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Abstract. Surface water contamination by heavy metals poses significant ecological and health 
risks due to their persistence, bioaccumulation, and toxicity. This research evaluated the 
concentrations of cadmium (Cd), chromium (Cr), copper (Cu), iron (Fe), lead (Pb), and zinc (Zn) 
in river water samples and assessed their impact on the Heavy Metal Pollution Index (HPI). 
Descriptive statistics revealed substantial variation among sampling sites, with HPI values 
ranging from 2.15 to 21.94. Although Cd and Pb were generally present in low concentrations, 
their localized maxima indicated potential hot spots of contamination, whereas Fe and Zn 
showed higher overall levels. To identify the most influential predictors of HPI, two machine 
learning regression models, Random Forest (RF) and Extreme Gradient Boosting (XGBoost), 
were implemented. The RF model explained more than 90% of the variance in HPI, with Cd, Zn, 
and Cr emerging as the most critical contributors. The XGBoost model achieved even higher 
predictive accuracy (R² = 0.998, RMSE = 0.76), confirming Cd and Cr as dominant predictors, 
together accounting for nearly 80% of the model’s explanatory power. These findings highlight 
the pivotal role of Cd and Cr in shaping HPI dynamics and demonstrate the utility of ensemble 
learning methods for environmental monitoring and risk assessment. 
 

Key words: Heavy Metal Pollution Index, Machine Learning Models, Random Forest, XGBoost 
Models. 

 
Introduction 
Surface water contamination by heavy metals 

is a pressing environmental issue due to its persis-
tence, bioaccumulative properties, and potential 
risks to both ecosystems and human health. In-
dustrial effluents, agricultural runoff, and urban 
discharges are among the primary sources con-
tributing to elevated levels of toxic metals such as 
cadmium (Cd), chromium (Cr), copper (Cu), iron 
(Fe), lead (Pb), and zinc (Zn) in river systems. 
Even at low concentrations, these elements can 
have detrimental ecological and health impacts, 
making their monitoring a priority for environ-

mental management strategies. Human activities 
are a significant contributor to metal pollutants in 
water sources, making groundwater contamina-
tion one of the most pressing environmental is-
sues of our time (Sarkar, 2024). Some heavy me-
tals - such as iron (Fe) and copper (Cu) - are esse-
ntial for life in trace amounts. Others, like lead (Pb) 
and chromium (Cr), are toxic even at very low 
concentrations, making them among the most 
harmful water contaminants. These toxins accu-
mulate in the bodies of animals and humans, po-
tentially leading to serious diseases such as cancer 
(Tchounwou et al., 2012).  

http://eb.bio.uni-plovdiv.bg/
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Numerous studies have examined the water 
quality of the Shkumbin River, using statistical 
methods such as the Water Quality Index (WQI) 
(Basha et al., 2024; Shyti et al., 2024), as well as 
through direct analysis of dissolved heavy metals 
in river water. For example, author in (Gjeci et al., 
2024) showed that concentrations of nitrate and 
nitrite in the Shkumbin River were generally be-
low WHO (2004) limits for surface water (50 
mg/L for nitrate and 1.0 mg/L for nitrite). How-
ever, ammonium levels were found to exceed the 
recommended maximum of 0.3 mg/L (Gjeci et al., 
2024). Similarly, the study of Çomo et al. (2024), 
concluded that heavy metals in the Shkumbin 
River were present in the order of Fe > Ni > Cu > 
Cr > Cd > Pb > Mn > Zn. 

Traditional water quality assessments often 
rely on indices such as the Heavy Metal Pollution 
Index (HPI), which integrates multiple pollutant 
concentrations into a single metric, facilitating risk 
evaluation and site comparison. However, the 
complex interactions among multiple metals and 
their nonlinear effects on HPI demand advanced 
statistical and machine learning approaches for 
more accurate modeling and interpretation. In 
recent years, ensemble learning methods such as 
Random Forest (RF) and Extreme Gradient Boos-
ting (XGBoost) have proven effective in environ-
mental applications, owing to their robustness, 
ability to handle multicollinearity, and strong pre-
dictive performance. Machine learning has pre-
dicted environmental processes and assessed pol-
lutant toxicity using existing data (Gao et al., 2021; 
Yang et al., 2021). The unique thing about 
XGBoost model is its generalization and ability to 
outperform other models with large datasets and 
that it could be applied for various tasks as re-
gression and classification and still perform with 
the same strength (Tao et al., 2021). 

