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Original Research Abstract:

Received: Groundwater contamination is a critical issue, especially in arid regions where it serves as the main water
13 May 2025 supply. This study emphasizes the importance of integrating traditional methods with machine learning tech-
Revised:

niques to enhance groundwater vulnerability assessments in the Koohpayeh aquifer, central Iran. Groundwater

iti\g;gej?zs quality was assessed using the Pollution Index of Groundwater (PIG) and Water Quality Index (WQI). WQI
14 June 2025 values ranged from less than 15 to 55, indicating poor water quality, particularly in central and southeastern
Published online: regions, due to contaminants from agriculture and urban activities. The PIG index revealed severe pollution
1 July 2025 in 45% of the area, showing a strong correlation between high PIG and low WQI values. Machine learning

©2025 The Author(s). Published by Methods, including Random Forest (RF), Gradient Boosting (GB), and Support Vector Regression (SVR),
EEE ?‘rgsupcfeéz ;’:}?:;Sthzt:;;'zz s: were used to refine the DRASTIC model. RF emerged as the most effective model, achieving an MSE of
License, which permits use, distribu- 0-05 and an R? of 0.89, outperforming GB, which had a slightly higher R%Z0f 0.91 buta greater MSE of 0.08.
tion and reproduction in any medium, A gtrong correlation between nitrate levels and the optimized vulnerability indices validated the improved
S;fyvslii}he rginal worlc i prop- DRASTIC model’s accuracy. The enhanced DRASTIC model provides a more reliable tool for identifying
high-risk areas and developing targeted groundwater management strategies. This study underscores the value
of combining traditional assessments with machine learning to improve groundwater quality monitoring and
protect public health. These findings can support decision-makers in prioritizing pollution control strategies,
optimizing groundwater monitoring programs, and designing sustainable management plans in vulnerable

arid and semi-arid regions.
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1. Introduction cluding agricultural runoff, industrial discharges, and urban
development, which can degrade its quality and pose signif-
icant risks to human health and the environment (Davoodi
Memar Otagvar et al., 2024). Ensuring groundwater quality
is paramount, as contamination can have severe health im-
plications and negatively impact agricultural productivity
and ecosystem health (Farhadi et al., 2020). In recent years,
the importance of monitoring and maintaining groundwater
quality has been underscored by various studies highlight-
ing the prevalence and impact of groundwater pollution
(Ram et al., 2021; Fadaei, 2023).

Groundwater is a critical resource worldwide, particularly
in arid and semi-arid regions where surface water is scarce.
Regional studies have confirmed rapid groundwater deple-
tion in arid zones, such as in Herat Province, Afghanistan,
where declining water levels of over 3 meters have been
recorded in less than five years (Mostafazadeh et al., 2024).
It serves as the primary source of fresh water for drinking,
agriculture, and industrial purposes. However, groundwater
is susceptible to contamination from various sources, in-
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Groundwater vulnerability assessment is a vital component
of sustainable water resource management. The DRASTIC
index, developed by Aller et al. (1987), is one of the most
widely used methods for evaluating groundwater pollution
potential. This index incorporates seven hydrogeological
factors: Depth to water, Recharge, Aquifer media, Soil me-
dia, Topography, Impact of the vadose zone, and Hydraulic
conductivity. The lack of knowledge or enough understand-
ing of the degree of vulnerability of groundwater may lead
to severe contamination of these resources (Baba and Tay-
fur, 2011; Khemiri et al., 2013). While the DRASTIC
index provides a comprehensive assessment framework, it
has limitations, particularly its ability to account for spe-
cific contaminants, land use, temporal water quality, and
their unique behaviors in the subsurface environment (Al-
Adamat et al., 2003). In recent years, researchers have
employed a variety of techniques to improve groundwater
quality modeling and vulnerability mapping. Traditional
index-based models such as DRASTIC, GOD, and SIN-
TACS continue to be utilized due to their interpretability
and data availability (Bagherpour et al., 2014; Khemmoudi
et al., 2014; Allouche et al., 2017; Baalousha, 2010; Na-
jafpour et al., 2020). To address these limitations, several
studies have proposed hybrid approaches by integrating
water quality indices like the Water Quality Index (WQI)
and the Pollution Index of Groundwater (PIG) into spatial
frameworks (Panagopoulos et al., 2005; Jovanovic et al.,
2006; Najafpour et al., 2020). These adjustments aimed
to provide a more accurate evaluation of groundwater vul-
nerability, reflecting the specific conditions of the study
area. For instance, many studies have enhanced the water
quality prediction and DRASTIC index by integrating it
with advanced statistical and machine-learning techniques
to improve its accuracy and predictive capability (Tayfur
et al., 2014; Chitsazan et al., 2015; Asghari Moghadam
et al., 2015; Elzain et al., 2023). In this regard, Asghari
Moghadam et al. (2015) utilized machine learning models
such as Random Forest and Gradient Boosting to optimize
the DRASTIC index for groundwater vulnerability assess-
ment. Their results indicated significant improvements in
predictive performance compared to the traditional DRAS-
TIC index. Additionally, Hosseini et al. (2018) integrated
remote sensing data with machine learning models to eval-
uate groundwater quality and vulnerability in a semi-arid
region of Iran, emphasizing the importance of incorporat-
ing diverse data sources for comprehensive assessments.
One study incorporated Remote Sensing (RS) data with
GIS and machine learning algorithms to assess groundwater
vulnerability. They found that integrating remote sensing
data significantly enhanced the spatial resolution and accu-
racy of groundwater vulnerability maps (Lee et al., 2020).
Hassanalipour et al. (2022) investigated the impacts of 30
years of urban expansion in the Ardabil Plain, Iran, on the
quantity and quality of surface and groundwater resources.
Using satellite imagery and geostatistical analyses, their
study revealed a 46% decrease in groundwater reserves and
a declining trend in river flows, alongside increasing con-
tamination in urban runoff. Despite groundwater quality
remaining within acceptable limits, the authors emphasized
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the need for integrated urban runoff management strategies
to enhance aquifer recharge and protect water quality. Their
findings highlight how unregulated urban growth, coupled
with climatic stressors, can significantly degrade hydrologi-
cal systems in semi-arid basins. Wang et al. (2023) utilized
deep learning algorithms to enhance the predictive capabili-
ties of the DRASTIC index for groundwater contamination
risk assessment in China, achieving higher accuracy and
robustness. Similarly, Motlagh et al. (2023) employed a
hybrid model combining DRASTIC and machine learning
techniques to assess groundwater vulnerability in Najafabad
Plain, Iran, showcasing significant improvements in predic-
tion accuracy (2023).

