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Abstract: This study focused on predicting the spatial distribution of environmental risk indicators
using mathematical modeling methods including machine learning. The northern industrial zone
of Pavlodar City in Kazakhstan was used as a model territory for the case. Nine models based on
the methods kNN, gradient boosting, artificial neural networks, Kriging, and multilevel b-spline
interpolation were employed to analyze pollution data and assess their effectiveness in predicting
pollution levels. Each model tackled the problem as a regression task, aiming to estimate the pollution
load index (PLI) values for specific locations. It was revealed that the maximum PLI values were
mainly located to the southwest of the TPPs over some distance from their territories according to
the average wind rose for Pavlodar City. Another area of high PLI was located in the northern part
of the studied region, near the Hg-accumulating ponds. The high PLI level is generally attributed
to the high concentration of Hg. Each studied method of interpolation can be used for spatial
distribution analysis; however, a comparison with the scientific literature revealed that Kriging
and MLBS interpolation can be used without extra calculations to produce non-linear, empirically
consistent, and smooth maps.

Keywords: urban industrial zone; sustainable city; pollution load index (PLI); machine learning
methods; soil contamination

1. Introduction

In today’s rapidly evolving world, digitalization plays a crucial role in shaping various
aspects of society, including environmental sustainability. As the need to preserve our
planet becomes increasingly urgent, leveraging digital technologies has become essential in
addressing environmental challenges and promoting sustainable practices. Digitalization
refers to the integration of digital technologies into everyday life, transforming how indi-
viduals and organizations operate. From automation to data analytics, digitalization has
revolutionized industries and sectors, offering new ways to address complex issues such as
environmental conservation.

Environmental sustainability is the practice of preserving natural resources and ecosys-
tems for future generations. With climate change, pollution, and deforestation posing
significant threats to the planet, achieving environmental sustainability has become a global
priority. Digitalization offers innovative solutions to environmental challenges by provid-
ing tools and technologies that enable more efficient resource management, data-driven
decision-making, and enhanced communication among stakeholders. By harnessing the
power of digital tools, organizations and individuals can make informed choices that
benefit both the environment and society.

One of the key ways digitalization contributes to environmental sustainability is
through the development of tools for monitoring and managing environmental impact.
These tools allow organizations to track their resource consumption, waste generation,
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and carbon emissions in real time, enabling them to identify areas for improvement and
implement targeted solutions. Data analytics plays a crucial role in driving sustainable
practices by providing insights into environmental performance and trends. By analyz-
ing data on energy usage, water consumption, and waste generation, organizations can
identify patterns, set targets for improvement, and measure the impact of their sustaina-
bility initiatives.

Environmental risk assessment is critically important as it allows us to understand
and evaluate potential adverse effects caused by chemical substances, industrial activities,
or development projects on the natural environment and human health. This systematic
process helps to identify and measure risks associated with environmental hazards, leading
to informed decision-making and the development of mitigation strategies to prevent or
minimize harm [1].

At present, when developing the concept of adopting the Internet of Things, systematic
monitoring can be carried out using appropriate environmental sensors. In this context,
the search for and development of effective methods for predicting the spatial distribution
of pollutants is an extremely urgent task, since only intelligent modeling will make it
possible to create chains of balanced decisions for sustainable human life [2]. For instance,
the integration of Internet of Things (IoT) technology in agriculture has the potential to
revolutionize farming by promoting sustainability, diversification, and high yields while
minimizing environmental impact. IoT sensors enable the real-time monitoring of crop
health and conditions, optimizing resource use and reducing costs. Additionally, IoT-
enabled supply chains enhance efficiency, align crop distribution with consumer demand,
and reduce food waste, ensuring high yields and long-term sustainability [3].

Environmental risk indicators are quantitative measures that provide insight into the
level of impact that human activities may have on the environment. These indicators are
used to assess the potential for damage and to guide policy and management decisions [4].
Some commonly used environmental risk indicators include biological oxygen demand [5],
chemical oxygen demand [6], ecological footprint [7], water quality indices [8], air quality
index [9,10], and pollution load index [11,12].

The PLI provides a cumulative indication of the overall levels of heavy metal pollution
present in a particular area. It is calculated by taking the nth root of the product of the
concentration factors of the metals measured, where n is the number of metals.

A PLI value of more than one suggests pollution, while a value less than one indicates
no pollution. Rabee [13] used the PLI to evaluate sediment pollution in the Tigris River,
finding low PLI values that indicated no pollution. Similarly, Angulo [14] applied the PLI to
mussel data, identifying highly contaminated sites with PLI values over 100. Chen [15] used
pollution indices (PIs) to assess heavy metal pollution in Beijing’s urban parks, with the
highest integrated pollution index (IPI) in the historic center district. Jorfi et al. [16] studied
soil pollution by heavy metals in Mian-Ab plain as a major agricultural site of Khuzestan
province (Iran). The contamination level of selected heavy metals was assessed by single-
factor contaminant index (PI) and pollution load index (PLI). Based on the PLI results, 24%
of the studied area was moderately polluted and 76% of the area was unpolluted. These
studies collectively demonstrate the utility of the PLI in assessing heavy metal pollution in
various environments.

Accurately interpolating the spatial distribution of environmental risk indicators
presents several challenges. Environmental data are often scarce, especially in remote or less
studied regions, making it difficult to interpolate risk across vast areas with confidence [17].
Environmental risk indicators often exhibit complex spatial patterns with local variations
and non-linear relationships that might not be effectively captured [18,19]. The interpolation
process itself introduces uncertainties due to estimation errors and assumptions made
about the underlying spatial processes, leading to potential inaccuracies in the final risk
maps [20]. Selecting the most suitable interpolation method depends on various factors
like data characteristics, the scale of analysis, and the specific risk indicator under study,
making it a crucial but challenging step [21]. These challenges necessitate the careful
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consideration of data availability, selection of appropriate methods, and integration of
uncertainty considerations to ensure reliable and informative spatial risk maps.
Traditional deterministic approaches used for spatial interpolation include:

- Inverse Distance Weighting (IDW), where weights are assigned to nearby data points
based on their distance to the target location, with closer points having greater influ-
ence on the interpolated value [22];

- Kiriging, a geostatistical method that incorporates spatial autocorrelation and vari-
ogram analysis to estimate risk at unsampled locations, considering spatial depen-
dence and uncertainty [23];

- spline interpolation, where splines are a type of piecewise polynomial function used
for interpolation. They connect multiple polynomial segments, called splines, to create
a smooth curve that passes through or near a set of data points [24].

The Kriging method has been used in many scientific studies for spatial distribution
analysis, including estimating CO, emissions in Spain [25], assessing contaminant pat-
terns [26], and evaluating soil erosion risk [27]. In one study [28], ordinary Kriging was
used with a stable semi-variogram to prepare spatial distribution maps of soil parameters.
Another study [29] discusses Kriging models for calculating distances between locations
on Earth’s surface as part of the interpolation process. Faisal and Jaelani found that Kriging
interpolation is very suitable for irregular data, such as the observation of NO; [30].

The multiple uses of this method in different research indicate the high appropriateness
of the Kriging method for spatial distribution analysis. So, Kriging is known for its precision
and is often considered the best linear unbiased estimator for a wide range of spatial
interpolation problems. It provides estimates of the uncertainty of predictions, which can
be very valuable for decision-making. Kriging allows for the incorporation of both the
mean and the spatial covariance structure of the data. Also, the limitations of the method
were reflected in scientific works. So, Kriging can be computationally intensive, especially
for large datasets, which can limit its practicality in some situations [31]. It assumes the
stationarity of the underlying spatial process, which might not be true for all datasets [31].
Kriging requires a well-specified semi-variogram model, which can be difficult to determine
and sensitive to outliers [32].

One interesting advanced method of spline interpolation is multilevel b-spline in-
terpolation, which was first described by S. Lee, G. Wolberg, and S. Y. Shin [33]. The
algorithm introduced in that paper makes use of a coarse-to-fine hierarchy of control
lattices to generate a sequence of bicubic b-spline functions, whose sum approaches the
desired interpolation function [34]. A detailed description of the mathematical content
of the algorithms with numerical examples can be found in the report “Approximation
of Scattered Data with Multilevel b-splines” by &. Hjelle, published in 2001 [35]. This
report provides a comprehensive overview of the method and its applications. So, the
concept of multilevel b-spline interpolation has been around for a few decades and has been
refined and expanded upon by various researchers since its inception. It continues to be a
valuable tool in fields requiring high-precision interpolation. In the field of scattered data
interpolation and approximation, multilevel b-splines are used to compute a continuous
surface through a set of irregularly spaced points. Overall, multilevel b-spline interpola-
tion offers substantial improvements in accuracy and its performance is competitive with
other methods. It is a serious contender for calculating pairwise interactions in molecular
dynamics simulations [36] and provides high-fidelity reconstruction from a selected set of
sparse and irregular samples [33].

Despite its versatility in scientific applications, multilevel b-spline interpolation presents
both advantages and drawbacks [37]. One study [38] proposed a b-spline-based localization
algorithm to extract multidimensional information from single-molecule data. b-Splines
allow for the efficient modeling of higher-dimensional point spread functions using less
memory than conventional splines. The versatile b-spline approach makes complex, high-
dimensional point spread function models more accessible without specialized software.
The b-spline PSF modeling method achieved high accuracy in extracting abundant infor-
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mation from single molecules, including 3D position, wavelength, and dipole orientation.
b-Splines were used in one study [36] to increase the accuracy of the multilevel summation
method for non-periodic boundaries without incurring additional computation. b-Spline
interpolation plays a crucial role in enhancing the accuracy and performance of the mul-
tilevel summation method for calculating pairwise interactions in molecular dynamics
simulations. Thus, although there are few works where MLBS interpolation is used for
geospatial analysis, there are numerous studies were MLBS interpolation has shown its
high accuracy in extracting information from single molecules and improving efficiency in
molecular simulations. However, its complexity can pose challenges, requiring specialized
knowledge for implementation and careful parameter tuning to avoid overfitting.

Along with traditional deterministic methods, machine learning (ML) methods are
also widely used to interpolate spatial distributions. These methods allow for the estimation
of values at unobserved locations based on available data points. The most widely used
methods are k-nearest neighbors, weighted k-nearest neighbors, gradient boosting, and
artificial neural networks.