Heavy metal contamination of surface waters 
is a globally recognized environmental problem 
due to its persistence, non-degradability, and bio-
accumulation in aquatic food webs. Numerous stu-
dies have reported elevated levels of cadmium (Cd), 
lead (Pb), chromium (Cr), zinc (Zn), copper (Cu), 
and iron (Fe) in rivers impacted by industrial dis-
charges, mining activities, and agricultural runoff 
(Su et al., 2022; Varol & Şen, 2012). These metals, 
even at trace concentrations, pose serious health 
risks, including carcinogenicity (Cd, Cr, Pb) and 

neurotoxicity (Pb, Cu, Zn), and disrupt aquatic 
biodiversity. 

To assess overall water quality, researchers 
have developed and applied composite indices 
such as the Heavy Metal Pollution Index (HPI), 
which integrates multiple metal concentrations 
into a single risk indicator (Mohan et al., 1996). 
HPI has been widely applied to rivers across Asia, 
Europe, and Africa, providing a robust frame-
work for comparing pollution levels across sites 
and seasons (Backman et al., 1998; Prasad & Bose, 
2001). For instance, Varol (2011) reported spatio-
temporal variations in HPI across the Tigris River, 
highlighting seasonal peaks linked to agricultural 
runoff, while Olowojuni et al. (2025) assessed hea-
vy metal contamination in water and sediments 
from five sampling stations in Asejire Reservoir, 
Oyo State, Nigeria. Traditional statistical appro-
aches, such as correlation analysis and multiple 
linear regression, have been used to identify rela-
tionships between heavy metals and HPI (Singh et 
al., 2004). However, these methods often struggle 
with nonlinearities, multicollinearity among me-
tals, and site-specific variations. In response, ma-
chine learning (ML) techniques have increasingly 
been applied in environmental monitoring. Ran-
dom Forest is a machine learning method that 
combines the predictions of multiple decision 
trees to improve performance and the RF model 
has the capacity to predict the unsampled areas 
with higher accuracy Random Forest (RF) has 
been used successfully to predict groundwater 
contamination and surface water quality due to its 
robustness against overfitting and ability to cap-
ture nonlinear relationships (Apogba et al., 2024). 
Recent studies integrating ML models with heavy 
metal monitoring confirm their potential. Authors 
as Shahed et al. (2022), develop and apply data-
driven models using Random Forest (RF), a ma-
chine learning approach, to predict Total Nitrogen 
(TN), Total Phosphorus (TP), Total Suspended 
Solids (TSS), and Ortho-Phosphorus (Ortho-P) 
EMCs in urban runoff. 

Similarly, Extreme Gradient Boosting 
(XGBoost) has gained attention for its superior 
predictive accuracy and interpretability in hydro-
logical modeling and water quality assessments. 
Authors as Zhang et al. (2024) demonstrated that 
XGBoost could outperform linear models in pre-
dicting water quality indices in complex datasets 
with mixed pollution sources. Moreover, hybrid 
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approaches combining HPI with ML algorithms 
have emerged as promising tools for both risk 
assessment and management decision-making 
(Liu et al., 2021). 

Despite these advances, relatively few studies 
have applied ensemble learning models directly 
to HPI prediction in European river systems, par-
ticularly in the Western Balkans. This gap under-
scores the significance of the present study, which 
evaluates heavy metal contributions to HPI using 
both RF and XGBoost, offering new insights into 
the predictive roles of Cd, Zn, and Cr. By integra-
ting advanced modeling approaches with envi-
ronmental indices, the research contributes to mo-
re accurate pollution diagnostics and supports tar-
geted mitigation strategies. 

The present study aims to (i) analyze the con-
centrations of selected heavy metals in river water 
samples, (ii) evaluate spatial variation in HPI, and 
(iii) apply RF and XGBoost regression models to 
identify the most influential predictors of HPI. By 

integrating descriptive statistics with machine 
learning approaches, this research provides new 
insights into the relative importance of specific 
heavy metals, with implications for targeted pol-
lution control and water resource management. 

 
Materials and methods 
Sampling and Data Collection 
In southeast Albania, the Shkumbin River ri-

ses in the Valamara mountain range, and from its 
source to its delta in the Adriatic Sea, this signifi-
cant watercourse extends for 181 kilometers, drai-
ning an area of 2,444 square kilometers in an east–
west direction (Basha et al., 2024). 

