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A B S T R A C T

The application of machine learning (ML) models is increasingly used to predict pollutant levels in environmental samples,

particularly heavy metals. This study predicted lead (Pb), zinc (Zn), and cadmium (Cd) concentrations in soil samples collected

near a plastic recycling facility in Ogun State, Nigeria. Atomic absorption spectrophotometry (AAS) showed low heavy metal

concentrations (mg kg−1), with Pb ≤ 0.38, Cd ≤ 0.40, and Zn ≤ 7.55, below the regulatory limits considered in this study. Five

regression models—linear regression, Random Forest, Extra Trees, XGBoost, and CatBoost—were evaluated using soil physico-

chemical properties as predictors. XGBoost produced the highest R2 values for Pb (0.973) and Cd (0.971), whereas Extra Trees

produced the highest R2 value for Zn (0.957). CatBoost and Random Forest also showed strong predictive ability, with generally

low root mean square error (RMSE) and mean absolute error (MAE) values. The feature-importance results indicated that nitrogen,

total organic carbon, and organic matter were important predictors of heavy metal concentrations. The findings suggest strongly

nonlinear relationships between soil properties and heavy metal concentrations and support ensemble ML models as useful tools for

rapid preliminary monitoring. The results should, however, be interpreted cautiously because of the limited number of experimental

samples and the use of rule-based synthetic data augmentation.
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1. INTRODUCTION

Anthropogenic activities, such as the combustion of fossil fu-

els, fertilizer application, industrial processes, mining activities,

and municipal effluents, increase the deposition of heavy met-

als in soil and the environment, thereby posing risks to the qual-

ity and quantity of agricultural production [1, 2]. These metals

may enter the food chain and contribute to diseases such as car-
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diovascular disorders, cancer, cognitive impairment, renal fail-

ure, and neurological disorders [1, 3]. Although heavy metal

contamination in soil is often attributed to the extensive use of

fertilizers and pesticides, other important sources include land-

fills, fuel filling stations, mechanic workshops, and dumpsites

[4]. The distinct challenges posed by prolonged heavy metal

contamination include irreversibility, restricted movement, per-

sistence, non-degradability, and elevated toxicity, whichmay dis-

rupt ecosystem balance [1].

Indiscriminate refuse disposal is common, especially among

middle- and low-income earners in many developing countries,
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including Nigeria. Waste generated in many Nigerian cities is

not properly managed, contributing to preventable illness and

reduced environmental quality [5]. Because of their versatility,

durability, and widespread use, plastics are among the most com-

mon solid wastes in dumpsites. Burning, a common practice at

many dumpsites, releases toxic pollutants, including heavy met-

als, which may eventually leach into soil and water bodies [5, 6].

Early detection and prediction are therefore necessary for envi-

ronmental monitoring, especially in localized soil assessments.

Traditional methods, including atomic absorption spectrometry

(AAS), inductively coupled plasma mass spectrometry, and col-

orimetric techniques, can be labor-intensive, time-consuming,

and prone to secondary pollution during remediation. These lim-

itations underscore the need for approaches capable of address-

ing the nonlinear dynamics of heavymetal distribution in soil and

water systems [7]. Because detailed soil heavy metal content

data are often difficult to obtain, rapid prediction using trained

ML models is needed [8].

ML is one of the most common approaches for data predic-

tion and has been applied in several fields because it can learn

from multidimensional, large, and complex datasets to form pre-

dictive models [3, 8]. Extreme Gradient Boosting (XGBoost)

has been used to predict mercury in soils [9]. Linear regression

and decision trees have been used to predict cadmium in soil [1],

and Random Forest has been used to predict arsenic and iron in

groundwater [10]. The rapid development of ML models and

their use in environmental science have led to the integration of

spectral data and ML, as well as the use of statistical methods

such as Pearson correlation coefficient to reduce redundancy and

high-dimensional characteristics in spectral datasets [11]. Liu et

al. [12], for example, analyzed correlations among nine heavy

metals.

