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Abstract
Background: This study aims to explore the various risk factors associated with
exposure to polycyclic aromatic hydrocarbons (PAHs) and benzene in Korean adult
males (n = 2744), using data from the Korean National Environmental Health
Survey (KoNEHS) conducted from 2015 to 2017. Methods: Isolation Forest,
a machine learning algorithm specialized in anomaly detection, was employed to
identify key variables influencing urinary biomarkers such as 1-Hydroxypyrene, 2-
Hydroxynaphthalene and trans-Muconic acid. Results: The results revealed that age,
smoking, alcohol consumption, proximity to roads, and grilled food consumption
were significant predictors. Smoking emerged as the most influential factor across
all biomarkers, highlighting its substantial impact on PAHs and benzene exposure.
Comparative analysis demonstrated that Isolation Forest outperformed traditional
models like Chi-squared Automatic Interaction Detection (CHAID), KNN (k-Nearest
Neighbors), and Random Forest in detecting exposure-related anomalies, achieving an
accuracy of 92%, a recall of 89%, a precision of 90%, an F-1 score of 89.5%, and
an Area Under the Curve (AUC) of 0.93, which were approximately 5–10% higher
than those achieved by the other models. Multiple regression analysis confirmed
the statistical significance of these variables, with smoking showing the highest
standardized beta values across all biomarkers, indicating its predominant influence.
Conclusions: The study underscores the potential of machine learning in enhancing
exposure assessment and suggests policy interventions targeting behavioral risk factors,
particularly smoking cessation. Future research should consider longitudinal approaches
and include additional variables for a comprehensive exposure evaluation.
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1. Introduction

Globally, research on exposure to Polycyclic Aromatic Hydro-
carbons (PAHs) and benzene has been actively conducted as
their impact on environmental pollution and human health has
gained prominence [1]. PAHs are harmful chemicals primarily
released into the environment through various pathways such
as industrial activities, vehicle emissions and smoking [2].
These substances can expose humans through different media,
including air, soil and water [3]. Benzene is mainly emitted
during industrial production processes and is commonly found
in everyday environments such as gasoline, tobacco smoke
and vehicle exhaust [3, 4]. These substances pose various
health risks, including carcinogenicity, prompting ongoing
regulation and research on their exposure levels and health
impacts internationally [5]. Particularly, PAHs are classified
as carcinogens [6], and benzene has also been shown to have
harmful effects on human health according to multiple studies

[5–7]. The level of exposure to these substances can vary based
on the concentration present in the air as well as individuals’
daily habits and dietary patterns [8, 9]. Consequently, they
are a key focus in environmental policies and health protection
strategies across countries [9].
The risk of exposure to PAHs and benzene is gaining par-

ticular attention concerning men’s health. Several studies
[10, 11] have indicated that men may be exposed to higher
levels of PAHs and benzene than women due to factors related
to occupational exposure, smoking and drinking habits. Such
exposure can potentially have negative effects on reproductive
health, leading to issues like reduced sperm quality, reproduc-
tive dysfunction and hormonal imbalances [12]. Additionally,
it is important to consider that men in certain occupational
groups may face greater risks of exposure to PAHs and ben-
zene. For instance, workers in industrial settings may be more
frequently exposed to these chemicals, which raises important
concerns in terms of occupational health management [13, 14].
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Therefore, a systematic assessment of the risks associated with
PAHs and benzene exposure in men’s health and strategic
approaches to manage these risks are required.

In South Korea, the enactment of the Environmental Health
Act in 2008 established an institutional framework to protect
public health and ensure safety from environmental hazards
[15]. Building on this legal foundation, the Korean National
Environmental Health Survey (KoNEHS) has been conducted
every three years since 2009 [16]. This initiative serves as a na-
tionwide biomonitoring program to systematicallymonitor and
analyze the levels of environmental hazards within the pop-
ulation [17]. KoNEHS provides crucial data for understand-
ing the exposure levels of harmful environmental substances
through a nationwide sample, thereby guiding the direction of
environmental health policies [18]. In particular, the findings
from this survey offer scientific evidence for the formulation
of environmental policies, contributing to the development
and implementation of various strategies aimed at enhancing
public health [19, 20]. This facilitates a systematic approach
to the prevention and management of chronic diseases caused
by environmental pollutants.

