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Abstract

Monitoring groundwater quality is critical for ensuring public health, environmental sustainability, and
effective water resource management. Traditional monitoring methods, though reliable, are often time-
consuming and lack predictive capabilities. This study applies machine learning (ML) models—Decision
Tree Regressor (DTR) and Random Forest Regressor (RFR)—to predict arsenic concentration in
groundwater samples collected from Bodh Gaya, Bihar, India, during the pre-monsoon season. Fifty
samples were analyzed for pH and heavy metals, revealing frequent exceedance of permissible limits for Fe,
Al, Mn, and As. Data preprocessing included normalization, scaling, and splitting into training and testing
sets. Model performance was evaluated using Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Coefficient of Determination (R?), and Nash—Sutcliffe Efficiency (NSE). Results indicate that
DTR outperformed RFR with lower error values (MSE = 0.00210, RMSE = 0.04365) and higher accuracy
(NSE =0.891, R*=0.891). Feature importance analysis identified chloride as the most influential predictor,
with varying contributions from other metals. The findings demonstrate the potential of ML-based
approaches for real-time water quality prediction, enabling proactive interventions for sustainable

groundwater management.
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Introduction:

Machine learning (ML), a subset of artificial
intelligence, has revolutionized data analysis
by enabling systems to automatically learn
from data and improve predictions without
explicit programming. Its applications span
diverse fields, including healthcare, finance,
and  environmental = monitoring. ML
algorithms excel in handling large datasets,
identifying patterns, and making predictions,
which traditional methods often struggle to
achieve efficiently(Essamlali et al., 2024;
Zhu et al., 2022). In environmental science,
ML has emerged as a powerful tool for
addressing complex challenges such as
pollution detection, climate modeling, and
resource management(Essamlali et al., 2024;

Rajitha et al., 2024).

Environmental monitoring is critical for
understanding and mitigating the impact of
human activities on ecosystems. However,
traditional methods of monitoring are often
labour-intensive, expensive, and prone to
missing  subtle trends. ML  offers
transformative solutions by automating data
analysis from sources like satellite imagery,
ground sensors, and remote sensing
technologies. For example, ML algorithms

can predict air quality based on weather
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patterns and pollution sources or anticipate
forest fire

data(Akhlag et al., 2024; Lowe & Qin,

spread using meteorological

2022). In water quality monitoring, ML is
utilized to evaluate contamination levels in
surface water, groundwater, and drinking
water systems. By analyzing historical data
and real-time inputs, ML models can
identify pollution sources and predict future
contamination events(Essamlali et al., 2024;
Zhu et al., 2022).ML plays a pivotal role in
policy-making by providing actionable
insights derived from predictive models. For
instance, ML can assess the likelihood of
environmental regulation violations by
analyzing facility characteristics such as
location and inspection history. This allows
government agencies to  prioritize
inspections more effectively under budget

constraints(Lowe & Qin, 2022; Talha et al.,

2023). In  water management systems,
predictive models can forecast
contamination risks based on rainfall

patterns or industrial activities, enabling
timely interventions. By leveraging these

predictions,  policymakers can  craft

regulations that are proactive rather than

reactive(Zhu et al., 2022; Talha et al., 2023).

Groundwater is indispensable for life on

Earth. It sustains ecosystems, supports



agriculture, drives industrial processes, and

fulfils basic human needs. Despite its
abundance, only a fraction of Earth's water
is accessible as freshwater suitable for
consumption. The importance of preserving
water resources cannot be overstated as they
underpin global food security, economic
stability, and public health(Ashwini et al.,
2019; Kalaivanan & Vellingiri, 2022).Clean
water 1s essential for maintaining ecological
balance and ensuring public health.
Contaminated water poses severe risks such
as the spread of diseases, disruption of
aquatic ecosystems, and economic losses in
industries reliant on clean water sources.
Monitoring water quality helps prevent these
adverse outcomes by identifying pollutants
early and enabling corrective
measures(Ashwini et al., 2019; Kalaivanan
& Vellingiri, 2022).Water pollution arises
from various sources such as industrial
discharges, agricultural runoff containing
pesticides and fertilizers, untreated sewage,
and natural disasters like floods that carry
contaminants into waterways. Polluted water
affects biodiversity by disrupting aquatic
habitats and threatens human health through
exposure to toxins like heavy metals and
pathogens(Ashwini et al., 2019; Zhu et al.,
2022). Additionally, pollution exacerbates

the scarcity of clean drinking water in many
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regions worldwide.Drinking water

contamination is a pressing issue globally.