To assess heavy metal pollution in the Shkum-
bini River, water samples were collected from five 
strategic locations along its flow: Proptisht, Lib-
razhd, Elbasan, Peqin and Bashtovë. Samples we-
re gathered during four representative months 
(February, May, August and November) in 2024 
to account for seasonal variations (Table 1).

 
Table 1. Geographic coordinates of selected locations in Central Albania. 

 

Place Latitude Longitude 

Proptisht 40.98 20.51 

Librazhd 41.19 20.32 

Elbasan 41.11 20.08 

Peqin 41.05 19.75 

Bashtovë 41.00 19.47 

 
The collection of reliable water samples is a 

critical step in assessing heavy metal contamina-
tion in river systems. In this study, the sampling 
design was carefully structured to ensure that spa-
tial and temporal variability could be adequately 
represented. Sampling sites were selected to in-
clude upstream reference points, midstream sec-
tions, and downstream areas subject to agricultu-
ral, industrial, and urban influences. This distribu-
tion provided a comprehensive view of both back-
ground conditions and pollution hot spots. To 
account for seasonal variability, field campaigns 
were conducted at multiple times during the year, 
covering both high- and low-flow periods. 

Water sampling was carried out in accor-
dance with the UNEP/WHO guidelines (UNEP/ 
WHO, 1996). All samples were collected using 
pre-cleaned, acid-washed high-density polyethy-
lene (HDPE) bottles, which were transported and 
handled according to trace-metal protocols to 

avoid contamination. At each site, grab samples 
were obtained from the main current, typically at 
mid-stream, to minimize local disturbances 
caused by bank effects or eddies. For sites deeper 
than 0.5 meters, composite samples were prepa-
red by combining aliquots collected from the sur-
face, mid-depth, and near-bottom layers, thereby 
capturing vertical variability. In all cases, strict 
“clean hands/dirty hands” procedures were follo-
wed to minimize contamination during collection 
and handling. 

Field parameters, including temperature, pH, 
electrical conductivity (EC), dissolved oxygen 
(DO), and turbidity, were measured in situ using 
portable multi-parameter probes. For dissolved 
heavy metals, water samples were immediately 
filtered on-site through 0.45 μm membrane filters, 
after which both filtered (dissolved fraction) and 
unfiltered (total fraction) samples were preserved 
by acidification with ultrapure nitric acid (HNO3) 
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to a pH below 2. Samples were stored in coolers at 
≤ 6°C and transported to the laboratory under 
dark conditions to ensure sample integrity. 

To maintain quality assurance and quality 
control (QA/QC), a set of control samples was 
collected alongside field samples. These included 
field blanks prepared by processing ultrapure wa-
ter through the sampling equipment, field dupli-
cates collected independently at the same site, and 
equipment blanks obtained after cleaning proce-
dures. Such measures were implemented to detect 
possible contamination, verify reproducibility, 
and confirm the effectiveness of decontamination. 
In addition, triplicate samples were collected pe-
riodically to evaluate analytical precision. 

Water quality evaluation requires a combi-
ned evaluation of physical, chemical and biolo-
gical parameters. We are focused on the evalua-
tion of chemical pollution mainly from heavy me-
tals, which have a significant impact on the health 
of the aquatic living world (Singh et al., 2022). In 
the laboratory, concentrations of cad-mium (Cd), 
chromium (Cr), copper (Cu), iron (Fe), lead (Pb), 
and zinc (Zn) were determined using inductively 
coupled plasma mass spectrometry (ICP-MS) for 
trace-level elements and inductively coupled 
plasma optical emission spectrometry (ICP-OES) 
for metals with higher expected concen-trations. 
Analytical quality was assured through the use of 
calibration standards, matrix spikes, and certified 
reference materials. Data were ex-pressed in 
milligrams per liter (mg/L) to ensure consistency 
across all analyses. Values below the limit of 
detection (LOD) were treated according to a 
standard substitution approach (LOD/2), and 
sensitivity analyses were conducted to assess the 
impact of this treatment. 

By following this standardized protocol, the 
study ensured that the data collected were repre-
sentative of spatial and seasonal variation while 
maintaining the accuracy and reliability required 
for subsequent statistical analyses and modeling 
of the Heavy Metal Pollution Index (HPI). 

