑
TDS 1,390.7 2,341.0 1,964.2 266.6 Very High: Useful for irrigation

The observed spatial variability reflects differences in hydrogeological conditions throughout the aquifer. Ele‑
vated salinity‑related parameters (EC, TDS, Na+, and Cl−) are mainly associated with seawater intrusion, irrigation
return flows, and intensive agricultural activities. In contrast, wells farther from the coastline exhibited lower salin‑
ity and, consequently, higher WQI values. These findings indicate that groundwater quality is primarily controlled
by both natural geochemical processes and anthropogenic influences.

Figure 3 indicates a clear spatial pattern in groundwater quality across the Minab aquifer. Higher WQI val‑
ues are mainly observed in inland recharge areas, whereas lower WQI values occur near the western coastal zone.
This pattern is consistent with the regional hydrogeological setting, where seawater intrusion, groundwater over‑
exploitation, and irrigation return flows contribute to increasing groundwater salinity. The spatial distribution
therefore supports the hydrochemical interpretation presented in the subsequent machine learning analysis.

Table 3 presents the distribution of Water Quality Index (WQI) grades across the 15 monitoring wells in the
Minab aquifer. The calculated WQI values ranged from 29.74 to 107.2, reflecting generally good groundwater qual‑
ity throughout the study area. Well W15 exhibited the highest proportion of “Excellent” water quality, accounting
for 40.9% of observations. In contrast, wellsW1,W5,W6, andW8 did not record any instances of “Excellent” water,
indicating 0% for this category. Overall, the most prevalent water quality class was “Good,” with an average fre‑
quency exceeding 87% across all wells. Wells W1, W5, and W6 reported 100% of samples in the “Good” category,
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while six wells (W3, W4, W10, W11, W12, andW13) recordedmore than 90% in this grade. Instances of “Poor” wa‑
ter quality were limited, observed in only six wells (W3, W8, W9, W10, W13, andW15), each exceeding 7% of total
observations. Notably, none of the wells fell under the “Very Poor” category, indicating that extreme deterioration
in water quality was absent in the study area. These findings underscore the overall suitability of Minab groundwa‑
ter for domestic and agricultural use, while highlighting localized areas where water quality management may be
required to maintain and improve standards.

(a)

(b)

Figure 3. Spatial distribution of the Water Quality Index (WQI) across the Minab aquifer. (a) WQI class at the 15
monitoring wells according to the WHO classification. (b) Spatial interpolation of WQI values shows the gradual
decline in groundwater quality toward thewestern coastal zone due to salinity intrusion and agricultural activities.
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Table 3. Summary of the WQI classification at all monitoring wells.

No.Well Excellent (%) Good (%) Poor (%) Very Poor (%) Count

W1 ‑ 100 ‑ ‑ 15
W2 31 68 ‑ ‑ 22
W3 4.5 91 4.5 ‑ 22
W4 4.5 95.5 ‑ ‑ 22
W5 ‑ 100 ‑ ‑ 7
W6 ‑ 100 ‑ ‑ 24
W7 30 70 ‑ ‑ 20
W8 ‑ 88.8 11.2 ‑ 18
W9 6 82 12 ‑ 17
W10 4.4 91.2 4.4 ‑ 23
W11 6.7 93.3 ‑ ‑ 15
W12 6.3 93.7 ‑ ‑ 16
W13 4.3 91.4 4.3 ‑ 23
W14 13.6 86.4 ‑ ‑ 22
W15 40.9 54.6 4.5 ‑ 22

Because the dataset is highly imbalanced (95.6% ‘Good’ class), classification accuracywas interpreted together
with class‑wise prediction behavior rather than as the sole indicator of model quality.