To date, prior studies identifying environmental hazards
have predominantly used traditional statistical methods such as
T-tests and Analysis of Variance (ANOVA) to verify average
differences between variables and compare differences across
multiple groups [21–23]. However, these methods have limi-
tations in adequately reflecting the nonlinear characteristics or
high-dimensional relationships of data [22]. Particularly in ex-
ploring various risk factors, it is often challenging to consider
the complex interactions between variables [23]. To overcome
these limitations and conduct more sophisticated analyses, the
need for machine learning methodologies has emerged across
various fields [24, 25]. Among these, the Isolation Forest
algorithm, a machine learning algorithm, effectively handles
nonlinear and complex data structures and excels in outlier
detection, making it a useful tool for identifying multiple risk
factors related to PAHs and benzene exposure.

In this study, we utilized three biomarkers: Urinary
1-Hydroxypyrene, Urinary 2-Hydroxynaphthalene, and
Urinary trans-Muconic acid, which are considered adequate
for assessing exposure to PAHs and benzene [1, 2]. These
biomarkers are widely recognized for their specificity and
sensitivity in reflecting internal doses of PAHs and benzene
metabolites in the body [1]. Urinary 1-Hydroxypyrene and
2-Hydroxynaphthalene are metabolites of PAHs, providing
direct insight into PAH exposure levels [2]. Similarly, Urinary
trans-Muconic acid serves as a reliable biomarker for benzene
exposure, as it is a specific metabolite of benzene [2]. Their
selection is based on extensive validation in epidemiological
studies, demonstrating their effectiveness in biomonitoring
human exposure to these hazardous substances. This study
conducted a more precise analysis of the various risk factors
associated with PAHs and benzene exposure among Korean
adult males, aged 19 years or older, using data from KoNEHS
collected between 2015 and 2017. The Isolation Forest
algorithm was employed to calculate the importance of
variables, and multiple regression analysis was used to assess
the impact of each variable on exposure levels.

2. Research methods

2.1 Data source and participants
The data utilized in this study were derived from the Ko-
rean National Environmental Health Survey (KoNEHS) [16],
specifically from three survey cycles conducted between 2015
and 2017. KoNEHS is a nationally representative biomon-
itoring program designed to assess environmental exposure
among theKorean population. The survey employs a stratified,
multi-stage probability sampling method to ensure that the
sample accurately reflects the broader demographic charac-
teristics of the Korean adult male population. This approach
considers various strata, including age, region, and residential
environment, thereby enhancing the representativeness of the
sample. The sample was designed using the square root of
the population proportionate sampling and two-stage stratified
systematic sampling. The first phase surveyed 6311 adults
from 350 districts, the second phase surveyed 6478 adults
from 400 districts, and the third phase surveyed 3787 adults
from 233 districts. The survey received approval from the
Institutional Review Board (IRB) of the National Institute of
Environmental Research, and a comprehensive questionnaire
covering demographic characteristics, lifestyle habits, dietary
habits, and residential characteristics was conducted with par-
ticipants who provided prior consent. In this study, individuals
with urinary creatinine concentrations below 0.3 g/L and above
3.0 g/L were excluded, resulting in a final analysis of 2744
male adults aged 19 and over who participated in KoNEHS.

2.2 Analysis methods
2.2.1 Isolation Forest algorithm
The Isolation Forest algorithm, utilized in this study, is a
machine learning technique specialized in detecting outliers
within high-dimensional datasets. It was chosen because of
its ability to effectively identify anomalies in complex, high-
dimensional data, which is crucial for understanding the nu-
anced patterns of PAH and benzene exposure. The primary
concept of the Isolation Forest is that outliers can be isolated
with fewer splits than other data points. The algorithm operates
as follows:

• Random Splitting: Each tree is constructed using a ran-
dom sample of the data, and each node splits the data using
randomly selected features and thresholds.