Common contaminants include microbial

pathogens bacteria),  chemical

(e.g.
pollutants (e.g., fluoride, nitrates), heavy
metals (e.g., arsenic, lead), and emerging
pollutants like pharmaceuticals.
Contaminated drinking water can cause
severe

health problems ranging from

gastrointestinal infections to long-term
illnesses like cancer(Ashwini et al., 2019;
Zhu et al., 2022;Hu et al., 2023). Ensuring
safe  drinking water requires robust
monitoring systems capable of detecting

contaminants quickly and accurately.

ML  has demonstrated  remarkable
capabilities in predicting groundwater
contamination events and identifying

probable causes. By analysing complex

datasets—such as weather conditions,

industrial activity logs, or historical
contamination records—ML models can
forecast pollution trends with high
accuracy(Essamlali et al., 2024; Zhu et al.,
2022; Vora et al., 2025; Xu et al., 2022). For
example:Surface Water: ML algorithms
predict changes in surface water quality
based on urban wastewater discharge
patterns.Groundwater: Groundwater safety
assessments use ML to identify pollution

sources like agricultural runoff.Drinking



Water: Advanced models forecast microbial
contamination risks during heavy rainfall
events. These predictions enable stakeholders
to implement preventive measures before

contamination becomes widespread.

Machine learning represents a paradigm
shift in environmental monitoring and
management. Its ability to analyze vast
datasets efficiently makes it invaluable for
predicting environmental changes and
informing policy decisions. In the context of
water quality management, ML provides
critical insights into contamination risks
across various water types—surface water,
groundwater, drinking water—and their
probable causes. As global challenges like
climate change intensify pressures on
freshwater resources, adopting ML-driven
solutions will be essential for safeguarding
this vital resource while ensuring sustainable

development.

2. Material and methods

2.1. Study area

The study was conducted in Bodh Gaya,
Gaya district of Bihar state, India. Gaya is
located at 24. 47' N latitude and 84. 50' E
longitude, with an average elevation of 113
meters above sea level. Arwal, Jehanabad,
Nalanda, Nawada, and Aurangabad districts

delineate the northern, eastern, and western
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boundaries of the region, while Jharkhand
lies to the south. The area’s drainage system
is governed by four principal rivers: the
Morhar, Phalgu, Paimar, and Dhadhar.
Originating from the southern plateau of
Jharkhand, these rivers flow predominantly
in a north and north-easterly direction
through the study region.The entire study
area experiences a continental monsoon
climate with challenging environmental
conditions. Summers are marked by intense
westerly winds, with temperatures soaring
up to 46 °C, while winter temperatures can
drop as low as 4 °C. The monsoon season
typically starts in late June and continues
into early July, with annual rainfall ranging
between 568.5 and 1,109 mm (CGWB
2022).

2.2.Sample collection and laboratory

analysis

Total 50 (Fig. 1) groundwater samples were
collected from the selected area of Bodh
Gaya, Gaya district from hand-pump as well
as borewells during the pre-monsoon season,
which ranged in depth from 12 to 35 meters.
Each sample was obtained using clean, dry
polypropylene bottles and kept in a cool, dry
container until laboratory analysis (APHA
2017). Before sampling, the pumps and

wells were purged for 5-10 minutes to

remove stagnant water and ensure samples



were representative. The bottles were rinsed
2-3 times with the collected groundwater
prior to filling.Each 125 mL sample was
filtered through a
membrane. The filtered

acidified with HNO3 to reduce the pH to 2.

0.4 um Millipore

samples were

pH measurements were taken with a

portable meter (PCS Testr 35). Heavy metal
concentrations were determined using
inductively coupled plasma optical emission
spectrometry  (ICP-OES, 5110

VDV),

Agilent

with the equipment operated
according to the manufacturer’s guidelines
for maximum accuracy. To validate the
analytical results, each sample was
measured in triplicate. All reagents were of
analytical grade, and blanks and standard
solutions were regularly analyzed after
every tenth sample to ensure precision and

reliability.
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Fig 2: Study area map (Bodh Gaya) and location of
sampling