3.1. Correlation Analysis of Water Quality Parameters
Based on the collected groundwater quality data, six input parameterswere selected to evaluate their influence

on the Water Quality Index (WQI). Figure 4a illustrates the correlation coefficients between each parameter and
WQI across all monitoring wells. Among the variables, pH exhibited the strongest positive influence on WQI, with
an average correlation coefficient of 0.98, indicating its critical role in determining groundwater quality. Total hard‑
ness (TH) and chloride (Cl⁻) displayed negative correlations with WQI, whereas sulfate (SO₄2−) showed a positive
relationship. Sodium (Na⁺) and total dissolved solids (TDS) exhibited the lowest correlations, suggesting aminimal
impact on WQI predictions. These findings imply that Na⁺ and TDS could be monitored less frequently without
significantly affecting the accuracy of water quality assessment, thereby reducing sampling costs. The correlation
patterns also varied spatially across wells. For instance, in Well W3, all parameters except TH were positively asso‑
ciatedwithWQI,whereas inWellW15, all parameters except pHwere negatively associatedwithWQI. These spatial
variations highlight the importance of site‑specific assessment when evaluating groundwater quality. Consistent
with previous studies, pH, along with trace elements such as manganese (Mn) and nickel (Ni), has been identified
as the most influential parameter in predicting WQI [20]. Overall, the correlation analysis underscores the dom‑
inant role of pH in governing groundwater quality and provides guidance for optimizing sampling strategies and
parameter selection in water quality monitoring programs.

(a)

Figure 4. Cont.
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(b)

Figure 4. Pearson correlation heatmaps (XLSTAT) showing (a)multicollinearity among hydrochemical parameters
(TH, Na⁺, SO₄2⁻, Cl⁻, pH, EC, TDS) and (b) their correlations with WQI for feature selection. Color scale: −1.0 to 1.0.

Figure 4b illustrates the Pearson correlation matrix among the hydrochemical parameters and WQI. Strong
positive correlations were observed between pH and WQI, whereas TH, chloride, and sodium exhibited relatively
strong negative correlations. These results indicate that only a limited number of hydrochemical parameters ex‑
plain most of the variability in groundwater quality. Therefore, correlation analysis was used as the initial criterion
for selecting variables for subsequent machine learning scenarios. Although pH exhibited the highest individual
correlation with WQI, the progressive feature‑addition scenarios were designed according to the study’s prede‑
fined analytical framework rather than solely on pairwise correlation coefficients. Therefore, the order of variable
inclusion should not be interpreted as a ranking of variable importance but as a practical evaluation of cumulative
predictive performance under different monitoring scenarios.

Accordingly, six groups of input water quality parameters were determined and defined for each of the six
scenarios, based on existing data from the study area, as shown in Table 4.

Table 4. Various combinations of input variables to predict WQI.

Scenario Input Variables Objective

S1 TH Evaluate the predictive ability of the single most influential variable
S2 TH, Na+ Assess the effect of adding the second‑ranked variable
S3 TH, Na+ , SO₄2− Progressive feature addition
S4 TH, Na+ , SO₄2− , Cl− Evaluate the cumulative contribution of major hydrochemical variables
S5 TH, Na+ , SO₄2− , Cl− , pH Identify the minimum optimal predictor set
S6 TH, Na+ , SO₄2− , Cl− , pH, TDS Reference model using the complete reduced dataset

The results indicate that the predictive performance improved as additional hydrochemical variables were in‑
corporated. However, the improvement became marginal after the inclusion of five variables (TH, Na+, SO₄2⁻, Cl⁻,
and pH), suggesting that these parameters contain most of the information required for reliable WQI estimation.
Therefore, increasing the number of input variables beyond this subset provides limited additional predictive ben‑
efit.
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Comparedwith the full six‑parameter dataset, the five‑variablemodel eliminates one laboratory analysiswhile
maintaining nearly identical predictive performance. Although the reduction appears modest, TDS measurement
represents one of the routine laboratory analyses in groundwater monitoring. Therefore, eliminating this parame‑
ter can reduce analytical workload and monitoring cost, particularly in long‑term monitoring programs involving
large numbers of sampling locations.

