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Abstract

Heavy metals are persistent environmental contaminants that accumulate in soils and
vegetation, posing significant risks to ecological systems and human health. Pinus nigra
needles are widely recognized as effective biomonitors for reflecting spatial and temporal
variations in atmospheric heavy metal deposition. However, the complex, nonlinear in-
teractions among multiple pollutants, environmental factors, and site-specific conditions
limit the effectiveness of conventional statistical approaches in accurately modeling and
predicting contamination patterns. This study investigated the spatial and seasonal dis-
tribution of heavy metals in soils and Pinus nigra needles across different environmental
settings in Adiyaman, Tiirkiye, including urban traffic zones, an organized industrial area,
a cement factory vicinity, and a clean reference site. Metal concentrations were determined
using inductively coupled plasma mass spectrometry (ICP-MS) following standardized
acid digestion procedures. To address the limitations of traditional methods and capture
complex nonlinear relationships, advanced machine learning (ML) algorithms—multilayer
perceptron, Random Forest, XGBoost, LightGBM, CatBoost, and Gradient Boosting—were
employed to model elevation based on heavy metal concentrations. The dataset was di-
vided into training (80%) and testing (20%) subsets, and model performance was evaluated
using R?, RMSE, MAE, MAPE, and EVS. Among the models, XGBoost exhibited superior
predictive performance. Excluding Cd, Cr, and Cu, it achieved R? = 0.9996 (RMSE = 0.068)
in training and R? = 0.9526 (RMSE = 17.77) in testing. Including these metals further
improved performance to R? = 0.9999 (RMSE = 0.054) for training and R? = 0.9890 (RMSE
= 5.55) for testing. The results confirm that Pinus nigra needles are reliable bioindicators

of heavy metal accumulation. More importantly, the integration of biomonitoring data
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1. Introduction

Heavy metals are persistent environmental pollutants with well-documented toxi-
cological effects, capable of accumulating in soils, entering the food chain, and posing
significant risks to human and ecological health. Among these, lead (Pb) and cadmium
(Cd) are of particular concern due to their non-biodegradability and long-term health
impacts, including neurotoxicity and disruption of hematopoietic systems [1]. Essential
trace elements such as copper, iron, and zinc are vital for biological processes; however,
both deficiency and excess can lead to adverse health effects, emphasizing the need for
accurate environmental monitoring [2]. Anthropogenic activities, including vehicular emis-
sions, industrial operations, and urban heating, significantly contribute to heavy metal
accumulation in soils, vegetation, and the atmosphere. Vegetation-based biomonitoring
has emerged as a reliable and cost-effective method for assessing environmental contam-
ination. Tree components such as leaves, bark, and needles have been widely used to
reflect spatial and temporal variations in heavy metal deposition [3-27]. Among these,
Pinus nigra needles are particularly suitable due to their morphological characteristics,
longevity, and ability to accumulate airborne pollutants over time. Despite extensive stud-
ies on biomonitoring, several important challenges remain. Heavy metal accumulation
is governed by complex interactions among multiple environmental variables, including
emission sources, meteorological conditions, topography, and physicochemical processes.
These interactions are often nonlinear and highly interdependent, making them difficult to
accurately capture using conventional statistical methods, which typically rely on linear
assumptions and limited variable interactions. As a result, traditional approaches may
fail to provide reliable predictive models for environmental contamination and risk as-
sessment. In addition, although some studies have investigated heavy metal pollution in
various regions of Turkey, research in Adiyaman remains limited, particularly in terms of
integrated analysis combining biomonitoring and advanced predictive modeling. The envi-
ronmental complexity of this region, influenced by urban traffic, industrial activities, and
localized emission sources, further necessitates more robust analytical approaches capable
of handling nonlinear and multivariate relationships. In this study, machine learning (ML)
techniques offer a significant advantage by enabling the modeling of complex, nonlinear
relationships without predefined assumptions [28,29]. ML algorithms efficiently process
high-dimensional datasets, identify hidden patterns, and improve predictive accuracy,
making them well-suited for environmental systems characterized by high variability and
uncertainty [30-34]. Recent advances in ML have enabled the development of predictive
models capable of capturing complex nonlinear relationships among pollutants and envi-
ronmental variables, thereby enhancing the accuracy of contamination assessments and risk
evaluations [35-47]. Therefore, this study aims to address the limitations of conventional
approaches by integrating Pinus nigra biomonitoring with advanced ML algorithms to ana-
lyze and predict heavy metal distribution in Adiyaman. Elevation was considered in this
study as a surrogate indicator of spatial environmental gradients, as it governs atmospheric
transport, pollutant dispersion, and deposition dynamics, leading to systematic variation
in pollutant concentrations across topographic gradients [48,49]. Accordingly, modeling
elevation based on heavy metal concentrations enables the assessment of whether machine
learning algorithms can effectively capture the underlying spatial variability embedded
within biomonitoring data. The primary aim of this study is to evaluate heavy metal
distribution in Adiyaman using Pinus nigra as a bioindicator and to enhance predictive
accuracy through ML modeling. The specific objectives are to:
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1. Quantify heavy metal concentrations in soils and plant samples across urban, industrial, and
reference environments.

2. Assess the effectiveness of Pinus nigra needles as bioindicators of spatial and temporal varia-
tions in heavy metal accumulation.

3. Apply ML algorithms to capture complex nonlinear relationships among environmental
variables and improve predictive modeling for environmental monitoring and risk assessment.

2. Materials and Methods

The study was conducted in Adiyaman, Turkey, at sites representing urban traffic,
industrial, and clean-air conditions, including a small industrial zone, university and
boulevard vicinities, the organized industrial zone (OIZ), the cement factory area, and
the Seyirtepe recreational area (Figure 1). Two environmental matrices were sampled
seasonally: Pinus nigra needles and co-located surface soils. Samples were dried, digested,
and analyzed for arsenic (As), lead (Pb), copper (Cu), chromium (Cr), nickel (Ni), cadmium
(Cd), zinc (Zn), iron (Fe), and manganese (Mn) using ICP-MS. Quality control procedures
included analytical blanks, sample duplicates, and certified reference materials to ensure
measurement accuracy and reproducibility. Heavy metal concentrations served as input
variables, while elevation was selected as the target variable because it acts as a proxy
for spatial deposition gradients, influencing metal accumulation across diverse environ-
mental conditions. Surface soil samples (0-10 cm depth) were collected at each site in
close proximity to the sampled Pinus nigra trees to ensure spatial consistency. Sampling
locations were selected to represent different environmental conditions while avoiding
disturbed areas, and composite samples were prepared from multiple subsamples to ensure
representativeness. The dataset comprised 140 observations across four seasons [50]. Data
preprocessing included outlier removal via the isolation forest method (5% of observations)
and normalization using the standard scaler. Two analytical scenarios were evaluated: one
excluding Cd, Cu, and Cr, and another including all metals. The dataset was partitioned
into training (80%) and testing (20%) subsets to enhance model robustness and mitigate
overfitting. Hyperparameter optimization for multilayer perceptron (MLP), CatBoost, ran-
dom forest, XGBoost, LightGBM, and gradient boosting models was performed using both
grid search and Bayesian optimization techniques [51]. Model performance was evaluated
using the coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE), and explained variance score (EVS),
and predictions were validated against experimental measurements to confirm the models’
ability to capture complex, nonlinear relationships among heavy metal concentrations in
soils and Pinus nigra needles [52]. Table 1 provides a detailed overview of the input and
output parameters, including their statistical properties.

Table 1. Descriptive statistics of heavy metal concentrations in Pinus nigra needles and elevation.

