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Abstract
Chlorinated organophosphate esters (Cl-OPEs), a major class of organophosphate 
ester pollutants, are ubiquitously detected in industrial soils, yet quantitatively 
apportioning these contaminants remains a critical challenge. Traditional machine 
learning-based source apportionment approaches are often undermined by the 
spatial clustering of monitoring data, a phenomenon known as geographical bias. 
To address this limitation, this study first identified geographical bias through 
exploratory data diagnostics and subsequently constructed a robust random 
forest-based machine learning prediction framework that excludes geographical 
features to eliminate the confounding effect of spatial bias. The optimized model 
exhibited excellent reliability in predicting soil Cl-OPEs concentrations (test set R2 = 
0.90). Model interpretability analysis via feature importance assessment confirmed 
E-waste processing (site function category_E-waste processing) as the primary driver 
of Cl-OPEs pollution. To validate the model and explore overlooked sources, we also 
conducted an empirical case study of the petrochemical industry. Comparative 
analysis not only confirmed E-waste processing areas as the primary source but also 
identified the petrochemical industry as a previously underestimated yet significant 
source of emissions, with its coil Cl-OPEs levels markedly exceeding those of other 
traditional industrial areas. Overall, this study proposes a novel, geographical-bias-
free machine learning source apportionment method and provides new preliminary 
empirical evidence supporting pollution control of Cl-OPEs.
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1. Introduction
Organophosphate esters (OPEs), serving as both flame retardants and plasticizers, are 
widely incorporated into materials such as plastics, rubber, coatings, and electronic 
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products.1 Because OPEs are not chemically bonded to 
the polymer matrix but are merely physically mixed, 
they are readily released into the environment during 
product use and disposal.2 In recent years, numerous 
toxicological studies have indicated that some OPEs 
possess neurotoxicity, endocrine-disrupting effects,3 
and potential carcinogenic risks, posing a latent threat 
to ecosystems and human health.4 Among various 
environmental media, industrial soil serves as a critical 
sink and secondary source for OPEs.5 On one hand, as a 
long-term depositional medium for industrial facilities 
and waste disposal sites, soil can accumulate high 
concentrations of OPEs6; on the other hand, OPEs in soil 
can persistently impact the surrounding environment 
through pathways such as atmospheric emissions, runoff 
transport, and resuspension.7 Therefore, systematically 
identifying the spatial patterns and driving mechanisms 
of OPE pollution in industrial soils is of great scientific 
significance for conducting precise risk assessments and 
formulating differentiated control strategies.8

Although existing research has pointed out that 
different industrial types can lead to variations in soil OPE 
concentrations, related studies still face several challenges.9 
Firstly, the distribution of OPEs is co-influenced by 
multi-scale factors, and traditional statistical methods 
have limitations in capturing the non-linear associations 
among these multiple factors.10 Machine learning (ML) 
technology offers a powerful tool for this, but its application 
is often constrained by the data’s structural limitations.11 

In particular, environmental monitoring data frequently 
exhibit spatial clustering (i.e., excessive sampling in a few 
hot-spot areas), which leads to a critical methodological 
challenge: Does the model learn the universal causes of 
pollution, or does it merely learn to recognize specific 
geographical regions?12,13 This issue of “geographical bias” 
can cause the model to fail completely when predicting in 
new regions and is a core obstacle that must be overcome 
in current ML-based source apportionment.14

To circumvent the aforementioned geographical bias, 
this study proposes a novel ML source apportionment 
method. The method first identifies and quantifies spatial 
clustering in the data through data diagnostics (e.g., violin 
plots). Based on this, the study deliberately removes 
geographical coordinate features to construct a more robust 
and generalizable random forest (RF) model. This forces the 
model to focus on more universal physicochemical driving 
factors, such as industrial type and operational mode. The 
resulting model demonstrated high reliability in predicting 
the concentrations of chlorinated organophosphate esters 
(Cl-OPEs; test set R2 = 0.90).

The core scientific questions of this study are: After 

excluding geographical bias, what are the true driving 
factors of Cl-OPEs pollution in industrial soils? And, is 
the currently known list of pollution sources complete? 
To answer these questions, this study aims to: (i) Utilize 
the highly reliable ML model (RF) and interpretability 
analysis (feature importance plot) to identify the primary 
driving factors of Cl-OPEs pollution; (ii) by introducing a 
new empirical case study from the petrochemical industry, 
validate the model’s conclusions while simultaneously 
exploring previously underestimated sources of Cl-OPEs 
pollution. The selected study areas encompass a broad 
geographical gradient spanning tropical to temperate 
zones across East and West Asia, and incorporate highly 
diverse industrial typologies, including historic E-waste 
dismantling hubs, comprehensive manufacturing 
zones, and a major petrochemical complex. This multi-
regional and multi-typological diversity ensures that the 
integrated dataset captures a comprehensive spectrum 
of industrial emission profiles, thereby establishing a 
highly representative framework for identifying universal, 
de-geographicalized driving mechanisms of soil Cl-OPE 
contamination. The findings of this study can provide a 
key scientific basis for differentiated pollution control of 
Cl-OPEs and for updating their pollution-source inventory.