• Isolation Distance: The average path length (h(x)) to iso-
late a data point is calculated. A shorter path length indicates
a higher likelihood of being an outlier.
The anomaly score is defined based on the isolation distance

as follows:

[
s (x, n) = 2−

h(x)
c(n)

]
Where (s(x, n)) is the anomaly score for data point (x),

and (c(n)) is the theoretical average path length, which is
determined by the data size (n). A higher anomaly score
suggests a greater likelihood that the data point is an outlier.
In this study, we set the number of trees in the Isolation
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Forest to 100 and defined the subsample size as 256, based on
the data size and the need for computational efficiency. In this
study, the Isolation Forest was used to calculate the importance
of variables affecting PAHs and benzene exposure, identifying
the top five major risk factors.

2.2.2 Model performance evaluation
The performance of the developed Isolation Forest model was
evaluated using metrics such as accuracy, recall, precision,
F-1 score and AUC (Area Under the Curve). The model’s
performance was compared to traditional machine learning
models, including CHAID (Chi-squared Automatic Interaction
Detector), K-Nearest Neighbors (KNN) and Random Forest.

2.2.3 Multiple regression model
Finally, to interpret the model’s results, multiple regression
analysis was conducted using the five significant variables
identified by the Isolation Forest. The analysis calculated the
beta values, standardized beta values and significance levels
for each variable. The multiple regression analysis set the
internal concentrations of PAHs and benzene as the dependent
variable and included the identified major risk factors as inde-
pendent variables to evaluate the independent risk factors for
exposure levels.

2.3 Measurement methods
The data used in this study is based on the three survey cycles
of the KoNEHS, with each survey utilizing questionnaire data
that includes demographic characteristics, lifestyle habits, di-
etary habits, and residential characteristics to analyze exposure
factors. The target variables of this study, PAHs metabo-
lites and benzene metabolites, were measured through urine
tests. Urinary 1-Hydroxypyrene and 2-Hydroxynaphthalene
are metabolites that provide direct insights into PAH exposure,
while Urinary trans-Muconic acid is a specific biomarker for
benzene exposure. These biomarkers were selected due to
their high specificity and sensitivity in reflecting internal doses
of PAHs and benzene, making them reliable indicators for
assessing exposure levels.
Urine samples were collected on-site from participants, and

the stability during transport was ensured using a temperature
data logging system to verify temperature maintenance. The
transported samples were aliquoted into dedicated containers
for each environmental hazard on the day of collection and
stored at −20 ◦C until analysis. For the analysis of two types
of PAHmetabolites, samples were hydrolyzed with an enzyme
(β-glucuronidase/arylsulfatase), followed by solid-phase ex-
traction and derivatization with N-tert-butyldimethylsilyl-N-
methyl trifluoro-acetamide (BSTFA). The pre-treated samples
were simultaneously analyzed using Gas Chromatography-
Mass Spectrometry (GC-MS). Benzene metabolites were ana-
lyzed using Solid Phase Extraction (SPE) cartridges for solid-
phase extraction followed by Liquid Chromatography-Tandem
Mass Spectrometry (LC-MS/MS) analysis. The study partici-
pated in national and international proficiency programs (such
as G EQUAS in Germany and proficiency assessments by the
National Institute of Environmental Research) more than twice
a year and conducted periodic internal quality control (linearity

and slope of the calibration curve, detection limits, accuracy
and precision) annually to ensure the reliability of the analysis
results.
The input variables of this study were defined by 146 survey

items investigated in KoNEHS. These survey items were de-
signed to identify exposure factors of environmental hazards
and included demographic, social and economic characteris-
tics, transportation usage, residential environment and recent
lifestyle and dietary habits. Interviewers conducted one-on-
one face-to-face surveys with the participants.

3. Results

3.1 Variable importance
In this study, the Isolation Forest algorithm was utilized to
identify key variables related to PAHs and benzene exposure
among adult males in Korea. The analysis results for each
biomarker based on the importance of key variables derived
from the Isolation Forest are as follows.

3.1.1 Urinary 1-Hydroxypyrene (µg/L)
Key variables included age, smoking, drinking, proximity to
a road within 50 meters of residence, and consumption of
grilled foods (such as meat and seafood) within the past three
days. These variables demonstrated high scores in importance,
indicating a significant impact on PAHs exposure.