2.3 Data processing
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The process of applying machine learning
prediction begins with the Python language,
where the code is written and accessible
through the sklearn library. Next, the
libraries and data are imported, and the data
is pre-processed before any machine
learning model is applied. This includes
classification and

standardization for

normalization/scaling for prediction; the
application of either or both of these models
depends on the requirements and the type of
data, as well as data splitting for training and
testing.In order to improve the machine
learning model's applicability,
normalization/scaling is used to transform
features

on a similar scale (0-1) for

uniformity in the dataset. It can be
significantly impacted by outliers and is
helpful for data whose distribution is
unknown. Normalization/scaling is typically
used in prediction modeling (Eqn. 1). On the
other hand, normalization is the process of
transforming features using the dataset's
mean and standard deviation, which are not
constrained by a range and are significantly
less impacted by outliers. Standardization is
employed in classification modeling and is
helpful when the data distribution type is
gaussian or normal (Eqn. 2) (Ibrahim et al.,
2022). Based on the dataset type and the

requirement, any one of the normalizations



or standardizations is applied, and after that,

data splitting is done.
X — Xoin

Xopry, = ——— 10
Scale X Xmin

max ~

€y

X — mean
XStand. = Std Dev

The process of data splitting is used to train

()

and test the machine learning model;
essentially, the data is split into two halves
(either in an 80/20 or 70/30 ratio). The
model learns the data structure, behaviour,
interlinking, parameter relations, and
patterns from the training data. Following
the model's application, the data is
predicted. The testing data is then compared
to the anticipated data, and a number of
evaluations are conducted to determine the
model's accuracy, behaviour, inaccuracy,
and suitability for a given data type (Singh
et al., 2022).

After data processing, a specific model is
selected and applied, and various model
assessment metrics are calculated and results
are interpreted based on prediction data.

2.4 Metrics for assessment

Various model assessment metrics such as
Mean square error (MSE), Root mean
square error (RMSE), Nash - Sutcliffe
efficiency (NSE), and Coefficient of

determination (R?) were employed, and can
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be expressed mathematically by Eqn. 3-6
(Ibrahim et al., 2022).

n

1
MSE = ;Z(oi —p)? 3)

i=1

1 n
RMSE = ZZ(Oi —p)? 4
n (g — C 2
R2 — n((zlzl(ol 20m)Pri pm)) . (5)
Yizi(0; = 0m)? * Xy (Pi = Pm)

Xi(pi—0)?

NSE = o——m= 6
Z?:l(oi - Om)z ( )

Where, 7 is the total number of test samples,

o; represents the observed value, p;

represents the predicted value, onrepresents
the mean of the observed values and p, is
the mean of the predicted values

2.5 Model development and application

. Random Forest Regressor (RFR)

The Random Forest Regressor (RFR) is an
ensemble technique that builds a large
number of decision trees using random
sampling with replacement in order to
produce repeating predictions of the target
variable. According to Ibrahim et al. (2022),
the method, which is seen in Fig. 2, uses the
performance of several decision tree
algorithms to forecast arsenic concentration.
A training subset chosen at random with

replacement is used by each decision tree,



and this subset is repeated as many times as
there are trees in the ensemble. A final
forecast is then generated by combining the
results of various decision trees (Zhou et al.,
2024). Using bootstrap sampling, a random
subsample of the training dataset is used to
generate each tree; the samples that are
excluded from this subsample are known as
"Out of Bag" (OOB) samples (Jin et al.,
2020). The RFRM model is internally cross-
validated using these OOB samples
(Chakraborty et al., 2020). Hyperparameter
tweaking was used to improve the prediction
of arsenic concentration levels after the

initial RFRM model was developed.

Resut2 Result |

—
—

Fig. 2:Flow chart of Random forest regressor

—~

algorithm
Decision Tree Regressor (DTR)

Regression and classification problems are
addressed using non-parametric machine
learning methods known as decision trees
(DTs). Unlike black-box algorithms, DTs

feature an easy-to-understand decision-
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making process and are highly intuitive
(Ibrahim et al., 2022). Before rendering
decisions based on a range of input variables
organized into layers of decision branches,
the algorithm begins at a root node and
proceeds through internal and terminal
nodes. Following the initial split of the data
into two subsets, the decision tree (DT) uses
the same logic to split each subsequent
subset recursively.This procedure keeps on
until either the maximum depth specified is
achieved or no further splits that minimize
the loss function can be identified (Singh et
al., 2022). Decision trees (DTs) are widely
classifiers and for

used regressors

developing  binary classification and
regression, respectively, because of their
simplicity and interpretability. Compared to
other algorithms, DTs handle numerical and
categorical data efficiently and with fewer

assumptions.
3 Results and discussions
3.1 Analysis of heavy metals

Assessing the presence of heavy metals in
groundwater and their absorption via many
exposure routes may increase the risks to
human health. In accordance with BIS
10500:2012, Table 1 lists the permitted
for

limits the pH and heavy metal

concentrations as well as the statistical data



(maximum, minimum, standard deviation,
and third quartile). According to the third
quartile, the research reveals that the heavy
metals' abundance is as follows: Fe> Zn>
Mn> Al> Cu>As>Cr> Ni> Pb>Cd. Both
natural and man-made causes, such as
increased concentrations of CO3 and SOZ~
minerals and other minerals, may contribute
to the presence of heavy metals in
groundwater. Anthropogenic sources include
mining, agriculture, and industrial and
household wastewater (Liu et al. 2019;

Kozisek 2020).