2. Materials and methods

2.1. Study area and data sources

The data for this study were derived from a systematic 
review and integration of published academic literature 
concerning multiple representative industrial regions. 
These regions cover a multi-waste comprehensive disposal 
area in North China (Jinghai District, Tianjin), an industrial 
hub in Southwest China (Chengdu City), the renowned 
E-waste dismantling center in South China (Guiyu Town, 
Guangdong), a comprehensive industrial city in East China 
(Jinan City, Shandong), and a typical highly industrialized 
representative in West Asia (Bursa, Turkey) (Table 1). To 
empirically evaluate the applicability of the model’s source 
apportionment insights and explore potential missing 
emission sources, this study additionally introduced a 
new empirical case study: Soil samples collected in 2024 
from a petrochemical industrial park in Yancheng, Jiangsu, 
China. This data will be used for empirical comparison 
in subsequent analyses. The concentration data utilized 
for this petrochemical empirical snapshot were acquired 
from an unpublished internal collaborative monitoring 
campaign that screened emerging contaminants across 
prominent industrial sectors in Jiangsu Province, China. 
Specifically, a cluster of five high-precision sampling points 
was established within a representative petrochemical 
functional zone in the Yancheng region of Northern 
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Jiangsu (latitude range: 34.35354602°N–34.35440556°N, 
longitude range: 119.7767976°E–119.7782297°E). Core 
soil samples were systematically extracted from a vertical 
profile spanning 0–3 m during the winter season (January 
to February 2024). Through selective instrumental 
analysis, a total of eight specific OPE congeners were cross-
identified and quantified, which perfectly bifurcated into 
two Cl-OPEs (tris(3-chloropropyl) phosphate and tris(2-
chloroethyl) phosphate), two alkyl OPEs (dominated by 
tributyl phosphate), and four aryl OPEs. The compiled 
mean concentration of total Cl-OPEs reached 200 ng·g−1 
(ppb), embedded within a total baseline OPE burden of 
798 ng·g−1 and an analytical relative error of 41%. The six 
core methodological design attributes and key pollution 
parameters governing this empirical case study are 
systematically summarized in Table 2. 

The core of the integrated dataset includes four 
categories of response variables: Total OPEs concentration 
and the concentrations of its three major chemical 
subclasses (chlorinated, alkyl, and aryl OPEs), with all 
units standardized to ng⋅g−1 dry weight. To investigate 
their driving forces, we also extracted multiple predictive 
factors, including the longitude and latitude of the 
sampling points, regional type, main industrial activities, 
sampling time and season, and specific operational 
modes. To ensure the accuracy and comparability of 
data integration across literature, this study implemented 
a rigorous quality assurance/quality control (QA/QC) 
process. This process first ensured indicator consistency 

by unifying target compounds, meaning only OPE 
species reported in all five source papers were retained 
for subsequent analysis. Subsequently, we converted all 
concentration data to a uniform unit (ng⋅g−1 dry weight) 
and confirmed that each study employed mature, reliable 
quantitative analysis techniques (e.g., gas chromatography 
[GC], mass spectrometry [MS]) and primarily used 
external standard methods for quantification, providing 
a methodological basis for data comparability. To address 
potential data heterogeneity and rigorously validate inter-
study comparability, we systematically cross-examined 
the extraction protocols, clean-up methods, and QA/QC 
parameters across the five literature sources, as synthesized 
in Table 3. Methodologically, the extraction techniques 
encompassed vortex-ultrasonic extraction, solvent 
extraction, ultrasonic extraction, orbital shaking, and 
Soxhlet extraction, while sample clean-up was executed 
via Florisil solid-phase extraction (SPE), alumina/silica 
column chromatography, or Oasis HLB SPE. Analytical 
detection relied on robust instrument configurations 
including GC–MS, GC–tandem mass spectrometry (MS/
MS), GC–electron ionization–MS, and high-performance 
liquid chromatography–MS/MS. Regarding QC, the 
reported recovery ranges spanned 73%–120%, 70.5%–
135%, 84%–121%, and 65%–108% for surrogates (>80% for 
targets), with limits of detection established at 0.010–0.080 
ng/g where explicitly specified in the source texts. This 
granular technical profile confirms that, despite inherent 
operational variations, all independent datasets strictly 
conformed to acceptable standards for environmental 

Table 1. Key characteristics of the five study areas

Study area Geographic location Area characteristics Main industrial/pollution source 
types Reference

Jinghai, Tianjin
North China, Ziya 
Environmental Industrial 
Park

A comprehensive disposal site for 
various wastes, including E-waste

Recycling and dismantling of 
E-waste, waste plastics, old home 
appliances, and automobiles

15

Chengdu, Southwest China Southwest China
The most important central city in 
Western China, a high-tech base 
and transportation hub

Covers various industrial 
parks such as automotive, 
pharmaceutical, furniture, 
shoemaking, and logistics

16

Guiyu, South China South China
Historically famous E-waste 
dismantling center, later integrated 
into an industrial park

E-waste dismantling and recycling 17

Jinan City East China, capital of 
Shandong Province

Typical second-tier city in China, 
population over eight million

Comprehensive industry; 
sampling sites near textile, E-waste 
dismantling, and plastic waste 
recycling plants

18

Bursa, Turkey Turkey Turkey’s fourth-largest city, a 
highly industrialized city

Focus on textile, automotive, 
spare parts, machinery, and metal 
industries

19
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trace analysis. Finally, after checking the data for outliers, 
we eliminated two samples with obvious entry errors to 
ensure the reliability of the final dataset.

Following this processing, the final dataset comprised 141 
sampling points and 13 variables. Although this represents 
a typical small-sample scenario compared with large-scale 
ML training sets in other fields, it accurately reflects the dual 
challenges of collection cost and geographical distribution 
in cross-regional environmental monitoring. Therefore, 
the dataset covers a broad geographical gradient from 
tropical to temperate zones, spanning West Asia to East 
Asia (approximately 23°N–40°N latitude, approximately 
29°E–117°EB longitude). Its rigorous QC and good spatial 

representativeness jointly provide a high-quality data 
foundation for the subsequent exploration of robust ML 
modeling under small-sample conditions.20

2.2. Data preprocessing and feature engineering

Before formal modeling, we executed a systematic 
preprocessing and feature engineering workflow on the 
integrated dataset to ensure data quality and optimize 
model performance.21 In this study, we decided to focus the 
analysis on Cl-OPEs. This decision was based on their status 
as one of the main categories of OPEs, possessing significant 
environmental persistence and potential biotoxicity. 
Consequently, the total concentration of Cl-OPEs was 
selected as the sole output target for all subsequent 