In terms of water quality assessment, a variety of methods
have been employed, with some of the most commonly
used approaches including the Water Quality Index (WQI)
and the Groundwater Pollution Index (PIG), along with
spatial and temporal distribution analyses of groundwater
quality parameters. Additionally, various statistical meth-
ods, artificial intelligence techniques, and machine learning
algorithms have been utilized to improve the prediction
of groundwater quality (Nas, 2009; Stigter et al., 2006;
Taghizadeh Mehrjardi et al., 2008; Li et al., 2010; Hos-
seinifard and Mirzaei Aminiyan, 2015; Krishan et al., 2016;
Jagannathan et al., 2015; Alam et al., 2024; Najafpour et al.,
2024). The incorporation of machine learning algorithms
into groundwater quality has become increasingly com-
mon. Kulisz et al. (2021) used Artificial Neural Networks
(ANNS) to predict groundwater quality parameters based
on historical data. Their research highlighted the potential
of ANNSs in capturing the nonlinear relationships between
various hydrogeological factors and groundwater quality.
Furthermore, Nasiri Khiavi et al. (2023) compared several
machine learning algorithms with the Best—Worst Method
(BWM) for groundwater quality modeling in Ardabil, Iran,
and found that Random Forest outperformed other mod-
els in terms of predictive accuracy. Their results support
the integration of MLAs and MCDM tools for improving
groundwater management decisions.

The aim of the present study was to optimize the ground-
water vulnerability index by combining water quality pa-
rameters and machine learning methods, with a focus on a
plain in central Iran. By integrating traditional indices like
DRASTIC with advanced analytical techniques, we seek
to provide a more accurate and comprehensive assessment
of groundwater vulnerability. This approach will help in
identifying critical areas that require immediate attention
and management to ensure the sustainability of ground-
water resources. Several previous studies have demon-
strated the effectiveness of combining traditional vulner-
ability indices with modern analytical techniques. Amanah
et al. (2019) conducted a study in Semarang, Indonesia,
using cluster analysis and principal component analysis to
evaluate groundwater quality, revealing significant pollution
from industrial and agricultural activities. Similarly, Shihab
and Hassan (2006) classified groundwater quality in Mosul,
Iraq, using cluster analysis, identifying key factors affecting
water quality and highlighting spatial variations. Numerous
studies have employed diverse methodological approaches
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in assessing groundwater vulnerability. Traditional mod-
els such as DRASTIC, SINTACTS, and GOD have been
widely used due to their simplicity and regional adaptability.
Meanwhile, statistical techniques like PCA, hierarchical
clustering, and regression analysis have supported index cal-
ibration and parameter selection. In recent years, machine
learning algorithms, including Random Forest, Support Vec-
tor Machines, and Neural Networks, have emerged as robust
tools for predictive modeling. Their integration with spa-
tial tools like GIS and pollution indices (e.g., WQI, PIG)
has enabled more accurate mapping of vulnerability zones.
However, comprehensive frameworks that combine these
diverse approaches remain limited in the literature. De-
spite the increasing use of machine learning algorithms and
pollution indices in groundwater studies, the integration of
these methods to refine groundwater vulnerability assess-
ments remains limited. This study aims to bridge this gap
by combining the Pollution Index of Groundwater (PIG)
with ensemble machine learning models, Random Forest
(RF) and Gradient Boosting (GB) within a GIS-based spa-
tial analysis framework. The research not only enhances the
predictive capabilities of traditional assessment methods but
also contributes to the development of more effective and
location-specific management strategies. By applying statis-
tical analyses, machine learning modeling (using Python),
and spatial mapping, this hybrid methodological approach
offers a comprehensive and novel perspective for assessing
groundwater quality and vulnerability in the understudied
Koohpayeh Plain, with broader implications for arid and
semi-arid regions.
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2. Materials and methods