Abbreviation Units Mean StDev Minimum Median Maximum
Cr mg/kg 3.914 3.825 0.358 2.322 19.277
Cu mg/kg 5.771 2.467 2.809 5.159 16.218
Pb mg/kg 0.539 0.421 0.000 0.494 1.504
Zn mg/kg 24.073 8.688 9.705 22.422 58.228
As mg/kg 0.281 0.213 0.091 0.227 1.391
Ni mg/kg 5.853 3.397 1.860 4.601 16.867
Cd mg/kg 0.053 0.112 0.000 0.000 0.558
Fe mg/kg 67.079 29.901 16.981 61.976 169.015
Al mg/kg 1690.745 393.709 879.859 1714.003 2418.241
Mn mg/kg 110.164 58.601 31.798 99.261 367.002
Elevation m 721.898 142.127 505.437 696.637 930.873
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Figure 1. Views of sampling points.

Table 1 summarizes descriptive statistics of heavy metal concentrations and eleva-
tion across the study sites. Aluminum exhibited the highest mean (1690.745 mg/kg) and
cadmium the lowest (0.053 mg/kg), with Fe, Mn, Cr, and Ni showing notable variability
and localized accumulation, while elevation ranged from 505.437 to 930.873 m, providing
a basis for data preprocessing, feature evaluation, and modeling of heavy metal distribu-
tion. Figure 1 shows the sampling sites across Adiyaman, including the city center (traffic
corridors), organized industrial zone, cement factory vicinity, and Seyirtepe recreational
area. Sites were selected to represent varying anthropogenic influences, from urban and
industrial emissions to relatively clean-air conditions. The figure highlights traffic and
industrial sources as key contributors to contamination and reflects how geographic and
topographic factors guided the sampling strategy. This spatial framework provides a basis
for evaluating and comparing heavy metal accumulation across diverse environmental
settings. Figure 2 presents the probability density functions of predictor variables, showing
that most exhibit positively skewed distributions with peaks at lower concentrations, indi-
cating predominantly low-to-moderate contamination levels, while some display broader
or multimodal patterns, reflecting spatial variability and heterogeneous pollution sources.
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Figure 2. Probability density functions of predictor variables.

Figure 3 presents the correlation heatmap between predictor variables and elevation,
illustrating pairwise relationships among heavy metals. Elevation demonstrates weak
to moderate associations, with Cu exhibiting the strongest negative correlation (—0.32)
and Zn the strongest positive correlation (0.38). Pb, Cd, and Al show modest positive
trends, whereas As, Cr, Ni, and Mn display negative trends. These patterns indicate that
topography exerts subtle influences on metal distribution, which interact with additional
environmental and geochemical factors. Figure 4 presents box-and-whisker plots of the
variables, highlighting their central tendency, variability, and outliers. Most heavy metals
exhibit right-skewed distributions with notable extreme values, indicating heterogeneous
concentrations across sampling locations. Figure 5 illustrates the relationships between
heavy metal concentrations and elevation, showing predominantly linear trends, with both
positive and negative correlations depending on the metal, reflecting varying environmental
influences on their distribution.

Python 3.11 was used for data preprocessing, model development, and performance
evaluation, primarily through the Spyder IDE, which facilitated efficient dataset manage-
ment, model training, and systematic assessment of predictive performance. Python’s
intuitive syntax, extensive libraries, cross-platform compatibility, and computational ef-
ficiency enabled the implementation of complex modeling workflows [53]. Python, with
libraries such as NumPy and Pandas and ML frameworks including MLP, CatBoost, Ran-
dom Forest, XGBoost, LightGBM, and Gradient Boosting, enabled efficient data processing,
modeling, and visualization. Its versatility ensures reproducibility and is well-suited for an-
alyzing heavy metal concentrations and environmental processes in civil and environmental
engineering [54].
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Figure 3. Feature correlation matrix for predictor variables and target.

Plant and soil samples were oven-dried at 105 °C for 24 h. For plant analysis, 0.25 g of
each sample was digested with 5 mL of 65% HNOj in a Berghof MSW-4 microwave system
at 50 bar and 190 °C for 5 min. Aliquots of 0.5 mL (for As, Pb, Cu, Cr, Ni, Cd, Zn) and
0.2 mL (for Fe, Mn, Al) were diluted to 10 mL with ultrapure water and analyzed using
a PerkinElmer NexION 350X ICP-MS (PerkinElmer Inc., Waltham, MA, USA). Soil samples
(0.2 g) were digested with 6 mL 65% HNO3 and 2 mL 40% HF at 40 bar and 180 °C for
25 min, followed by the addition of 20 mL saturated boric acid and further digestion
at 40 bar and 190 °C for 10 min. After dilution (0.1 mL to 10 mL), elemental concentrations
were determined via ICP-MS. All results are expressed in mg/kg.

Outlier detection was conducted using the Isolation Forest algorithm, which identifies
anomalous observations based on random partitioning, whereby data points with shorter
average path lengths are more likely to be classified as outliers. A contamination rate
of 5% was adopted to exclude extreme values while preserving the intrinsic statistical
structure of the dataset. This threshold was selected considering the moderate variability
typically observed in environmental datasets, ensuring an appropriate balance between
noise reduction and information retention. Furthermore, sensitivity analysis confirmed
that the exclusion of outliers did not significantly influence model performance or alter the
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Figure 4. Box-and-whisker plots of variables.

Principal Component Analysis (PCA) is a multivariate statistical technique used to
reduce data dimensionality and identify patterns by transforming correlated variables into
a set of uncorrelated components. In this study, PCA was applied to the standardized
dataset to group variables with similar behavior and identify potential sources of heavy
metals, such as industrial emissions, traffic, and geogenic contributions. Table 2 presents the
PCA loadings and explained variance of heavy metals. The first four principal components
account for 82.72% of the total variance, indicating a strong representation of the dataset.
PC1 is dominated by Cr, Ni, Fe, Mn, and As, suggesting anthropogenic sources related
to industrial and traffic emissions. PC2 is mainly influenced by Cd and Pb, indicating
mixed sources, while PC3 is associated with Zn and Al, reflecting combined industrial
and geogenic contributions. PC4 is strongly dominated by Cu, indicating a distinct source.
Overall, the results demonstrate that heavy metal distribution is controlled by multiple
anthropogenic and natural sources.
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Figure 5. Input-output relationships between heavy metals and elevation.

2.1. Multilayer Perceptron

MLP is a type of feedforward neural network capable of modeling complex nonlinear
relationships between inputs and outputs. Its main advantage is flexibility, allowing it
to capture subtle patterns in high-dimensional datasets [55]. In civil and environmental
engineering, MLP is widely applied for predicting concrete compressive strength, water
quality parameters, air pollution levels, and structural behavior under variable loads [56].
It can handle both continuous and categorical data if properly encoded. MLP requires
careful hyperparameter tuning to avoid overfitting but provides high predictive accuracy
when optimized. Its ability to model nonlinear and interaction effects makes it particularly
useful for environmental risk assessment and sustainable infrastructure modeling.
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Table 2. PCA loadings and explained variance of heavy metals.

Variable PC1 PC2 PC3 PC4
Cr (mg/kg) 0.429 0.309 —0.013 —0.071
Cu (mg/kg) 0.060 —0.060 0.214 0.924
Pb (mg/kg) 0.267 —0.442 0.251 0.020
Zn (mg/kg) 0.118 0.168 0.718 —0.059
As (mg/kg) 0.393 —0.086 —0.137 0.138
Ni (mg/kg) 0.427 0.290 0.015 0.027
Cd (mg/kg) 0.177 0.522 0.217 —0.115
Fe (mg/kg) 0.426 —0.207 —0.159 —0.141
Al (mg/kg) —0.013 —0.420 0.501 —0.290
Mn (mg/kg) 0.422 —0.309 —0.180 —0.029
Variance (%) 41.33 18.31 12.73 10.35

Cumulative (%) 41.33 59.64 72.37 82.72

2.2. CatBoost

CatBoost is a gradient boosting algorithm optimized for categorical data, reducing the
need for extensive preprocessing [57]. Its advantages include fast training, high accuracy,
and robustness to overfitting, especially with heterogeneous datasets. In civil and environ-
mental engineering, CatBoost is used for predicting pollutant concentrations, assessing soil
contamination, modeling groundwater quality, and forecasting urban air pollution [58]. It
handles missing values and categorical variables naturally, which is common in environ-
mental datasets. The algorithm’s efficiency allows it to process large-scale monitoring data
efficiently. Its robustness and interpretability support decision-making in infrastructure
planning and environmental risk mitigation.