Table 2. Core methodological attributes and quantified pollution metrics of the newly introduced empirical case study in the 
Yancheng petrochemical industrial zone

No. Core methodological attribute Quantified empirical specifications and value

1 Sampling season and time Winter (January 2024 – February 2024)

2 Detected organophosphate ester (OPE) species 8 congeners total (chlorinated: 2; alkyl: 2; aryl: 4)

3 Total chlorinated OPEs  concentration 200 ng·g−1 (ppb; analytical relative error: 41%)

4 Site function category Petrochemical industrial area

5 Geographic coordinates Lat: 34.35354602°N–34.35440556°N, Lon: 119.7767976°E–119.7782297°E

6 Sampling soil depth 0–3 m (vertical soil core profile)

7 Total alkyl OPEs concentration 505 ng·g−1 (ppb)

8 Total aryl OPEs concentration 93 ng·g−1 (ppb)

9 Total OPEs burden 798 ng·g−1 (ppb)

Table 3. Methodological and quality assurance/quality control parameter synthesis of the five integrated literature sources

Reference Extraction method Clean-up Instrumental analysis Recovery range Limits of detection range

15 Vortex-ultrasonic 
extraction Florisil SPE GC–MS Not reported Not reported (<MDL)

16 Solvent extraction Alumina/silica column 
chromatography GC–MS 73%–120% Not reported

17 Ultrasonic extraction Florisil SPE GC–MS/MS 70.5%–135% Not reported

18 Orbital shaking Oasis HLB SPE HPLC–MS/MS 84%–121% 0.010–0.080 ng/g

19 Soxhlet extraction Florisil SPE GC–EI–MS 65%–108% (surrogates) 
>80% (targets) Not reported

Abbreviations: EI: Electron ionization; GC: Gas chromatography; HPLC: High-performance liquid chromatography; MDL: Method detection limit; MS: 
Mass spectrometry; MS/MS: Tandem mass spectrometry; SPE: Solid-phase extraction. 
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models. The core methodological challenge of this study 
was to circumvent potential geographical bias. Traditional 
ML source apportionment is susceptible to “sampling 
clustering” of monitoring data.22 If the model learns 
geographical shortcuts (e.g., identifying specific latitudes) 
rather than universal driving factors, its generalization 
ability will be severely compromised.23,24 Therefore, to build 
a more robust model focused on physicochemical drivers, 
this study made a critical decision during preprocessing: 
The longitude and latitude features were explicitly removed 
from the input feature set. The input features we ultimately 
used for modeling were restricted to the following three 
categories of more universal variables: Site function 
category (categorical), season (categorical), and OPE 
types (numerical, representing the number of OPE species 
detected). Although the exclusion of explicit geographical 
coordinates introduces a methodological trade-off that may 
abstract away macro-scale environmental variations—such 
as regional climate gradients or long-range atmospheric 
transport pathways—this strategy is critical to mitigate 
spatial confounding. Given the severe spatial clustering 
demonstrated in our exploratory data diagnostics (Section 
3.1), incorporating raw latitude and longitude data would 
inevitably cause tree-based ensemble algorithms to learn 
localized spatial autocorrelation shortcuts rather than 
universal physicochemical relationships. To preserve 
essential environmental complexity without introducing 
geographical bias, the model relies on functional proxy 
variables: “Site function category” implicitly captures the 
density of localized industrial layouts and point-source 
emission footprints, while “season” serves as a temporal-
climatic indicator accounting for temperature-dependent 
atmospheric partitioning and precipitation-driven 
deposition patterns. This framework successfully isolates 
the predictive architecture from spatial artifacts while 
preserving the core environmental mechanisms governing 
the distribution of soil Cl-OPEs. Subsequently, we 
performed a systematic preprocessing workflow. We first 
removed samples with more than 10% missing data, then 
imputed the remaining missing values using the median 
(for numerical types) and mode (for categorical types). For 
discrete features such as site function category and season, 
one-hot encoding was applied to convert them into binary 
dummy variables that the model can interpret. OPE types, 
as the only numerical input feature, were used directly. 
Next, this cleaned and feature-engineered dataset (n = 
141) was split into a training set (113 samples) and a test 
set (28 samples) at an 8:2 ratio using stratified sampling. 
To enhance the robustness of model evaluation, this study 
employed a five-fold cross-validation strategy during 
model development.

2.3. Machine learning model development and 
performance assessment

Machine learning, as a powerful data-driven technology, can 
automatically learn patterns from complex data and make 
predictions.25 In this study, to accurately predict the sole 
target variable—total Cl-OPEs concentration in industrial 
soils—we employed and evaluated four representative 
ML algorithms: Regression chain (RC),26,27 support vector 
regression (SVR),28 K-nearest neighbors (KNN),29 and 
RF.30 To systematically benchmark these algorithms while 
safeguarding against data leakage during validation, an 
integrated computational architecture was established. The 
comprehensive ML workflow—incorporating stratified 
data partitioning, sequential pipeline preprocessing, and 
grid-search hyperparameter optimization under a five-fold 
cross-validation framework—is schematically illustrated 
in Figure 1. The fundamental mathematical formulations, 
operational principles, and theoretical limits of each of 
the four individual regression algorithms are detailed in 
Appendix A1 to maintain focus on the holistic modeling 
implementation. This study will compare the performance 
of these four models in predicting Cl-OPEs concentration 
to select the optimal model.

The code for this study was written in Python 3.9, 
and the four ML models were implemented in a Jupyter 
Notebook (version 6.4.5) environment. Data processing 
and visualization relied mainly on the Numpy (1.20.3), 
Pandas (1.3.4), and Matplotlib (3.4.3) libraries, while 
model construction was based on the Scikit-learn (1.0.2) 
framework. Model performance was evaluated primarily 
on the test set using three metrics: The coefficient of 
determination (R2), mean absolute error (MAE), and root 
mean squared error (RMSE). Higher R2 and lower MAE 
and RMSE values indicate better model performance, and 
the optimal model was determined by a comprehensive 
assessment of these three indicators. R2, MAE, and RMSE 
are shown in Equations 1–3:

2 2 2

1 1
1 ( ) / ( )

n n

i i i
i i
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where yi represents the actual observed value, xi indicates 
the predicted values, y signifies the mean of the actual 
values, and n is the total number of data points in the test 
set.