All machine learning (ML) models were validated using 10‑fold cross‑validation to prevent data overlap be‑
tween the training and test sets and to ensure reliable, representative results [20]. Performance metrics calculated
for both phases included Mean Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Percentage
Error (MAPE), and coefficient of determination (R2). In the Decision Tree (DT) model, increasing the number of in‑
put water quality parameters improved model performance. MSE, RMSE, and MAPE decreased, while R2 increased
from0.34 to 0.96 during training and from0.41 to 0.96 during testing, indicating enhanced predictive capability. No‑
tably, scenarios 5 and 6, covering 93% of wells, achieved the lowest errormetrics and the highest R2. For K‑Nearest
Neighbors (KNN), increasing the number of input features did not significantly improve performance. R2 values
ranged from 0.27 to 0.29 in training and from 0.28 to 0.32 in testing, with the best performance observed in scenar‑
ios 1–3. Scenarios 5 and 6 showed limited improvement, suggesting that KNN is less effective in capturing complex
relationships amongWQI predictors in this study. The Support Vector Machine (SVM) model exhibited marked im‑
provement with additional parameters. When six water quality variables were employed, MSE decreased to below
2.8 (training) and 1.4 (testing), while RMSE decreased to 3.8–1.55 and 2.8–0.89, respectively. R2 exceeded 0.98 for
both training and testing phases, demonstrating high accuracy in WQI prediction.

Random Forest (RF) performed moderately well, with predictions less accurate than those of DT and SVM,
particularly at lower WQI values. Although RF captured general trends, scatter around the reference lines was
larger, reflecting moderate predictive precision.

Overall, DT and SVM models, especially when using five to six input parameters (TH, Na⁺, SO₄2⁻, Cl⁻, and pH),
outperformed KNN and RF. According to Grassi et al. [58] models with R2 > 0.9 for both training and testing phases
are considered satisfactory; this criterion was met only by DT and SVM. Figure 5 illustrates the comparison of actual
versus predicted WQI values, showing that DT(6) and SVM(6) closely align with the ideal 1:1 reference line, con‑
firming their superior predictive capability. Increasing the number of input variables consistently improved model
performance, highlighting the importance of multivariate data integration for accurate WQI prediction [59,60].

(a) DT(3). (b) KNN(3).

(c) DT(6). (d) KNN(6).

Figure 5. Cont.
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(e) SVM(3). (f) RF(3).

(g) SVM(6). (h) RF(6).

Figure 5. Comparisons between actual and predicted WQI from three and six water quality parameters in various
Machine Learning models.

The superior performance of DT and SVM can be attributed to their ability to capture nonlinear relationships
between hydrochemical variables and WQI. DT effectively partitions the feature space using thresholds on influen‑
tial parameters such as pHand chloride, whereas SVMwith theRBFkernelmodels complex nonlinear boundaries in
the predictor space. In contrast, KNN is sensitive to local data density and distance metrics, and RFmay be affected
by the relatively small sample size available in this study.

One of the most important findings of this study is that reliable WQI prediction does not necessarily require
the complete set of measured hydrochemical parameters. The reduced‑input scenarios demonstrated that only
five variables were sufficient to achieve prediction accuracy comparable to that obtained using the larger dataset.
This finding has direct implications for groundwater monitoring programs where laboratory analyses represent a
major component of operational costs. The reduced‑variable framework may substantially decrease the analytical
burden associated with routine groundwater monitoring. Because fewer laboratory measurements are required,
the proposedmethodology can reducemonitoring costs, shorten laboratory processing time, and facilitatemore fre‑
quent groundwater quality assessments without significant loss of prediction accuracy. In addition to continuous
WQI values, categorical WQI grades “Excellent,” “Good,” “Poor,” “Very Poor,” and “Unsuitable” provide a widely used
framework for assessing groundwater quality. In theMinab dataset, themajority of records (95.6%)were classified
as “Good,” while “Excellent” and “Poor” grades represented 4.3% and 0.14%, respectively. No samples were catego‑
rized as “Very Poor” or “Unsuitable.” Table 5 summarizes the prediction accuracy of each machine learning model
across various scenarios. When using a single input variable (TH), model accuracy ranged from 78% to 84%. In
general, iterative inclusion of additional water quality parameters improvedmodel performance. For Decision Tree
(DT) and Support Vector Machine (SVM) models, accuracy increased from an average of 85%with two variables to
approximately 98% with five to six variables. Specifically, DT achieved a maximum accuracy of 98.2%, while SVM
reached 96.5% with five parameters, demonstrating that multivariate inputs significantly enhance predictive per‑
formance. The k‑Nearest Neighbors (KNN) model achieved its highest accuracy with four and five variables (84%
and 84.8%, respectively), after which additional parameters did not improve predictions, indicating a plateau ef‑
fect. Similarly, Random Forest (RF) exhibited a moderate improvement as the number of parameters increased,
achieving above 86% accuracywith five to six input variables, highlighting the importance of including key parame‑
ters to optimize model performance. Following the recommendations by Freeman et al. [61], prediction accuracies
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above 0.85 are considered satisfactory forWQI grade assessment. Overall, DT and SVMmodels consistently outper‑
formedKNNandRF in predictingWQI grades, corroborating previous findings that decision‑tree‑based approaches
are highly effective for water‑quality prediction [62].