The k-nearest neighbors (kNN) technique is a powerful non-parametric classifier
widely used for spatially contiguous predictions. The kNN method, a simple yet powerful
machine learning algorithm, has been widely used and studied across various fields of
research. Its simplicity lies in its basic premise—classifying new cases based on the majority
vote of its k-nearest neighbors. This non-parametric approach has been favored for its
ease of implementation and intuitive understanding. Researchers have explored various
aspects of kNN, and here are some key findings. kNN is robust for noisy data and easy to
implement. Its simplicity makes it accessible for practitioners. kNN considers spatial prox-
imity, making it suitable for spatial interpolation tasks. It leverages the similarity between
neighboring points to predict values at unobserved locations [39]. Beyond classification,
kNN has applications in anomaly detection, dimensionality reduction, and missing value
imputation [40].

One novel approach combines the local linear model tree (LOLIMOT) network with
a k-nearest neighborhood (kNN) search. This method selects data pairs through decile
analysis based on distances calculated during kNN data grouping [41]. The positive aspect
of this approach lies in its robust performance, demonstrated in both synthetic 3D datasets
and real-world micro-gravimetric data and earthquake catalogues. However, it is not
without challenges; the integration of LOLIMOT and kNN introduces complexity. Another
method, spatial kNN, is used for the non-parametric prediction of real spatial data and the
supervised classification of categorical spatial data. It employs a double nearest neighbor
rule with random bandwidth to control distances between observations and locations [42].
The positive aspect here is the almost complete convergence rate for prediction and the
almost certain convergence for supervised classification. However, it exhibits potential
sensitivity to the choice of bandwidth parameter. Lastly, one study compared the spatial
linear model (SLM) and kNN approaches for mapping and estimating totals. While both
methods possess desirable properties, the SLM stands out for its prediction optimality and
robustness, whereas kNN lacks the same level of prediction optimality compared to the
SLM [43].

The weighted k-nearest neighbors (WkNN) algorithm is a fundamental non-parametric
method in pattern recognition and machine learning. It has garnered significant attention
over the years, yet certain aspects remain unsettled. The problem involves determining
the optimal number of neighbors (k) and their corresponding weights. Despite extensive
study since the 1950s, the practical regime (where the sample size is finite) has often
been overlooked. Most theoretical work focuses on asymptotic scenarios with infinite
samples, neglecting the specific dataset structure and the properties of the data points for
which we seek label estimation [44]. The WKNN algorithm’s success hinges on three key
choices: number of neighbors (k), weight vector, and distance metric. The empirical results
demonstrate superior performance over standard locally weighted methods. In summary,
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the WKkNN method continues to intrigue researchers, and its practical applicability remains
an active area of investigation [45].

Gradient boosting is a powerful ensemble learning technique that constructs an addi-
tive approximation of a target function by combining multiple weak learners. It has gained
prominence due to its effectiveness in handling complex data and large datasets. Based
on the scientific literature, there are different gradient boosting methods. One scalable
ensemble method, XGBoost, has demonstrated reliability and efficiency in solving machine
learning challenges. It balances speed and accuracy, making it a popular choice [46]. Fo-
cused on fast training performance, LightGBM selectively samples high-gradient instances.
While it excels in speed, it may not be the most accurate [46,47]. The CatBoost algorithm
modifies gradient computation to enhance model accuracy by avoiding prediction shifts. It
performs well in terms of generalization accuracy and AUC [46,48]. A comprehensive com-
parison between XGBoost, LightGBM, CatBoost, random forests, and traditional gradient
boosting reveals that CatBoost achieves the best generalization accuracy, while LightGBM is
the fastest. XGBoost ranks second in both accuracy and training speed [46]. Thus, gradient
boosting methods continue to evolve, with novel variants addressing speed and accuracy
trade-offs. These algorithms play a crucial role in modern machine learning applications.

Gradient boosting has been widely used in spatial distribution analysis, with studies
demonstrating its effectiveness in various applications. Thus, gradient boosting has been
successfully applied in spatial distribution analysis, with Thomas [49] using it to estimate
the abundance of common eider in Massachusetts, USA, and Biau [50] introducing an
accelerated version of the method. Bailly [51] found that boosting outperformed maximum
likelihood in cases of overlapping radiometric variable classes, while Sahin [46] reported
that CatBoost, XGBoost, and LightGBM were all effective in landslide susceptibility map-
ping, with CatBoost showing the highest prediction capability. However, the approach is
not without its limitations. Gradient boosting models can be prone to overfitting if not
tuned properly (number of trees, depth of trees, and learning rate are all critical parameters).
They can be computationally intensive, especially with large datasets or complex spatial
relationships. Also, they require careful cross-validation to ensure that they generalize
well to new data. Furthermore, the method’s performance can be affected by the choice
of parameters, as highlighted by Taspinar [52] in the context of spatial dynamic panel
data models.

Artificial neural networks (ANNSs), a subset of machine learning techniques, have
gained significant prominence due to their ability to model complex relationships and learn
from data. These networks are inspired by the human brain’s neural architecture, which
consists of interconnected neurons. ANNs have been widely applied in various domains,
including image recognition, natural language processing, and bioinformatics [53].

One of the fundamental types of ANNSs is the multi-layer perceptron (MLP). The MLP
is a feed-forward neural network with multiple layers, including an input layer, one or
more hidden layers, and an output layer. Each layer contains interconnected neurons (also
known as nodes), and information flows from the input layer through the hidden layers
to the output layer. The MLP’s architecture allows it to capture intricate patterns and
non-linear relationships in data [54].

With a larger dataset, ANNs have the potential to learn more complex patterns and
relationships within the data. This can lead to better generalization, meaning the ability to
perform well on unseen data not encountered during training. ANNs are well-suited for
handling high-dimensional data (data with many features). However, they typically require
a larger amount of data compared to simpler models to learn the complex relationships
effectively in such high-dimensional spaces. In situations where data are scarce, the
sensitivity of ANNs to dataset size can be a major drawback. They might not perform well
or learn effectively with limited data, hindering their applicability in such scenarios. If the
training data are biased, then the ANN might inherit and amplify those biases, leading to
unfair or inaccurate predictions. Careful data selection and cleansing are crucial to mitigate
this risk.
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The northern industrial zone of Pavlodar City is a pronounced example of an urban-
ized and industrial-developed territory [55,56]. It is a multisectoral complex devoted to the
production of electricity and fuel-based energy, oil refining, the production of chemicals
and construction materials, machine building, and light and food industries [57,58]. It also
contains mercury-storing ponds, used earlier for the electrochemical production of Kaustik
soda with a liquid mercury cathode. There is information about mercury contamination in
that territory [59-61]. Along with the positive economic effects, this territory affects the
residential area of the city of Pavlodar and should be regularly monitored and studied in
order to assess environmental risks and plan measures for the remediation and reduction
of contamination in order to preserve the well-being of residents. Recent statistics show a
significant increase in respiratory diseases and cancer cases in the Pavlodar region [62-64].

A small number of studies have examined the distribution of heavy metals in the
northern industrial zone of Pavlodar City [65-67]. In addition, a comprehensive spatial
analysis of a wide range of heavy metals and environmental risk indicators such as the PLI
was not conducted using mathematical modeling. Furthermore, no comparison was made
between different mathematical models in the past. Thus, the objective of this study is to
find the most appropriate mathematical models for revealing the spatial distribution of the
environmental risk indicator PLL

To achieve this goal, the following research tasks were defined: (1) conduct soil sam-
pling in the territory of the northern industrial zone of Pavlodar, Kazakhstan;
(2) perform elemental analysis of soil samples for heavy metal content and calculate
PLI values for each point; (3) select a number of mathematical models for the prediction
and visualization of the spatial distribution of the pollution index in the territory of the
industrial zone; (4) conduct a comparative analysis of the effectiveness of the selected
models for the visualization of the spatial distribution of PLI in the studied territory using
cross-validation and self-assessment methods. Additionally, the most optimal methods
in terms of the lowest error, the highest empirical consistency, and visualization quality
were identified.

2. Materials and Methods
2.1. Research Area and Sample Analysis

This research focuses on the northern industrial zone (NIZ) in Pavlodar City, the
capital of Pavlodar District in northeast Kazakhstan. Pavlodar is one of the oldest and most
scenic cities in the country, situated on the shore of Irtysh, Kazakhstan’s largest river. The
metallurgical industry in Pavlodar District is dominated by the Pavlodar Aluminum Plant,
the Kazakhstan Electrolysis Plant, and the Aksu Ferroalloy Plant. The mining industry
includes major companies such as coal miners ‘Bogatyr Akses Komir’ and ‘Maicuben
West’. In Pavlodar City, the NIZ hosts the Pavlodar petrochemical factory, one of the top
petroleum producers in Kazakhstan, as well as combined heat and power plants TPP-2 and
TPP-3, a cardboard and roofing rubber plant, and the caustic soda plant ‘Kaustik’.

The region experiences a continental climate due to air currents from the Arctic, tem-
perate, and southern zones. The spring—summer season is dry, while the winter is long
and chilly (lasting 5-5.5 months). The summer is brief and warm (lasting 3 months). The
annual rainfall is low and erratic, with a peak in summer. Strong winds occur throughout
the year. Spring is the windiest season, with the strongest winds occurring in March,
April, May, and occasionally June. On average, there are 35 days per year with winds over
15 m/s, and only 5-6% of days are calm. The average wind speed for the year is
4-5 m/s [68]. The soil cover varies greatly because of the different factors that influ-
ence soil formation. The rocks that form the soil are mostly sands and sandy loam, and
sometimes loam, which makes the soil texture light.

The study area was sampled at 39 locations between 20 September and 5 October 2022.
The humus layer was removed and 5 soil samples of about 200 g each were taken from
0-20 cm depth with a hand shovel at every location. The samples from each location
were combined to make 39 total samples of around 1 kg each. The samples were kept in
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plastic containers to avoid sunlight exposure. They were air dried, passed through a 2 mm
sieve, homogenized, and stored in plastic containers at room temperature until lab analysis.
Figure 1 shows the sampling map.
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Figure 1. Pavlodar northern industrial zone research area (202.29 km?) with sampling locations.

Industrial, social, and natural objects: 1—Pavlodar Petrochemical Plant, 2—Neftechim LTD, 3—Solid
Waste Accumulator, 4—TPP-3, 5—Former Pavlodar Chemical Plant (industrial site 1), 6—Former
Pavlodar Chemical Plant (industrial site 2), 7—Calcined Petroleum Coke Production Plant, 8—Ponds
for Mercury Waste, 9—KSP-Steel (former Pavlodar Tractor Plant), 10—TPP-2, 11—Balkyldak Lake,
12, 13, 14—Residents’ summer houses, 15—Pavlodarskoye Village, and 16—Irtysh River. 1-39 (green
circle mark)—sampling points locations.