Furthermore, to mitigate the statistical limitations 
of small-sample training frameworks (n = 141) and to 
safeguard against the absence of completely independent 
external validation datasets, an ensemble-based uncertainty 
quantification framework was implemented for the 
optimal model. Because the RF architecture operates as an 
ensemble of independent decision trees (B = 100 in this 
study), the model’s structural confidence and prediction 
stability can be mathematically characterized by assessing 
the variance of outputs across individual learners. For any 
given input feature vector х, the prediction uncertainty 
σ2(х) is quantified according to Equation 4:

( ) ( ) ( )( )( )2
2

1

1 ˆ
1

B
bb

x f x f x
B

σ
=

= −
− ∑ 	 (4)

where B represents the total number of decision 
trees constructed within the forest, fb(х) denotes the 
independent prediction generated by the b-th individual 
decision tree, and ( )f̂ x  signifies the final ensemble mean 

prediction reported as the model’s ultimate output. This 
variance metric serves as an internal robustness diagnostic, 
capturing the epistemic uncertainty of the ML framework 
across different pollutant concentration brackets, thereby 
conceptually reinforcing the homoscedasticity evaluations 
conducted within our residual diagnostics.

Hyperparameter selection is a critical step 
that determines the upper limit of an ML model’s 
performance, directly impacting its prediction accuracy 
and generalization ability.31 To achieve systematic, 
efficient, and rigorous parameter optimization, ensure the 
standardization of data preprocessing, and fundamentally 
prevent data leakage during cross-validation, this study 
encapsulated the data preprocessing steps and the 
model itself into a unified ML pipeline. Specifically, this 
pipeline sequentially connected four steps: Missing value 
imputation, one-hot encoding, data standardization, and 
the final model (e.g., RF, SVR). This not only simplified the 
workflow but, more importantly, prevented data leakage 
during cross-validation (i.e., preventing information from 
the validation set from influencing the preprocessing of 
the training set, such as the calculation of standardization 
parameters).32 Subsequently, we employed the classic grid 
search method, combined with five-fold cross-validation, 
to perform integrated hyperparameter tuning on this 

Figure 1. Conceptual topology of the integrated machine learning pipeline, demonstrating the parallel execution of the four candidate regressors coupled 
with sequential preprocessing, grid-search hyperparameter tuning, and five-fold cross-validation
Abbreviations: CV: Cross-validation; KNN: K-nearest neighbors; MAE: Mean absolute error; R2: Coefficient of determination; RC: Regression chain; RF: 
Random forest; RMSE: Root mean square error; SVR: Support vector regression.   
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pipeline.32 Grid search systematically traverses all possible 
combinations within the parameter grid predefined for the 
model.33 Supported by cross-validation, the performance 
of each parameter combination is measured by its average 
validation score across the five data subsets. This strategy of 
encapsulating preprocessing and model training within a 
pipeline for tuning ensures that the optimal solution within 
the specified parameter space is found. It fundamentally 
guarantees that every step of data preprocessing is tailored 
only to the current training data, thereby maximizing 
fairness in model evaluation and the generalization ability 
of the selected hyperparameters on unseen data.34

2.4. Model interpretability analysis

To uncover the key drivers of the ML model’s predictions, 
this study employed the permutation importance (PI) 
technique for model interpretation. The core principle of 
PI is to measure a feature’s importance by observing the 
decrease in model performance after randomly shuffling 
the values of that single feature variable in the dataset.35 
If shuffling a variable leads to a significant drop in model 
performance, it indicates that its contribution is high. The 
main advantages of this method are its non-parametric 
nature, its applicability to any type of ML model, and 
its ability to intuitively quantify the global average 
contribution of variables.

Mathematically, the PI I(Xj) for a specific feature Xj is 
defined according to Equation 5:

( ) ( )( ) ( )( )_, ,perm j
jI X L y M X L y M X= − 	 (5)

where Ｍ represents the trained ML model, Ｌdenotes 
the evaluation loss function, y signifies the true vector of 
soil Cl-OPE concentrations, X is the baseline validation 
matrix, and Xj represents the matrix where the values of 
the target feature Xj have been randomly shuffled. While 
Equation 5 rigorously quantifies the predictive driving 
capacity of individual features based on model error 
inflation, it inherently captures exploratory statistical 
associations rather than empirical mechanistic causality. 
This mathematical boundary is particularly vital when 
categorical features dominate the input space and are one-
hot encoded; in such configurations, the permutation of 
individual dummy variables evaluates the localized split 
vulnerability within the tree architecture rather than 
defining immutable, structured causal pathways.

2.5. Empirical case study comparative analysis 
method

To achieve the second core objective of this study—
validating the model’s findings and exploring potential 

new pollution sources—this study employed qualitative 
and quantitative comparative analyses. This method aims 
to compare pollution levels between this study’s empirical 
case study data (i.e., the Yancheng, Jiangsu petrochemical 
site mentioned in Section 2.1) and the literature dataset 
(n = 141). Specifically, we will use a box plot to visualize 
the distribution of total Cl-OPE concentrations (including 
the median and quartiles) across different industrial site 
types (e.g., E-waste processing, manufacturing) within the 
literature dataset. Subsequently, we will mark the measured 
concentration value from the petrochemical site as a single 
data point on the same chart, thereby allowing for a direct 
visual assessment of the petrochemical industry’s pollution 
level relative to traditional industrial sources. To further 
upgrade this comparative analysis from a qualitative visual 
assessment to a rigorous quantitative metric, the relative 
enrichment factor (REF) is introduced to mathematically 
define the deviation degree of the novel petrochemical 
source against the model-established traditional industrial 
baseline, as expressed in Equation 6:

petrochemical

manufacturing

C
REF

C
=


	 (6)

where Cpetrochemical represents the measured concentration 
of soil Cl-OPEs in the newly sampled petrochemical 
industrial park (ng·g−1), and manufacturingC  signifies the 
median concentration of the “manufacturing” site category 
calculated from the literature-derived baseline dataset. 
A REF value significantly greater than 1 indicates that 
the newly introduced industry’s pollution magnitude 
systematically exceeds that of the traditional industrial 
baseline identified by the ML model, thereby providing a 
numerical indicator for identifying emission profiles that 
are underestimated.