A detailed assessment of

groundwater samples has revealed the
presence of several heavy metals, many of
which exceed their respective permissible
limits, indicating significant contamination
in the studied region. The analysis found
that aluminum (Al) concentrations in the
samples ranged from 12.01 to 445.26 nug/L.
Alarmingly, 56% of these samples contained
aluminum levels above the established
safety threshold. Elevated aluminum can be
toxic to both humans and aquatic life,
posing health risks when present in drinking

water supplies.

Arsenic (As), another toxic element, was
detected in a range spanning from non-

detectable (ND) amounts up to 15.48 pg/L.
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Despite the relatively narrow range, 10% of
the samples still surpassed the maximum
permissible limit for arsenic, a contaminant
associated with a variety of chronic health
issues—including skin lesions, cancer, and
cardiovascular diseases—when consumed

(Cd)
varying
from ND to 1.21 pg/L. Fortunately, in this

over extended periods.Cadmium

analysis showed concentrations

survey, none of the assessed samples
exceeded the recognized safe limit for
cadmium. It is important to note, however,
that cadmium’s presence—even at low
concentrations—warrants attention, as it is
highly toxic and accumulates over time in
living organisms. The primary sources of
environmental cadmium include the
combustion of fossil fuels, municipal waste
incineration, the

improper disposal of

nickel-cadmium (Ni—Cd) batteries, and
various industrial processes, as highlighted
by the Agency for Toxic Substances and
Disease Registry (ATSDR 2017).Chromium
(Cr) was measured in concentrations ranging
from 0.94 to 46.54 pg/L. Like many heavy
metals, chromium contamination can arise
from industrial activities, though the
paragraph does not indicate how many
samples exceeded permissible limits for
chromium.Iron (Fe), recognized as an

essential micronutrient for numerous



organisms, was found in concentrations
stretching from 56 to a remarkable 12,350
png/L—revealing extreme variation across
the sampling sites. Over half (58%) of the
collected samples contained iron levels
above the acceptable threshold. While iron
is required for vital metabolic processes, its
from  the

excess—mostly  stemming

weathering of igneous rocks,
ferromanganate soils, or the dissolution of
minerals such as iron oxides, magnetite,
sulfides, and iron clays (Ranjan et al.
2012)——can cause problems like taste,
staining, and infrastructural damage in water

distribution systems.

Manganese (Mn), also crucial for
human health as a micronutrient, exhibited
concentrations between 1.42 and 1,430 pg/L
in the samples. Around one-fifth (20%) of
the tested groundwater samples exceeded
safe manganese levels. Sources may be both
natural (geological formations) as well as
anthropogenic (industrial or agricultural
activities), and high levels of manganese can
result in neurological health effects if
ingested over time.Nickel (Ni) is a heavy
metal known for its carcinogenic potential,
implicated in causing serious lung and
kidney diseases (Multhaup 2005). In this
study, nickel concentrations ranged from

non-detectable up to 33.96 pg/L, with
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approximately 4% of samples exceeding the

permissible limit. Industrial activities,
including operations at power plants, glass
and ceramics manufacturing, battery
production, dye and colorant industries, and
urban sewage and sludge, are recognized
sources of groundwater nickel
contamination (Govil et al. 2008).Lead (Pb),
primarily an anthropogenic pollutant due to
its minimal natural release relative to
extensive  human-associated  discharges
(Buragohain et al. 2010), was found at
concentrations ranging up to 22.99 ug/L in
the analyzed region. About 8% of the
lead levels above

samples contained

recommended standards. Major local
sources of lead include the historical usage
of leaded gasoline, emissions from paint
industries, the application of synthetic
pesticides, fossil fuel combustion, and poor
management of battery waste (Jumbe &
Natural 2009).Zinc (Zn), an essential trace
showed a wide

element, range of

concentrations from 12.18 up to a
substantial 6,280.55 pg/L. However, only
2% of all samples tested contained zinc
above the acceptable limit. Although
typically less toxic compared to other heavy
metals, excess zinc in drinking water may
impart an undesirable taste and lead to

health issues if consumed at very high



levels.Collectively, these findings point to

considerable  variability and frequent
exceedance of permissible levels for several
key heavy metals in the groundwater of the
studied region, underlining an urgent need
for ongoing monitoring, mitigation, and

public health interventions.