Despite the increasing global application of ML in soil con-

tamination assessment, studies focusing on its use for contam-

inant prediction in environmental soils in south-western Nige-

ria remain limited. This study therefore aimed to evaluate the

performance of ensembleMLmodels, including Random Forest,

XGBoost, CatBoost, and Extra Trees, in predicting Pb, Zn, and

Cd concentrations in soils around a plastic recycling facility in

Obafemi Owode Local Government Area, Ogun State, Nigeria.

2. MATERIALS AND METHODS

2.1. STUDY AREA

The study site was a plastic company located in Obafemi

Owode Local Government Area, Ogun State, Nigeria (latitude

N 6◦56′22′′ and longitude E 3◦32′15′′). Soil samples were col-

lected from different areas within the company premises, includ-

ing the dumpsite, the active recycling plant, and the parking lot.

The soil mostly contained a matrix of plastic fragments mixed

with dark, greasy patches, indicating the presence of petroleum

product spills. Industrial runoff and effluent from washing and

sorting processes could introduce pollutants into the surrounding

environment.

2.2. SAMPLE COLLECTION AND LABORATORY ANALYSIS

Samples were collected with a soil auger at a depth of 10–15

cm and placed in labelled polythene bags. The samples were

homogenized and sieved through a 2 mm sieve, air-dried away

Figure 1. Machine learning workflow for soil prediction.

from direct sunlight for five days, and stored for further anal-

ysis. The soil physicochemical properties determined included

pH, total organic carbon (TOC), organic matter (OM), electri-

cal conductivity (COND), nitrogen, and total dissolved solids

(TDS). The pH, COND, and TDS were determined using a cal-

ibrated HANNA multimeter (Model 11398). TOC was deter-

mined using the modifiedWalkley–Black wet oxidation method,

as described by the Association of Official Analytical Chemists

(AOAC) [13]. Following Ojo et al. [14], OM was calculated

by multiplying TOC by the conventional Van Bemmelen factor

of 1.724. Nitrogen content was determined using the Kjeldahl

method. Soil digestion was carried out with 10 mL of aqua re-

gia (3:1 HNO3:HCl), whereas metal concentrations in solution

were measured using a Buck Scientific atomic absorption spec-

trophotometer (Model 210A). Blanks and standards were run af-

ter every five determinations to calibrate the instrument [15].

2.3. MACHINE LEARNING ALGORITHM

The dataset was created using 30 experimental soil samples con-

sisting of the physicochemical parameters pH, COND, TOC,

OM, N, and TDS as input variables (X ), whereas heavy metal
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Table 1. Equations of metrics used to assess model performance [11, 28].

Error metric Equation

Mean absolute error (MAE) MAE =
1

n

n
∑

i=1

|yi − ŷi|

Coefficient of determination (R2) R2
= 1 −

∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − ȳ)

2

Root mean square error (RMSE) RMSE =

√

√

1

n

n
∑

i=1

(yi − ŷi)
2

Correlation coefficient (CC) r =

∑n
i=1 (xi − x̄) (yi − ȳ)

√

∑n
i=1 (xi − x̄)2∑n

i=1 (yi − ȳ)
2

concentrations (Pb, Zn, and Cd) were defined as the target vari-

ables (y) [1]. Owing to the sample size (n = 30), rule-based syn-

thetic data generation was used to enhance the limited dataset in

a controlled manner. This generated 150 synthetic samples under

the default parameter settings. The synthetic data were used to

train the dataset, whereas the original data were used to evaluate

the model following a 70:30 subset split [16]. The generated syn-

thetic samples remained within the observed experimental value

ranges while preserving the relationships among OM, TOC, and

heavy metals, which were key variables. This approach was used

to avoid extrapolation beyond real environmental conditions, im-

prove model-training stability, and maintain the physical and en-

vironmental constraints of the dataset [17].

A total of five regression models were used to predict heavy

metal concentrations: linear regression, Extra Trees, XGBoost

Regressor, Random Forest, and CatBoost. This selection in-

cluded linear, tree-based, and boosting algorithms. Linear re-

gression was included as a baseline model for performance com-

parison. Hyperparameter optimizationwas performedwith Grid-

SearchCV using a predefined parameter grid to identify the opti-

mal configuration. The parameters included the number of es-

timators, maximum tree depth, and learning rate for the tree-

based models and boosting algorithms. After hyperparameter

optimization, k-fold cross-validation (k = 5) was used to assess

model stability [3, 18]. Feature importance was used to deter-

mine the most relevant features for predicting the target variables

Cd, Pb, and Zn [10]. The optimized models were applied to the

independent test dataset, and the predicted values were compared

with observed values.