2.3. Random Forest

Random forest is an ensemble of decision trees that provides stable and reliable
predictions by averaging multiple models [59]. Its advantages include robustness to noise,
low risk of overfitting, and interpretability through feature importance. Applications in
civil and environmental engineering include predicting material properties (e.g., concrete,
asphalt), flood risk mapping, soil contamination assessment, and water quality prediction.
Random forest can handle large datasets with many features and is effective for both
regression and classification tasks. It can also identify key factors influencing structural or
environmental performance [60]. Its simplicity and strong predictive performance make it
widely used for environmental monitoring and sustainable infrastructure design.

2.4. XGBoost

XGBoost is a gradient boosting framework optimized for speed and performance
with built-in regularization [61]. Advantages include high predictive accuracy, handling
missing data, and scalability for large datasets. In civil and environmental engineering,
XGBoost is applied to predict structural loads, air pollution levels, water quality indices,
and the strength of construction materials. It is particularly useful for datasets with
nonlinear relationships and interactions among features. The algorithm’s efficiency allows
processing of high-frequency environmental monitoring data. Its interpretability and
reliability support informed decision-making for hazard assessment and infrastructure
resilience.
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2.5. LightGBM

LightGBM is a fast, efficient gradient boosting method that grows trees leaf-wise,
achieving lower loss than traditional approaches [62]. Advantages include computa-
tional efficiency, high accuracy, and native handling of categorical features. In civil and
environmental engineering, LightGBM is used for flood prediction, traffic-induced air
pollution modeling, groundwater contamination forecasting, and concrete durability as-
sessment [63,64]. Its leaf-wise growth enables it to capture complex nonlinear relationships
effectively. LightGBM is scalable to very large datasets, making it suitable for real-time envi-
ronmental monitoring applications. Proper regularization ensures prevention of overfitting
while maintaining model interpretability.

2.6. Gradient Boosting

Gradient boosting builds sequential models to minimize residual errors, offering flexi-
bility and high predictive power [65]. Its advantages include adaptability to both regression
and classification tasks, the ability to capture nonlinear effects, and interpretability through
feature importance. Applications in civil and environmental engineering include predicting
pollutant transport, estimating structural reliability, forecasting urban air quality, and mod-
eling soil and water contamination [66]. Gradient boosting handles complex interactions
among variables effectively. It requires careful tuning of the learning rate and tree depth
to avoid overfitting. Its ability to generate accurate predictions in heterogeneous datasets
makes it valuable for environmental decision support and infrastructure management.

2.7. Performance Metrics for Prediction Models

Performance metrics quantitatively assess a model’s accuracy, reliability, and ability to
generalize the relationship between inputs and outputs [67]. Common metrics such as R?,
RMSE, MAE, MAPE, and EVS provide complementary insights into model performance.
R? quantifies the proportion of variance explained by predictors, while RMSE measures the
magnitude of squared errors, penalizing large deviations. MAE computes average absolute
deviations, offering robust interpretability, and MAPE expresses errors as percentages, en-
abling scale-independent comparisons. EVS indicates the proportion of observed variance
captured, reflecting the model’s ability to reproduce data variability. Collectively, these
statistical indices provide a rigorous and multidimensional framework for evaluating the
accuracy, robustness, and generalizability of predictive models. Model performance was
indicated by R?, RMSE, MAE, MAPE, and EVS (Equations (1)—(5)).

1 2
X (vi—pi)
RE=1-"0 - 1)
‘;1 (vi—v)
1 n
RMSE = EZ (vi — pi)° 2)
i=1
1 n
MAE = 0} lyi — pil )
i=1
n .
MAPE = @ M 4)
i Y
EVS=1-— M (5)

Var (y)
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where y; and p; are the observed and predicted values, ¥ is the mean of observed values, and
n is the number of observations. Var represents the variance, quantifying the dispersion
of data around the mean. R?, RMSE, MAE, MAPE, and EVS collectively assess model
performance, with R? and EVS indicating explained variance and fit, while RMSE, MAE,
and MAPE quantify prediction errors and accuracy.

3. Results and Discussion

In needle samples near the cement industry, maximum concentrations occurred in
autumn for Cr, Ni, Fe, Mn, and Pb; in spring for Al; in winter for Zn and Cu; and for Cd
in autumn and winter, while minimum levels were mostly observed in summer or across
all seasons for Cd (Figure 6). Near Seyirtepe, autumn maxima were observed for Cr, Ni,
Cu, and Pb; winter for Zn; summer for Al, Fe, Mn, As, and Cd; with minima occurring
variably across elements and seasons (Figure 7). Needles near the boulevard showed
autumn maxima for Cr, As, Zn, Ni, Cd, and Al, winter maxima for Cu, Pb, Mn, and Fe, and
minima mostly in summer or winter, depending on the element (Figure 8). In the organized
industrial zone, autumn maxima were observed for Cr, Cu, As, Cd, and Pb; winter for
Mn; summer for Fe, Al, and Zn, while minima occurred variably across elements, with no
spring maxima and winter minima absent for several elements (Figure 9).

Figure 6. Sampling locations near the cement industry in Adiyaman, Ttirkiye.

In needle samples collected near the cement industry, maximum concentrations were
observed in autumn for Cr, Ni, Fe, Mn, and Pb; in spring for Al; in winter for Zn and
Cu; and for Cd in both autumn and winter, while minimum levels generally occurred in
summer or remained consistently low for Cd (Figure 6).

https://doi.org/10.3390/pr14142351
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Figure 8. Sampling locations in the Boulevard (traffic-influenced area).
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Figure 9. Sampling locations in the organized industrial zone.

In the Seyirtepe area, autumn maxima were recorded for Cr, Ni, Cu, and Pb; winter for
Zn; and summer for Al, Fe, Mn, As, and Cd, with variable minima across seasons (Figure 7).

Needle samples from the boulevard exhibited autumn maxima for Cr, As, Zn, Nj,
Cd, and Al, and winter maxima for Cu, Pb, Mn, and Fe, with minima typically occurring
in summer or winter depending on the element (Figure 8). In the organized industrial
zone, autumn maxima were observed for Cr, Cu, As, Cd, and Pb; winter for Mn; and
summer for Fe, Al, and Zn, while minima varied across elements, with no spring maxima
recorded (Figure 9). These seasonal patterns indicate that heavy metal accumulation is
strongly influenced by anthropogenic emissions and meteorological conditions, with ele-
vated concentrations during autumn and winter likely associated with increased emissions
and reduced atmospheric dispersion.

These patterns indicate industrial activities strongly influence metal deposition in
autumn and winter, with Cr exceeding the 0.5 mg/kg WHO/FAO plant limit [68]. Cr
in Pinus nigra needles exceeded the limit in Seyirtepe, peaking in early-mid autumn,
with lower but similar trends along the boulevard; extremely high Cr was observed in
the industrial zone and elevated near the cement factory, while Cu remained below the
5 mg/kg WHO/FAO limit [68]. Cu concentrations in Seyirtepe needles remained below
the permissible limit with minimal seasonal variation, while boulevard, cement factory,
and industrial zone samples peaked in spring, summer, and autumn; Figure 10 shows
seasonal Cr and Cu fluctuations across all sites. Table 3 presents the seasonal variation
of heavy metal concentrations in soil samples collected from the cement industry area.
Overall, Ni and Cr exhibit relatively high concentrations across all seasons, indicating
strong anthropogenic influence, while Cd remains consistently low. Seasonal fluctuations
are evident, with higher concentrations generally observed in autumn and spring, reflecting
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the combined effects of emission intensity and environmental conditions. These patterns
highlight the influence of industrial activities on soil contamination.
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Figure 10. Seasonal variation of Cr and Cu concentrations in black pine needle samples collected
from different locations.