2.1 Study area and data collection

Koohpayeh Plain is part of the Zayandeh Rud basin in cen-
tral Iran (figure 1). According to the country’s division, this
area has 6 cities, 7 rural districts, and 25 villages. The north
of the study area is along the central Zagros Mountains, and
the center and south of the study area are located in the
plain. This region has 7 different rain-gauges, climatology,
and synoptic stations. According to the statistics of these
stations, the average temperature has been recorded as 11.2
degrees Celsius at higher elevations and 14.2 degrees Cel-
sius in the plain. The annual average rain at the mountainous
station has been reported to be 350 millimeters, and about
200 millimeters at the station in the plain (Water balance
report of Koohpayeh Plain, Ministry of Energy, (Isfahan,
2021)). The studied area is geologically associated with
the Sanandaj-Sirjan structural zone (Stocklin, 1968). The
region’s geomorphological features are shaped by tectonic
activity, erosion, and topographic gradients, with general
slopes directed toward the southeast and Zayandeh Rud
River (Water balance report of Koohpayeh Plain, Ministry
of Energy, 2021). Its aquifer is free and alluvial, and accord-
ing to exploratory logs, its materials are sand and gravel,
clay, and rubble, together with conglomerate layers (Stock-
lin, 1968). Due to the significant return of industrial and
agricultural sewage, groundwater resources have been under
scrutiny regarding their quality and pollution (Water balance
report of Koohpayeh Plain, Ministry of Energy, (Isfahan,
2021)).

Groundwater samples were collected from 48 wells across
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Figure 1. Map of sampling locations in the study area.
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the study area during four sampling campaigns designed to
capture seasonal variations (figure 1). These field investi-
gations were conducted by the author during both dry and
wet seasons from 2021 to 2023. The author was directly
responsible for the collection and laboratory analysis of
key groundwater quality parameters, ensuring consistency,
accuracy, and reliability of the dataset. Wells were selected
based on their geographic distribution and potential expo-
sure to different land uses (urban, industrial, agricultural).
Samples were collected using pre-cleaned polyethylene bot-
tles. Before sampling, each well was pumped for at least
20 minutes to ensure that the collected water represented
the aquifer’s current conditions. Samples were collected
directly from the well spouts and immediately sealed to
prevent contamination. For metal analysis, samples were
acidified with nitric acid (95%) to a pH of less than 2. All
samples were stored in ice-cooled containers and trans-
ported to the laboratory within 24 hours.

The collected groundwater samples were analyzed for a
range of physicochemical parameters following standard
procedures. pH and electrical conductivity (EC) were mea-
sured on-site using calibrated portable meters in accordance
with APHA (2012) guidelines. Total dissolved solids (TDS)
were estimated from EC values using a standard conversion
factor. Major cations and anions, including calcium (Ca2+),
magnesium (Mg?*), sodium (Na*), potassium (K*), chlo-
ride (CI™), bicarbonate (HCO5'), carbonate (CO%‘), and
sulfate (SO?[), were quantified using standard titration tech-
niques (APHA, 2012). Nutrients such as nitrate (NO3),
nitrite (NO; ), ammonium (N HI), and phosphate (PO?[)
were determined via spectrophotometric methods. Heavy
metals were measured using atomic absorption spectropho-
tometry, following EPA (2007) protocols, to ensure accu-
racy and compliance with environmental standards. To
ensure the reliability and accuracy of the analytical results,
strict Quality Assurance (QA) and Quality Control (QC)
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protocols were implemented. All laboratory analyses were
conducted in an ISO/IEC 17025-certified laboratory. Each
test was performed in triplicate to assess repeatability and
minimize random error. Instruments were calibrated using
certified standard solutions before and during the analy-
sis process. Quality control measures included the use of
analytical blanks, duplicate samples, and spiked samples.
The relative standard deviation (RSD) for repeated mea-
surements was maintained below 5%, and recovery rates
for spiked samples were within the acceptable range of
95 — 105%, in compliance with APHA (2012) and EPA
(2007) standards. Statistical analyses were conducted to un-
derstand the distribution and variability of the groundwater
quality parameters. Descriptive statistics, including mean,
standard deviation, minimum, and maximum values, were
calculated (Table 1).

The purpose of the studies was to investigate two main parts.
Firstly, some applicable indices were determined for the
assessment of groundwater quality. Then, the DRASTIC
model was use to evaluate groundwater vulnerability, and
Machine learning methods improved this model. The trends
of these two sections are described below.

2.2 Water quality indexes

Several pollution indices are calculated to assess ground-
water quality for different uses. The Pollution Index of
Groundwater (PIG) and the Water Quality Index (WQI)
were calculated for various purposes. In the following, each
of these indices is explained.