Linear regression is a statistical method used to examine the

relationship between one dependent variable and one or more in-

dependent variables [19]. It is useful because it provides both

interpretation and prediction. Multiple linear regression extends

the basic model by allowing several predictors to be analyzed

simultaneously, thereby making it possible to study more com-

plex relationships [20]. Linear regression also produces statisti-

cal measures, such as the regression coefficient and coefficient of

determination, which show the direction, strength, and explana-

tory power of the model [21]. Despite its usefulness, linear re-

gression works best when assumptions such as linearity, inde-

pendence, and constant error variance are satisfied.

Random Forest, as proposed by Breiman [22], is an ensem-

ble model based on regression-tree algorithms that forms a forest

when constructed frommany regression trees [11]. Random For-

est can predict soil properties and classes, handle a large number

of predictor variables, identify nonlinear relationships, and ac-

count for interactions among variables [9]. It works by selecting

a random subset of features for each tree, after which the best

feature is selected for each node split [23].

Extra Trees, also known as Extremely Randomized Trees, is

similar to Random Forest but uses a more randomized approach.

It trains each base estimator with a random subset of features

and selects random threshold values for splitting nodes, making

it more random than Random Forest and potentially less prone

to overfitting [23]. XGBoost is an algorithm that fits new base

learners using second-order derivatives of the loss function and

is often considered more precise and effective than conventional

gradient boosting [24]. CatBoost, or categorical boosting, is a

boosting ensemble model that handles categorical features and

produces oblivious decision trees as base learners, thereby re-

ducing overfitting and training time [24].

2.4. MODEL EVALUATION METRICS

Three metrics were used to evaluate prediction accuracy: R2,

RMSE, and MAE. The R2 value indicates model stability; the

closer the value is to 1, the better the model. A value of 0.7 is

generally considered to indicate good model performance [25].

RMSE has the same order of magnitude as the sampled data,

and smaller RMSE values indicate higher estimation accuracy.

MAE is the average absolute difference between the estimated

and measured values; smaller MAE values indicate higher model

accuracy [11]. Correlation analysis was applied to examine the

linear relationships between heavy metal concentrations and soil

physicochemical parameters, providing preliminary insight into

variable relevance. Correlation coefficient (CC) values closer to

+1 indicate strong positive correlation, whereas values closer to

-1 indicate strong negative correlation [26, 27]. The metric equa-

tions are presented in Table 1 [11, 28].

In Table 1, yi is the measured value of heavy metal content,

ŷi is the estimated value of heavy metal content, n is the number

of samples, ȳ is the mean of observed values, and i is the sample

point.

2.5. SOFTWARE

All analyses were performed using the Python programming lan-

guage. MLmodels and evaluation procedures were implemented

using libraries including Scikit-learn, XGBoost, LightGBM, and

CatBoost.

2.6. LIMITATIONS

Because only 30 experimentally measured samples were avail-

able, rule-based synthetic data generation was used to enhance

the dataset. This method may introduce bias and cannot fully re-

place real observations. In addition, nested cross-validation was

not implemented, which may result in slightly optimistic perfor-

mance estimates. Therefore, the results should be interpreted as

preliminary.

3. RESULTS AND DISCUSSION

3.1. SOIL PHYSICOCHEMICAL PROPERTIES

Soil properties, including pH, TDS, TOC, COND, OM, and N,

which are known to influence heavy metal availability in soil,
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Table 2. Physicochemical parameters of the sampled soils.