Figure 10 shows the seasonal variation of Cr and Cu concentrations in black pine
needles collected across all sampling sites. Chromium exhibited pronounced seasonal
peaks, especially in industrial and high-traffic areas, reflecting localized emission intensity.
Copper concentrations also displayed seasonal variability, frequently reaching maximum
levels during colder months, likely driven by increased anthropogenic emissions. In
contrast, levels in clean-air sites generally remained below WHO/FAO limits, indicating
minimal contamination. The observed seasonal fluctuations underscore the combined
influence of local pollution sources, atmospheric conditions, and the physiological activity
of the needles. Industrial and traffic-impacted areas consistently showed elevated Cr
and Cu concentrations, highlighting the spatial dimension of contamination. Figure 10
demonstrates that both seasonal and spatial factors jointly govern the accumulation patterns
of Chromium and Copper in urban and peri-urban vegetation.
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Table 3. Seasonal heavy metal concentrations in soil samples collected from the Cement Industry area.

Season Cu Zn As Ni Cd Cr Pb Fe Al Mn
(mg/kg) (mg/kg) (mg/kg) (mg/kg) (mgkg) (mgkg) (mgkg) (mgkg) (mgkg) (mgkg)

14.83 34.08 4.95 106.44 0.00 69.89 0.33 3.00 13.73 7.49

14.88 38.29 5.45 108.88 0.00 71.97 0.49 291 11.63 7.20
22.33 47.83 4.78 155.31 0.00 64.07 2.27 4.14 9.13 10.42
Summer 23.78 59.57 4.07 140.43 0.00 76.85 1.83 4.35 14.18 11.03
24.60 69.46 4.39 158.31 0.00 76.33 2.12 4.02 13.21 10.06

18.03 44.71 3.86 122.50 0.00 51.83 1.33 3.20 6.53 8.14

19.97 42.71 5.96 138.37 0.00 68.75 2.18 3.48 9.92 8.87

17.35 39.89 5.86 127.92 0.00 79.88 1.39 2.55 12.39 6.32

19.56 74.80 5.70 147.42 0.93 101.79 1.29 2.66 11.25 6.63

19.65 51.04 7.11 174.75 0.00 83.58 3.43 3.24 6.29 8.42

Spring 26.02 64.43 3.64 162.45 0.00 81.65 2.74 3.66 13.28 9.22
17.49 34.37 3.70 129.38 0.00 70.32 2.03 2.76 6.23 6.93

21.50 42.38 497 154.63 0.00 79.94 1.97 3.71 12.33 9.43

19.61 40.69 5.38 139.68 0.00 61.11 3.44 3.12 5.34 7.96

19.99 56.24 4.89 147.77 0.00 90.50 0.92 3.10 12.95 5.50

22.67 48.78 6.80 154.13 0.00 83.33 3.12 3.33 6.73 5.93

25.15 72.57 391 187.95 0.00 82.62 2.94 3.14 11.42 5.65

Fall 24.40 105.11 5.49 170.53 1.38 117.11 1.22 2.28 9.87 4.08
26.34 47.28 6.34 162.54 0.00 72.01 3.50 3.61 5.95 6.78

22.37 47.91 5.95 156.55 0.00 74.52 3.08 3.48 6.45 6.43

15.40 41.49 5.19 113.40 0.00 62.61 0.89 2.35 11.72 5.08

20.49 41.39 3.89 121.95 0.00 57.23 0.86 2.58 12.09 5.31

28.01 53.48 793 129.57 0.00 65.21 8.40 3.17 8.17 6.88

Winter 22.54 61.19 3.63 145.03 0.00 69.46 1.89 3.44 13.82 7.30
24.54 36.80 3.50 134.74 0.00 87.62 0.27 3.57 18.09 7.82

19.19 43.37 5.69 140.35 0.00 62.07 3.10 3.10 5.75 6.75

23.47 45.14 5.33 140.58 0.00 66.21 3.73 3.73 6.24 8.29

According to WHO/FAO, the permissible limit of lead in plants is 2 mg/kg [68].

In the Seyirtepe area, copper concentrations in black pine needles remained below
the WHO/FAO permissible limits for plants. Lead concentrations increased during mid-
winter and mid-spring, while early and mid-summer and autumn values approached the
permissible lead threshold (Figure 11). Along the boulevard, copper levels were also well
below the permissible limits, whereas lead concentrations rose during winter, spring, and
mid-summer and autumn (Figure 11). In the cement industry and organized industrial
zone, lead concentrations in needles were generally below WHO/FAO limits, although
elevated values were observed at the beginning and end of autumn (Figure 11). The highest
arsenic concentration was recorded at the beginning of autumn in the cement industry area.
Figure 11 presents the seasonal variation of Pb and As concentrations in black pine needle
samples collected from different sites, illustrating how Pb and As levels fluctuate annually
in response to local environmental exposure and pollution sources.

Figure 11 illustrates the seasonal variation of Pb and As concentrations in pine needles
across all sampling sites. Pb levels generally peaked during the colder months, reflecting
enhanced deposition from heating and traffic-related emissions. Arsenic also exhibited
clear seasonal peaks, particularly in the vicinity of the cement factory, indicating the impact
of industrial activities. In the Seyirtepe and Boulevard areas, Pb concentrations approached
permissible limits during certain seasons, highlighting potential local exposure risks. Al-
though industrial zones generally recorded Pb and As below regulatory thresholds, autumn
exhibited noticeable increases for both metals. Arsenic reached its highest concentration
at the onset of autumn near the cement plant, emphasizing site-specific accumulation.
Figure 11 demonstrates that the seasonal and spatial distribution of Pb and as is strongly
influenced by industrial operations, vehicular traffic, and meteorological conditions.
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Figure 11. Seasonal variation of Pb and As concentrations in black pine needle samples collected
from different locations.

According to WHO/FAO, the permissible limit of zinc in plants is 50 mg/kg [68].

In the Seyirtepe area, black pine needles exhibited both sub-threshold and above-
threshold zinc concentrations relative to the WHO/FAO limit. Increases in zinc values
were observed at the beginning of summer and spring, as well as at the end of autumn,
while concentrations exceeded the permissible limit during mid-autumn (Figure 12). Along
the Boulevard area, black pine needles showed zinc concentrations below the WHO/FAO
permissible limit. However, slight increases were recorded in mid-spring, mid-summer,
and mid-autumn (Figure 12). In the cement industry area, black pine needles displayed
zinc concentrations well below the WHO/FAO permissible limit, although an increase
was observed during mid-winter (Figure 12). In the organized industrial zone area, black
pine needles exhibited zinc concentrations slightly below the WHO/FAO permissible limit.
A notable increase was recorded during mid-summer (Figure 8). According to WHO/FAO,
the permissible limit of nickel in plants is 5 mg/kg [68].
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Figure 12. Seasonal variation of Zn and nickel Ni concentrations in black pine needle samples
collected from different locations.

In the Seyirtepe and Boulevard areas, nickel concentrations in black pine needles re-
mained close to the WHO/FAO permissible limits, exhibiting relatively consistent seasonal
fluctuations (Figure 12). In the cement industry area, nickel levels exceeded the permissi-
ble threshold, with particularly pronounced increases at the beginning of autumn, while
concentrations during other seasons approached the limit (Figure 12). In the organized
industrial zone, nickel concentrations were substantially above the WHO/FAO permissible
limit, peaking during mid-summer and early autumn (Figure 12). Figure 12 presents the
seasonal variation of Zn and Ni concentrations in black pine needle samples collected
from various sites. Zn levels were generally elevated in winter, whereas Ni concentra-
tions peaked in autumn, reflecting the combined influence of local pollution sources and
seasonal environmental conditions. Copper (Cu) concentrations are reported in terms of
seasonal and spatial trends without reference to permissible limits, as Cu is an essential
micronutrient for plants, and its sufficiency rather than toxicity is of primary concern.
Similarly, iron (Fe) and manganese (Mn) concentrations remained within physiologically
normal ranges for black pine (Pinus nigra), ensuring adequate photosynthetic function.
These clarifications provide context for interpreting metal accumulation patterns and avoid
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conflating essential nutrients with strictly toxic elements. Sampling was performed on
healthy Pinus nigra trees with similar morphological characteristics, and soil samples were
collected from the immediate vicinity of each sampled tree to ensure spatial correspondence.
Although detailed meteorological and geological parameters were not directly measured,
their effects are inherently reflected in the spatial and seasonal patterns of heavy metal
accumulation, which are influenced by emission sources, atmospheric transport, and local
geogenic background.