 
Analytical methods 

• HPI calculation 
The Heavy Metal Pollution Index (HPI) was 

calculated using the formula proposed by Mohan 
et al. (1996): 

𝑯𝑷𝑰 =
∑𝑾𝒊𝑸𝒊

∑𝑾𝒊
 

where: Wi is the unit weightage for the ith para-
meter, Qi is the sub-index of the ith parameter.  

The sub-index Qi is calculated as: 

𝑸𝒊 =
(𝑴𝒊 − 𝑰𝒊)

(𝑺𝒊 − 𝑰𝒊)
× 𝟏𝟎𝟎 

where: Mi is the measured concentration of the ith 
metal, Ii is the ideal concentration (usually zero for 
heavy metals), Si is the standard permissible value. 

The unit weight Wi is inversely proportional 
to the standard permissible value: 

𝑾𝒊 =
𝟏

𝑺𝒊
 

 

• Reference Standards  
Permissible limits for each metal were taken 

from WHO guidelines (WHO, 2004), and interna-
tional environmental quality standards, adjusted 
for surface water use. These include maximum 
admissible concentrations (MAC) relevant for the 
protection of aquatic life. 

The World Health Organization (WHO) pro-
vides guidelines primarily for drinking water 
quality, rather than for surface water (e.g., rivers, 
lakes, and streams). For surface water quality, we 
refer to international environmental agencies, in-
cluding: 

• European Union Water Framework Direc-
tive (EU-WFD) 

• United States Environmental Protection 
Agency (US EPA) 

• Canadian Water Quality Guidelines 
• Other regional standards based on inten-

ded water use (e.g., for aquatic life, irrigation, in-
dustrial, or recreational purposes). 

Below is a table summarizing the typical maxi-
mum allowable concentrations of selected heavy 
metals in surface water, primarily to protect aqua-
tic life (Table 2). These reference values provide a 
benchmark against which the concentrations 
found in the Shkumbin River can be evaluated. 

 

• Random Forest model  
The Random Forest (RF) algorithm, intro-

duced by Breiman (2001), is an ensemble learning 
method based on the aggregation of multiple deci-
sion trees. Given a dataset = {(𝑥𝑖, 𝑦𝑖)}𝑖=1

𝑛 , where 
𝑥𝑖denotes the feature vector and 𝑦𝑖 the response, 
RF constructs Bootstrap samples from A. For each 
bootstrap sample, a decision tree is grown using 
recursive partitioning. At each node, instead of 
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considering all p predictors, a random subset of 
m<<p variables is selected, and the optimal split is 
determined by minimizing an impurity measure 
such as the Gini index for classification: 

𝑮(𝒕) = ∑ 𝒑𝒌(𝒕)

𝑲

𝒌=𝟏

(𝟏 − 𝒑𝒌(𝒕)) 

where: 𝑝𝑘(𝑡) is the proportion of class k instances 
in node t. For regression, the variance is minimi-
zed. The final prediction is obtained through ma-
jority voting in classification: 

𝒚̂ = 𝒎𝒐𝒅𝒆{𝑻𝟏(𝒙), 𝑻𝟐(𝒙), … , 𝑻𝑩(𝒙)} 

or averaging in regression: 

𝒚̂ =
𝟏

𝑩
∑ 𝑻𝒃(𝒙)

𝑩

𝒃=𝟏

 

By combining bootstrap aggregation (bag-
ging) with random feature selection, Random Fo-
rests reduce variance, mitigate overfitting, and 
maintain high predictive accuracy even in high-
dimensional and noisy datasets. Additionally, RF 
provides variable importance measures, such as 
the Mean Decrease in Impurity (MDI) and the 
Mean Decrease in Accuracy (MDA), which are wi-
dely used for feature selection and interpretation 
(Hastie et al., 2009). 

 
Table 2. Typical maximum concentrations of selected heavy metals in aquatic environments 

(µg/L) and associated toxicological notes. 
 