Each sample was ground with a grinding mortar. Elemental analysis was performed
with the XRF method on an X-Supreme 8000 (Hitachi High-Tech Analytical Science, Shang-
hai, China) in accordance with ST RK 3616-2020 X-ray fluorescence analysis of wastes of
mineral origin.

2.2. Environmental Risk Indicator Calculation

This study measured the soil contamination levels and the potential environmental
risk using a standard indicator, the pollution load index (PLI). This indicator is widely used
to assess the extent of trace element pollution in soils and to contrast the findings with
other regions that might be affected by pollution.



Sustainability 2024, 16, 5190

8 of 40

The pollution load index is a tool used to assess the overall level of pollution in a
particular area, typically in the context of soil or sediment quality. It provides a cumulative
indicator of the presence and intensity of different pollutants. The PLI is calculated by
taking the n-root of the multiplication of the concentration factors (CFs) of given heavy
metals or pollutants, where 'n’ represents the number of pollutants assessed (1) [69].

PLI = (CF; x CF; x -+ x CF)!/™, (1)

For example, if you are assessing the levels of four heavy metals, then you would
calculate the concentration factor for each metal and then multiply these concentration
factors together. The fourth root (since there are four metals) of this product would give
you the PLL

A PLI greater than one indicates pollution, with a value of one suggesting that the
concentrations of pollutants are at baseline levels, and a value less than one indicating
no pollution. The PLI is frequently utilized by environmental agencies and academic
researchers as a means of summarizing the overall quality of the environment with respect
to pollutant load.

The concentration factor or contamination factor (CF) was measured by dividing the
HM concentrations (mg kg~!) in each soil sample by the background values from a nearby
area in Pavlodar City that was not impacted by environmental factors according to the
following formula [70]:

CF= CSoil/CBaCkground/ 2)

We calculated the concentration factors for the following HMs: Cr, Mn, Fe, Zn, Sr,
Cu, Pb, and Ni. Some samples had levels of V, Co, and Hg below the analytical detection
values. In samples where one or more heavy metals were below the analytical detection
limit, the ‘n” value was determined based on the number of heavy metals with detectable
concentrations. Additionally, if the contamination factor (CFi) was less than or equal to 0.7,
then the corresponding heavy metal was excluded from the analysis. The contamination
levels were classified by their intensities on a scale from 1 to 6 (Table 1).

Table 1. Contamination levels classification for HM [71].

Class Number CF PLI Classification Description
1 CEF<0.7 PLI <0.7 No contamination
2 0.7<CF<1 0.7<PLI<L1 Low contamination
3 1<CF<3 1<PLI<3 Moderate contamination
4 3<CF<6 3<PLI<6 Considerable contamination
5 6 <CF 6 <PLI Very high contamination

2.3. Methods for Spatial Interpolation and Evaluation Measures

The problem of finding the PLI spatial distribution was solved through regression
using well-known and often used computational methods including machine learning,
k-nearest neighbors, weighted k-nearest neighbors, gradient boosting (CatBoost), artificial
neural networks (multi-layered perceptron), Kriging, and multilevel b-spline interpolation.
The review of the used methods is represented in Table 2.
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Table 2. Review of used interpolation methods.

Name

Description

Instruments

References

k-Nearest Neighbors
(KNN)

Simple, intuitive, and widely used non-parametric
algorithm for both classification and regression in machine
learning. In regression, it assigns the property value
determined by the average of the values of its k-nearest
neighbors. k-Nearest neighbors is used in various
applications like recommendation systems, pattern
recognition, and anomaly detection due to its simplicity,
effectiveness, and ease of interpretation.

KNeighborsRegressor()
function of Scikit-learn
package in Python

[72,73]

Weighted k-Nearest
Neighbors (WKNN)

A variant of the basic kNN algorithm where different
weights are assigned to the contributions of the neighbors,
so the nearest neighbors contribute more to the average than
the more distant ones. This approach can be particularly
useful when dealing with heterogeneous datasets, where
certain data points are more closely clustered together, and
outliers could disproportionately affect the result if an
unweighted approach were used. Weighted kNN can help
to mitigate the influence of outliers and provide a more
nuanced classification or regression outcome.

KNeighborsRegressor()
function of Scikit-learn
package in Python

[74,75]

Gradient Boosting.
CatBoost (CB)

CatBoost is an open-source gradient boosting algorithm
developed by Yandex, which is designed to work with
categorical features without the need for the extensive data
preprocessing that is typically required by other machine
learning algorithms. CatBoost is particularly powerful for
datasets with lots of categorical features and has been
successfully used in various applications, including ranking
tasks, regression problems, and classification problems. It is
known for its robustness, handling of large datasets, and
high-quality predictions, along with its ease of use.

CatBoostRegressor()
function of Catboost
package in Python was
utilized with RMSE as loss
function

[48,76]

Artificial Neural
Networks (ANN)

Computational models consisting of interconnected groups
of artificial neurons or nodes that process information using
a connectionist approach to computation. They can learn to
approximate non-linear functions, which makes them
suitable for a wide range of problems including but not
limited to classification, regression, and time series
prediction. Learning occurs in the network through a
process of adjusting the synaptic weights of the connections
between neurons, usually executed by a learning algorithm
like backpropagation.

MLPRegressor() function
from the Scikit-learn
package in Python

[77-82]

Kriging

A geostatistical interpolation technique that is widely used
for spatial analysis and modeling. Kriging assumes that the
spatial variation in the data can be modeled as a stochastic
process with a structured dependence captured by the
variogram or covariance function. To generate a prediction,
ordinary Kriging computes a set of weights for the known
data points, ensuring that the sum of these weights equals
one to maintain the estimator’s unbiasedness. These
weights are determined by solving a system of linear
equations that arises from the variogram model,
incorporating a constraint that enforces the unbiasedness of
the predictions. This method is especially favored in fields
such as geostatistics and environmental modeling, where
understanding and accounting for spatial variability

is critical

rk.Krige() function from
the PyKrige package in
Python. The best Kriging
model for the given
dataset was selected using
the GridSearchCV
function from the
Scikit-learn package with
cross validation.

[83-86]
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Table 2. Cont.
Name Description Instruments References
Multilevel b-spline A sophisticated mathematical method used for smooth The function was used [33-36]

interpolation (MLBS)

curve fitting and surface approximation, which is
particularly useful when working with complex data in

with SAGA ver. 9.1.0 GIS
software’s command line

multiple dimensions. b-Splines, short for basis splines, are a API through
series of piecewise polynomials that are defined by aset of =~ PySAGA_cmd package in
control points that determine the shape of the curve or Python.

surface. The benefits of this method include its inherent
smoothness, the ability to handle large and potentially
irregularly spaced data sets, and the control it provides over
the smoothness of the interpolation. Moreover, it is quite
robust, reducing the impact of noise in the data, and it is
capable of capturing the underlying trend without
overfitting to the precise data points. This method serves as
a powerful tool in applications that require a blend of
accuracy and visual or analytical smoothness. Because
MLBS interpolation strictly uses initial points for
interpolation, conducting a self-assessment is not useful.
This is because the error will be driven to zero, which does
not reflect the true accuracy of the prediction.

2.4. Data Analysis and Visualization
2.4.1. Cross Validation

The small number of obtained data (39 samples) is the main limitation for the unbiased
creation and assessment of the models for spatial interpolation. When working with limited
available data, and to minimize the risk of overfitting, it is particularly important to employ
cross-validation. Cross-validation should be used for assessing the accuracy of a prediction
model when you want to evaluate its ability to generalize an independent dataset.

By partitioning the dataset into multiple subsets, cross-validation allows each subset
to act as a training set and a validation set. This helps in ensuring that the model’s
performance is consistent across different samples from the dataset and not just tailored
to a specific set of data. During our research, k-fold cross-validation was used, which is
a common method where the dataset is split into ‘k” number of folds, and the model is
trained on ‘k—1’ folds and validated on the remaining fold. This process is repeated ‘k’
times with each fold serving as the validation set exactly once [87].

Cross-validation is also advisable when tuning hyperparameters, as it helps in select-
ing the model parameters that lead to the best generalization performance [88]. It allows
for a more objective and comprehensive evaluation of the model performance compared to
methods that rely on a single training—validation split.

To implement cross-validation with tuned hyperparameters, we used the GridSearchCV
function from the Scikit-learn package. Typically, the number of folds was set equal to the
number of points (39) so that we could include in the accuracy evaluation the contribution
of each point in the set.

The MSE metric, suitable for regression problems, was used to evaluate the perfor-
mance of the models during the hyperparameter optimization process. It is a measure of
the quality of an estimator—it is always non-negative, and values closer to zero are better.
MSE is highly sensitive to outliers due to the squaring of the errors, which can be both an
advantage and a disadvantage depending on the context of the analysis [89].

2.4.2. Self-Assessment

Due to the limited dataset size, all observed points were used to train the models.
Consequently, in addition to cross-validation, each model underwent self-assessment. This
involved testing the fitted model on the entire training set. It is expected that for models
where the input strongly influences the output, the mean squared error (MSE) of the self-
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assessment will approach zero. However, some models may lose their direct relationship
with the input values after training. For these models, self-assessment can be a valuable
tool for making a decision about the appropriateness of the model.

2.4.3. Statistics and Visualization

The quantitative data were processed utilizing QGIS 3.28.6, SAGA 9.1.0 and Python
scripts using mainly Scikit-learn library. Basic descriptive statistical analysis of the sample
data was performed in MS Excel to obtain the maximum, minimum, mean, standard
deviation, and coefficient of variation for the sampled HM content.

The QGIS ver. 3.28.11-Firenze and SAGA ver. 9.1.0 software were utilized for spa-
tial visualization, and the SAGA module’s multilevel b-spline function was applied in
Python through command line API to analyze the spatial distribution of the PLI in the
studied territory.

The data obtained underwent multivariate statistical analysis, including correlation
analysis with principal component analysis (PCA). A statistical investigation was conducted
using Python script, employing functions ‘StandardScaler” and ‘PCA’ from the Scikit-learn
library. Graphical visualization of the statistical data analysis results, such as plots and
heatmaps, was performed using Seaborn and Matplotlib libraries.