3. Results and discussion

3.1. Data preliminary analysis and geographical bias 
diagnosis

Building a robust ML model relies on a deep understanding 
of the underlying data features. We first conducted a 
correlation analysis on all potential variables in the dataset 
(Figure 2). The Pearson correlation coefficient matrix 
comprehensively illustrates the relationships among 
all variables.36 Consistent with the research objectives 
defined in Section 2.2, our analysis focused on the total 
Cl-OPEs concentration row. We observed a strong positive 
correlation (r = 0.74) between this target variable and the 
total concentration of OPEs, indicating that Cl-OPEs are a 
critical component of overall pollution. Furthermore, the 
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Figure 2. Heatmap of Pearson correlation coefficients between any two features
Abbreviation: conc.: Concentration.

heatmap provided crucial diagnostic information: A high 
positive correlation (r = 0.76) exists between longitude and 
OPE types, suggesting preliminary spatial clustering.To 
further diagnose the spatial distribution characteristics of 
the data, we plotted violin plots for key variables (Figure 
3). This figure focuses on the selected target variable (total 
concentration of Cl-OPEs) alongside geographical and key 
input features used for diagnosis.37 As illustrated, the total 
concentration of Cl-OPEs exhibits a typical right-skewed 
(positive skew) distribution, where the majority of samples 
have low concentrations while a few exhibit extremely 
high values. Most critically, the distribution of the 
latitude feature reveals a significant bimodal pattern. This 
finding strongly confirms the presence of severe sampling 
clustering in our data’s geographic space, indicating that 
samples are primarily concentrated in two distinct regions.

3.2. Model optimization and performance 
evaluation

To identify the key drivers of the total concentration of 
Cl-OPEs, this study adopted the de-geographical modeling 

strategy formulated in Section 2.2. This strategy retained 
only the site function category, season, and OPE types as 
input features and focused on the total concentration of 
Cl-OPEs as the sole target variable. The variables used for 
modeling and their statistical descriptions are presented in 
Table 4.

This study aimed to evaluate the predictive capability of 
four mainstream ML models—RC, RF, SVR, and KNN—
for the total concentration of Cl-OPEs in industrial soils. 
To determine the optimal performance of each model, a 
grid search was employed to tune key hyperparameters, 
and five-fold cross-validation was utilized to ensure the 
robustness and reliability of the evaluation results, thereby 
identifying the optimal hyperparameter combinations 
(Table 5).

The performance comparison of the four optimized 
regression models on the training and test sets is presented 
in Table 6 and Figure 4. Comprehensive comparative 
analysis indicates that the RF model demonstrates 
superior performance, being the only architecture to 
successfully combine high prediction accuracy with 
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Figure 3. Violin plots of data distribution for four variables
Abbreviations: conc.: Concentration; IQR: Interquartile range.

Table 4. Dataset description analysis of input and output features

Variable Number Unit Data range Mean Standard deviation

Input features − − − − −

   Sampling site 1 − − − −

   Sampling area type 2 − − − −

   Operational mode 3 − − − −

   Sampling time 4 − − − −

   Season 5 − − − −

   Longitude 6 − 29.10–117.11 114.64 10.64

   Latitude 7 − 23.29–40.27 26.64 6.12

   Soil depth 8 m 0–0.10 0.10 0

   Organophosphate ester (OPE) types 9 − 6–13 12.43 1.53

Output target − − − − −

   Total OPEs concentration 10 ng·g−1 60.22–19,952.62 1,848.98 3,529.00

   Total chlorinated OPEs concentration 11 ng·g−1 10.80–2,107.66 359.60 586.75

   Total alkyl OPEs concentration 12 ng·g−1 5.90–305.50 26.50 36.58

   Total aryl OPEs concentration 13 ng·g−1 0–442.64 91.07 67.92
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Table 5. Hyperparameter optimization ranges and optimal settings for four machine learning models

Model Hyperparameter Tuning algorithms Tuning range Optimal parameter

Regression chain Alpha Grid search 0.01, 0.1, 0.5, 1, 5, 10 10

Random forest

Max_depth

Grid search

3, 5, 7 7

Min_samples_leaf 3, 5, 7 3

N_estimators 100, 150 100

Support vector regression
C

Grid search
1, 10, 100 100

Kernel Linear, rbf Linear

K-nearest neighbors N_neighbors Grid search 3, 5, 7, 9, 11 3

Table 6. Performance metrics of the four machine learning models on the training and test sets for predicting total chlorinated 
organophosphate esters concentration

Performance indicators RC RF SVR KNN

Training set R2 1.00 0.87 1.00 1.00

Training set RMSE 21.23 211.79 0.10 0.00

Training set MAE 14.33 65.08 <0.10 0.00

Test set R2 0.81 0.90 0.82 0.84

Test set RMSE 249.31 181.03 243.67 226.09

Test set MAE 169.13 56.11 162.07 71.59
Abbreviations: KNN: K-nearest neighbors; MAE: Mean absolute error; R2: Coefficient of determination; RC: Regression chain; RF: Random forest; 
RMSE: Root mean square error; SVR: Support vector regression.  