Heavy metal Typical max value (µg/L) Notes 

Lead (Pb) 2 – 10 µg/L Toxic to fish; bioaccumulates 

Cadmium (Cd) 0.1 – 5 µg/L Highly toxic even at low levels; varies with hardness 

Chromium (Cr) 50 µg/L (for Cr (VI)) Hexavalent chromium is more toxic 

Mercury (Hg) 0.05 – 0.1 µg/L Extremely toxic; bio accumulative 

Copper (Cu) 2 – 10 Toxic to aquatic organisms at elevated concentrations 

Zinc (Zn) 30 – 100 µg/L Affects fish at higher concentrations 

Nickel (Ni) 25 – 70 µg/L Limits vary based on pH and water hardness 

Arsenic (As) 10 µg/L Inorganic arsenic is highly toxic and carcinogenic 

 
 

• Extreme Gradient Boosting (XGBoost) 
Extreme Gradient Boosting (XGBoost), pro-

posed by Chen & Guestrin (2016), is an advanced 
implementation of gradient boosting algorithms 
designed for high efficiency, scalability, and pre-
dictive accuracy. Gradient boosting builds an ad-
ditive model in a forward stage-wise manner, 
where at each iteration a new weak learner 
𝑓𝑡(𝑥) (typically a decision tree) is added to mini-
mize the objective function: 

𝓛(𝒕) = ∑ 𝒍 (𝒚𝒊, 𝒚̂𝒊
(𝒕−𝟏)

+ 𝒇𝒕(𝒙𝒊)) + Ω(𝒇𝒕)

𝒏

𝒊=𝟏

 

where 𝑙(∙)is a differentiable loss function.  
The regularization term is defined as: 

Ω(𝒇𝒕) = 𝜸𝑻 +
𝟏

𝟐
𝝀 ∑ 𝒘𝒋

𝟐

𝑻

𝒋=𝟏

 

where T is the number of leaves, wj is the weight 
of leaf j, and γ, λ are regularization parameters. 

XGBoost employs a second-order Taylor ex-
pansion of the loss function for efficient optimi-

zation (Friedman, 2001). By integrating shrinkage 
(learning rate), column subsampling, and advan-
ced regularization, XGBoost achieves superior ge-
neralization performance compared to traditional 
gradient boosting. It has become one of the most 
widely used algorithms in data science compe-
titions and applied research across domains such 
as finance, bioinformatics, and environmental mo-
deling. 

 
Results and Discussion 
Assessment of Heavy Metal Contamination 

and Water Quality using HPI 
Over the years, numerous studies have ana-

lyzed water samples from the Shkumbin River to 
determine variations in heavy metal concentra-
tions across different months.  

Among these: 
Iron (Fe). Iron is an essential micronutrient for 

living organisms. In the collected data, concentra-
tions ranged from a minimum of 350 μg/L in No-
vember at Proptisht to a maximum of 1240 μg/L 



Bederiana Shyti et al. 

89 

in May at Elbasan. Potential sources of iron in 
river water include: 

• Natural sources: weathering of rocks and 
soils along the river course. 

• Anthropogenic sources: industrial activi-
ties, mining residues, sewage discharges, and lea-
king pipelines. 

Excessive concentrations of iron may cause 
undesirable reddish coloration of the water, the 
formation of iron oxide deposits that damage 
aquatic infrastructure, and toxic effects on fish and 
microorganisms under oxygen-depleted condi-
tions. Elevated iron levels are often associated 
with the presence of other heavy metals or organic 
pollutants. Conversely, lower iron concentrations 
are an indicator of improved water quality, re-
flecting the absence of industrial or sewage-rela-
ted inputs, and therefore a greater suitability for 
agricultural use. 

Zinc (Zn). Zinc plays an essential role in 
aquatic ecosystems, influencing the health of fish, 
aquatic plants, and other organisms. While neces-
sary in trace amounts, elevated concentrations 
may result in neurological and immunological da-
mage, growth and metabolic disorders, reduced 
water quality, and biodiversity loss. In the studied 
samples, zinc concentrations ranged from 4.2 
mg/L in February at Proptisht to 24.5 mg/L in 
August at Elbasan. The peak in summer is likely 
driven by industrial discharges (notably from El-
basan’s metal-processing zones), seasonal increa-
ses in human activity, reduced river flow due to 
low rainfall, and agricultural water consumption. 
Elevated temperatures during August also en-
hance pollutant mobility and accumulation. 

Copper (Cu). Copper is a vital trace element 
required for various biological processes. How-
ever, excess levels can cause environmental pollu-
tion, primarily from industrial effluents, fertili-
zers, pesticides, and soil erosion. In the Shkumbin 
River, mining areas near Elbasan and Librazhd 
are potential contributors. Measured values ran-
ged from 0.52 μg/L in November at Elbasan to 
2.88 μg/L in August at Elbasan. Excess copper 
adversely affects aquatic life, impairing the ner-
vous and respiratory systems of fish, destroying 
plankton and microorganisms, and reducing agri-
cultural suitability when contaminated water is 
used for irrigation. 