Table 5. Accuracy of water quality grades based on predicted WQI values from various statistical and machine‑
learning models across nine groups of variables.

Actual WQI
Excellent Good Poor

Accuracy%NO Value NO Value NO Value

Model Scen 30 43.9 250 72.98 10 106.2

DT

1 8 43.93 281 71.85 0 0 84.48
2 7 42.95 282 72.10 0 0 85.90
3 19 49.55 270 72.37 0 0 85.94
4 10 39.70 279 71.88 0 0 86.85
5 24 42.03 260 72.90 4 103.47 98.23
6 26 42.80 258 72.98 4 106.77 96.94

KNN

1 11 45.79 277 71.05 0 0 83.74
2 11 45.05 276 70.94 0 0 83.65
3 11 44.85 276 71.15 0 0 83.76
4 13 45.89 274 71.16 0 0 84.07
5 13 45.89 274 71.12 1 105.1 84.88
6 16 47.32 273 70.71 1 102.4 83.39

SVM

1 3 47.45 286 69.97 0 0 83.35
2 3 46.85 286 70.32 0 0 86.02
3 10 48.03 279 70.87 0 0 87.77
4 11 47.71 278 70.82 0 0 88.94
5 24 44.40 265 72.08 0 0 96.49
6 25 44.68 264 72.05 0 0 96.37

RF

1 11 43.03 278 72.14 0 0 78.19
2 8 46.53 281 70.97 0 0 78.37
3 4 45.15 285 70.74 0 0 78.71
4 6 46.05 283 70.98 0 0 79.66
5 11 47.40 278 71.17 0 0 86.12
6 10 46.90 279 71.31 0 0 87.68

Sum 295 6,622 10

Given the strong dominance of the “Good” class, classification accuracy should be interpretedwith caution and
alongside regression metrics (R2, RMSE, and MAPE), which provide a more comprehensive evaluation of model
performance.

The graphical summaries presented in Figure 6 corroborate the quantitative findings in Supplementary Ma‑
terials Table S1. The heatmaps (Figure 6a,b) clearly reveal that although DT and SVM exhibited comparable per‑
formance in the first four scenarios (SE1–SE4), a marked divergence occurred in SE5 and SE6, with SVM achieving
R2 values exceeding 0.96 and RMSE values below 1.0—particularly for the test datasets. In contrast, KNN and RF
exhibited persistently poor generalization, with R² values remaining below 0.3 across all scenarios, regardless of
the input feature combinations. The grouped bar charts (Figure 6c) further emphasize the superior predictive ac‑
curacy of SVM, which significantly outperformed all other models in both error reduction and explained variance.
The slope chart (Figure 6d) illustrates a clear upward trend in predictive performance for DT and SVM from SE1
to SE6, whereas the performance trajectories for KNN and RF remained relatively flat, indicating their insensitivity
to scenario‑specific variations. Finally, the residual plot for the SVM model (Figure 6e) demonstrates a random,
homoscedastic distribution of errors around zero, with no discernible pattern, thereby confirming the absence of
systematic bias and the robustness of the SVM predictions under themost complex scenarios. The present findings
are consistentwith those reported byHaghiabi et al. [63], who also demonstrated the superior predictive capability
of SVM for groundwater quality variables. Similarly, Chen et al. [64] observed that tree‑based algorithms generally
outperform Chen and other machine learning approaches in nonlinear environmental datasets. Similarly, Yongo et
al. [65] selected three key parameters from 8 water quality indicators using stepwise multiple linear regression to
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predict WQI, achieving an R2 of 0.783.