2.2.1 Pollution Index of Groundwater (PIG)

The PIG (Pollution Index of Groundwater) index is a quan-
titative tool used to assess the quality of groundwater by
evaluating the concentration of various contaminants con-
cerning their permissible limits. The index provides a com-
prehensive value that reflects the overall pollution status of

Table 1. Descriptive statistics of the groundwater quality parameters.

Parameter Unit Count  Mean STDEV  Min Max
PH - 48 7.72 0.42 7.1 8.4
EC MicMobs/Cm 48 7334.3 40.12 1195 21100
TDS Mgr/Lit 48 5201.25  4097.36 837 14770
SAR - 48 11.53 6.91 2.34 25.1
Cl Mgr/Lit 48 2231.4 2121.44 170 7748
HCO; Mgr/Lit 48 1.5 4.60 0 18
SOy Mgr/Lit 48 311.78 165.69 67.1 701
Ca Mgr/Lit 48 539.6 455.06 100 1877
Mg Mgr/Lit 48 281.47 263.57 56.1 1242
Na Mgr/Lit 48 204.78 181.78 21.88 656
K Mgr/Lit 48 1108.34 946.94 117 3169
TH Mgr/LitCaCos 48 9.42 8.06 0.39 31.2
NO3 Mgr/Lit 48 154835  1324.09 300 5807
POy Mgr/Lit 48 4291 1091208 229 63
Total Heavy .
Mgr/Lit 48 0.39 0.573743  0.07 2.8

metals
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a groundwater source. It is particularly useful in identifying
areas that require immediate attention for groundwater man-
agement and pollution control. The PIG index is calculated
as in equation (1).

n Cl

PIG = Y (Z) x W
,;(Si)

ey
C; is the concentration of the i-th parameter in the groundwa-
ter sample, S; is the Permissible limit of the i-th parameter
according to regulatory standards, and W; is the weight as-
signed to the i-th parameter based on its relative importance
to overall groundwater quality (Subba-Rao, 2012). The
weight (W;) assigned to each parameter in the PIG index
was determined based on its relative impact on groundwater
quality and public health, following the methodology pro-
posed by Subba-Rao (2012). Parameters with greater health
implications, such as nitrate and fluoride, were assigned
higher weights, while others with lesser impact received
lower weights. This approach ensures that the index reflects
the true pollution potential of each contaminant.

2.2.2 Water Quality Index (WQI)

The WQI aggregates multiple water quality parameters to
provide an overall water quality assessment. The WQI is
calculated using equation (2).

Y(qi < w;)
Yowi

where w; is the weight assigned to each parameter, and g; is
the quality rating of each parameter.

Geographic Information Systems (GIS) were used to cre-
ate spatial distribution maps for these groundwater quality
indexes. These maps provided a visual representation of
the spatial variability and helped identify critical areas re-
quiring immediate attention (World Health Organization,
1998). The weights (w;) used in WQI calculation were
adopted from established guidelines such as those of the

WQI = 2
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World Health Organization (1998) and previous studies (Na-
jafpour et al., 2020; Ram et al., 2021), which consider the
relative importance of each parameter to overall water qual-
ity. Parameters directly affecting human health, such as
nitrate, TDS, and pH, were given higher weights to empha-
size their significance in the index formulation.

2.3 DRASTIC and modified DRASTIC index

Groundwater vulnerability assessment aims to pinpoint ar-
eas more prone to pollution due to human activities than
other regions. Identifying these vulnerable zones allows for
implementing targeted measures and land-use restrictions
to mitigate groundwater contamination. Groundwater vul-
nerability denotes the sensitivity of groundwater systems to
contamination based on the likelihood of pollutants infiltrat-
ing and dispersing within the subsurface environment. This
concept offers a relative assessment of the probability of
contamination at a specific location rather than providing an
absolute measure. The most prevalent method for assessing
groundwater vulnerability involves weighting models that
assign scores to various parameters based on their influence
on groundwater contamination. The DRASTIC model is
one of the most commonly applied approaches for evaluat-
ing the intrinsic vulnerability of aquifers. The DRASTIC
index is a standardized system for evaluating groundwater
pollution potential. This index, which indicates the natural
potential of the aquifer to become polluted, incorporates
seven hydrogeological parameters. As there have been many
sources and research works that have used the DRASTIC
method to analyze the vulnerability of aquifers, in this study,
that is not our main purpose; thus, we will not explain it in
detail, and only those methods used in preparing the differ-
ent layers have been briefly stated. The DRASTIC model
is favored for its cost-effectiveness and relatively low data
requirements (Aller et al., 1987; Al-Adamat et al., 2003;
Babiker et al., 2007). Seven parameters that are used in the
evaluation of vulnerability via the DRASTIC method are
shown in Table 2 and describe how prepared.