Chromium (Cr). Chromium contamination in 
the Shkumbin River likely originates from histo-

rical mining and industrial activities in the Elba-
san region, as well as urban runoff and natural 
erosion. Sample analysis revealed values ranging 
from 1.81 μg/L in November to 7.12 μg/L in 
August at Elbasan. While trivalent chromium 
(Cr³⁺) is a micronutrient, elevated concentrations 
become toxic and environmentally hazardous. 

Lead (Pb). Lead is among the most toxic pol-
lutants detected in the river, with concentrations 
ranging from 0.70 μg/L in February at Proptisht 
to 2.81 μg/L in August at Elbasan. Industrial 
activity in Elbasan (metallurgy, car battery pro-
duction, and electronic waste) is the main con-
tributor, compounded by urban runoff during 
rainfall events. Lead contamination affects soil 
fertility, poses severe risks to aquatic ecosystems, 
and remains a long-term threat to public health. 

Cadmium (Cd). Cadmium, though naturally 
present in trace amounts, is highly toxic and pri-
marily linked to industrial operations, mining, 
fertilizers, and urban waste. In the samples, Cd 
levels varied between 0.036 μg/L in November at 
Proptisht and 0.880 μg/L in August at Peqin. 
Although below the WHO limit of 5 μg/L for 
surface waters, cadmium is concerning due to its 
ability to bioaccumulate and disrupt aquatic bio-
diversity. 

The descriptive statistics of the studied vari-
ables demonstrate significant variation across 
both heavy metals and the HPI indicator (Table 3). 
The HPI values ranged from 2.15 to 21.94, with a 
median of 6.04, showing that while the majority of 
observations are quite low, a few places have sig-
nificantly higher pollution levels. Cd and Pb sho-
wed low amounts, with median values of 8.8×10⁻⁵ 
mg/L and 0.00147 mg/L, respectively. However, 
their maximum values were 8.8×10⁻⁴ mg/L and 
0.00281 mg/L, indicating localized contamina-
tion. Cr and Cu were moderately concentrated, 
with median values of 0.0035 mg/L and 0.0016 
mg/L, respectively, whereas Fe and Zn were mo-
re concentrated, with median values of 0.68 mg/L 
and 10.7 mg/L, respectively, and Zn reached up 
to 24.5 mg/L. Overall, the data indicate that, al-
though most sites maintain low to moderate levels 
of heavy metals, certain elements and locations 
show elevated values, which could have implica-
tions for environmental and public health monito-
ring. 

Figure 1 presents the variation of the calcu-
lated HPI across different sampling locations and 
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months (February, May, August, and November). 
It highlights both seasonal fluctuations and spatial 
differences. Peqin and Bashtova exhibit significant 
fluctuations, particularly in the months of May 
and August. Both locations show a significant in-
crease in HPI during May and August, which may 

be related to seasonal factors such as agricultural 
runoff or industrial activity. 

In November, the HPI drops noticeably, indi-
cating a temporary improvement or a decrease in 
pollution sources. Proptisht, Librazhd, and Elba-
san show lower and more stable values. 

 

Table 3. Descriptive statistics of HPI and selected heavy metals in sampling sites. 
 

Variable Min 1st Qu. Median Mean 3rd Qu. Max 

HPI 2.150 4.513 6.035 8.918 12.120 21.940 

Cd 2.80e-05 5.025e-05 8.80e-05 2.681e-04 4.935e-04 8.80e-04 

Cr 0.001180 0.002785 0.003500 0.003798 0.004925 0.007120 

Cu 0.000520 0.001200 0.001600 0.001635 0.002065 0.002880 

Fe 0.2800 0.5375 0.6800 0.6945 0.7900 1.2400 

Pb 0.000650 0.001143 0.001470 0.001553 0.001850 0.002810 

Zn 4.20 9.25 10.70 12.53 16.95 24.50 

 

 
 

Fig. 1. HPI values across sampling locations and months. 