(a) (b)

(c)

(d)

Figure 6. Cont.
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(e)

Figure6. Graphical synthesis of the statistical performance of the evaluatedmodels across six observation‑well sce‑
narios. (a) Heatmap of the coefficient of determination (R2). (b) Heatmap of the root‑mean‑squared error (RMSE).
(c) Grouped bar chart comparing R2 and RMSE values for the testing dataset across all models and scenarios. (d)
Slope chart illustrating the relative changes in model performance from SE1 to SE6. (e) Residual plot for the best‑
performing models, indicating error distribution and model bias.

However, unlike the study of Xue et al. [66], which required six variables to achieve satisfactory prediction
accuracy, the present study suggests that comparable performance can be achieved using only five hydrochemical
parameters. This difference is likely related to the hydrogeochemical characteristics of the Minab coastal aquifer
and the variable selection strategy adopted in this study.

The observed superiority of DT and SVM also reflects the relatively nonlinear relationships among ground‑
water quality variables in coastal aquifers. A Decision Tree partitions the predictor space using threshold values,
whereas an SVM optimizes nonlinear decision boundaries via kernel transformations. In contrast, instance‑based
KNN relies heavily on local neighborhood similarity, which becomes less effective when hydrochemical observa‑
tions overlap substantially.

Overall, although DT and SVM achieved high predictive performance, the similarity between training and test‑
ing statistics should be interpreted cautiously because no external dataset was available for validation. Therefore,
the reported performance reflects internal model validation only and should not be considered evidence of univer‑
sal model generalisation. Consequently, the reported performance should be interpreted as evidence of internal
predictive consistency rather than proof of external model transferability.

The superior performance of theDT and SVMmodels can be attributed to their ability to capture nonlinear rela‑
tionships betweenhydrochemical variables andWQI. DecisionTree recursively partitions the predictor space based
on threshold values of influential parameters, enabling effective representation of complex interactions among
groundwater quality variables. Likewise, SVM employs nonlinear kernel functions that can model complex deci‑
sion boundaries even when the relationships between predictors and WQI are nonlinear. These characteristics
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explain why both algorithms consistently outperformed KNN and RF across the evaluated scenarios.
In contrast, the relatively lower performance of KNN may be attributed to its reliance on local neighborhood

structure and distance metrics, which make it sensitive to sample distribution and noise. Similarly, although RF
generally performs well on large, heterogeneous datasets, its performance in this study was likely constrained by
the relatively small sample size and limited variability among the predictor variables. Consequently, the additional
ensemble complexity of RF did not provide a substantial improvement over the simpler DT model.

The identification of TH, Na+, SO₄2⁻, Cl⁻, and pH as the optimal predictor set is also hydrogeochemically mean‑
ingful. Chloride and sodium are widely recognized as indicators of salinity intrusion and groundwater mineral‑
ization, particularly in coastal aquifers. Total hardness reflects carbonate dissolution and water‑rock interactions,
while sulfate is associatedwithmineralweathering and agricultural inputs. The inclusion of pH indicates the impor‑
tance of groundwater buffering processes in determining the overall WQI. Therefore, the selected variables are not
only statistically significant but also consistent with the dominant hydrogeochemical processes controlling ground‑
water quality in the Minab aquifer.

The results further demonstrate that reducing thenumberof input variables fromsix to five hadonly aminor in‑
fluence on predictive performance. This finding suggests that a limited number of carefully selected hydrochemical
indicators can adequately represent overall groundwater quality. Such variable reduction is particularly valuable
for long‑term monitoring programs where analytical costs and laboratory resources are limited.