Table 2. Explanation of DRASTIC index parameters.

parameter description Data source Method of measuring
D - Depth to Distance from the ground Observation wells Measured directly using water
Water surface to the water table. (2022 —2024) level indicators in wells.
Amount of water that infiltrates the Meteorological data, Calculated based on rainfall
R - Recharge ) ) ) o
ground and reaches the aquifer. hydrological studies data and infiltration rates.
A - Aquifer TThe geological formation of the aquifer Geological maps, Determined from geological
Media affects its permeability and porosity. borehole logs surveys and borehole logs.

. . The type of soil covering the
S - Soil Media
aquifer impacts water infiltration.

Slope and shape of the land surface
T - Topography
affect runoff and infiltration.

I - Impact of Characteristics of the unsaturated

Vadose Zone zone above the water table.
C - Hydraulic

Conductivity

The ability of the aquifer

material to transmit water.

Geological and soil surveys,

Identified from soil survey reports

Soil surveys, soil maps

and soil classification maps.

Topographic maps,
pograp P Derived from topographic maps

Digital Elevation .
and DEMs using GIS software.

Models (DEMs)

Evaluated based on soil and geological
borehole logs data from surveys and borehole logs.
Aquifer tests, Measured using aquifer pumping tests

hydrological studies and data from hydrological studies.
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The main goal of vulnerability studies is to create maps that
identify areas with a high potential for groundwater contam-
ination. Developing such maps involves choosing a suitable
method that considers the availability of hydrogeological
data, pollutant distribution, and the environmental character-
istics of the region. Geographic Information Systems (GIS)
are commonly employed to combine multiple data sources
and visualize groundwater vulnerability on a regional level.
The spatial analysis features of GIS allow for mapping the
seven components of the DRASTIC model, which helps
illustrate the spatial connections between land management
practices and groundwater vulnerability (Soper, 2006).
After preparing each layer of the DRASTIC Index in Ar-
cGIS, these seven layers were weighted according to Table 3
and combined using equation (3).

]DRASTIC =D,Dy, +R/Ry, +A Ay, +S,S,, + T, T, (3)
+1.1, +C,C,

where (r) and (w) represent the ratings and weights assigned
to each parameter, respectively.

Table 3. Initial weights of DRASTIC parameters (Aller et al., 1987).

Parameter D R A S T 1 C
Weight 5 4 3 2 5 4 3

In this study, advanced methods such as Random Forest
(RF), Gradient Boosting (GB), Support Vector Regression
(SVR), and Stacking Regressor were employed to enhance
the traditional DRASTIC approach by incorporating the
Pollution Index of Groundwater (PIG). These models were
selected for their ability to handle complex, non-linear rela-
tionships between input parameters and groundwater vul-
nerability, providing a data-driven approach to refine the
DRASTIC model’s predictions. Below is a detailed expla-
nation of each method and the rationale for its use.

2.3.1 Random Forest (RF)

RF is an ensemble learning method that constructs multiple
decision trees during training and merges their results to im-
prove predictive accuracy and control overfitting (Breiman,
2001). In this study, RF was used to refine the DRASTIC
index by capturing complex interactions between hydroge-
ological parameters and observed groundwater contamina-
tion levels, such as the PIG index. RF is highly effective in
handling large datasets with multiple variables, making it
ideal for assessing groundwater vulnerability, where param-
eter interdependencies significantly impact pollution risk
(Barzegar et al., 2021).

2.3.2 Gradient Boosting (GB)

GB is a powerful machine learning technique that builds an
ensemble of decision trees in a sequential manner, where
each subsequent tree attempts to correct the errors of the
previous one (Friedman, 2001). This iterative approach
enhances model precision, especially in complex scenarios
involving non-linear relationships between variables. GB
was utilized in this study to fine-tune the DRASTIC model,
effectively integrating the PIG index to adjust vulnerability
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scores. The method’s ability to minimize errors iteratively
makes it particularly valuable for improving the accuracy of
groundwater contamination predictions (Subbarayan et al.,
2024).

2.3.3 Support Vector Regression (SVR)

SVR, a variant of Support Vector Machines (SVM), was
employed for its robustness in regression tasks, particu-
larly where non-linear relationships exist among data points
(Subbarayan et al., 2024). SVR works by finding the opti-
mal hyperplane that minimizes prediction error, making it
highly suitable for modeling continuous variables such as
groundwater vulnerability indices. By integrating SVR, the
DRASTIC model was modified to better reflect the actual
contamination levels indicated by the PIG index, enhancing
its predictive capabilities (Smola and Scholkopf, 2004).

2.3.4 Stacking regressor

Stacking is an ensemble method that combines the pre-
dictions of multiple individual models (base learners) to
produce a more accurate final prediction (Cortes and Vap-
nik, 1995). In this study, the Stacking Regressor was used
to integrate the outputs of RF, GB, and SVR, leveraging
their strengths and compensating for individual weaknesses.
This approach provided a comprehensive enhancement of
the DRASTIC index, allowing for more precise groundwa-
ter vulnerability assessments (Wolpert, 1992).