Figure 12 illustrates the seasonal variation of Zn and Ni concentrations in pine needles
across all sampling sites. Zn levels were generally higher in winter, particularly at Seyirtepe
and along the boulevard, with occasional exceedances of WHO/FAO permissible limits. Ni
concentrations peaked in autumn and surpassed threshold values in the cement industry
and organized industrial zone, reflecting substantial industrial influence. In Seyirtepe and
boulevard areas, Ni levels approached but generally remained near permissible limits,
whereas industrial sites consistently exhibited elevated Ni concentrations compared to
cleaner areas. Seasonal variations for both metals are closely linked to emission intensity,
atmospheric transport, and local meteorological conditions. These patterns demonstrate the
combined effects of industrial activities, traffic, and environmental factors on metal accumu-
lation, highlighting Zn and Ni as pollutants of concern and underscoring the importance
of continuous monitoring. Cadmium is currently utilized in nickel-cadmium batteries,
steel coatings in the shipbuilding industry due to its corrosion resistance under marine
conditions, the paint industry, as a PVC stabilizer, in alloys, and in the electronics sector. Ad-
ditionally, cadmium impurities are present in phosphate fertilizers, detergents, and refined
petroleum products, and the widespread use of these materials can contribute to substantial
environmental cadmium contamination. According to WHO/FAO, the permissible limit of
cadmium in plants is 0.5 mg/kg [68]. In the Seyirtepe area, along the boulevard, and near
the cement industry, Pinus nigra needles exhibited cadmium concentrations consistently
below WHO/FAO limits, with minor seasonal variation, while the organized industrial
zone showed a slight increase in early autumn (Figure 13). Iron concentrations exceeded
the 30 mg/kg permissible limit across all sites, with relatively consistent seasonal patterns
(Figure 14). Seasonal fluctuations of Cd and Al reflect environmental exposure and local
pollution sources.

Figure 13 illustrates the seasonal variation of Cd and Al concentrations in pine nee-
dles across all sampling sites. Cadmium levels remained consistently below WHO/FAO
permissible limits, indicating limited atmospheric deposition, although minor increases
were observed in autumn within the industrial zone, reflecting episodic inputs. In contrast,
aluminum concentrations were substantially higher, particularly during summer, suggest-
ing enhanced dust resuspension and soil-derived contributions. Seasonal fluctuations of Al
likely reflect both environmental exposure and physiological activity of the needles, with
spatial analysis indicating elevated levels near industrial and high-traffic areas, highlight-
ing the influence of local emission sources. Cadmium’s consistently low concentrations
contrast with aluminum’s pronounced seasonal and spatial variability, emphasizing the
differential behavior of metals and the need to account for both metal-specific properties
and environmental factors in assessing atmospheric contamination. Figure 14 presents the
seasonal variation of Fe and Mn concentrations in black pine needles across all sampling
sites. Both metals exhibited seasonal fluctuations, with higher concentrations in industrial
and traffic-affected areas and lower levels in spring, reflecting the combined influence of
local emissions, atmospheric transport, and meteorological conditions.
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Figure 13. Seasonal variation of Cd and Al concentrations in black pine needle samples collected
from different locations.

Figure 14 illustrates seasonal Fe and Mn concentrations in pine needles across all
sites, with values exceeding WHO/FAO limits at most locations. Concentrations peaked
in colder seasons, particularly winter, due to enhanced deposition from industrial emis-
sions, traffic, heating, and stagnant air, while summer levels were lower, likely influ-
enced by rainfall and needle physiology. Industrial and high-traffic areas, especially
the cement factory and organized industrial zone, exhibited the highest levels, high-
lighting localized emission impacts. Seasonal fluctuations across sites indicate the com-
bined influence of meteorology, natural soil inputs, and anthropogenic sources. Table 3
summarizes seasonal heavy metal concentrations in soils from the cement factory area,
with Cu (14.83-28.01 mg/kg), Zn (34.08-105.11 mg/kg), Ni (106.44-187.95 mg/kg), Cr
(51.83-117.11 mg/kg), Cd (0-1.38 mg/kg), As (3.50-7.93 mg/kg), Pb (0.27-8.40 mg/kg),
Fe (0.89-8.40 g/kg), Al (2.28-18.09 g/kg), and Mn (4.08-11.03 mg/kg). Ni and Cr peaked
in spring and autumn, Al and Mn in summer, and Cd remained negligible. Maximum
and minimum concentrations varied by season, generally mirroring trends in pine needles.
Soil samples were prepared using sequential heating (170-190 °C) and cooling to 50 °C.
Table 4 summarizes the microwave digestion parameters for soil samples, comprising
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two controlled heating stages with defined temperature, pressure, power, ramp, and hold
times to ensure complete digestion. In Step 1, the temperature was increased from 140
to 180 °C at 40 bar and 80% power, followed by cooling to 50 °C, while Step 2 reached
170-190 °C under similar conditions. Soil samples (200-300 mg) were digested with 5 mL of
65% HINO3, ensuring efficient and reproducible preparation for accurate ICP-MS analysis.
These results highlight the influence of seasonality, site, and emission sources on heavy
metal accumulation, supporting targeted planting of black pine to improve air quality in
polluted areas.
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Figure 14. Seasonal variation of Fe and Mn concentrations in black pine needle samples collected
from different locations.

Table 5 summarizes the microwave digestion parameters for plant samples in Step 2,
consisting of two heating stages at 150 °C and 190 °C (50 bar, 70-90% power), followed
by cooling to 50 °C with no power or pressure. Ramp and hold times ensured controlled
heating and complete digestion, enabling efficient and reproducible preparation for ICP-
MS analysis. These physiological effects are associated with the structural and functional
characteristics of coniferous needles. The waxy cuticle enhances the adsorption of airborne
particulate matter, while stomatal pathways allow the uptake of certain trace elements into
internal tissues. In addition, seasonal physiological processes influence metal concentra-

https:/ /doi.org/10.3390/pr14142351


https://doi.org/10.3390/pr14142351

Processes 2026, 14, 2351

21 of 37

tions: active growth during warmer periods may dilute metal content, whereas reduced
metabolic activity in colder seasons promotes the accumulation of deposited metals. These
mechanisms contribute to the observed temporal variations and support the role of Pinus
nigra needles as effective bioindicators of atmospheric heavy metal deposition.

Table 4. Microwave digestion program parameters applied to soil samples prior to ICP-MS
analysis [69].

Step 1 1 2 3 4
T (°C)—Temperature 140 °C 160 °C 180 °C 50 °C
P (bar)—Pressure 40 40 40 0
Power (%)—Power 80 80 80 0
Ta (min)—Ramp time 10 5 5 0
Time (min)—Hold time 2 5 25 0
Step 2 1 2 3

T (°C)—Temperature 170 °C 190 °C 50 °C

P (bar)—Pressure 40 40 0

Power (%)—Power 80 80 0

Ta (min)—Ramp time 5 10 0

Time (min)—Hold time 5 10 0

Table 5. Microwave digestion parameters for plant samples (step 2).