3. Results
3.1. Statistical Distribution of Heavy Metal Concentrations in Soil

Earlier, we obtained the data on heavy metal content from 39 locations in the territory of
the northern industrial zone (NIZ) in Pavlodar City. The average concentrations and statistical
information on the detected elements are given in Table 2. The GOST 17.4.1.02-8 [90] classifies
the detected HMs as follows: Pb, Hg, and Zn are highly hazardous elements, while Mo, Cu,
Co, Ni, and Cr are moderately hazardous. Sr, Mn, and V are classified as low-hazard. Also,
Table 3 shows the calculated average values of contamination factors for every metal and
the total average PLI value for the entire studied territory.

The analysis shows that each element exhibits distinct concentration ranges, variability,
and relationships with the background levels. The concentrations of Fe exhibit a moderate
spread with an average close to the background level, suggesting minimal overall enrich-
ment. However, individual samples might show enrichment or depletion. Similar to Fe, Mn
displays a moderate spread but with an average below the background, indicating potential
enrichment in some samples. A wide spread and an average below the background level
point towards the enrichment of Cr concentration, with outliers potentially present. The
narrow spread and average exceeding the background level of Sr concentration suggest
minimal variation and possible anthropogenic sources. The moderate spread of Zn and
an average above the background level imply potential enrichment in some samples. Sim-
ilar to Cr, Cu exhibits a wide spread and an average below the background, suggesting
enrichment with possible outliers. Lead (Pb) and cobalt (Co) show narrow spreads and
averages below the background, indicating minimal variation and potential anthropogenic
sources. A moderate spread of Ni and an average below the background suggest potential
enrichment in some samples. Wide spreads and averages below the background level for
molybdenum (Mo) and vanadium (V) point towards high variability and likely outliers.
Despite minimal background data, the wide spread and low average of Hg suggest high
variability and potential contamination.

The variation coefficient (CV) serves as a quantitative measure of the spatial vari-
ability in elemental content across different sampling locations. Li et al. [100] defined
three categories of spatial distribution based on CV values: uniform (CV < 33%), random
(33% < CV < 64%), and clustered (CV > 64%).
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Table 3. Statistics on heavy metal concentrations in the northern industrial zone of Pavlodar.

Element Minimum Maximum Average Median St;:;:;f)i Variation Background Average CF PLI MPC Sample over
(mg-kg1) (mg-kg~1) (mg-kg—1) (mg-kg~1) (mg-kg 1) Coefficient, % (mg-kg~1) 8 (mg-kg 11 MPC, %

Fe 11,380 34,360 20,406.92 19,860 4810.28 24 20,680 0.99 131 40,0003 0
Mn 240 1900 553.85 460 366.24 66 600 0.92 1500 8

Cr 0 820 203.85 150 206.88 101 440 0.46 2004 79

Sr 110 250 173.33 170 23.24 13 90 1.93 600 ° 0

Zn 30 910 121.28 70 159.10 131 60 2.02 55 79
Cu 0 630 64.87 0 110.06 170 80 0.81 33 46
Pb 0 200 46.92 50 42.56 91 322 1.47 32 67
Ni 0 150 34.10 0 47.65 140 202 1.71 20 36
Mo 0 440 11.28 0 69.55 617 502 0.23 506 3

\% 0 90 7.69 0 23.26 302 150 2 0.05 150 0
Hg 0 100 2.56 0 15.81 618 212 1.22 2.1 3

Co 0 80 2.05 0 12.64 617 502 0.04 507 3

1 MPCs were used for gross forms of metals in soil recommended by hygienic standards in [91,92] as well in [93]. 2 Element was not detected in background soil samples. The MPC value
was used for calculations. 3 MPC was not established. Approximately permissible concentration (APC) value was used for the study according to [94], 4195],5[96,97], 6 [98], and 7 [99].
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Within the analyzed dataset, strontium (Sr) and iron (Fe) exhibit uniform spatial
distributions (CV < 33%), indicating relatively consistent concentrations across the study
area. Additionally, their content levels fall below established toxicity thresholds, suggesting
minimal environmental concern. Conversely, all other detected heavy metals (HMs) display
clustered spatial distributions (CV > 64%), characterized by significant spatial variability
and potential localized enrichment. The variation coefficients for these elements range
from 66% for manganese (Mn) to 618% for mercury (Hg).

Furthermore, molybdenum (Mo), Hg, and cobalt (Co) exhibit anomalous spatial
distributions, evidenced by exceptionally high CV values (617-618%). Notably, these
elements also demonstrate very low overall content, with 38 out of 39 samples falling below
the analytical detection limit. This pattern suggests the presence of isolated hotspots with
elevated concentrations alongside widespread low-level background contamination.

Thus, the spatial distribution of elements varies, with Sr and Fe showing uniformity,
other HMs exhibiting clustering, and Mo, Hg, and Co displaying an anomalous pattern.
The content levels of Sr and Fe fall below toxicity thresholds, while other HMs present
potential localized enrichment. Mo, Hg, and Co have very low overall content with isolated
hotspots, suggesting specific contamination sources.

Industrial areas are frequently characterized by significant heterogeneity in the spatial
distribution of heavy metals within soil samples [71]. This variability arises from several
factors. The haphazard dumping of industrial waste in various locations creates disparate
sources of heavy metal contamination with varying compositions and concentrations [101].
Industrial activities, coupled with wind and other meteorological phenomena, can disperse
particulate matter containing heavy metals across the environment, leading to a complex
and diffuse pattern of deposition. Due to the limitations of the research, we did not study
deeper soil layers, so it is difficult to assess the contribution of the leaching and subsurface
migration of HMs. However, the downward movement of water through soil layers can
mobilize and redistribute heavy metals, further contributing to the heterogeneity in their
spatial distribution. Consequently, these combined factors result in a patchy distribution
of pollutants lacking a readily discernible structure or clear trend. This poses signifi-
cant challenges for accurately mapping and characterizing heavy metal contamination in
technogenic industrial areas.

3.2. Analysis of PLI Statistical Distribution

Pollution load indexes were calculated for every point in 39 locations. Table 4 shows
the calculated data.

Table 4. Spatial distribution of PLI in the northern industrial zone of Pavlodar.

Sample ID In Degrees In Metrical Units PLI
X coord Y coord X coord Y coord
1 76.94639 52.30136 8,565,633.076  6,854,799.322 3.38
2 76.92663 52.31008 8,563,432.835  6,856,388.113 1.67
3 76.91402 52.33016 8,562,029.675  6,860,044.77 1.41
4 76.92706 52.33927 8,563,481.57  6,861,703.848 1.05
5 76.95862 52.3016 8,566,994.468  6,854,844.032 1.13
6 76.92942 52.37143 8,563,743.427  6,867,565.049 1.28
7 76.92623 52.3585 8,563,389.086  6,865,207.782 2.76
8 76.9341 52.37226 8,564,265.137  6,867,717.35 1.43
9 76.92768 52.37319 8,563,550.388  6,867,886.849 1.36
10 76.92706 52.39318 8,563,480.713  6,871,532.878 1.8
11 76.92536 52.33002 8,563,291.559  6,860,019.086 1.61
12 76.92515 52.37943 8,563,268.572  6,869,024.966 1.35
13 76.92655 52.3668 8,563,424.619  6,866,720.58 1.64
14 76.91806 52.4022 8,562,479.194  6,873,177.94 2.73
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Table 4. Cont.
Sample ID In Degrees In Metrical Units PLI
X coord Y coord X coord Y coord

15 76.93407 52.37103 8,564,261.018  6,867,492.227 1.08
16 76.9173 52.38409 8,562,394.658  6,869,874.255 2.85
17 76.96258 52.3236 8,567,435.216  6,858,849.493 1.7
18 76.93838 52.36898 8,564,741.061  6,867,118.117 1.33
19 76.95269 52.40022 8,566,334.444  6,872,816.447 1.87
20 76.9298 52.38515 8,563,786.085  6,870,068.148 1.29
21 76.89894 52.36555 8,560,350.899  6,866,494.044 1.1
22 76.91425 52.31876 8,562,054.699  6,857,968.202 1.12
23 76.90053 52.3614 8,560,528.031  6,865,736.674 1.16
24 76.91124 52.38316 8,561,719.672  6,869,705.171 1.54
25 76.91913 52.31395 8,562,597.838  6,857,091.725 1.37
26 76.94659 52.32635 8,565,655.173  6,859,350.008 1.71
27 76.94892 52.31256 8,565,914.903  6,856,838.966 1.29
28 76.96725 52.3199 8,567,954.777  6,858,174.939 1.83
29 76.96179 52.33491 8,567,347.24 6,860,909.126 2.49
30 76.97273 52.31845 8,568,564.663 6,857,911.93 1.88
31 76.89961 52.33391 8,560,425.55 6,860,726.512 1.16
32 76.96859 52.32524 8,568,104.691  6,859,147.102 1.31
33 76.95853 52.38353 8,566,983.938  6,869,771.082 1.46
34 76.97169 52.325 8,568,449.67 6,859,104.846 2.12
35 76.9583 52.31219 8,566,958.88 6,856,770.774 1.56
36 76.9286 52.3197 8,563,652.546 6,858,138.17 1.85
37 76.88773 52.36098 8,559,102.718  6,865,659.803 1.41
38 76.96241 52.3002 8,567,416.403 6,854,588.54 1.64
39 76.99945 52.30655 8,571,539.677  6,855,744.188 1.39

Based on the calculated spatial data for the PLI, key statistical parameters describing

its distribution were estimated:

mean: 1.64 (represents the average PLI across all samples);
median: 1.46 (indicates the ‘middle’ value when data are ordered);

standard deviation: 0.53 (quantifies the average deviation from the mean);

minimum: 1.05 (lowest recorded PLI value);

maximum: 3.38 (highest recorded PLI value);

range: 2.33 (difference between maximum and minimum);

coefficient of variation (CV): 32.5% (measures relative variability, higher value indicates
greater spread).

Based on the calculated statistical parameters, the character of the PLI distribution
can be characterized by the following. The mean PLI of 1.64 indicates a moderate level of
overall pollution across the sampled locations. The standard deviation of 0.53 suggests
a relatively even distribution around the mean, with most values falling within a mod-
erate range. However, the range of 2.33 shows that some samples exhibit significantly
higher or lower PLI values compared to the average. The coefficient of variation (CV) of
32.5% indicates a moderately high level of variability. This means that while the spread
of values is not extreme, there is still a noticeable difference in PLI levels across different
sampling points.