Sample pH COND (mS cm−1) TDS (ppm) TOC (%) OM (%) Nitrogen (%)

1 6.16 ± 0.19 7.06 ± 0.19 44.38 ± 2.17 2.58 ± 0.01 4.44 ± 0.01 0.98 ± 0.01

2 7.06 ± 0.19 6.46 ± 0.19 18.38 ± 2.17 2.49 ± 0.01 4.28 ± 0.01 0.96 ± 0.01

3 6.46 ± 0.19 6.56 ± 0.19 88.38 ± 2.17 2.64 ± 0.01 4.54 ± 0.01 1.22 ± 0.01

4 6.56 ± 0.19 6.76 ± 0.19 108.38 ± 2.17 2.64 ± 0.01 4.54 ± 0.01 1.23 ± 0.01

5 6.76 ± 0.19 6.86 ± 0.19 58.38 ± 2.17 2.64 ± 0.01 4.54 ± 0.01 1.07 ± 0.01

6 6.86 ± 0.19 6.76 ± 0.19 50.38 ± 2.17 2.64 ± 0.01 4.54 ± 0.01 1.11 ± 0.01

7 6.76 ± 0.19 6.86 ± 0.19 74.38 ± 2.17 2.94 ± 0.01 5.06 ± 0.01 1.06 ± 0.08

8 6.86 ± 0.19 7.06 ± 0.19 84.38 ± 2.17 4.14 ± 0.01 7.12 ± 0.01 1.00 ± 0.04

9 7.06 ± 0.19 6.86 ± 0.19 44.38 ± 2.17 4.44 ± 0.01 7.64 ± 0.01 1.24 ± 0.01

10 6.86 ± 0.19 7.06 ± 0.19 103.38 ± 2.17 3.54 ± 0.01 6.10 ± 0.01 1.00 ± 0.01

11 7.06 ± 0.19 6.96 ± 0.19 64.38 ± 2.17 1.74 ± 0.01 3.00 ± 0.01 1.21 ± 0.01

12 6.96 ± 0.19 7.06 ± 0.19 80.38 ± 2.17 2.34 ± 0.01 4.03 ± 0.01 1.24 ± 0.01

13 7.06 ± 0.19 7.06 ± 0.19 68.38 ± 2.17 3.24 ± 0.01 5.57 ± 0.01 1.23 ± 0.01

14 7.06 ± 0.19 7.16 ± 0.19 77.38 ± 2.17 2.64 ± 0.01 4.54 ± 0.01 1.23 ± 0.01

15 7.16 ± 0.19 6.46 ± 0.19 50.38 ± 2.17 2.04 ± 0.01 3.52 ± 0.01 0.97 ± 0.01

16 6.46 ± 0.19 6.76 ± 0.19 40.38 ± 2.17 2.19 ± 0.01 3.78 ± 0.01 1.26 ± 0.01

17 6.76 ± 0.19 6.56 ± 0.19 33.38 ± 2.17 2.94 ± 0.01 5.06 ± 0.01 1.27 ± 0.01

18 6.56 ± 0.19 6.56 ± 0.19 44.38 ± 2.17 2.79 ± 0.01 4.81 ± 0.01 1.26 ± 0.01

19 6.56 ± 0.19 6.76 ± 0.19 31.38 ± 2.17 2.87 ± 0.01 4.95 ± 0.01 0.99 ± 0.01

20 6.76 ± 0.19 6.36 ± 0.19 55.38 ± 2.17 2.93 ± 0.01 5.05 ± 0.01 0.99 ± 0.01

21 6.36 ± 0.19 5.46 ± 0.19 125.38 ± 2.17 1.74 ± 0.01 3.00 ± 0.01 1.05 ± 0.01

22 5.46 ± 0.19 5.36 ± 0.19 430.38 ± 2.17 1.59 ± 0.01 2.74 ± 0.01 1.22 ± 0.01

23 5.36 ± 0.19 5.56 ± 0.19 490.38 ± 2.17 1.55 ± 0.01 2.67 ± 0.01 1.23 ± 0.01

24 5.56 ± 0.19 5.46 ± 0.19 287.38 ± 2.17 1.76 ± 0.01 3.03 ± 0.01 1.11 ± 0.01

25 5.46 ± 0.19 5.46 ± 0.19 433.38 ± 2.17 1.57 ± 0.01 2.71 ± 0.01 1.23 ± 0.01

26 5.46 ± 0.19 5.56 ± 0.19 332.38 ± 2.17 1.71 ± 0.01 2.94 ± 0.01 1.18 ± 0.01

27 5.56 ± 0.19 5.66 ± 0.19 427.38 ± 2.17 1.56 ± 0.01 2.69 ± 0.01 1.22 ± 0.01

28 5.66 ± 0.19 5.66 ± 0.19 173.38 ± 2.17 1.75 ± 0.01 3.02 ± 0.01 1.24 ± 0.01

29 5.66 ± 0.19 5.66 ± 0.19 159.38 ± 2.17 1.74 ± 0.01 3.00 ± 0.01 1.23 ± 0.01

30 5.66 ± 0.19 6.26 ± 0.19 164.38 ± 2.17 1.86 ± 0.01 3.20 ± 0.01 1.23 ± 0.01

Standard 6.00–8.50a ≤ 4.00b ≤ 500.00b 3.00–6.00b ≥ 2.00b 0.10–0.50

Note: aUSEPA [33]; bUSDA [34].

USEPA, United States Environmental Protection Agency; USDA, United States Department of Agriculture.

were determined in this study. The results are presented in Ta-

ble 2. The soil pH values ranged from slightly acidic to neutral,

with an average pH of 6.4, which is within the acceptable USEPA

range [29]. This result is similar to those reported by Olayinka

et al. [4] and Abbas et al. [30], but lower than that obtained by