Step 2 1 2 3
T (°C)—Temperature 150 °C 190 °C 50 °C
P (bar)—Pressure 50 50 0
Power (%)—Power 70 90 0
Ta (min)—Ramp time 5 1 0
Time (min)—Hold time 5 5 0

Table 6 summarizes ICP-MS operating conditions for soil, sediment, and plant analyses.
Samples were analyzed using a Mainhard concentric nebulizer with a cyclonic spray
chamber and nickel triple cone interface, under plasma gas (18.0 L/min), auxiliary gas
(1.2 L/min), and nebulizer gas (0.92 L/min) at 1500 W RF power and 1 mL/min uptake.
Triplicate measurements were conducted in STD/KED mode with helium collision gas
to minimize interferences. Digested volumes were adjusted and diluted appropriately to
measure Cu, Pb, Zn, As, Ni, Cd, and Cr at ppb levels, and Fe, Al, and Mn at ppm levels,
ensuring accurate, sensitive, and reproducible quantification across all sample types.

Table 6. Instrumental operating conditions for ICP-MS analysis.

Component/Parameter Type/Value/Mode
Nebulizer Mainhard (concentric)
Spray Chamber Glass Cyclonic
Triple Cone Interface Material Nickel
Plasma Gas Flow 18.0 L/min
Auxiliary Gas Flow 1.2 L/min
Nebulizer Gas Flow 0.92 L/min
Sample Uptake Rate 1 mL/min
RF Power 1500 W
Replicates per Sample
Mode of Operation 3
Nebulizer STD/KED Mode

Collision (using He gas)
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A more detailed evaluation of the results reveals distinct spatial and seasonal patterns
in heavy metal accumulation. Industrial and high-traffic areas, particularly the cement
factory and organized industrial zone, consistently exhibited higher concentrations of Cr,
Ni, Fe, and Pb compared to the Seyirtepe reference site, indicating the dominant influence
of anthropogenic emission sources such as industrial processes, vehicular emissions, and
road dust resuspension. Spatial differences further demonstrate that proximity to emission
sources plays a critical role in determining accumulation levels in Pinus nigra needles.

Seasonally, elevated concentrations during autumn and winter can be attributed to
increased emissions from residential heating and industrial activities, combined with re-
duced atmospheric dispersion and thermal inversion conditions, which enhance pollutant
accumulation. In contrast, lower concentrations observed during summer are likely asso-
ciated with increased atmospheric mixing, precipitation-induced wash-off, and dilution
effects due to active plant growth. These findings highlight that both spatial proximity
to pollution sources and seasonal meteorological conditions jointly control heavy metal
deposition patterns, reinforcing the effectiveness of Pinus nigra needles as bioindicators
of environmental pollution. Although certain metals (e.g., Fe, Al, and Mn) may partly
originate from geogenic sources related to local geology, the observed spatial and seasonal
patterns indicate that anthropogenic emissions are the dominant contributors to heavy
metal accumulation. Only mature Pinus nigra trees were sampled, as young plants were
excluded to avoid variability associated with growth-related differences in metal accumula-
tion. The study area is predominantly characterized by sedimentary geological formations
(e.g., limestone, marl, and clay), which may contribute to the natural background levels of
certain elements (e.g., Fe, Al, and Mn) in soils.

This study evaluates the predictive performance of MLP, CatBoost, random forest,
XGBoost, LightGBM, and gradient boosting for estimating heavy metal concentrations
in black pine needles and predicting elevation from environmental features. Hyperpa-
rameters were optimized, and model performance was assessed using R2, RMSE, MAE,
MAPE, and EVS to ensure accuracy, generalization, and sensitivity to complex patterns.
Table 7 indicates the optimized hyperparameters for all models, which govern learning and
directly influence predictive accuracy, convergence, and generalization. Key parameters
include hidden layer sizes, iterations, learning rate, max_depth, n_estimators, batch size,
and optimizer selection, tuned via systematic grid search. MLP used two hidden layers
(100 neurons each) and 3000 iterations; CatBoost, 500 iterations and depth 6; random forest,
300 estimators and depth 15; XGBoost and LightGBM, 500 estimators with depths 6 and
15, respectively; and gradient boosting, 500 estimators and depth 5, all with random state
42. Figure 15 shows residual distributions for MLP, CatBoost, random forest, XGBoost,
LightGBM, and gradient boosting, indicating prediction errors in black pine needle heavy
metal concentrations. Residuals near zero reflect high accuracy, with CatBoost and XGBoost
exhibiting the tightest distributions, MLP the widest, and random forest, gradient boosting,
and LightGBM exhibiting moderate spreads.

Table 7. Hyperparameters of the ML models.

Model Key Hyperparameters
MLP hidden_layer_sizes = (100, 100), max_iter = 3000, random state = 42
CatBoost iterations = 500, depth = 6, learning_rate = 0.05, verbose = 0, random state = 42
Random forest n_estimators = 300, max_depth = 15, random state = 42
XGB n_estimators = 500, max_depth = 6, learning_rate = 0.05, tree method = ‘hist’,
oost
random state = 42
LightGBM n_estimators = 500, max_depth = 15, learning_rate = 0.05, random state = 42
Gradient Boosting n_estimators = 500, max_depth = 5, learning_rate = 0.05, random state = 42
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Figure 15. Residual distribution of prediction errors for MLP, CatBoost, random forest, XGBoost,
LightGBM, and gradient boosting models.

Figure 16 presents a SHAP (SHapley Additive exPlanations) summary plot illustrating
the contribution of each heavy metal variable to the XGBoost model output. Each point
represents an observation, where the horizontal position indicates the SHAP value, re-
flecting both the magnitude and direction of feature influence. Positive values increase
the prediction, while negative values decrease it, and the color gradient denotes feature
magnitude. Cd, Cu, and Cr exhibit the largest SHAP value dispersion, indicating their
dominant and consistent influence, whereas Mn and As show comparatively minor effects.
Based on their environmental relevance and statistical behavior, two modeling scenarios
were considered: excluding these metals to assess baseline performance and including all
variables to evaluate full predictive capacity. The results confirm that feature selection was
guided by both domain knowledge and SHAP-based interpretability, ensuring a robust
and scientifically justified model. Table 8 summarizes model performance excluding Cd,
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Cr, and Cu. Predictive accuracy decreased for all models, with XGBoost achieving the
highest test R? = 0.953, followed by CatBoost (R? = 0.934), while MLP, LightGBM, random
forest, and gradient boosting showed moderate performance. XGBoost and CatBoost thus
demonstrated superior accuracy and robustness despite the reduced input set. Figure 17
illustrates the comparative performance of MLP, CatBoost, random forest, XGBoost, Light-
GBM, and gradient boosting models during the training and testing phases, evaluated
using R2, RMSE, MAE, MAPE, and EVS, with Cd, Cr, and Cu excluded as input features.

High
Cu foedt o« wdes wml . o o Bl @ o

Cr . ° .Q.- 48 foudihl o

Cd ‘C* o8 e 8 .

Ni . 1)

Zn

Feature value

Fe ®e o
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Figure 16. SHAP summary plot illustrating feature importance in the XGBoost model.

Table 8. Model performance without Cd, Cr, and Cu as input parameters.