Combining the above points, the PLI distribution appears to be moderately skewed
with a slight tendency towards higher values. While the average level of pollution is not
exceptionally high, some areas exhibit pockets of significant contamination (as evidenced
by the maximum value of 3.38). The moderate CV suggests that these variations are not
random but might be influenced by specific factors at specific locations. Figure 2 shows the
histogram and curve of the normal distribution of the PLI.
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Figure 2. Histogram and normal distribution of PLI.

The PLI distribution appears to be right-skewed, meaning there are more points
with lower PLI values compared to higher values. However, a significant number of
outliers fall far above the main distribution, indicating areas with considerable to very
high contamination. The data are widely spread, suggesting large variability in PLI values
across different sampling locations. The deviation from a normal distribution curve further
confirms the non-uniformity of PLI levels.

The Shapiro-Wilk test was conducted on the PLI data, resulting in a test statistic of
W =0.8335 with a p-value of 0.0000. A low statistic value of 0.8335 indicates that the ordered
data deviates significantly from a normal distribution. The smaller the statistic, the stronger
the evidence against normality. An extremely low p-value of 0.0000 implies that this
deviation is highly statistically significant. It means that the probability of observing such a
non-normal distribution by chance is virtually zero, assuming a normal null hypothesis.
Given a significance level of 0.0, we reject the null hypothesis of normality (p-value < 0.05).
This indicates that the PLI distribution significantly deviates from a normal distribution,
confirming the visual observations of skewness and presence of outliers.

3.3. Modeling of PLI Spatial Distribution Using Machine Learning Methods
3.3.1. k-Nearest Neighbors and Weighted k-Nearest Neighbors

The most critical parameter influencing both kNN models is the number of neighbors
(k). Table 4 presents the mean MSE values obtained during cross-validation with a number
of folds equal to the number of observations (n = 39). This implies that 39 MSE values are
generated for 39 datasets, where each dataset employs a training set of 39 — 1 points and
utilizes one point for testing. Consequently, each point contributes to the calculation of the
average MSE during the cross-validation process. Lower MSE values for individual points
indicate a more accurate model. Also, Table 5 shows results of accuracy of the kNN models
in self-assessment process.

Table 4 reflects the slight difference between the two kNN models. In general, the
WXKNN model shows better accuracy. In both cases, the minimum value of the mean
MSE calculated by cross-validation corresponds to k = 9. It is noteworthy that for the
self-assessment, the number k negatively affects the accuracy in the case of the kNN model,
but for the WkNN model, the self-estimation is always absolutely accurate. This is justified
by the fact that in this model, the distance weights directly affect the prediction result.



Sustainability 2024, 16, 5190 16 of 40

Table 5. Dependence of mean MSE on number of neighbors (k).

kNN WKNN
" Mean MSE MSE Mean MSE MSE
Cross-Validation Self-Assessment Cross-Validation Self-Assessment
2 0.413 0.105 0.378 0.000
3 0.379 0.183 0.362 0.000
4 0.348 0.213 0.343 0.000
5 0.332 0.223 0.329 0.000
6 0.330 0.230 0.326 0.000
7 0.333 0.242 0.327 0.000
8 0.329 0.255 0.324 0.000
9 0.326 0.260 0.318 0.000
10 0.337 0.264 0.323 0.000

Considering the trade-off between higher accuracy in cross-validation and lower
accuracy in self-assessment, it is necessary to select a weighted value of k for model building.
The optimal value of k can be determined graphically by identifying the intersection of the
trends on the segments with significant changes in the error level (Figure 3). The resulting
value is approximately 5. Given that k is always an integer, we set the optimal value of k
for the kNN model to 5 and for the WkNN model to 9. The two models were trained using
the specified hyperparameters, and the predicted PLI values were obtained for each image
point. After the prediction, process maps of the PLI spatial distribution were obtained and
imported into GIS as georeferenced raster TIFF files.
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Figure 3. Visualization of error changes at different k-values for optimal k-value selection in kNN
model building.

The generated maps are shown in Figures 4 and 5. The map generated through the
kNN method displays sharp transitions in the PLI distribution. Areas with varying PLI
values do not transition smoothly, but rather discretely with pronounced boundaries.
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Figure 4. Spatial distribution of PLI computed with the kNN model (k = 5).
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Figure 5. Spatial distribution of PLI computed with the WkNN model (k = 9, weights = ‘distance’).

When utilizing the WKkNN model, the transitions between areas with varying PLI
values are not as distinct, but still have noticeable boundaries. The contrast of these
transitions is reduced because points with high PLI values have the most significant impact,
which does not extend over long distances. This reduction in influence is not abrupt, but
rather gradual. Thus, the influence of high values remains limited to the local area and the
main map area does not vary significantly with values close to the mean.

Figures 6 and 7 show histograms and normal distribution curves for PLI values
predicted with the kNN and WkNN models. The visual distribution of the predicted
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PLI values shows distinctive differences for models. The histogram of the WkNN model
looks closer to a normal distribution of values. However, according to the Shapiro-Wilk
test, the statistic (W) of 0.9758 (kNN), 0.9682 (WKNN), and the p-value of 0.0000 for both
models, along with the visual distribution of the data, suggest that the PLI distribution
is not normally distributed either model. However, the PLI value distribution after the
modeling process has no gaps in data and looks more balanced and closer to a normal
distribution than the initial data.
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Figure 6. Histogram and normal distribution curve of PLI values predicted by the KNN model.
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Figure 7. Histogram and normal distribution curve of PLI values predicted by the WkNN model.

3.3.2. Gradient Boosting (CatBoost Regression)

The hyperparameter values for the gradient boosting model (GB) were selected using
the GridSearchCV optimizer function from the Scikit-learn library. This function is designed
to automatically search for optimal hyperparameters for machine learning models by
evaluating various combinations of hyperparameter values and their impact on model
performance. The evaluation function used was MSE. The main hyperparameters for
gradient boosting models are as follows:



Sustainability 2024, 16, 5190

19 of 40

depth: the term ‘depth’ refers to the maximum number of splits allowed in each
individual decision tree used within the ensemble;

learning rate: a crucial hyperparameter that controls the magnitude of the update
each new tree makes to the overall model prediction. Smaller learning rates lead to
smaller updates, potentially slower learning, but better generalization and reduced
overfitting;

iterations: the number of individual decision trees built in the ensemble model. More
iterations (more trees) can lead to higher complexity and a potentially better fit to the
training data. However, too many iterations can also lead to overfitting, where the
model becomes too specific to the training data and does not generalize well to unseen
data;

loss function: a critical component that defines how the algorithm measures the
discrepancy between the model’s predictions and the actual target values. It plays a
fundamental role in driving the learning process and influencing the final model’s
performance.

The following values were used to select the optimal set of hyperparameters:
{"depth™: [4,5,6,7,8,9,10],

‘learning_rate”: [0.01, 0.02, 0.03, 0.04],

‘iterations’: [10, 20, 30, 40, 50, 60, 70, 80, 90, 100],

“loss_function”: ['RMSE’, ‘'MAE’, ‘Quantile’, ‘Poisson’]}.

After searching for parameters using cross-validation (39 folds), the following best

set of parameters was selected: ‘depth”: 10, ‘iterations”: 60, ‘learning_rate: 0.03, and
‘loss_function’: ‘RMSE’. The best score (MSE) across all searched parameters equals 0.2873.
This value is better than accuracy for both kNN and WkNN models. The best GB model
parameters were used to predict the spatial distribution of the PLI in the studied territory.
After the prediction, the output TIFF file was imported into GIS. The obtained map is
presented in Figure 8.
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Figure 8. Spatial distribution of PLI computed with the GB1 model (‘depth”: 10, ‘iterations”: 60,
‘learning_rate”: 0.03, and ‘loss_function”: ‘RMSE’).
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The map constructed with the GB model is characterized by a cluster distribution of
PLI (Figure 8). The clusters have a pronounced rectangular shape, which may be due to
the fact that only coordinate values (X, Y) were input when training the model. As in the
previous maps, there are local PLI maxima in the northern section (the most extensive)
and in the southern section. The clustering of increased PLI values in the central zone
is more pronounced than for the WkNN model, but not as pronounced as for the kNN
model. Contrary to the WkNN model, the map obtained by the gradient boosting method
is more contrasted due to the absence of extreme transitions from high to low values of the
ecological indicator.

Figure 9 shows the histogram and normal distribution curve for PLI values predicted
with the GB1 model. The histogram of predicted values looks closer to a normal distribution
in comparison to the initial data. However, according to the Shapiro-Wilk test, the highly
significant p-value (0.0000) indicates that we can strongly reject the null hypothesis of
normality. This means the data are very unlikely to be normally distributed. While the
Shapiro-Wilk statistic of 0.9486 suggests non-normality, it is not as extreme as values closer
to 0. This indicates moderate non-normality, not necessarily a severe deviation. With only
39 observations, the moderately high statistic suggests more substantial non-normality.
Thus, the results of the Shapiro-Wilk test, along with the visual distribution of the data,
suggest that the PLI distribution is not normally distributed, which confirms the visual
clustered distribution of PLI values on the map (Figure 8).
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Figure 9. Histogram and normal distribution curve of PLI values predicted by the GB1 model.

The second gradient boosting model (GB2) was created by including two additional
input parameters that express dependence on the closest neighboring point. This approach
can improve the model by accounting for distances to the closest known points. The
two parameters are the distance to the closest known location and the measured known
value of the PLI in that location.

The training set consists of coordinates for each point in the initial set, as well as
the distance to the closest location from the initial set (excluding the point itself to avoid
zero distances). The test set includes 134,561 points with coordinates calculated using
geographical data with a step of 50 m and a grid of 409 rows and 329 columns. It also
includes distances to the closest locations from the initial set and the measured PLI value at
the closest known location from the initial set.

The schemes for two gradient boosting models are presented in Figure 10.
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Figure 10. Architectures for gradient boosting models: (a)—GB1: ‘depth”: 10, ‘iterations”: 60, ‘learn-
ing_rate’: 0.03, ‘loss_function”: ‘RMSE’; (b)—GB2: ‘depth’: 5, ‘iterations”: 100, and ‘learning_rate”:
0.03, ‘loss_function”: ‘MAE’; X coord and Y coord—geographical coordinates in metric system;
DNN—distance to the nearest known neighbor from the initial set; PLI NN—PLI of the nearest
known neighbor location from the initial set.