robust generalization capability. As synthesized in the 
harmonized Table 6, the RF model achieved a high R2 score 
of 0.90 on the test set, noticeably outperforming RC (0.81), 
SVR (0.82), and KNN (0.84). More critically, the RF model 
exhibited exceptional structural stability; its training set 
R2 (0.87) is highly consistent with its test performance, 
thereby avoiding the overfitting trap. In sharp contrast, 
the RC, SVR, and KNN models all exhibited a dual failure 
characterized by perfect or near-perfect training indicators 
(R2 = 1.00) paired with substantially degraded testing 
metrics. This symptomatic gap strongly indicates severe 
overfitting, which frequently arises when high-capacity 
non-parametric algorithms are trained on relatively small 
environmental datasets (n = 141). In these configurations, 
RC, SVR, and KNN effectively memorized the structural 
noise and local spatial clusters present within the training 
partition rather than distilling generalized physicochemical 
rules. Conversely, the ensemble mechanism of RF—which 
aggregates predictions from numerous decorrelated 
decision trees—effectively mitigates single-tree variance 

and training-set-specific noise, thereby securing superior 
predictive reliability on unseen test samples.

The predicted-versus-actual scatter plots (Figure 4) 
provide the most intuitive visual evidence for comparing 
the goodness of fit and generalization capabilities of the 
four models. The analysis was based on two core criteria: 
(i) The deviation of data points (especially the test set) 
from the 1:1 diagonal (i.e., prediction accuracy); and (ii) 
the consistency between the training set (blue dots) and 
the test set (red triangles) (i.e., the degree of overfitting). 
Both RC and SVR exhibited a dual failure of severe 
overfitting and low prediction accuracy. Their training sets 
(blue dots) were perfectly aligned with the 1:1 diagonal 
(corresponding to R2 =1.00), whereas their test sets (red 
triangles) performed poorly, forming high-variance clouds 
loosely distributed on either side of the diagonal, visually 
confirming their low test set R2 values (both 0.51). The 
KNN model represented a more typical case of overfitting. 
It also performed perfectly on the training set (blue dots, R2 

= 1.00), but significant deviations were observed on the test 
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set (red triangles). This large visual discrepancy between 
training and testing indicated that the KNN model was 
merely memorizing the training data, limiting its ability to 
generalize (R2 = 0.79) and making it less reliable than the 
RF model.

In sharp contrast, RF was the only model to demonstrate 
healthy and efficient performance. Its data points (both 
training and testing) were highly concentrated near the y 
= x diagonal, indicating high prediction accuracy across all 
concentration ranges. Crucially, the distribution patterns 
of the training set (blue dots, R2 = 0.87) and the test set (red 
triangles, R2 = 0.90) were highly consistent. The training set 
was not perfectly aligned with the diagonal, proving that the 
model did not memorize the data but successfully learned 
universal laws. In summary, the comparative analysis in 
Figure 4 provides compelling evidence that the RC, SVR, 
and KNN models all suffer from severe overfitting issues. 

Only the RF model visually satisfied both high accuracy 
(concentrated points) and strong generalization (training/
testing consistency), qualifying it as the optimal model for 
subsequent analysis.

To further evaluate model performance from a diagnostic 
perspective, this study introduced residual analysis (Figure 
5). Residual plots provide a rigorous diagnosis of the 
validity of the four models from the perspective of error 
structure. An ideal regression model should have residuals 
randomly distributed around the zero line (y = 0) without 
displaying any specific pattern as predicted values change, 
i.e., satisfying homoscedasticity. The RC, SVR, and KNN 
models all exhibited fatal structural defects. First, their 
residuals on the training set (blue dots) were perfectly zero, 
again exposing extreme overfitting to training data. More 
seriously, the residuals from their test sets (red triangles) 
all exhibited clear trumpet or funnel-shape patterns; that 

Figure 4. Scatter plots of predicted versus actual values for RC, RF, SVR, and KNN models after optimization
Abbreviations: KNN: K-nearest neighbors; MAE: Mean absolute error; R2: Coefficient of determination; RC: Regression chain; RF: Random forest; RMSE: 
Root mean square error; SVR: Support vector regression.  
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is, as the predicted concentration increased, the fluctuation 
range (variance) of the residuals systematically increased. 
This phenomenon, known as heteroscedasticity, indicates 
extremely low reliability in predicting high-concentration 
samples, violating the basic assumptions of regression 
models.

In contrast, RF was the only model to exhibit a healthy 
residual distribution. First, its training set residuals did not 
zero out but were randomly scattered around the zero line, 
indicating strong generalization (no overfitting). Second, 
for both training and test sets, the residuals maintained 
a relatively constant variance across the entire range of 
predicted values, indicating an unstructured, random 
distribution. This ideal homoscedasticity confirms that the 
errors of the RF model are accidental (white noise) rather 
than due to systematic defects or bias. Consequently, the 
diagnostic results from the residual plots confirm that 
RC, SVR, and KNN models are unreliable due to severe 
overfitting and heteroscedasticity. Only the RF model 
simultaneously satisfied the ideal characteristics of 
high prediction accuracy and homoscedastic, unbiased 
residuals. Therefore, this study ultimately selected RF as 
the optimal model for subsequent interpretability analysis 
and apportionment of driving factors.

3.3. Driving factor importance ranking

To further investigate the intrinsic drivers of the model’s 
decision-making, this study employed the PI method 

to quantitatively evaluate the contribution of each input 
feature (Figure 6). The analysis reveals the key drivers of 
the model’s decisions and reflects its learning behavior, 
shaped by the specific dataset used in this study.