Training Testing
Algorithms
R? RMSE MAE MAPE EVS R? RMSE MAE MAPE EVS

MLP 0.9670 25.9474 17.1155 0.0237 0.9670 0.8725 46.6996  25.9510 0.0362 0.8824
CatBoost 0.9991 4.3769 3.6586 0.0052 0.9991 0.9340 33.6094  22.9954 0.0332 0.9354
Random forest 0.9789 20.7749 14.1088 0.0208 0.9789 0.9167 377536  30.2212 0.0440 0.9178
XGBoost 0.9996 0.0681 0.0525 0.0002 0.9996 0.9526 17.7655  19.5467 0.0255 0.9526
LightGBM 0.9926 12.3048 8.9786 0.0126 0.9926 0.8808 45.1428  34.1884 0.0484 0.8829
Gradient Boosting 0.9991 0.1231 0.0840 0.0003 0.9991 0.9093 21.4564  21.8988 0.0299 0.9093

Figure 17 compares model performance with Cd, Cr, and Cu excluded. Boosting
models, particularly XGBoost and CatBoost, consistently outperform MLP and random
forest across R?, RMSE, MAE, MAPE, and EVS, with XGBoost achieving the most balanced
and robust results. MLP shows lower accuracy, reflecting sensitivity to limited or skewed
features, while LightGBM and gradient boosting perform moderately. Overall, feature
exclusion reduces predictive capacity, emphasizing the advantage of advanced boosting
algorithms. Figure 18 compares experimental and predicted elevation values for all models
under the same feature-constrained scenario.
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Figure 17. Comparative evaluation of MLP, CatBoost, random forest, XGBoost, LightGBM, and
gradient boosting models during training and testing phases based on R?, RMSE, MAE, MAPE, and
EVS, excluding Cd, Cr, and Cu as input features.

Figure 18 compares actual and predicted elevation values without Cd, Cr, and Cu as
inputs. In Figure 18A, predicted values are plotted against actual values, while Figure 18B
shows predicted versus actual elevations across training and testing datasets. MLP exhibits
high scatter in testing, indicating lower reliability, whereas boosting models (XGBoost,
CatBoost, gradient boosting) closely align with observed values. Random forest shows
moderate accuracy with occasional overestimation, and LightGBM displays wider devia-
tions. Overall, ensemble methods outperform MLP, demonstrating superior generalization
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1000

under feature-constrained conditions. Table 9 summarizes the performance of MLP, Cat-
Boost, random forest, XGBoost, LightGBM, and gradient boosting with Cd, Cr, and Cu
included as input features. Inclusion of these metals substantially improved predictive ac-
curacy across all models. XGBoost achieved the highest performance (training R? = 0.9999,
testing R? = 0.9890), followed by CatBoost and gradient boosting, while MLP remained the
least accurate. Boosting models consistently outperformed random forest and LightGBM,
highlighting their superior ability to capture complex relationships when critical heavy

metals are included.
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Figure 18. Comparison of experimental and predicted elevation values using MLP, CatBoost, random
forest, XGBoost, LightGBM, and gradient boosting models, excluding Cd, Cr, and Cu as input features.
Table 9. Model performance with Cd, Cr, and Cu as input parameters.
Training Testing
Algorithms
R? RMSE MAE MAPE EVS R? RMSE MAE MAPE EVS
MLP 0.9816 19.3931 11.3351 0.0154 0.9816 0.885 44.453 24.6043 0.0339 0.885
CatBoost 0.9995 3.2179 2.6214 0.0038 0.9995 0.9770 19.8292 13.9817 0.0208 0.9782
Random forest 0.9893 14.7883 9.1740 0.0137 0.9893 0.9762 20.1879 16.2195 0.0244 0.9766
XGBoost 0.9999 0.0535 0.0512 0.0001 0.9999 0.9890 5.5462 7.5644 0.0114 0.9891
LightGBM 0.9966 8.3047 5.8816 0.0084 0.9966 0.9601 26.1127 17.7540 0.0268 0.9631
Gradient Boosting 0.9999 0.1163 0.0730 0.0001 0.9999 0.9765 7.5654 9.8981 0.0175 0.9765

Figure 19 illustrates the comparative performance of MLP, CatBoost, random forest,
XGBoost, LightGBM, and gradient boosting models when Cd, Cr, and Cu are included as
input features. Figure 19a illustrates that boosting models achieve R? values approaching

or exceeding 0.95, whereas Figure 19b demonstrates notable RMSE reductions, particularly
for XGBoost and gradient boosting. Figure 19c shows that XGBoost and Gradient boosting
achieve the lowest MAE, while MLP records the highest, and Figure 19d indicates that
XGBoost attains the lowest MAPE, whereas MLP exhibits the highest. Figure 19e highlights
consistently high EVS scores across boosting methods, with XGBoost demonstrating supe-

rior performance in both training and testing. Compared to Figure 17, the inclusion of Cd,

Cr, and Cu significantly enhances predictive accuracy, with MLP remaining weakest yet

improved, CatBoost showing stable generalization, random forest reducing MAE, gradient

boosting excelling in EVS and RMSE, and XGBoost achieving near-perfect performance,

confirming the pivotal role of these metals in strengthening predictions.
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Figure 19. Comparative evaluation of model performance during training and testing phases using

R? (a), RMSE (b), MAE (c), MAPE (d), and EVS (e).

https://doi.org/10.3390/pr14142351


https://doi.org/10.3390/pr14142351

Processes 2026, 14, 2351

29 of 37

It should be noted that Table 7 presents the optimized hyperparameters for all models,
whereas Tables 8 and 9 provide a comparative summary of model performance without
and with Cd, Cr, and Cu as input parameters, respectively.

Figure 20 illustrates the relationship between actual and predicted elevation values,
highlighting model performance under different input feature scenarios. In the absence
of Cd, Cr, and Cu (Table 8), the MLP model exhibited moderate dispersion, with a test-
ing performance of R? = 0.8725, whereas CatBoost and XGBoost demonstrated relatively
strong predictive capability (R? = 0.9340 and 0.9526, respectively). The random forest
model achieved R? = 0.9167, while LightGBM and gradient boosting showed compara-
tively moderate performance, with R? values of 0.8808 and 0.9093, respectively. With the
inclusion of Cd, Cr, and Cu (Table 9), a substantial improvement in predictive accuracy
was observed across all models. The MLP model showed a slight increase in perfor-
mance (R? = 0.8850), although it remained the least accurate. CatBoost exhibited a marked
enhancement, achieving R? = 0.9770 with reduced RMSE and MAE, while random for-
est improved to R? = 0.9762. XGBoost demonstrated the highest predictive performance,
achieving near-perfect agreement between predicted and observed values (R? = 0.9890,
RMSE = 5.5462). LightGBM also showed considerable improvement (R? = 0.9601), and
gradient boosting reached R? = 0.9765. Overall, although all models exhibited strong train-
ing performance, the inclusion of Cd, Cr, and Cu significantly reduced prediction errors
and enhanced model generalization. The regression fits approached a unity slope with
minimal intercept deviation, with CatBoost and XGBoost exhibiting the lowest bias. These
findings underscore the critical role of key heavy metal variables in improving predictive
reliability, with XGBoost demonstrating the highest accuracy and consistency in capturing
the relationship between predicted and actual elevation values.

Figure 21 presents the residual analysis of predicted versus experimental elevation
values obtained using MLP, CatBoost, random forest, XGBoost, LightGBM, and gradient
boosting models.

Figure 21 presents residual plots of predicted versus experimental elevation values for
all models. MLP residuals exhibit wide scatter, indicating lower predictive accuracy. Cat-
Boost residuals are compact and symmetrically distributed around zero, reflecting strong
generalization, whereas random forest shows moderate dispersion with a slight tendency
to overestimate. XGBoost achieves the most balanced residual distribution, demonstrat-
ing minimal bias and variance, while LightGBM shows improved residuals compared to
MLP but remains more dispersed than CatBoost. Gradient boosting residuals are narrow,
confirming robust predictive performance. Across all models, training residuals are con-
sistently smaller than testing residuals, highlighting differences in model generalization.
The residual distributions underscore the bias—variance tradeoff, with boosting algorithms
clearly outperforming MLP and confirming the superior reliability of ensemble methods
for elevation prediction.

Table 10 presents the comparative performance of traditional models and XGBoost in
predicting elevation. The results indicate that traditional linear models exhibit relatively
low predictive accuracy, reflecting their limited ability to capture nonlinear relationships.
In contrast, XGBoost achieved substantially superior performance, with an R? = 0.9890
(RMSE = 5.5462, MAE = 7.5644, and MAPE = 0.0114) in testing, demonstrating its effective-
ness in modeling complex environmental patterns.
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Table 10. Performance comparison of traditional models and XGBoost for predicting elevation.