When implementing the GB2 model (Figure 10b), the best parameters from the grid
search were obtained ({'depth’: 5, ‘iterations’: 100, ‘learning_rate”: 0.03, and ‘loss_function”:
‘MAE’}). Using the GB2 model (Figure 10b), the mean MSE score across all the searched
parameters using cross-validation was 0.289, which is slightly worse than the score for
the GB1 model (Figure 10a). The resulting map is presented in Figure 11. In Figure 11,
the dependence on distances to the nearest known neighbors are expressed with radial
patterns located in the areas of observations. However, the character of spatial distribution
does not look as normal, and the distribution is not smooth. Near the observed locations
there are radial patterns, but in the distant locations the distribution has distinct borders.
The calculated Shapiro-Wilk test statistic of 0.9839 and the extremely low p-value of
0.0000 indicate that the PLI distribution for the GB2 model does not appear to be normally
distributed.

Figure 11. Spatial distribution of PLI computed using the GB2 model (‘depth’: 5, ‘iterations’: 100,
‘learning_rate”: 0.03, and ‘loss_function”: ‘"MAE’).
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3.3.3. Artificial Neural Network (MLP Regression)

To solve the set problem to find the spatial distribution of the environmental index,
an artificial neural network known as the multi-layered perceptron (MLP) was used. For
building the models, the MLPRegressor() function of the Scikit-learn package was used.
The basic architecture of the ANN consists of:

- input layer, including two neurons, taking geographical X- and Y-coordinates in the
metric system or four neurons when added to the distance to the nearest known
neighbor and the PLI at the nearest known neighbor location;

- one or two hidden layers, including #n neurons;

- output layer, consisting of one neuron, yielding a predicted value of the PLI as a result
of the regression.

Architectures of ANN models with two and four input neurons are presented in
Figure 12.

Input Layer € R4 Hidden Layer € R5 Output Layer € R?

Hidden Layer € R**® Output Layer € R?

(a) (b)

Figure 12. Architectures of the ANN models: (a) architecture for models ANN1 and ANN2 with
two input neurons; (b) architecture for model ANN3 with four input neurons. X—x geographic
coordinate, Y—y geographic coordinate, DNN—distance to the one nearest neighbor, PLI NN—PLI
value of the nearest neighbor.

The hyperparameters of the models were optimized during the grid search process.
The main hyperparameters for optimization were:

- the function of activation (‘activation’), which plays a crucial role in introducing
non-linearity into the network. This is vital because without non-linearity, a network
would simply be performing linear regressions at each layer, ultimately leading to a
limited ability to learn complex patterns in the data.

- The number of neurons in the hidden layer ("hidden_layer_sizes’) is a crucial parame-
ter that defines the architecture of the hidden layers. These layers lie between the input
and output layers and play a vital role in learning complex relationships between the
data and the target variable. Experimenting with different ‘hidden_layer_sizes’ values
through grid search and cross-validation helps find the optimal architecture for the
specific problem.

- The optimization algorithm (‘solver’) used to train the model and adjust its internal
parameters (weights and biases) during the learning process. These algorithms aim
to minimize a specific loss function, which measures the discrepancy between the
model’s predictions and the true target values. Different solvers come with various
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strengths and weaknesses, making the choice crucial for achieving optimal perfor-
mance.

The following set was used to grid search for the best combination of hyperparameters:

{"activation’: ["identity’, ‘logistic’, ‘tanh’, ‘relu’],

‘hidden_layer_sizes”: [(5), (10), (50), (100), (150), (5,5), (10,10), (50,50), (100,100),
(150,150)],

‘solver’”: ['lbfgs’, ‘sgd’, ‘adam’]}.

After searching for parameters using cross-validation (39 folds) for ANN1 with
two inputs, the following best set of parameters was selected: ‘activation”: ‘tanh’, ‘hid-
den_layer_sizes’: 150, and ‘solver”: ‘sgd’. The best MSE score across all the searched
parameters equals 0.2852 (Table 5). This value is better than the accuracy for both the kNN
and WKNN models and almost equal to the GB model.

The spatial distribution of the PLI in the studied area was predicted using the best
ANN model parameters. The resulting output TIFF file was imported into GIS, and the
obtained map is presented in Figure 13a. The map shows no changes in the studied area,
with the predicted PLI values closely resembling the mean value of the initial data at every
point. Therefore, in this model, the function that depends on the distance from the observed
points is equal to zero. Although the model has a lower error rate, it cannot be utilized for
spatial prediction with only two input parameters. To improve its accuracy, an additional
parameter that expresses dependence on the distance from observed locations should be
introduced into the input layer. Also, the obtained result can be explained with overfitting
effects.

The activation function ReLU and solver Ibfgs are the parameters that lead to dif-
ferences in the PLI distribution. The set of hyperparameters that resulted in the highest
accuracy with different predicted PLIs across the territory was used: activation = ‘relu’,
hidden_layer_sizes = (5), and solver = ‘lIbfgs’. Although the level of error is higher, with an
MSE of 0.3128, it is a compromise to avoid the negative effects of overfitting. However, the
map calculated using the ANN2 model (activation = ‘relu’, hidden_layer_sizes = (5), and
solver = ‘lIbfgs’) shown in Figure 13b is still inadequate for predicting the spatial distribution
of the environmental indicator. The PLI values are gradually distributed diagonally across
the studied area. The accuracy calculated during the testing of both the ANN1 and ANN2
models is shown in Table 5.

To improve the previous neural network models, we included two parameters: dis-
tance to the closest known location and the measured known value of the PLI in that
location. These parameters were given to additional two input neurons. This approach is
similar to the one used with gradient boosting models. The parameters for the ANN3 were
selected after a grid search procedure, where the best parameters were: ‘activation”: ‘relu’,
‘hidden_layer_sizes’: (100), and ‘solver”: ‘Ibfgs’. The ReLu activation function was left as
the only choice due to its ability to provide a non-zero spatial distribution. Although other
activation functions may result in lower overall error, they produce a zero distribution
and a PLI value for the entire area that is close to the mean value. The lowest error level
achieved was 0.346. Additionally, the self-assessment results showed a positive effect from
the inclusion of two additional input parameters. The MSE for the self-assessment was the
lowest with this model compared to the other ANN models, reaching 0.278 (Table 6).
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Figure 13. Spatial distribution of PLI computed with the ANN models: (a)—ANNT1: two inputs
(‘activation”:  tanh ’, ‘hidden_layer_sizes”: (150), and ‘solver”: ‘sgd’); (b)—ANN2: two inputs
(activation = ‘relu’, hidden_layer_sizes = (5), and solver = ‘lbfgs’); (¢)—ANNB3: four inputs (activation
= ‘relu’, hidden_layer_sizes = (5), and solver = ‘lbfgs’).
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Table 6. Accuracy of ANN models.
ANN1 ANN2 ANN3
2 Input (‘activation”: “ tanh *, 2 Input (activation = ‘relu’, 4 Input (activation = ‘relu’,
‘hidden_layer_sizes”: (150), hidden_layer_sizes = (5), hidden_layer_sizes = (5),
‘solver”: ‘sgd’) solver = ‘lbfgs’) solver = ‘1bfgs’)
Mean MSE MSE Mean MSE MSE Mean MSE MSE
Cross-Validation Self-Assessment Cross-Validation Self-Assessment Cross-Validation Self-Assessment
0.285 0.286 0.313 0.285 0.346 0.278

Based on the visual estimation of the three maps obtained using the ANN models, it
appears that these models only occasionally predict the PLI values (Figure 13). The ‘best’
predictions are summarized as the output of the mean value of the PLL. However, the
ANNB3 model with four inputs (Figure 13c) shows a distribution that is more similar to the
natural distribution due to the addition of a function used to account for the distances to
known points.

Figure 14 shows histograms and normal distribution curves for the PLI values pre-
dicted by the three ANN models. The visual distribution of the predicted PLI values shows
distinctive differences between the models. The first histogram (Figure 14a) is absolutely
abnormal because all values in the predicted data are represented by the same number,
close to the mean value of the initial PLI values. This result is confirmed with a very low
Shapiro-Wilk test statistic: 0.0012. The histogram of the second ANN2 model (Figure 14b)
looks closer to a normal distribution of values. For this model, the Shapiro-Wilk test statis-
tic is quite high and reaches 0.9911. However, the p-value of 0.0000 for both models, along
with the visual distribution of the data, suggest that the PLI distribution is not normally
distributed for either model. The histogram of the third ANN3 model is not normal either,
and has a skewed form (Figure 14c), a Shapiro-Wilk test statistic of 0.9065, and a p-value of
0.0000, which indicate that the PLI distribution does not appear to be normally distributed.
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Figure 14. Histogram and normal distribution curves of PLI values predicted by the ANN models:
(a)—ANNT1: two inputs (‘activation”: “ tanh ’, ‘hidden_layer_sizes”: (150), and ‘solver”: ‘sgd’);
(b)—ANNZ2: two inputs (‘activation” = ‘relu’, ‘hidden_layer_sizes” = (5), and ‘solver’ = ‘Ibfgs’);
(c)—ANNZ: four inputs, ‘activation”: ‘relu’, ‘hidden_layer_sizes”: (100), and ‘solver”: ‘lbfgs").
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3.3.4. Kriging Model

To solve the set problem and determine the spatial distribution of the environmental
index, the Kriging method was used. For building the models, the rk.Krige() function of
the PyKrige package was used. The hyperparameters of the models were optimized during
the grid search process. The main hyperparameters for optimization were:

- method: ordinary or universal;

- variogram model: ‘linear’, ‘power’, ‘gaussian’, ‘spherical’, “hole-effect’, ‘exponential’;

- number of lags (nlags): specifies the number of lags used in the variogram calculation.
This determines the level of detail captured in the spatial relationship;

- calculation of weights (weight): we should choose to use or not perform calculations.
Each weight reflects the influence of a specific sampled data point on the prediction at
a particular unsampled location. Points closer to the target location and points that
exhibit similar values tend to have higher weights, contributing more significantly to
the prediction.

The following values were used to select the optimal set of hyperparameters:

{'method”: [‘ordinary’, “‘universal’],

‘variogram_model”: [‘linear’, ‘power’, ‘gaussian’, ‘spherical’, hole-effect’, ‘exponential’],

‘nlags”: [4, 6, 8, 16],

‘weight’: [True, False]}.

After searching for parameters using cross-validation (39 folds) the following best set
of parameters was selected: ‘method’”: “universal’, ‘nlags”: 6, ‘variogram_model”: ‘hole-
effect’, ‘weight’: True. The best MSE score across all the searched parameters equals 0.282,
which is the best value across all of the above-mentioned models.