As shown in the analysis, the site function category_E-
waste processing emerges as the dominant primary 
driving factor. This implies that during decision-making, 
more than half of the model’s weight relies on the specific 
information of “whether the site is an E-waste processing 
area.” Closely following is the number of detected OPE 
species (OPE types), serving as the sole secondary driving 
factor. This finding holds significant scientific value, 
indicating that the chemical complexity of the pollution 
source (i.e., the diversity of detected OPEs) is also a critical 
predictive indicator. This provides a logical complementary 
validation with the E-waste processing feature, as E-waste 
sites typically contain a mixture of plastics and components 
from diverse sources, resulting in a necessarily higher 
number of OPE species (e.g., 12–13 types) compared to 
other single-source industrial sites (e.g., 6–7 types).

The most diagnostically valuable finding from this 
plot is the immense “importance gap” between the top 
two features and all remaining features. The importance 
of the site function category_informal recycling (mixed) 
is merely 0.0009—more than two orders of magnitude 
lower than the second-ranked feature. This gap implies 
that the contributions of all other factors, including 
other industrial types (e.g., manufacturing, logistics) and 

Figure 5. Residual plots of RC, RF, SVR, and KNN models after optimization
Abbreviations: KNN: K-nearest neighbors; RC: Regression chain; RF: Random forest; SVR: Support vector regression. 
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sampling seasons (e.g., season_summer, season_winter), 
are statistically negligible (all < 0.001) for predicting 
Cl-OPE concentrations.

In summary, the feature importance analysis provides 
robust quantitative evidence confirming that, after 
excluding geographical bias, the model successfully learned 
a highly concentrated relationship: Cl-OPEs pollution in 
industrial soils is not a generalized industrial issue but is 
almost exclusively determined by two factors—the type of 
industrial activity (E-waste processing) and the complexity 
of the pollution source (OPE types).

Crucially, in alignment with the interpretive limitations 
detailed in Section 2.4, these established rankings must 
be interpreted as dominant predictive driving capacities 
and exploratory statistical associations, rather than 
definitive mechanistic or causal source apportionments. 
While “site function category_E-waste processing” 
strongly governs the RF’s decision pathways under small-
sample configurations (n = 141), tree-based predictive 
dependencies do not automatically imply strict physical or 
chemical causality. Consequently, these findings serve as 
highly reliable data-driven diagnostic indicators to guide 

targeted regulatory monitoring, rather than an absolute, 
deterministic allocation of environmental pollution 
kinetics.

3.4. Empirical validation and identification of 
potential pollution sources

Based on the literature dataset, the ML model (R2 =0.90) 
successfully identified “E-waste processing” as the primary 
driving factor for Cl-OPEs pollution. However, a model’s 
capability is limited by the breadth of its training data. 
Therefore, key scientific questions arise: (i) Can this model 
finding be validated in real-world data? (ii) Do existing 
literature data cover all major pollution sources? 

To answer these questions, we employed an empirical 
comparative case study method. Figure 7 visually 
compares the total concentrations of Cl-OPEs across 
different industrial site types in the literature dataset (box 
plots) with our empirical case study (red data point). 
This figure reveals two key findings. First, it robustly 
validates the model’s conclusion. As shown in Figure 7, 
the pollution concentration (box median and distribution 
range) at “E-waste processing” sites is significantly higher 
than that of “manufacturing” and “informal recycling 

Figure 6. Feature contribution analysis based on permutation importance
Abbreviation: OPE: Organophosphate ester.
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(mixed)” categories, which is entirely consistent with the 
driving factor importance ranking identified by the model. 
Second, Figure 7 reveals a significant new phenomenon: 
The petrochemical industry is a previously underestimated 
important source of pollution. As indicated by the red 
data point in the figure, the Cl-OPEs concentration at 
the petrochemical site in our empirical case study is 
significantly higher than that in traditional non-E-waste 
industrial areas, such as manufacturing and informal 
recycling (whose medians are both close to 10 ng⋅g−1).

This empirical finding (high concentration in the 
petrochemical sector) is of great significance. It suggests 
that while our model (based on literature data) correctly 
pinpointed E-waste as the largest known culprit, the existing 
literature dataset likely failed to fully cover all pollution 
source types. The empirical data from this study provide 
preliminary evidence that the petrochemical industry may 
also be a significant source of Cl-OPEs emission, offering a 
new perspective for future pollution source apportionment 
and risk control of Cl-OPEs.

To shift the scientific focus deeper into the chemical 
nature of the pollution itself and unveil the structural 
fingerprint of this novel petrochemical source, the 
chlorinated contribution fraction (FCl) within the total 

OPE mass burden is quantitatively formulated using 
Equation 7:

 

100%Cl OPEs
Cl

Total OPEs

CF
C

−= × 	 (7)

where CCl-OPEs signifies the mean concentration of soil 
Cl-OPEs (200 ng·g−1) and CTotal OPEs represents the total 
compiled OPE burden (798 ng·g−1), yielding an FCl value 
of 25.06%. To provide a comprehensive environmental 
screening of this pollution matrix, the congener-specific 
distribution across the three OPE subclasses and their 
corresponding environmental behaviors within the deep 
vertical soil cores (0–3 m) are systematically summarized 
in Table 7. Geochemically, alkyl OPEs accounted for the 
absolute dominant share (505 ng·g−1, 63.28%), which is 
closely tied to the extensive use of tributyl phosphate as 
an industrial solvent and defoamer in petrochemical 
processing lines. However, the prominent accumulation 
of Cl-OPEs (200 ng·g−1) signals a critical environmental 
threat. Compared to alkyl and aryl counterparts, these 
chlorinated species exhibit significantly lower soil 
organic carbon-water partitioning coefficients (Koc) and 
exceptional resistance to microbial cleavage, allowing them 

Figure 7. Comparison of total concentrations of chlorinated organophosphate esters (Cl-OPEs) in soils across different industrial function zones and an 
empirical case study of the petrochemical industry
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to persistently bypass surface attenuation and migrate 
into deeper soil profiles, thus amplifying the long-term 
groundwater contamination risks. 