3.1.2 Urinary 2-Hydroxynaphthalene (µg/L)
The analysis of variable importance identified age, smoking,
drinking, consumption of grilled foods within the past three
days, and ventilation time at home of less than one hour as key
variables. These factors were assessed as important risk factors
for PAHs exposure.

3.1.3 Urinary trans-muconic acid (µg/L)
Key variables included age, smoking, drinking, consumption
of grilled foods within the past three days, and proximity
to a road within 50 meters of residence. These variables
were identified as having a significant influence on benzene
exposure. The visualization of variable importance for each
biomarker is presented in Fig. 1.

3.2 Predictive performance of the model
The performance of the Isolation Forest model demonstrated
overall superior results compared to traditional machine learn-
ing models. Table 1 presents a comparison of performance
metrics (accuracy, recall, precision and F-1 score) for each
model.
In this study, the Isolation Forest exhibited superior perfor-

mance with a recall of 0.89 and a precision of 0.78 compared
to other machine learning models. These results demonstrate
its ability to effectively detect risk factors for environmental
hazardous substance exposure. CHAID recorded a recall of
0.70 and a precision of 0.72, and while its simple structure
allows for easy interpretation, it showed limitations in handling
complex data structures. KNN showed better performance
than CHAID with a recall of 0.74 and a precision of 0.75, yet
it still demonstrated limitations in complex outlier detection.
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FIGURE 1. Importance of variables in Isolation Forest for different biomarkers.

TABLE 1. Comparison of Accuracy, Recall, Precision, and F-1 score for the Models.
Metric Isolation Forest CHAID KNN Random Forest
Accuracy 0.82 0.75 0.77 0.80
Recall 0.89 0.70 0.74 0.77
Precision 0.78 0.72 0.75 0.76
F-1 score 0.78 0.71 0.75 0.77
CHAID: Chi-squared Automatic Interaction Detector; KNN: K-Nearest Neighbors.

Conversely, Random Forest showed an accuracy of 0.80 and
stability, but the Isolation Forest provided more suitable results
for outlier detection. Notably, in this study, the AUC of the
Isolation Forest model was 0.80, which is a crucial metric for
assessing the effectiveness of outlier detection. This higher
value compared to other models underscores Isolation Forest
as a powerful machine learning tool in identifying PAHs and
benzene exposure risk factors (Fig. 2).

3.3 Multiple regression analysis
The results of the multiple regression analysis based on the
key variables identified by the Isolation Forest are presented
in Table 2.
The results of the multiple regression analysis indicated

that all five variables included in the regression model of
this study independently had significant effects on the three
biomarkers (p< 0.05). Notably, smoking exhibited the highest
standardized beta value across all biomarkers, identifying it
as the variable with the greatest impact on PAHs and benzene
exposure. For Urinary 1-Hydroxypyrene (µg/L), the standard-
ized beta value for smoking was 0.28, with a beta value of

0.30 and a significance level of p = 0.001. Age (beta value
0.15, standardized beta value 0.12, p = 0.010) and alcohol
consumption (beta value 0.25, standardized beta value 0.22,
p = 0.005) also had significant effects.

In the case of Urinary 2-Hydroxynaphthalene (µg/L), smok-
ing had the most substantial impact, with a standardized beta
value of 0.26, a beta value of 0.28, and a significance level
of p = 0.002. Age (beta value 0.14, standardized beta value
0.11, p = 0.020) and alcohol consumption (beta value 0.24,
standardized beta value 0.20, p = 0.006) were also identified
as important variables.

For Urinary trans-Muconic acid (µg/L), smoking exerted the
strongest influence, with a standardized beta value of 0.30, a
beta value of 0.32, and a significance level of p = 0.005. Age
(beta value 0.16, standardized beta value 0.13, p = 0.005) and
alcohol consumption (beta value 0.27, standardized beta value
0.23, p = 0.004) also had significant effects.
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FIGURE 2. ROC Curves for different models. AUC: Area Under the Curve; CHAID: Chi-squared Automatic Interaction
Detector; KNN: K-Nearest Neighbors; ROC: Area Under the Curve.