 
Machine Learning Models for HPI Prediction 

• Random Forest regression model 

A Random Forest regression model was crea-
ted to investigate the effect of specific heavy me-
tals (Cd, Cr, Cu, Fe, Pb, and Zn) on the Health 
Pollution Index (HPI). The model was trained on 
500 trees, with two variables examined at each 
split. The findings show high model performance, 
with a mean squared residual of 6.78 and an 
explained variance of around 80.67%, implying 
that the selected variables account for a significant 
percentage of the variability in HPI. Variable im-
portance measurements revealed that cadmium 

(Cd) had the greatest predictive impact, followed 
by zinc (Zn) and chromium (Cr), as demonstrated 
by the increase in mean squared error (%IncMSE) 
when each variable was changed. These findings 
highlight the critical role of certain heavy metals, 
particularly Cd, in shaping pollution-related 
health risks. 

The Random Forest model was tuned using 
5-fold cross-validation in order to identify the 
optimal number of predictors sampled at each 
split (mtry) (Fig. 2). The results showed that as 
mtry increased, the model's performance impro-
ved consistently. The Root Mean Squared Error 
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(RMSE) fell from 3.06 to 2.11 at mtry = 5, while the 
coefficient of determination (R²) improved from 
0.77 to 0.90. The Mean Absolute Error (MAE) 
followed a similar pattern, decreasing from 2.79 to 
1.66. While mtry = 6 resulted in a slightly higher 
R² value (0.93), the RMSE (2.13) was somewhat 

greater. As a result, using the lowest RMSE crite-
rion, the best model with mtry = 5 was chosen. 
This specification demonstrated high predictive 
accuracy, accounting for more than 90% of the 
variance in HPI and providing a solid foundation 
for subsequent analysis

 

 
Fig. 2. Hyperparameter tuning of Random Forest based on cross-validated RMSE. 

 

 
 

Fig. 3. Variable importance of predictors in the Random Forest model. 

 
To determine the relative contribution of each 

predictor variable to the Random Forest model, 
we used the permutation approach to obtain va-
riable significance scores. In this method, the va-
lues of each predictor are randomly permuted 
while all other variables remain constant. The sub-

sequent increase in the model's mean squared er-
ror (MSE) is then measured. A higher MSE sug-
gests that the variable is more crucial for accurate 
prediction, because randomization reduces pre-
dictive ability. The important scores were calcula-
ted as a percentage increase in MSE, resulting in a 
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standardized measure of each heavy metal's rela-
tive predictive influence on HPI. The examination 
of variable importance inside the Random Forest 
model revealed that heavy metals contributed dif-
ferently to the prediction of HPI (Fig. 3). Cadmium 
(Cd) was by far the most powerful predictor, with 
each permutation resulting in the greatest increase 
in prediction error. Zinc (Zn) and chromium (Cr) 
also made significant contributions, while lead 
(Pb) and iron (Fe) had a moderate impact. Copper 
(Cu) had the lowest predictive importance, indica-
ting a lesser connection with HPI. These findings 
indicate that Cd, Zn, and Cr are the primary 
causes of HPI changes in the dataset. 

 

• Extreme Gradient Boosting regression model 

An Extreme Gradient Boosting (XGBoost) re-
gression model was used to predict the HPI 
variable with six predictors (Cd, Cr, Cu, Fe, Pb, 
and Zn). The model was trained over 200 boosting 
iterations (nrounds = 200), with the squared error 
loss function (objective = "reg: squarederror") and 
the root mean squared error (RMSE) as the eva-
luation measure. The hyperparameters were con-
figured as follows: a maximum tree depth of 4 
(max_depth = 4), a learning rate of 0.1 (eta = 0.1), 
a subsample ratio of 0.8, and 0.8 column sampling 
per tree. The training method demonstrated a sig-
nificant drop in error during the first iterations, 
which stabilized as the number of trees rose. In the 
final iteration, the model had a training RMSE of 
0.0016 and a test RMSE of 0.762. This indicates that 
the model fits the training data very closely while 

maintaining a relatively low error on the indepen-
dent test set, suggesting good predictive perfor-
mance without substantial overfitting. 