In this study machine learning models used in this study,
including RF, GB, and SVR, were implemented using the
Python programming language. The dataset was divided
into training and testing subsets using a stratified random
sampling strategy, with 80% of the data used for model
training and 20% for testing. To ensure model robustness,
a 10-fold cross-validation technique was applied during
training. Hyperparameters for each model were optimized
using grid search with five-fold internal cross-validation.
For instance, the number of estimators and maximum tree
depth were tuned for RF and GB, while kernel functions
and regularization parameters were optimized for SVR.
The traditional DRASTIC model is based on theoretical as-
sessments and expert judgment, which may not fully capture
the real-world complexity of groundwater contamination
(Asghari Moghadam et al., 2015). By integrating machine
learning methods with the DRASTIC index, this study aims
to modify and validate the vulnerability scores using ob-
served data such as the Pollution Index of Groundwater
(PIG). This approach allows for a more accurate and re-
alistic assessment of groundwater vulnerability, aligning
theoretical predictions with observed environmental condi-
tions. Using machine learning not only refines the DRAS-
TIC model but also enables dynamic updates as new data
becomes available, making it a powerful tool for sustainable
groundwater management. In addition, the PIG index was
used to modify and validate the DRASTIC index because it
provides a comprehensive assessment of groundwater con-
tamination by integrating various water quality parameters
into a single index. Unlike single-parameter approaches, the
PIG index captures the cumulative effect of multiple pollu-
tants, making it a more robust indicator of actual groundwa-
ter quality. The use of the PIG index allows for the correc-
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tion of the DRASTIC model’s vulnerability scores, which
are often based on theoretical susceptibility rather than ob-
served contamination levels. By incorporating real-world
pollution data from the PIG index, the modified DRAS-
TIC model can better reflect the true state of groundwater
vulnerability. In the training phase, DRASTIC parameters
were used as inputs, and the corrected vulnerability indices
based on PIG values served as the outputs. In the testing
phase, the model’s performance was evaluated to ensure
that the modified vulnerability indices aligned with actual
groundwater quality conditions, providing a more accurate
and data-driven vulnerability assessment. Each of these
models is briefly explained below. The performance of the
models was evaluated using Mean Squared Error (MSE) and
R2. Then, the best-performing model was selected based
on the lowest MSE and highest R? values. The optimized
DRASTIC index was calculated using the selected model.

3. Results and discussion

The Pearson correlation analysis (Table 4) revealed strong
interrelationships among key groundwater quality parame-
ters. Notably, total dissolved solids (TDS) showed strong
correlations with chloride (C17; r = 0.995) and calcium
(Ca2+; r = 0.997), underscoring the significant influence
of these ions on groundwater salinity. Additionally, total
hardness (TH) was highly correlated with both calcium and
magnesium (r = 0.997), reflecting their dominant role in de-
termining water hardness. Chloride further demonstrated a
strong association with both EC and TDS (r = 0.995), and a
slightly lower yet substantial correlation with sodium (Na*;
r = 0.978), suggesting its anthropogenic and geogenic ori-
gins. Moderate correlations between the sodium adsorption
ratio (SAR) and both EC (r = 0.791) and TDS (r = 0.792)
indicate a partial dependency, likely modulated by the in-
terplay between Nat, Ca®t, and Mg?*. Interestingly, pH
was negatively correlated with EC and TDS (r = —0.688),
suggesting that increased salinity is typically accompanied
by more acidic conditions.

3.1 Pollution Index of Groundwater (PIG)

The spatial distribution of the PIG index in the Koohpayeh
Plain is shown in figure 3. These values across the ground-
water samples in the study area ranged from 0.95 to 11.97,
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with a significant spatial variation observed. This map high-
lights that the central and southeastern parts of the region
exhibit the highest pollution levels, with PIG values exceed-
ing 11. These areas correspond to the zones with very high
pollution, covering approximately 45% of the study area, as
depicted in the pie chart (figure 2). This high pollution is
likely driven by intensive agricultural activities, industrial
discharges, and natural geochemical processes.

PIG Index Distribution

Vary High
Pollution

Parlfution

Figure 2. Distribution of PIG index categories in the study area.

The Pollution Index of Groundwater (PIG) values across the
Koohpayeh aquifer ranged from 0.95 to 11.97, highlighting
substantial spatial variability (figure 3). Approximately 45%
of the study area fell within the very high pollution category
(figure 2), while only 10% was categorized as low-pollution
zones, typically located in peripheral areas with minimal
anthropogenic impact.

Based on figure 3 the highest PIG values were predom-
inantly located in the central and southeastern zones, ar-
eas subjected to intense agricultural activity, industrial dis-
charges, and wastewater infiltration. Moderate pollution
zones, representing 30% of the area, are characterized by
slightly elevated levels of electrical conductivity (EC) and
total dissolved solids (TDS), while the very high pollu-
tion zones are predominantly associated with high concen-
trations of magnesium (Mg”) and calcium (Ca?™). The

Table 4. Pearson correlation matrix of the water quality parameters.
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*Correlation is significant at the 0.05 level;

**Correlation is significant at the 0.01 level
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Figure 3. Spatial distribution of PIG index in the Koohpayeh aquifer.

spatial gradient of pollution from low to very high closely
follows land use transitions and topographical slopes toward
the Zayandeh Rud River. The observed clustering of high
PIG values near the river corridor emphasizes the influence
of surface-groundwater interactions, leaching from agricul-
tural soils, and unregulated effluent discharge.