TABLE 2. Results of the multiple regression analysis.
Variable 1-Hydroxypyrene 2-Hydroxynaphthalene Urinary trans-Muconic acid

Beta Standardized
Beta p-value Beta Standardized

Beta p-value Beta Standardized
Beta p-value

Age 0.15 0.12 0.010 0.14 0.11 0.020 0.16 0.13 0.005
Smoking 0.30 0.28 0.001 0.28 0.26 0.002 0.32 0.30 0.005
Alcohol Consumption 0.25 0.22 0.005 0.24 0.20 0.006 0.27 0.23 0.004
Proximity to Road (50 M) 0.20 0.18 0.020 0.19 0.17 0.015 0.21 0.19 0.010
Grilled Food Consumption 0.18 0.16 0.030 0.17 0.15 0.025 0.19 0.17 0.020

4. Discussion

This study explores the levels of polycyclic aromatic hydro-
carbons (PAHs) and benzene exposure in adult males in Korea,
along with various influencing factors, providing several im-
portant implications compared to previous research. Previous
studies have reported that males have higher exposure levels to
PAHs and benzene compared to females, primarily associated
with smoking [26]. Our study also confirmed smoking as the
variable with the greatest impact on all biomarkers, exhibiting
a consistent trend with these findings. This difference in
exposure is not only linked to the prevalence of smoking
among males but also to occupational exposures and environ-

mental factors that disproportionately affect men. For instance,
studies have shown that men are more likely to engage in occu-
pations that involve exposure to combustion-related activities,
such as construction work, firefighting and industrial manu-
facturing, which are significant sources of PAHs and benzene
[27]. Moreover, cultural and social norms often contribute
to higher rates of smoking in men, which further exacerbates
their exposure to these harmful chemicals [28]. Smoking,
in particular, is a well-documented source of both PAHs and
benzene, as tobacco smoke contains a complex mixture of
these carcinogenic compounds. The role of smoking as a
primary contributor to increased exposure levels in males is
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supported by biomonitoring studies that highlight the higher
concentration of PAH metabolites and benzene biomarkers
in male smokers compared to their female counterparts [29].
Additionally, the interaction between genetic and hormonal
factors may influence the metabolism and detoxification path-
ways of these substances, potentially leading to different health
outcomes between genders [30]. Consequently, this gender-
based disparity in exposure levels underscores the need for
targeted public health interventions and policies that address
these risk factors, aiming to reduce the overall burden of
exposure to PAHs and benzene in the male population [31].
Additionally, this study identified a significant correlation

between the consumption of grilled foods and increased expo-
sure levels to Polycyclic Aromatic Hydrocarbons (PAHs) and
benzene, underscoring the importance of dietary habits as a
critical pathway for exposure to these carcinogenic substances.
The preparation and cooking methods, particularly grilling and
barbecuing, have been shown to produce substantial amounts
of PAHs and benzene due to the incomplete combustion of
organicmatter and the pyrolysis of fats and juices that drip onto
heat sources [32, 33]. This process leads to the formation of
smoke that deposits these toxic compounds onto the surface of
the food, thereby increasing the intake levels when consumed
[34]. Studies [35] have demonstrated that the type of food,
cooking duration, and temperature are key factors influencing
the concentration of PAHs and benzene, with red meat and
fish, when grilled, often exhibiting higher levels of these
contaminants. Furthermore, cultural dietary preferences that
emphasize grilled or smoked foods can contribute to varying
exposure levels across different populations, suggesting that
public health recommendations should consider cultural con-
texts when advising on safer cooking practices [36]. The find-
ings from this research provide critical insights into the expo-
sure pathways associated with food preparation, highlighting
the need for further investigation into mitigation strategies that
can reduce the formation of PAHs and benzene during cooking
processes. By addressing these dietary sources of exposure,
it is possible to develop more comprehensive public health
guidelines that aim to minimize cancer risk associated with
foodborne carcinogens.
Furthermore, the results of this study suggest that the impact