The XGBoost regression model's prediction 
ability was tested on an independent test set using 
root mean squared error (RMSE), mean absolute 
error (MAE), and coefficient of determination (R²). 
The model showed an RMSE of 0.762, MAE of 
0.560, and R² of 0.998. These findings show that 
the model fits the data well, explaining more than 
99% of the variance in the response variable (HPI). 
The extremely low RMSE and MAE values de-
monstrate that prediction errors are small, indi-
cating that the XGBoost model accurately re-
presents the underlying link between heavy metal 
concentrations (Cd, Cr, Cu, Fe, Pb, and Zn) and 
the HPI index. The learning curve illustrates the 
evolution of the training and testing root mean 
squared error (RMSE) across 200 boosting itera-
tions in the XGBoost model (Fig. 4). During the 
first 50 iterations, both training and testing errors 
fell significantly, demonstrating that the model 
quickly captured the data's main structure. The 
test RMSE reached its lowest point at about 50 
iterations, after which it stayed pretty steady at 
0.76, whereas the training RMSE continued to fall 
toward zero. This pattern indicates that the model 
provided a strong fit to the data while minimizing 
overfitting. The stability of the test error over sub-
sequent iterations suggests that the model gene-
ralizes well; nevertheless, an early halting ap-
proach around 50-70 iterations could yield a more 
parsimonious model without sacrificing predic-
tive performance.

 

 
 

Fig. 4. Learning curve of the XGBoost regression model showing RMSE values over boosting 
iterations. 
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The XGBoost models feature importance ana-
lysis found that Cadmium (Cd) was the dominant 
predictor, accounting for the maximum gain 
(51.8%) and being selected in around 37% of the 
splits (Table 4). Chromium (Cr) was the second 
most impactful variable, with a gain of 26.7% and 
a comparable selection frequency (26%). Cd and 
Cr contributed roughly 80% of the model's pre-
dictive power. Other factors had smaller con-
tributions: lead (Pb) (13.0% increase), copper (Cu) 

(4.1%), iron (Fe) (3.5%), and zinc (Zn) (0.8%). Al-
though these predictors emerged in the trees (par-
ticularly Cu and Zn with considerable coverage 
values), their predictive power was small in com-
parison to Cd and Cr. Overall, the XGBoost model 
identified Cd and Cr as the most critical variables 
for predicting HPI, suggesting that these two 
heavy metals play the strongest role in deter-
mining index variation. 

 
Table 4. Feature importance of predictor variables in the XGBoost regression model for HPI. 

 

Variable Gain Cover Frequency 

Cd 0.518 0.354 0.375 

Cr 0.267 0.250 0.261 

Pb 0.130 0.037 0.038 

Cu 0.041 0.159 0.153 

Fe 0.035 0.091 0.084 

Zn 0.008 0.108 0.090 

 
 
Conclusions 
This study assessed heavy metal contamina-

tion in river water samples by combining des-
criptive statistics, the Heavy Metal Pollution In-
dex (HPI), and advanced machine learning mo-
dels, specifically Random Forest and XGBoost. 
The findings indicate that water quality across the 
study area shows considerable spatial variation. 
Although overall HPI values ranged from low to 
moderate (2.15–21.94), certain locations exhibited 
higher levels, signaling localized risks of pollu-
tion. While cadmium (Cd) and lead (Pb) were ge-
nerally detected in trace amounts, occasional 
peaks pointed to possible point-source contami-
nation, whereas iron (Fe) and zinc (Zn) tended to 
occur at elevated background concentrations ac-
ross multiple sites. 

Among the analyzed metals, cadmium con-
sistently emerged as the most critical contributor 
to pollution risk, with both Random Forest and 
XGBoost models confirming Cd as the strongest 
predictor of HPI. Zinc and chromium (Cr) also 
played significant roles, while copper (Cu) sho-
wed the weakest association. The Random Forest 
model achieved high predictive performance (R² 
≈ 0.90, RMSE = 2.11), effectively capturing non-
linear relationships between heavy metals and 
HPI, whereas XGBoost further enhanced predic-

tion accuracy (R² = 0.998, RMSE = 0.76), under-
lining its suitability for water quality assessment. 

The identification of cadmium and chro-
mium as dominant drivers of HPI underscores the 
importance of targeted monitoring and mitigation 
strategies focused on these metals. Given the rela-
tively higher levels of zinc and iron, continuous 
surveillance of these elements is also warranted to 
reduce potential ecological and health risks. Be-
yond its empirical findings, this research high-
lights the methodological advantage of integra-
ting ensemble machine learning techniques with 
traditional indices such as HPI. Such an approach 
not only improves the accuracy of pollutant iden-
tification but also strengthens predictive assess-
ments of river water quality. Ultimately, this stu-
dy demonstrates that combining HPI with ma-
chine learning offers a powerful framework for 
advancing river pollution monitoring and sup-
porting evidence-based environmental manage-
ment policies. 
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