3.5. Policy implications and research prospects

By employing an ML method that mitigates geographical 
bias, this study provides two distinct, highly feasible policy 
implications for controlling Cl-OPE pollution in industrial 
soils. First, regarding known risks, regulatory resources 
should be precisely concentrated on the E-waste processing 
industry. Our model (R2 = 0.90) provides strong quantitative 
evidence that E-waste processing is the primary driver of 
Cl-OPEs pollution, with a contribution far exceeding that 
of other industrial sectors. This indicates that Cl-OPEs 
pollution is not a universal industrial problem but a 
highly industry-clustered one. Therefore, environmental 
management authorities should formulate and enforce the 
strictest source-control standards and emission-monitoring 
protocols specifically for process links such as E-waste 
dismantling, shredding, and recycling. Second, regarding 
potential risks, the petrochemical industry should be 
immediately included in the routine monitoring list for 
Cl-OPEs. Our empirical research provides preliminary 
evidence that the petrochemical industrial area is also an 
important, previously underestimated source of Cl-OPEs 
pollution, with pollution levels significantly higher than 
those of traditional manufacturing. This finding sounds 
an alarm for environmental regulation, suggesting that the 
existing pollution source inventory may contain omissions. 
Regulatory agencies should immediately conduct targeted 
investigations and monitoring of petrochemical parks 
(especially factories involved in plastic additives, flame-
retardant synthesis, or their use). Concurrently, when 

translating these modeling outcomes into regional soil 
management frameworks, such policy implications should 
be interpreted as adaptive diagnostic recommendations 
rather than definitive, prescriptive criteria for rigid 
regulatory enforcement. Given that the established feature 
dependencies under small-sample configurations (n = 
141) primarily reflect exploratory statistical associations 
rather than absolute empirical kinetics or exhaustive 
source apportionments, environmental frameworks 
should prioritize flexible, tiered monitoring strategies. 
This approach balances immediate data-driven predictive 
screening with long-term mechanistic validation, 
safeguarding against premature or overly restrictive multi-
scale regulatory interventions based on localized modeling 
abstractions.

Simultaneously, this study opens up two clear 
directions for future scientific research. First, regarding 
methodology, future environmental ML research 
involving cross-regional data should treat the diagnosis of 
geographical bias as a necessary prerequisite to ensure the 
robustness and universality of model conclusions. Second, 
regarding source apportionment, in-depth follow-up 
research must be conducted on the petrochemical source 
identified in this study. Future work should focus on: (i) 
Sampling in a broader range of petrochemical parks to 
verify the universality of this issue; and (ii) identifying, 
through mechanistic research, which specific processes 
in petrochemical production (e.g., catalysis, synthesis, 
additive mixing) lead to the release of Cl-OPEs.

4. Conclusion
Focusing on the source apportionment of driving factors 
for Cl-OPEs pollution in industrial soils, this study 

Table 7. Congener-specific concentration profiles and environmental pollution characteristics of OPEs in the petrochemical study 
area

Organophosphate ester (OPE) 
subclass

Quantified congeners identified in 
this study Concentration (ng·g−1) Primary environmental behavior and 

pollution implication

Chlorinated OPEs Tris(3-chloropropyl) phosphate, tris(2-
chloroethyl) phosphate 200

Exceptional persistence; low Koc values 
driving high vertical mobility into the 0–3 m 
deep soil profile

Alkyl OPEs
Tributyl phosphate (dominant 
category), tris(2-butoxyethyl) 
phosphate

505 High industrial usage as solvents/defoamers; 
acts as the primary mass burden contributor

Aryl OPEs

Diethyl-3-hydroxyphenyl phosphate, 
diethyl-2-hydroxyphenyl phosphate, 
diphenyl phosphate, triphenyl 
phosphate

93
High affinity for soil organic matter; limited 
migration potential, but possesses latent 
endocrine-disrupting risks
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successfully constructed and validated an ML method 
that circumvents geographical bias. Methodologically, 
this study confirmed that geographical bias is a key pitfall 
in ML-based environmental source apportionment and 
proposed an effective diagnose-and-remove solution. The 
constructed de-geographicalized RF model demonstrated 
extremely high prediction accuracy (test set R2 = 0.90) 
and strong generalization ability (homoscedastic, 
unbiased residuals), proving the robustness of the method. 
Regarding driving factor identification, the model provided 
strong quantitative evidence that E-waste processing is 
the primary driver of Cl-OPEs pollution. Its importance, 
combined with the complexity of pollution sources (OPE 
types), determines the Cl-OPE pollution level, while the 
contributions of other industrial types and seasonal factors 
are statistically negligible. Regarding pollution source 
exploration, this study provided preliminary evidence 
through an empirical case study indicating that the 
petrochemical industry (petrochemical) is a previously 
underestimated, important potential pollution source. 
The Cl-OPEs concentration at the petrochemical site was 
significantly higher than at traditional manufacturing, 
providing an important new perspective for updating the 
Cl-OPEs pollution source inventory and risk control. In 
summary, this study not only provides a rigorous method 
for avoiding bias in environmental ML but also, through 
the dual pathways of model validation and empirical 
findings, provides key scientific bases for the precise 
source apportionment of Cl-OPEs (which should focus 
on E-waste) and future research (which should include the 
petrochemical industry).
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Appendix

A1. Theoretical background and operational principles of candidate machine learning regressors

The working principles of these models are distinct. Support vector regression is a regression method based on support 
vector machine principles, whose core idea is to construct an optimal hyperplane in a high-dimensional feature space that 
minimizes error across all sample points. In contrast, K-nearest neighbors is an instance-based, non-parametric method 
that does not build an explicit functional model; instead, it makes predictions by averaging the K nearest neighbors of 
the test sample in the training dataset. Random forest is a powerful ensemble learning method that builds and combines 
multiple independent decision trees for prediction, effectively reducing the risk of overfitting associated with a single 
decision tree and enhancing model stability. This study will compare the performance of these four models in predicting 
Cl-OPEs concentration to select the optimal model.
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