Joseph et al. [2]. The slightly acidic result indicates that land-

fill activities may affect soil pH, which could influence nutrient

availability for plant development [6].

Electrical conductivity was consistently elevated across all

samples, with minimal spatial fluctuation and an average of 6.4

mS cm−1, exceeding the recommended limit. This indicates the

presence of more soluble salts in the soil [2]. TDS showed a wide

range of values, with lower concentrations observed in samples

1–20 and markedly higher concentrations in samples 21–30. De-

spite this variability, all values remained below the recommended

threshold, indicating that dissolved solids did not exceed regu-

latory limits, although localized enrichment was evident in the

latter samples.

The average TOC and OM contents were 2.5% and 4.2%,

respectively, falling within or below the recommended ranges.

These values were similar to those reported by Yerima et al. [31].

The TOC values of most samples were below the recommended

USDA range, with a few samples, particularly samples 8–10,

having values within the recommended range. In contrast, a no-

ticeable decline in OM was observed in samples 21–30, where

values approached the lower recommended boundary. OM is im-

portant because it enhances the cation exchange capacity of soil,

improves soil structure, retains nutrients, and minimizes erosion

[31]. The relatively high OM values may be due to the deposi-

tion of plant residues, organic waste, or sewage waste that ac-

companied the plastic waste at the company premises [32]. Total

nitrogen concentrations were uniformly high across all samples,

with an average of 1.15%, exceeding the recommended range.

Nitrogen is an essential macronutrient for soil health, and high

N content indicates the presence of nitrogenous compounds that

may support crop growth and yield [6].

3.2. HEAVY METAL CONCENTRATIONS

The average measured Pb, Cd, and Zn concentrations were

0.18, 0.19, and 5.94 mg kg−1, respectively, in the collected soil

samples. These values were below the international regulatory

thresholds considered in this study. The low concentrations indi-

cate limited contamination from the plastic recycling operation at

the time of sampling. However, continuous monitoring remains

necessary because heavy metals are cumulative in soils. The an-

alytical results are shown in Table 3.

The concentrations followed a clear and consistent order

across all samples, with Zn showing the highest values and Pb

and Cd occurring at much lower levels. Zinc concentrations were

relatively low and stable, generally ranging between about 5.0

and 7.5 mg kg−1, with slightly higher values observed in sam-

ples S11–S20. Lead concentrations were very low throughout
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Table 3. Concentrations of heavy metals at the study site.