The spatial distribution of the PLI in the studied area was predicted using the best
Kriging model parameters. The resulting output TIFF file was imported into GIS, and
the obtained map is presented in Figure 15. The map shows that the distribution is in
accordance with the initial data, taking into account distance weights and the influence
of the PLI value at every known point, which is radially distributed from the location.
Areas without observations are derived from the mean PLI value from the initial data set.
Transitions from one known point to another, as well as from known points to unknown
areas, are smooth without any sharp borders. Additionally, this prediction method does
not produce predicted PLI values that exceed the real maximum and minimum PLI values.
The self-assessment calculation shows a predictable result of zero for the MSE. This is due
to the function used to weigh distances in the calculation. The PLI value has a greater
influence on the prediction result for points closer to the known point, ultimately leading
to the known values.

Figure 16 shows the histogram and normal distribution curve for the PLI values
predicted by the Kriging model. The histogram looks more or less balanced, with a high
peak for the average value. This is logically explained by the peculiarities of the model,
because the unknown areas come down to the mean value of the PLI. The limitations of
real observation numbers lead to difficulties in predictions, that is, we cannot absolutely
accurately assert the veracity of the calculated prediction, but at least we can suppose that
the obtained distribution is more probable than simply using the average values for every
point, which does not correspond to the initial dataset. For the obtained Kriging model, the
Shapiro-Wilk test statistic achieved 0.8629 and the p-value was 0.0000, which indicates that
the PLI distribution does not appear to be normally distributed.
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Figure 15. Spatial distribution of PLI computed with the Kriging model: ‘method”: ‘universal’, ‘nlags’:
6, ‘variogram_model”: ‘hole-effect’, and ‘weight”: True.
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Figure 16. Histogram and normal distribution curves of PLI values predicted by the Kriging model:
‘method”: “universal’, ‘nlags”: 6, ‘variogram_model”: ‘hole-effect’, and ‘weight”: True.

3.3.5. Multilevel b-Spline Interpolation

As MLBS interpolation is not a machine learning method in a direct sense; this method
has no specific parameters to adjust. However, taking in to account the appropriate area of
implementation, this method was used for comparison with the machine learning methods.
Thus, this method was used without searching for any parameters using cross-validation
(39 folds). The mean MSE score after a full round of cross-validation equals 0.404, which is
not the best value across all of the above-mentioned models. However, the map obtained is
smooth with a distinctive distribution of the observed index. Taking into account the low
amount of initial data, the mean MSE cannot absolutely precisely predict the accuracy of
the model. The results from each model are more or less approximated, which is proved by
the extremely low Shapiro-Wilk statistics and p-values for every model. Thus, the level
of approximation is set by the observer, but it has a several limits based on the calculated
distribution:
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- the calculated value cannot be equal to the average (or close to) value in every pre-
dicted point;

- the distribution cannot follow a simple linear dependence (like simple gradients), at
least for difficult dependencies such as the distribution of pollutants in environmental
objects, which are characterized by numerous reciprocal influences with many factors;

- the calculated distribution has to reflect the observed values, assuming the method of
observation and observed data are correct.

The MLBS interpolation model was used to determine the spatial distribution of
the PLI in the studied area. The resulting output TIFF file was imported into GIS, and
the obtained map is presented in Figure 17. The map shows that the distribution is in
accordance with the initial data, taking into account distance weights and the influence of
the PLI value at every known point, which is radially distributed from the location. The
areas between the observations do not approach the mean PLI value from the initial data
set. In this model, the PLI values from known points transform smoothly in all directions.
Due to mathematical peculiarities, this method produces predicted PLI values that slightly
exceed the real maximum and minimum PLI values. This effect is explained by the increase
in spline curves on the edges. The self-assessment calculation shows a predictable result of
zero for the MSE. The reason for this is the weighting function used in distance calculation.
The PLI value has a stronger impact on the prediction outcome for points that are closer to
the known point, resulting in the known values.
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Figure 17. Spatial distribution of PLI computed with the MLBS interpolation model.

Figure 18 shows the histogram and normal distribution curve for the PLI values
predicted by the Kriging model. The histogram looks skewed to the right, with two high
peaks close to the average value (in areas of PLI, about 1.3 and 1.7). For the obtained MLBS
interpolation model, the Shapiro-Wilk test statistic achieved 0.9332 and the p-value was
0.0000, which indicates that the PLI distribution does not appear to be normally distributed.
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Figure 18. Histogram and normal distribution curves of PLI values predicted by the MLBS interpola-

tion model.

4. Discussion

The research conducted in the northern industrial zone (NIZ) of Pavlodar City, Kaza-
khstan, utilized computational methods to predict the spatial distribution of the environ-
mental risk indicator PLI, particularly focusing on heavy metal contamination in the region.
Identifying areas in terms of PLI can be a challenging task due to the complex nature of
industrial pollution. Heavy metal contamination levels and consecutively PLI can vary
extensively among cities, countries, continents, and time periods [102]. Additionally, co-
contamination of heavy metals is common in industrial areas due to the presence of heavy
metals in industrial waste [103,104]. In our research area, the concentration coefficients for
each metal and pollution index are distributed unevenly, with a noticeable clustering of
pollutant distribution. Due to the large number of plants in the area, determining trends is
challenging. However, it is possible to identify that the maximum PLI values are mainly
located to the southwest of the TPPs over some distance from their territories according
to the average wind rose for Pavlodar City (Figure 19). The text is in agreement with the
theory of the distribution of smoke heavy components that are transported by air [105].
Furthermore, there is another area of high PLI in the northern part of the studied region,
near the Hg-accumulating ponds. The high PLI level is generally attributed to the high
concentration of Hg. While only three locations have Hg concentrations above the MPC,
the extreme toxicity of this element results in a wide zone of contamination.
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Figure 19. Average wind rose for Pavlodar City [106].
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The study utilized nine models to analyze the data and evaluate their performance
in predicting pollution levels in the area. Each model was used to calculate the regression
problem and obtain the PLI values at the given points. Optimal parameters of the models
were selected with GridSearchCV using cross-validation and self-assessment.

The primary metric used to assess accuracy was mean squared error (MSE), specifically
the mean MSE in the cross-validation process. The number of folds for cross-validation
was equal to the number of observed points (39) to assess the contribution of each point
to the mean error level. The final model was created by fitting all observed values. For
several models where the initial data was not used directly for creation, self-assessment
was also implemented. Self-assessment involves estimating the mean squared error (MSE)
for predicted values using the initial data as a testing set after training the model. In cases
where the initial data directly influences the prediction or weighted distances to the nearest
known values are taken into account, the error level in self-assessment was approaching
Zero.

Furthermore, the Shapiro-Wilk statistic was likely used to test the normality of the
residuals in the models. This statistic assesses whether a dataset follows a normal distribu-
tion, which is crucial for ensuring the validity of statistical analyses and predictions [107].
By examining the Shapiro-Wilk statistic across the models, we can determine the appropri-
ateness of the model assumptions and the reliability of the predictions.

In evaluating the usefulness of the models with lower mean MSE values and higher
Shapiro-Wilk statistics are indicative of better predictive capabilities and a closer fit to the
actual data. Also, the models were assessed visually for accordance to several principles of
visual appropriateness for spatial distribution of pollutants in environment.

The benchmark results (Table 7) were used to conduct a correlation analysis with
principal components analysis (PCA) to identify the features that most strongly influence
the appropriateness conclusion. The Shapiro-Wilk p-value was excluded from the analysis
because it was consistently zero across all models. Boolean values of visual parameters
assessed subjectively were transposed to 1 and 0, for “Yes” and ‘No’, respectively. ‘Standard-
Scaler’ transformation from Scikit-learn package was implemented to data to standardize
the range of features in a dataset. This scaler removes the mean and scales the data to unit
variance (from —1 to 1).

Figure 20 shows obtained scree plot visualizing explained variance ratio. From the
scree plot we can see that first two principal components capture over 74.3% of total
variance in the dataset. So, we can concatenate the principal components with the original
data for conducting correlational analysis.

Scree Plot

0.6

0.5

o o
w -

Explained Variance Ratio

e
N}

0.1

0.0
2 4 6 8
Principal Component

Figure 20. Scree plot of principal components analysis of model benchmarking results.
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Table 7. Benchmarking Model Appropriateness.
Model kNN WKNN CB1 CB2 ANN1 ANN2 ANN3 Kriging MLBS
4 features: (X
2 features: (X . .
coord, Y coord, 2 inputs (X coord, . 4 inputs (X coord, , .
colodrd, Y,coord) DNN, PLI NN) Y coord) 2 inputs (X coord, Y coord, DNN, o met}}o?l oy
epth”: 10, ‘d . e , Y coord) universal’, ‘nlags”:
. . . L . epth’: 5, activation”: “tanh’, AR , PLINN) L
k: 9, weights: iterations’: 60, L e e activation: ‘relu’, L ) , 6, ‘vari-
Parameters k:5 P , , . ] iterations’: 100, hid- X activation: ‘relu’, , n.a
distance learning_rate”: , R , ., hid- . ogram_model”:
learning_rate”: den_layer_sizes”: L hid- ¢ B
0.03, , ) den_layer_sizes: . hole-effect’,
, ., 0.03, (150), ‘solver”: - , den_layer_sizes: o
loss_function’”: , ., Y (5), solver: ‘lbfgs ;] B weight’: True
, , loss_function’: sgd (5), solver: ‘Ibfgs
RMSE ; ,
MAE
Mean MSE 0332 0318 0.287 0.289 0.285 0313 0.346 0.282 0.404
Cross-Validation
MSE 0.223 0.000 0.090 0.000 0.286 0.285 0.278 0.000 0.000
Self-Assessment
Shapiro-Wilk statistic (W) 0.9758 0.9682 0.9486 0.9839 0.0012 0.9911 0.9065 0.8629 0.9332
Shapiro-Wilk p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Non-Uniform Prediction Yes Yes Yes Yes No Yes Yes Yes Yes
Non-Linearity Yes Yes Yes Yes No No No Yes Yes
Empirical Consistency Yes Yes Yes No No No No Yes Yes
Smoothness No No No No No Yes No Yes Yes
Min 1.176 1.083 1.132 1.148 1.629 1.605 1.432 1.061 1.001
Max 2.108 3.272 3.312 2.068 1.629 1.684 2.479 3.353 3.425
Min-Max Difference 1.398 0.141 0.150 1.410 2.330 2.251 1.283 0.038 0.094
Approprlat‘eness Yes Yes Yes No No No No Yes Yes
Conclusion
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To assess correlations between different parameters of predicted PLI data and sub-
jective accessibility of the model, we used a correlation matrix with Pearson’s coefficients
(Figure 21). The Pearson correlation coefficient indicates the level of linear association
between two variables on a scale from —1 to 1. A score of —1 indicates a fully negative
linear correlation, while 0 signifies a lack of linear correlation, and 1 represents a complete
positive linear correlation [108].
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Figure 21. Heatmap of correlation coefficients between parameters of assessment of predicted datasets
and appropriateness conclusion including principal components.