These spatial trends are likely influenced by a combina-
tion of anthropogenic and natural factors. The southeastern
zones coincide with more permeable alluvial formations
and shallower groundwater tables, which facilitate the in-
filtration of contaminants. In addition, this area contains
dense agricultural operations, unregulated irrigation prac-
tices, and limited wastewater treatment infrastructure, all of
which contribute to elevated pollutant loads. The proximity
to the river also enhances pollutant transport through sur-

face—subsurface exchange mechanisms. Collectively, these
geological and human-induced drivers explain the elevated
PIG values in these regions.

3.2 Groundwater Quality Index (WQI)

The Water Quality Index (WQI) ranged from < 15 to 55
across the aquifer (figure 4), indicating considerable hetero-
geneity in water quality. The poorest water quality (WQI
< 15) was observed in the central and southeastern sec-
tors areas overlapping with high PIG zones. Areas around
the Zayande Rud River have slightly better WQI values
(15 —30) but still reflect poor water quality. A small central
portion shows moderate quality (30 —45), and the best qual-
ity (45 —55) is found in limited yellow zones along the river.
Overall, the WQI distribution highlights widespread water
quality issues, underscoring the need for targeted manage-
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Figure 4. Spatial distribution of water quality index (WQI) in the Koohpayeh aquifer.
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ment and pollution mitigation efforts.

The spatial overlap between low WQI and high PIG zones
suggests that water quality degradation is primarily driven
by cumulative pollution sources. The underlying geology,
comprising unconsolidated sediments, combined with flat
terrain and poor drainage capacity, amplifies pollutant accu-
mulation. Human activities such as over-application of fer-
tilizers, inefficient irrigation systems, and leakage from sep-
tic systems further exacerbate contamination risks. These
findings highlight the need for integrated land use and water
quality management tailored to the region’s hydrogeological
characteristics.

3.3 Groundwater vulnerability by modified DRASTIC
index

The traditional DRASTIC model, based on the weighted
overlay of seven hydrogeological parameters (figure 5), re-
vealed vulnerability scores ranging from 77 to 159 across
the Koohpayeh Plain. This figure shows the spatial distri-
bution of groundwater vulnerability using the traditional
DRASTIC model, with values ranging from 77 to 159. The
highest vulnerability areas are concentrated in the central
and southeastern parts of the study area, highlighting zones
with increased susceptibility to contamination. These re-
gions are influenced by factors such as high permeability,
shallow groundwater depths, and intensive land use, which
elevate the risk of pollutants infiltrating the aquifer.

However, the conventional model’s reliance on expert-
assigned weights and generalized assumptions introduces
subjectivity and limits predictive accuracy, as reported in
previous studies (Aller et al., 1987; Ting and Witten, 1999).
To address these limitations, the DRASTIC index was mod-
ified using a data-driven approach by integrating the PIG
index and applying ensemble machine learning algorithms
including Random Forest (RF), Gradient Boosting (GB),
and Support Vector Regression (SVR). Figure 6 compares
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the performance of various machine learning models, in-
cluding Linear Regression, Ridge Regression, Random For-
est, and Gradient Boosting, in modifying the DRASTIC
index using the PIG index. Among the models compared
(figure 6), Gradient Boosting (GB) achieved the highest R?
value (0.91), indicating its strong capacity to capture data
variance. However, it also exhibited a higher Mean Squared
Error (MSE = 0.15), suggesting that while the model fit the
training data well, it may have compromised generalization
and introduced overfitting. In contrast, Random Forest (RF)
produced slightly lower R? (0.86) but significantly outper-
formed GB in terms of predictive precision with a lower
MSE (0.05). Given the trade-off between model complexity
and generalizability, RF was selected as the optimal model.
Its ensemble structure, which averages predictions across
multiple decision trees, tends to reduce variance and im-
prove robustness, especially in environmental datasets with
heterogeneous and nonlinear characteristics. Moreover, RF
exhibited more stable performance during cross-validation,
with smaller fluctuations in R? and MSE across folds. This
balance between acceptable model fit and lower generaliza-
tion error highlights RF’s capacity to reliably recalibrate the
DRASTIC index using observed contamination data such
as the PIG index. Thus, despite GB’s slightly better fit, RF
was favored for its superior predictive consistency, lower
error margin, and better resistance to overfitting, making it a
more practical and generalizable tool for vulnerability map-
ping in this study. These findings confirm the robustness of
machine learning approaches in refining groundwater vul-
nerability assessments, aligning with findings from similar
research by Ting and Witten (1999), Khan et al. (2022), and
Ijlil et al. (2022), where machine learning demonstrated
superior predictive capabilities.