S/N Zn (mg kg−1) Pb (mg kg−1) Cd (mg kg−1)

S1 5.40 ± 0.00 0.15 ± 0.07 0.05 ± 0.00

S2 5.25 ± 0.07 0.15 ± 0.00 0.15 ± 0.07

S3 5.23 ± 0.11 0.10 ± 0.00 0.05 ± 0.00

S4 5.08 ± 0.04 0.25 ± 0.07 0.08 ± 0.04

S5 5.18 ± 0.04 0.13 ± 0.04 0.35 ± 0.07

S6 5.05 ± 0.07 0.15 ± 0.00 0.15 ± 0.00

S7 5.18 ± 0.04 0.15 ± 0.07 0.35 ± 0.07

S8 5.25 ± 0.00 0.15 ± 0.00 0.15 ± 0.07

S9 5.30 ± 0.00 0.10 ± 0.00 0.15 ± 0.14

S10 5.08 ± 0.04 0.25 ± 0.07 0.03 ± 0.04

S11 6.18 ± 0.04 0.20 ± 0.07 BDL

S12 7.55 ± 0.07 0.20 ± 0.07 BDL

S13 6.35 ± 0.07 0.20 ± 0.00 0.15 ± 0.00

S14 6.30 ± 0.00 0.15 ± 0.00 BDL

S15 6.10 ± 0.00 0.38 ± 0.04 0.40 ± 0.00

S16 6.50 ± 0.14 0.25 ± 0.07 BDL

S17 6.40 ± 0.00 0.23 ± 0.18 0.05 ± 0.00

S18 6.55 ± 0.34 0.33 ± 0.04 0.15 ± 0.00

S19 6.40 ± 0.00 0.23 ± 0.11 0.35 ± 0.07

S20 6.25 ± 0.07 0.15 ± 0.00 0.15 ± 0.07

S21 6.23 ± 0.11 0.05 ± 0.00 0.33 ± 0.11

S22 5.89 ± 0.04 0.25 ± 0.07 0.08 ± 0.04

S23 5.68 ± 0.04 BDL 0.16 ± 0.07

S24 5.55 ± 0.07 BDL 0.20 ± 0.07

S25 6.18 ± 0.04 BDL 0.35 ± 0.07

S26 6.75 ± 0.00 0.15 ± 0.00 0.15 ± 0.07

S27 6.30 ± 0.00 0.10 ± 0.00 0.40 ± 0.00

S28 6.08 ± 0.04 0.25 ± 0.07 BDL

S29 6.43 ± 0.39 0.13 ± 0.04 BDL

S30 6.55 ± 0.07 0.15 ± 0.00 0.20 ± 0.07

Standard 300a/140b 400a/85b 0.43a/0.80b

Note: aUSEPA [33]; bDPR [35] .

USEPA, United States Environmental Protection Agency;

DPR, Department of Petroleum Resources

EGASPIN, Environmental Guidelines & Standards for

Petroleum Industry in Nigeria;

BDL, below detection limit.

Table 4. Model performance assessment for the evaluated metals.

Model Index Pb Zn Cd Feature importance

Random Forest R2 (Real 30) 0.797 0.343 0.844 N (Zn), N, OM (Cd), TDS (Pb)

R2 (Augmented) 0.448 0.008 0.568

RMSE 0.039 0.504 0.052

MAE 0.031 0.409 0.042

CC 0.944 0.585 0.947

XGBoost R2 (Real 30) 0.973 0.763 0.971 OM (Zn, Pb), TOC (Cd)

R2 (Augmented) 0.599 0.406 0.531

RMSE 0.014 0.303 0.022

MAE 0.012 0.214 0.015

CC 0.993 0.900 0.990

CatBoost R2 (Real 30) 0.906 0.911 0.912 OM (Zn, Pb), N (Cd)

R2 (Augmented) 0.755 0.640 0.640

RMSE 0.027 0.185 0.039

MAE 0.020 0.148 0.030

CC 0.970 0.980 0.977

Extra Trees R2 (Real 30) 0.929 0.957 0.928 N (Zn), OM (Cd, Pb)

R2 (Augmented) 0.769 0.811 0.709

RMSE 0.023 0.129 0.035

MAE 0.016 0.098 0.026

CC 0.975 0.988 0.985

Linear regression R2 (Real 30) -0.058 0.343 0.217 TOC, OM (Cd, Zn, Pb)

R2 (Augmented) 0.026 0.008 0.039

RMSE 0.090 0.504 0.116

MAE 0.069 0.409 0.102

CC 0.319 0.585 0.532

the site, with several samples recording values at or below the

detection limit. Cadmium showed low but detectable concen-

trations in many samples, with small fluctuations across the site

Table 5. XGBoost predictions from the test dataset for the first 10 samples.