The correlation matrix reveals patterns and trends in the data. Specifically, two principal
components explain the majority of the data. Figure 22 illustrates the relationship between
PC1 and PC2 and the appropriateness of the model. Notably, changes in PC2 do not
affect the model quality. However, decreasing PC1 leads to a positive indication of the
model’s appropriateness. That can be seen from correlation matrix as well. So, the relation
between PC1 and the appropriateness conclusion is strongly negative with a Pearson’s
coefficient of —0.88. The main significant features contributing to PC1 are non-linearity
(—0.89), empirical consistency (—0.88), MSE self-assessment (0.83). Features like Min, Max,
and Min-Max difference have a significant influence, but they were excluded logically.
For example, despite the Min value showing strong positive relation to PC1 (0.96), which
means that minimal value of Min expresses more adequate model. However, the minimum
and maximum values are limited to certain real values that are expected to fall within the
range of the observed minimum and maximum values. So, constantly decreasing the Min
value will not improve the adequacy of the model.
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Figure 22. Dependence of appropriateness rate on PC1 and PC2.

The model’s appropriateness is most strongly correlated with empirical consistency
(1.00), which is evident. The non-linearity feature has a strong positive correlation (0.79). It
is interesting to note that smoothness has a weak correlation (0.16), and the MSE charac-
teristics for both cross-validation and self-assessment do not have a significant influence.
Additionally, self-assessment is a more correlating measure than cross-validation. This can
be explained by the small size of the observed data and the non-uniform distribution of the
observed PLI values.

In this study, we evaluate nine distinct models for predicting spatial distribution. Our
selection process is guided by both visual analysis and empirical consistency. Among the
considered methods, we identify k-nearest neighbors (kNN), weighted k-nearest neigh-
bors (WkNN), gradient boosting, Kriging, and multi-layered b-spline interpolation as
appropriate candidates. Notably, we prioritize visual expressiveness, favoring smoother
maps. Consequently, we opt for the Kriging model and multi-layered b-spline (MLBS)
interpolation models. These choices enable a more accurate representation of the spatial
distribution of environmental indicators.

The kNN method is straightforward and easy to implement, requiring no training
phase and adaptable to both classification and regression tasks. However, it is computation-
ally intensive, requires significant memory, and can be sensitive to irrelevant features and
noise. WKkNN improves accuracy by assigning weights to neighbors, reducing the influence
of outliers and handling varying data densities better. Despite these benefits, WkNN adds
computational complexity and requires careful tuning of the weighting function, sharing
many of the same limitations as kNN, such as high memory usage and sensitivity to the
size of dataset. In general, both kNN and WkNN reflect the spatial distribution of environ-
mental index, but the visualization is not smooth, locations with different predicted PLI
levels have sharp borders. This effect decreased with WkNN.

Gradient boosting offers high predictive accuracy and effectively models complex
spatial relationships, but it requires significant computational resources and careful pa-
rameter tuning to avoid overfitting. Additionally, the method’s complex models may pose
challenges in interpretation compared to simpler methods. Interestingly, both models
shown similar accuracy with MSE 0.287 and 0.289 in cross-validation, but the model with
only two inputs was presentable visually. The four-input gradient boosting model resulted
concentrical patterns related to sample points.

ANNs excel in modeling complex spatial relationships and handling large datasets,
providing high predictive accuracy for spatial distribution analysis. However, they require
substantial computational resources, extensive training time, and extremely depend on the
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size of dataset. ANNs with only X- and Y- coordinates as inputs shown results of extra
generalization: in one case it was the one value close to average PLI for the entire map;
in other case it was a slight gradient with limits again close to average PLI from 1.605 to
1.682. These results are not representable and do not reflect the real distribution of the
environmental index. Adding another two inputs made the obtained map more uneven,
but it was similar to map obtained from four-input gradient boosting model and still was
non-representable visually. Moreover, the MSE value was higher (0.346).

Kriging offers high accuracy and provides a measure of prediction uncertainty, making
it a robust method for spatial distribution analysis, especially with well-correlated data.
However, it can be computationally intensive and requires a thorough understanding of
the spatial correlation structure. Multilevel b-spline interpolation is more computation-
ally efficient and flexible, handling large datasets and varying spatial resolutions well.
Nonetheless, it may lack the predictive accuracy and uncertainty quantification that Kriging
provides, particularly in regions with complex spatial variability. Both of these models
resulted in visually acceptable maps. However, MSE in self-assessment for Kriging was
minimal (0.282) and for MLBS it was maximal (0.404).

It should be noted that all of the proposed approaches can be successfully used in
spatial analyses to a greater or lesser extent. However, the low results of the evaluation of
the effectiveness of predicting the distribution of the environmental index, lying within
the MSE 0.28-0.4, are a consequence of the limitations of the study. The first and most
significant limitation is related to the small sampling size of 39 points. This limitation is
crucial for models using machine learning techniques, which require large data sets for
correct training, validation, and to avoid overfitting effects. The small sample size has
even affected the gradient boosting model, which usually show greater efficiency on small
data compared to neural networks. However, this limitation is very common in ecological
studies. Since large scale monitoring with processing of at least 1000 points, is a very
difficult task even at the government level. Collecting and processing such a large number
of samples requires considerable resources, both material and human. The aim of the study
was to find the most efficient methods of spatial visualization of the ecological index on
small samples. This task is difficult in itself, but also significant not only for this study, but
also for other spatial analysis tasks.

The second important limitation is related to the nature of pollution level distribu-
tion. The distribution of environmental risk in industrial zones is non-linear, difficultly
predictable, and has a pronounced cluster character. The level of pollution can vary greatly
from point to point, causing difficulties in the interpretation of intermediate locations
that have not been physically studied. Therefore, any calculations in this field are always
performed with some approximations and assumptions. Industrial zones are characterized
by a wide range of production facilities, active construction, and the presence of waste
storage areas and technogenic materials. This introduces considerable uncertainty in the
search for sources of pollution. At the same time in our study the mercury pollution zone
and the zones of influence of ash emissions from TPPs, which correspond to the average
annual wind rose direction, were confidently identified.

5. Conclusions
As a result of the research, the following main results were obtained:

1.  The study focused on soil samples collected from 39 locations in the research area,
with elemental analysis of heavy metals including Pb, Hg, Zn, Mo, Cu, Co, Ni, Cr,
Sr, Mn, and V. The data revealed significant variability and potential contamination
in several elements, particularly chromium (Cr), zinc (Zn), and lead (Pb), where a
substantial percentage of samples exceeded their respective MPCs. For example, 79%
of chromium samples exceeded the MPC of 200 mg-kg !, with concentrations ranging
from 0 to 820 mg-kg~! and an average of 203.85 mg-kg~!. Zinc also showed high
levels of contamination, with 79% of samples exceeding the MPC of 55 mg-kg !, and
concentrations ranging from 30 to 910 mg-kg ~! and an average of 121.28 mg-kg~!. Ad-
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ditionally, 67% of lead samples exceeded the MPC of 32 mg-kg ™!, with concentrations
ranging from 0 to 200 mg-kg ! and an average of 46.92 mg-kg~!. Conversely, elements
such as iron (Fe), strontium (Sr), and vanadium (V) showed minimal exceedance of
MPCs. All iron, strontium, and vanadium samples were below the corresponding
MPCs. Overall, the analysis underscored the importance of continuous monitoring
and targeted intervention strategies to address the identified contamination issues,
particularly for chromium, zinc, and lead. Efforts should focus on remediation and
stricter regulatory measures to manage and mitigate the environmental and health
risks associated with these contaminants.

2. Nine mathematical models based on kNN, gradient boosting, artificial neural net-
works, Kriging, and multilevel b-spline interpolation methods were employed to
predict pollution levels, with the primary accuracy metric being MSE. In this study,
we were focused on visual expressiveness and empirical consistency. As a result of
the model’s benchmarking, Kriging and MLBS interpolation were ultimately chosen
for their ability to create smooth, visually appealing maps that accurately represent
the spatial distribution of environmental indicators, with MSE values of 0.282 and
0.404, respectively. While kNN and WkNN are straightforward and adaptable, they
are computationally intensive and less visually smooth. Gradient boosting and ANNs
offer high predictive accuracy, with MSE values around 0.287 and 0.289 for gradient
boosting, but are resource-heavy, complex, and visually unacceptable from the point
of view of empirical consistency.

3.  Taking into account the impossibility to accurately assess the accuracy of the model
because of the small initial dataset, the following four visual parameters were used for
the assessment of the appropriateness of the maps obtained with the computational
models: non-uniform prediction, non-linearity, empirical consistency, and smooth-
ness. Based on the conducted correlation analysis, the most important features were
empirical consistency and non-linearity.

Each studied method of interpolation can be used for spatial distribution analysis;
however, a comparison with the scientific literature revealed that Kriging and MLBS
interpolation can be used without extra calculations to produce non-linear, empirically
consistent, and smooth maps.

Kriging produces maps with a greater contribution from mean values, while MLBS
interpolation produces maps with a greater contribution from observed points. These
methods can assist in identifying contamination hotspots and guiding environmental
remediation efforts.

After reviewing the benchmarking of the nine mathematical models, the Kriging
model was the most effective, taking into account the limitations of a small dataset and a
highly uneven distribution of PLI values. This model yielded the lowest level of MSE with
a smooth and trustful visual representation of the environmental index distribution map.

Looking ahead, the future of environmental sustainability is closely intertwined with
digital innovation. Emerging technologies such as artificial intelligence, blockchain, and
the Internet of Things hold great potential for transforming how we monitor, manage, and
protect the environment. By embracing these technologies and staying ahead of trends,
organizations can drive positive change and create a more sustainable future for all.

Digitalization plays a pivotal role in advancing environmental sustainability by offer-
ing tools, strategies, and opportunities to address pressing environmental challenges. By
harnessing the power of digital technologies, we can make significant strides towards a
greener, more sustainable future for generations to come. It is imperative that we continue
to embrace digital solutions, collaborate across sectors, and innovate for a better tomorrow.
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