The modified DRASTIC index map (figure 7) provides an
enhanced spatial depiction of groundwater vulnerability,
with index values ranging from 108 to 215. Notably, ar-
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Figure 5. Original DRASTIC index map of groundwater vulnerability.
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Figure 6. Comparison of model performance for modifying the DRASTIC index.

eas previously identified as moderately vulnerable in the
original DRASTIC map exhibited significant increases in
vulnerability in the modified version, particularly in the
central and southeastern parts of the aquifer. For exam-
ple, vulnerability scores in urban and agricultural hotspots
increased from approximately 130 to 180, reflecting height-
ened contamination risks in these regions due to intensive
human activities. This refined assessment provides critical
insights for targeted management strategies and resource
allocation, particularly in regions experiencing severe an-
thropogenic impacts. Moreover, the integration of machine
learning allowed for the inclusion of advanced statistical
analyses, ensuring the reliability of predictions across di-
verse hydrogeological settings. By demonstrating the su-
periority of data-driven approaches, this study highlights
the transformative potential of machine learning in refining
groundwater vulnerability assessments and underscores the
necessity of adopting such methods for sustainable water
resource management in arid and semi-arid regions.

Nitrate data collected from various points across the aquifer

were used to evaluate and validate the performance of the
improved DRASTIC model. The scatter plot (figure 8) il-
lustrates the correlation between the optimized groundwater
vulnerability index and nitrate concentrations measured at
various locations within the aquifer. The high correlation
coefficient (R? = 0.9632) demonstrates a strong linear rela-
tionship, indicating that the optimized vulnerability index
effectively predicts areas with higher contamination poten-
tial, particularly concerning nitrate levels. This high level
of agreement between modeled vulnerability and observed
nitrate concentrations validates the accuracy of the mod-
ified DRASTIC index and highlights the effectiveness of
machine learning methods in refining vulnerability assess-
ments. The robust correlation suggests that the machine
learning models successfully adjusted the DRASTIC pa-
rameters to align with real-world contamination patterns,
specifically for nitrate pollution. While nitrate serves as
a key indicator of contamination in this study, it is impor-
tant to note that the validation process may be extended
to include other contaminants for a more comprehensive
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Figure 7. Modified DRASTIC index map incorporating the PIG index and machine learning methods.
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Figure 8. Correlation between optimized vulnerability and nitrate concentrations.

assessment. The validation data used for this analysis were
carefully selected from various parts of the aquifer to ensure
comprehensive spatial coverage and robust evaluation of the
model’s performance. This approach offers a transferable
framework for other arid and semi-arid regions facing simi-
lar water quality challenges. However, this study focused
primarily on nitrate as a contamination indicator. Future
work should consider validating the models with additional
pollutants such as heavy metals or pesticides to broaden ap-
plicability. Also, incorporating time-series data and climate
variables could further improve model responsiveness to
environmental changes.

4. Conclusion

This study aimed to enhance groundwater vulnerability
assessment in the Koohpayeh aquifer in central Iran by
integrating traditional methods with advanced machine
learning techniques. This study advances the current
understanding of groundwater quality assessment and vul-
nerability mapping by integrating traditional index-based
methods with modern machine learning techniques. The
key contribution lies in refining the DRASTIC model
using pollution data (PIG index) and validating it against
field-measured nitrate concentrations, thereby bridging
the gap between theoretical susceptibility and observed
contamination patterns. By demonstrating the superiority
of ensemble learning models, particularly Random Forest,
in enhancing prediction accuracy, the study highlights the
potential of data-driven methods for developing dynamic,
region-specific groundwater vulnerability frameworks. The
coupling of pollution indices (PIG) with spatial analysis
also provides a holistic approach for identifying high-risk
zones, a crucial advancement for groundwater management
in arid and semi-arid regions. This work offers practical
implications for policymakers and environmental managers.
It supports evidence-based zoning, targeted monitoring,
and resource allocation, especially in vulnerable zones
influenced by anthropogenic pressures. Moreover, the
study sets a precedent for integrating multidisciplinary
datasets, including hydrogeology, geochemistry, and land
use, with machine learning to improve environmental

decision-making. One notable limitation of this study lies
in the validation phase, which primarily relied on nitrate
(NO3) concentrations as the indicator of groundwater
contamination. While nitrate is a well-established and
widely used parameter for assessing pollution, particularly
from agricultural sources, this focus may not fully capture
the complexity of groundwater contamination arising from
other pollutants such as heavy metals, industrial effluents,
or emerging contaminants. As a result, the generalizability
of the modified DRASTIC model might be constrained
to scenarios where nitrate is the dominant contaminant.
Future studies should consider incorporating multiple
pollutants for model validation to enhance the robustness
and applicability of the vulnerability assessment framework
across diverse hydrochemical environments, and should
expand this approach by incorporating temporal data, a
broader range of contaminants, and climate projections
to enhance model robustness and applicability. The
methodology developed here can be adapted to other
regions, offering a replicable template for sustainable
groundwater resource protection worldwide. Overall, this
study offers a replicable and data-driven approach for
sustainable groundwater resource protection, providing a
scientific basis for targeted zoning, policy-making, and
proactive water quality management across vulnerable
aquifers.
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