Cd Pb Zn

Actual Predicted Actual Predicted Actual Predicted

0.05 0.110 0.15 0.147 5.4 5.524

0.15 0.169 0.15 0.146 5.25 5.276

0.05 0.088 0.1 0.098 5.225 5.269

0.075 0.087 0.25 0.226 5.075 5.167

0.35 0.246 0.125 0.120 5.175 5.194

0.15 0.194 0.15 0.139 5.05 5.255

0.35 0.263 0.15 0.141 5.175 5.409

0.15 0.148 0.15 0.142 5.25 5.377

0.15 0.141 0.1 0.115 5.3 5.431

0.025 0.071 0.25 0.235 5.075 5.226

and slightly higher values in a few locations, such as S15 and

S27. These values were below guideline limits established by

the USEPA for residential soils [33]. When evaluated against

Nigerian DPR/EGASPIN and USEPA standards, all heavy metal

concentrations fell within acceptable limits for agricultural and

industrial soils [33, 35]. This finding suggests that, despite the

presence of industrial activities, soils within the plastic company

premises had not accumulated heavy metals to levels that pose

immediate regulatory concern.

3.3. MACHINE LEARNING MODEL PREDICTIONS

The performance of the ML models was comparable, although

XGBoost and Extra Trees showed the strongest predictive capa-

bility among the evaluated models. As shown in Table 4, XG-

Boost produced the highest R2 values for Pb (0.973) and Cd

(0.971), whereas Extra Trees produced the highest R2 value for

Zn (0.957). The closer the R2 and CC values are to 1, the bet-

ter the model, and the smaller the RMSE and MAE values, the

more accurate the model [11, 25, 27]. Table 5 shows strong sim-

ilarity between the first 10 actual and predicted values in the test

dataset, with Pb showing the closest agreement and Cd showing

the least agreement among the three metals.

All the nonlinear ensemble models outperformed linear re-

gression, indicating that soil physicochemical properties and

heavy metal concentrations were related through nonlinear pat-

terns. The results suggest nonlinear interactions among soil

properties, OM, TOC binding effects, and metal concentrations.

Across the models, OM was an important feature, probably be-

cause it is one of the primary factors controlling heavy metal

mobility, distribution, and remediation behavior [36, 37]. Simi-

lar findings have been reported in related ML studies. Hu et al.

[38] used Extra Trees for low-cost determination of soil heavy

metal concentrations, Keçeci et al. [1] used a tree-based model

to predict Cd in soil, and Ma et al. [39] compared multiple

models and observed the strong performance of Random For-

est. The strong performance of tree-based and boosting models

in the present study is consistent with recent findings showing

that ML approaches, particularly tree-based models, effectively

capture nonlinear relationships in soil heavy metal datasets [40].
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4. CONCLUSION

Soil samples collected within the premises of the plastic recy-

cling facility in ObafemiOwode Local Government Area showed

low concentrations of Pb, Cd, and Zn relative to regulatory lim-

its. XGBoost achieved the highest predictive performance for Pb

and Cd, whereas Extra Trees performed best for Zn. Model ac-

curacy was generally consistent with the performance reported

in related industrial-soil ML studies. Pb demonstrated a strong

statistical association with soil properties, whereas Cd showed

moderate predictability consistent with its heterogeneous envi-

ronmental distribution. These findings support the application of

ensemble ML models as predictive support tools for rapid heavy

metal assessment. Such tools should be used alongside labora-

tory validation to provide a data-driven foundation for environ-

mental monitoring strategies in south-western Nigeria. Because

this study is a preliminary investigation of heavy metal concen-

trations in soil, larger datasets are needed for external validation.

DATA AVAILABILITY

The data will be available on request from the corresponding au-

thor.
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