From a practical perspective, the proposed framework offers an efficient approach to groundwater quality mon‑
itoring in coastal aquifers. By identifying the minimum number of laboratory measurements required, the methodol‑
ogy can reducemonitoring costswhilemaintaining reliableWQI estimation. Thismayhelpwater authorities optimize
sampling strategies and prioritize monitoring resources in regions experiencing increasing groundwater stress.

Despite the encouraging results, several limitations should be acknowledged. The models were developed us‑
ing data from a single coastal aquifer, and their applicability to other hydrogeological settings remains to be verified.
In addition, the relatively limited number of monitoring wells may have influenced model generalization. Future
research should evaluate the proposedmethodology using larger independent datasets and investigate explainable
artificial intelligence techniques to improve model interpretability.

3.2. Practical Implications
The results demonstrate that reliable WQI prediction can be achieved using only five hydrochemical variables

(TH, Na+, SO₄2⁻, Cl⁻, and pH). This finding has practical significance because routine groundwater monitoring pro‑
grams often operate under budget and laboratory constraints. Reducing the number of required analyses can sub‑
stantially decrease monitoring costs while maintaining acceptable prediction accuracy, thereby improving the effi‑
ciency of long‑term groundwater quality assessment.

3.3. Limitations
This study has several limitations. First, the machine learning models were developed using data from only

one coastal aquifer, which may limit their generalizability to other hydrogeological settings. Second, although the
monitoring period covered 2010–2023, the number of monitoring wells was relatively limited. Third, external
validation on an independent dataset was unavailable. Future studies should evaluate the proposed framework
on larger datasets from diverse climatic and geological regions and investigate explainable artificial intelligence
techniques to improve model interpretability.

4. Conclusions
This study evaluated the applicability of four machine learning algorithms (DT, KNN, SVM, and RF) for pre‑

dicting the Water Quality Index (WQI) using long‑term groundwater quality data collected from the Minab coastal
aquifer between 2010 and 2023. Unlike conventional studies that primarily compare machine learning algorithms,
the principal objective of this research was to determine whether reliable WQI prediction could be achieved with
fewer hydrochemical variables.

The hydrochemical assessment showed that groundwater quality was generally classified as Good, although
considerable spatial variability was observed across the aquifer. Lower groundwater quality wasmainly associated
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with coastal areas affected by seawater intrusion, groundwater salinization, and intensive agricultural activities,
whereas inland recharge areas generally exhibited better groundwater quality.

Among the evaluated machine learning models, Decision Tree and Support Vector Machine consistently pro‑
duced the highest predictive performance, with R2 values exceeding 0.95 and substantially lower prediction errors
than KNN and RF. Their superior performance is attributed to their ability to represent nonlinear relationships
between groundwater quality variables and WQI.

An important outcome of this study is that reliableWQI predictionwas achieved using only five hydrochemical
variables (TH, Na+, SO₄2⁻, Cl⁻, and pH). The results indicate that excluding one routinely measured parameter re‑
sulted in only a negligible reduction in predictive performance while potentially reducing laboratory analyses and
monitoring effort. Consequently, the proposed framework may support more cost‑effective groundwater quality
monitoring programs, particularly where analytical resources are limited.

Nevertheless, several limitations should be acknowledged. The models were developed using observations
from a single coastal aquifer, and no independent external dataset was available for validation. Therefore, the
reported predictive performance reflects internal model validation and should not be interpreted as evidence of
universal applicability.

Future studies should validate the proposed framework using independent datasets from diverse hydrogeologi‑
cal settings, investigate explainable artificial intelligence techniques to improve model interpretability, and evaluate
the transferability of reduced‑input machine learning models across diverse climatic and geological conditions.

Finally, it should be emphasised that the proposed machine learning framework is not intended to replace the
deterministic WQI calculation procedure. Rather, its primary contribution is identifying the minimum hydrochem‑
ical dataset needed to estimate WQI with high reliability, thereby improving the efficiency of routine groundwater
quality monitoring and reducing analytical requirements.
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