2.3.Performance metrics for arsenic

prediction

The performance comparisonfor arsenic
prediction (Table 2) indicates that the
Decision Tree Regressor (DTR) outperforms
the Random Forest Regressor (RFR) for the
testing dataset. DTR shows lower MSE
(0.00210) and RMSE (0.04365), along with
higher NSE and R? values (both 0.891),
suggesting better prediction accuracy and
model efficiency. In contrast, RFR yields
comparatively higher error values and lower
correlation with actual observations. These
results highlight DTR as the more suitable

model for this dataset.

The feature importance plots (Fig. 3) for
DTR and RFR highlight Chloride as the
most significant predictor of the target
variable in both models. The most
significant feature in the RFR plot (green
bars) is PH, which is closely followed by
Mn and Cr. The ensemble-based RFR model

identified these three traits to be consistently
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predictive across its constituent decision
trees, as evidenced by their significantly
higher normalized significance values than
the others. Cd, Fe, and Pb have very little
contribution, indicating little or no
predictive potential in the context of this
model, but EC, Cu, and Al are other fairly
significant features. On the other hand, a
distinct ranking is revealed by the DTR plot
(red bars). The most significant feature is
Cr, which is closely followed by Mn, Fe,
and PH. It's interesting to note that whereas
Fe is seen as highly significant in DTR, it is
almost meaningless in RFR. The reason for
this disparity is that decision trees may be
overly focused on a small number of
variables that produce significant initial
splits and may be sensitive to even little
the data.

changes in Furthermore, in

comparison to RFR, DTR gives a
comparatively greater weight to a wider
variety of characteristics, such as Zn, Ni,

and Cd.

These variations draw attention to a crucial
aspect of RFR: it reduces the variance and
bias brought forth by individual trees by
averaging out feature importance over
several trees. Because DTR is a single-tree
model, it may overfit and highlight features
that best split the training data but may not

generalize well, whereas RFR offers a more



reliable and broadly applicable interpretation

of feature value.

3. Conclusions

This study demonstrates that machine
learning offers an efficient, accurate, and
method  for

The

interpretable groundwater

quality prediction. Decision Tree
Regressor (DTR) outperformed the Random
Forest Regressor (RFR) in predicting arsenic
concentrations in the Bodh Gaya region,
achieving higher accuracy and lower error
values. Chloride emerged as the most

significant  predictor, alongside other
influential variables such as manganese,
chromium, and pH. The groundwater
analysis revealed elevated concentrations of
several heavy metals, with Fe, Al, Mn, and
As frequently exceeding permissible limits,
posing potential health and environmental
risks. By integrating ML models into
groundwater monitoring frameworks, water
resource managers can make proactive, data-
driven decisions, enabling timely mitigation
strategies to safeguard public health and

ensure sustainable water management.
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Table 1. Statistical summary of heavy metal concentration compared with BIS (10500:

2012)
Elements | Range | Mean =+ Std. 3rd BIS Standard % of the
deviation Quartile (10500 2012) sample
Acceptable | Permissible | exceeding
limit limit the
Acceptable
limit
(BIS10500)
pH 6.82- 7.34+0.23 7.49 6.5-8.5 - -
8.25
EC 223- | 609.04£276.67 | 828.25 - - -
1357
Al 12.01- | 49.92+66.71 | 46.375 30 200 56
445.26
As 0- 2.98 +4.38 6.5425 10 50 10
15.48
Cd 0-1.21 0.09 £0.26 0 3 NR 0
Cr 0.94 - 3.94 £6.51 3.6525 50 NR 0
46.54
Cu 0- 13.65 £30.42 6.895 50 1500 8
151.59
Fe 56 - 1254.8 + 1560 300 NR 58
12350 1946.32
Mn 1.42 - | 88.64 +211.65 | 60.0625 100 300 20
1430.69
Ni 0- 2.94 +6.42 2.5225 20 NR 4
33.96
Pb 0- 1.71 £5.32 0 10 NR 8
22.99
Zn 12.18 - 556.83 £ 302.6425 5000 15000 2
6280.55 1183.67
*Heavy metals are measured in ug/l., NR — No relaxation
Table 2: Performance of ML models
Models Performance criteria (Accuracy for testing sets )
MSE RMSE NSE R’
DTR 0.00210 0.04365 0.891 0.891
RFR 0.00671 0.08123 0.856 0.856

42



Feature Importance Plot (RFR)

T T
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Fig 3: Feature importance plots for (a) RFR, (b) DTR
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