Model Training Testing
ode R2 RMSE MAE MAPE R2 RMSE MAE MAPE
Linear Regression 0.5806 92.182 74.257 11.081 0.5691 91.688 73.643 11.009
Ridge 0.5684 93.510 74.915 11.243 0.5589 92.774 73.218 11.080
Lasso 0.5806 92.182 74.232 11.079 0.5691 91.694 73.646 11.011
ElasticNet 0.5689 93.454 74.871 11.235 0.5592 92.742 73.233 11.079
Decision Tree 0.9604 28.330 14.368 2.240 0.8643 51.447 29.965 4.743
XGBoost 0.9999 0.0535 0.0512 0.0001 0.9890 5.5462 7.5644 0.0114
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Figure 20. Comparison of experimental and predicted elevation values using MLP, CatBoost, random
forest, XGBoost, LightGBM, and gradient boosting.
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Figure 21. Residual analysis comparing predicted and experimental elevation values for MLP,
CatBoost, random forest, XGBoost, LightGBM, and gradient boosting models.
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Discussion and Comparison

The findings of this study revealed that heavy metal accumulation in Pinus nigra
needles varied significantly across seasons and locations in Adiyaman. Industrial zones
and traffic corridors exhibited the highest concentrations of Cr, Ni, Fe, and Pb, whereas
the recreational Seyirtepe site showed comparatively lower levels. These spatial patterns
strongly suggest that vehicular emissions, fossil fuel combustion, industrial processing
activities, and road dust resuspension constitute the primary sources of metal deposition
in the study area. In particular, elevated Cr and Ni concentrations may be associated
with fuel combustion and metallurgical activities, while Pb enrichment reflects continued
traffic-related inputs despite regulatory controls. Seasonal variability further indicates
that atmospheric transport and deposition processes play a critical role in metal accumula-
tion. Higher autumn—winter concentrations result from increased emissions and reduced
dispersion, while lower summer levels reflect enhanced mixing and deposition removal,
confirming pine needles as reliable indicators of temporal pollution dynamics. Beyond
descriptive statistics, the results reveal clear spatial and seasonal patterns in heavy metal
accumulation. Industrial and high-traffic areas exhibited consistently higher metal con-
centrations compared to Seyirtepe, indicating the dominant influence of anthropogenic
emission sources. Seasonally, concentrations increase in autumn—-winter due to higher
emissions and limited dispersion, and decrease in summer due to wash-off and vegetative
dilution.

From an ecological perspective, the exceedance of WHO/FAO permissible limits for
Cr, Ni, Fe, and Pb at several sites raises concerns regarding potential phytotoxic effects,
soil contamination feedback, and trophic transfer within local ecosystems. Persistent accu-
mulation of these metals may impair photosynthetic efficiency, alter nutrient cycling, and
pose indirect risks to herbivorous organisms and, ultimately, human populations through
bioaccumulation pathways. Therefore, the observed contamination patterns are not only
indicators of air quality degradation but also signals of broader ecosystem vulnerability.
Compared with previous national and international studies, the spatial and seasonal dis-
tribution patterns observed in Adiyaman align with global trends where traffic density,
industrial emissions, and meteorological conditions govern heavy metal deposition. How-
ever, this study extends prior work by quantitatively integrating biomonitoring data with
advanced machine learning (ML) modeling to enhance predictive capability. While studies
such as those by Soylak and Tiirkoglu [22], Arslan, and Yilmaz and Zengin [70] primarily
focused on concentration assessment, the present research advances the field by linking
environmental variables with predictive analytics to support proactive monitoring strate-
gies. The integration of ML, particularly the XGBoost algorithm, significantly enhanced
the predictive capability of this study by capturing complex nonlinear interactions among
environmental variables that cannot be adequately represented by traditional statistical
methods. As demonstrated in Table 9, ML models clearly outperformed conventional ap-
proaches, confirming their superior ability to model heterogeneous environmental systems.
The high R? value (0.9890) obtained when all metals were included highlights the robust-
ness and reliability of the proposed modeling framework. Beyond accuracy improvement,
the significance of ML lies in its ability to provide predictive insights rather than solely
descriptive analysis. By integrating spatial, seasonal, and environmental variables, the
model enables a more comprehensive understanding of pollution dynamics and supports
proactive environmental management. These predictive capabilities can assist in early
warning systems, optimization of monitoring strategies, and development of targeted
pollution mitigation policies in rapidly urbanizing regions.
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4. Conclusions

Pinus nigra needles effectively indicate atmospheric heavy metal deposition, with ele-
vated Cr, Ni, Fe, and Pb near industrial and traffic-influenced areas and peak accumulation
in autumn-winter due to increased emissions and limited dispersion. Exceedances of per-
missible limits highlight potential ecological risks and the need for continued monitoring
and emission control. ML enhanced the analysis by capturing complex environmental
interactions; however, the primary contribution lies in integrating predictive modeling with
ecological assessment. Despite strong predictive performance, the relatively limited dataset
size (n = 140) may affect generalization. To mitigate overfitting, data were split into training
and testing subsets (80/20), with preprocessing, hyperparameter optimization, and multi-
metric evaluation applied, supported by residual and validation analyses. Nevertheless,
limitations include restricted geographic coverage, absence of source apportionment, and
unaccounted environmental variables. Future studies should incorporate larger datasets
and advanced source-tracing approaches to improve robustness and applicability.

The following conclusions are substantiated by the results of the study:

1. Cadmium concentrations remained consistently low across all sites, suggesting lim-
ited atmospheric deposition, whereas Al, Fe, and Mn reflected mixed geogenic and
anthropogenic influences, and elevated metal levels were primarily associated with
industrial and traffic emissions modulated by seasonal meteorological conditions.

2. Pinus nigra needles proved to be practical and sensitive bioindicators for assessing
trace metal accumulation in mixed urban-industrial environments, with maximum
accumulation occurring in autumn and winter, likely associated with reduced atmo-
spheric dispersion and increased heating-related emissions.

3. The findings highlight the urgent need for stricter regulation of industrial and traffic-
related emissions to reduce environmental and public health risks, and emphasize the
importance of establishing long-term monitoring programs to assess temporal trends
and the effectiveness of pollution control strategies.

4. Future research should integrate isotopic source apportionment and comparative
biomonitoring with other plant species to better identify pollution sources while
assessing human exposure pathways and applying health risk models to strengthen
policy relevance.

5. Excluding Cd, Cr, and Cu reduced model performance, with XGBoost achieving
the highest test R? = 0.953 and MLP the lowest (R? = 0.873), whereas their inclusion
significantly improved predictive accuracy, with XGBoost reaching R? = 0.989 and
strong performance also observed for CatBoost and gradient boosting.

6. Ensemble models outperformed MLP with lower errors and better generalization,
and the inclusion of Cd, Cr, and Cu further improved predictive accuracy, confirming
the effectiveness of ML for environmental modeling and biomonitoring.

7. The study’s limited geographic scope and absence of isotopic analysis may constrain
generalizability and precise source identification, highlighting the need for larger
datasets and additional variables in future research to enhance model accuracy.

8.  Future studies should expand data diversity, integrate additional variables and iso-
topic analysis, and develop real-time systems while addressing ML limitations such
as data dependency, generalization, and interpretability through improved data han-
dling and model updating.

Author Contributions: Conceptualization, S.J.; Methodology, S.J.; Formal analysis, S.].; Investigation,
S.J.; Writing—original draft, S.J.; Writing—review & editing, T.D. and Z.Y.; Supervision, T.D. and Z.Y.
All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

https://doi.org/10.3390/pr14142351


https://doi.org/10.3390/pr14142351

Processes 2026, 14, 2351 34 of 37

Data Availability Statement: The data supporting the findings of this study are available from the
corresponding author upon reasonable request.

Acknowledgments: The authors acknowledge that no additional administrative, technical, or mate-
rial support was received for this study.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
Al Aluminum
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Ni Nickel
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