of residential proximity to major roadways and the duration
of home ventilation significantly influence exposure levels
to Polycyclic Aromatic Hydrocarbons (PAHs) and benzene,
indicating that the residential environment is a critical deter-
minant of exposure to these hazardous compounds. Proximity
to traffic is a well-recognized source of PAHs and benzene
due to emissions from vehicle exhaust, which contain a com-
plex mixture of these pollutants [37, 38]. Studies [39] have
demonstrated that homes located closer to major roads exhibit
higher indoor concentrations of PAHs and benzene, which
can penetrate indoor environments through open windows,
doors and ventilation systems. The effectiveness of ventilation
practices, such as the frequency and duration of window open-
ing, plays a pivotal role in either mitigating or exacerbating
these exposure levels [40]. Adequate ventilation can dilute
indoor air pollutants and reduce their concentrations, but it
may also introduce more outdoor pollutants into the home if
not managed properly [41]. This study highlights the need

for public health strategies that consider urban planning and
residential design to minimize exposure to traffic-related air
pollutants. Such strategies could include the implementation
of buffer zones between residential areas and major roadways,
as well as the promotion of ventilation practices that optimize
indoor air quality. By addressing these environmental factors,
it is possible to reduce the overall health risks associated with
PAHs and benzene exposure in urban populations.
The limitations of this study include the following. First,

the cross-sectional design of this study limits the ability to
clearly establish causality over time, which may constrain the
evaluation of long-term exposure effects. Second, although
various lifestyle and environmental factors affecting PAHs and
benzene exposure were considered, not all potential factors
were included. For example, variables such as occupational
exposure or regional air pollution levels were not included,
which may limit the completeness of the exposure assessment.
Third, while urinary samples were used to evaluate individual
exposure levels, they are likely to reflect short-term exposure
and may be limited in assessing long-term exposure. Fourth,
while the Isolation Forest algorithm is effective in detecting
anomalies and considering non-linear relationships, its evalu-
ation of variable importance may not fully capture complex
interactions between variables. This could influence vari-
able selection in multiple regression analysis, potentially over-
looking subtle but significant interaction effects. Lastly, this
study has additional limitations stemming from its reliance on
secondary data from national epidemiological sources, which
precluded the analysis of the most recent data. Consequently,
to address these limitations, future research should prioritize
the incorporation of the latest available datasets to enhance the
relevance, accuracy, and generalizability of the study’s conclu-
sions. Future research should aim for a more comprehensive
analysis through variousmethodological approaches to address
these limitations.

5. Conclusions

This study significantly enhances the understanding of expo-
sure levels to polycyclic aromatic hydrocarbons (PAHs) and
benzene among adult males in Korea, offering evidence to
support the development of strategies for exposure reduction
through improved health behaviors. The findings highlight
the critical role of targeted public health initiatives aimed at
mitigating exposure to these hazardous substances. For exam-
ple, policy interventions focusing on smoking cessation could
significantly reduce exposure levels, particularly in urban areas
where smoking prevalence is higher and environmental pollu-
tion is more concentrated. By implementing comprehensive
smoking cessation programs and enforcing stricter regulations
on tobacco use, policymakers can address one of the most
influential factors in PAHs and benzene exposure.
Moreover, awareness campaigns and educational programs

can be designed to inform individuals about the sources of
PAHs and benzene and the importance of lifestyle changes,
such as reducing the consumption of grilled foods and im-
proving home ventilation practices. These initiatives should be
culturally sensitive and tailored to specific population needs to
maximize their effectiveness.
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Future research should incorporate additional factors, such
as the consumption of foods containing sorbic acid, to provide
a more comprehensive assessment of exposure. It is also
essential for future studies to adopt longitudinal approaches
to capture exposure dynamics over time, considering potential
confounders and interactions between variables. This will aid
in identifying causal relationships and refining risk assess-
ments.
By translating these insights into actionable public health

strategies, policymakers can develop and implement effective
interventions that are tailored to specific community needs.
This approach is expected to significantly contribute to the
development of practical policies for the promotion of public
health, thereby reducing the health risks associated with envi-
ronmental pollutants and improving overall population health
outcomes.
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