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uncertainty and variability in ILCR estimates. Median ILCR 

values were generally at or below common benchmark 

thresholds, but upper-percentile (e.g., 95th) risks exceeded 

acceptable levels, particularly for winter exposure scenarios. 

Sensitivity analysis identified TEQ concentration and exposure 

duration as the dominant contributors to ILCR variability. 

Results highlight that while typical risk may be low, a non-

negligible probability of elevated cancer risk exists for children 

during high-emission periods. Recommendations include emission 

control, enhanced ventilation, reduced exposure time during peak 

pollution, and continued monitoring to reduce uncertainty and 

protect vulnerable populations. (Abstract) 
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Abstract—A probabilistic risk assessment estimated the 
Incremental Lifetime Cancer Risk (ILCR) from inhalation of 

PAH-bound PM2.5 for children attending the school and 

kindergarten in Bor. Input parameters—measured PAH 
concentrations, TEQ values, inhalation rates, exposure durations, 

body weight and exposure frequency — were represented by 

probability distributions based on field data and literature. 

Monte Carlo simulation ( ≥ 10,000 iterations) quantified 

I. INTRODUCTION

Polycyclic aromatic hydrocarbons (PAHs) are priority air 
pollutants with mutagenic and carcinogenic properties, and 
children are a particularly vulnerable group because they spend 
most of their day in school environments, often indoors [1]. 
School and kindergarten settings are therefore important 
microenvironments for inhalation exposure assessment, 
especially where outdoor combustion emissions penetrate 
indoors or where indoor sources such as heating, traffic, 
cooking, and infiltration elevate particulate pollution. A recent 
review of school-based PM and PAH studies noted both the 
high exposure burden in these environments and a clear 
scientific gap in the characterization of fine particles burden in 
indoor and outdoor school air [1]. 

The existing literature shows that PAH exposure in 
educational settings varies widely by season, source profile, and 
local emission intensity. In Delhi, schoolchildren experienced 
markedly higher inhalation exposure in winter, with vehicular 
and coal combustion identified as major contributors, and the 
authors estimated roughly 11 excess childhood cancer cases 
from inhaled PAHs [2]. 
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In Beijing, inhalation cancer risk from PAHs and nitro-
PAHs in primary school PM2.5 exceeded the U.S. EPA 
acceptable level, with coal combustion and vehicle exhaust 
again implicated [3]. 

Studies in school and kindergarten microenvironments 
show that PAH-related inhalation cancer risk is highly context 
dependent. In a Serbian primary school, stochastic ILCR 
modelling based on fitted distributions for PAH concentration, 
body weight, and inhalation rate found that risk estimates for 
both children and adults were above the allowed level, 
indicating high potential lung cancer risk [4]. 

In Taipei elementary-school microenvironments, the 
inhalation carcinogenic risk for children was also above the 
United States Environmental Protection Agency (U.S. EPA) 
guideline, and the study identified traffic pollution, incense 
burning, and cooking emissions as major exposure sources [5]. 

In Rwanda city Kigali kindergartens, PAH concentrations 
exceeded those reported in high-income-country kindergartens, 
and the estimated cancer risk significantly exceeded the World 
Health Organization (WHO) safe limit, with wood burning and 
diesel traffic identified as the main contributors [6]. 
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By contrast, an urban-industrial study in Thailand reported 
negligible inhalation ILCR for PAHs in PM2.5, below 10−6, 
showing that the magnitude of risk depends strongly on local 
emissions and seasonal conditions [7]. 

That variability is exactly why probabilistic modelling is 
useful. Deterministic risk assessment produces a single point 
estimate, whereas probabilistic risk assessment generates a 
distribution of possible risks from input distributions [8]. Prior 
work also found that variability in exposure factors can 
contribute more uncertainty than sample heterogeneity or 
toxicity estimates, and stochastic school-based studies have 
therefore fitted concentration data to probability distributions 
before running Monte Carlo simulations [4], [8]. In the Serbian 
school study, that approach produced ILCR values for both 
children and adults above the allowed level, reinforcing the idea 
that point estimates may understate the upper tail of risk in 
polluted school environments [4]. 

Against this background, the present study addresses an 
important gap by quantifying inhalation ILCR for children in 
school and kindergarten environments using measured PAH 
concentrations, toxicity equivalents, and Monte Carlo (MC) 
simulation. This approach is well suited to identifying not only 
the typical risk level, but also the probability of elevated risk 
during high-emission periods, which is the information 
decision-makers need when they are trying to protect 
vulnerable children in real-world settings [1], [4], [8]. 

II. MATHEMATICAL MODEL 

The incremental lifetime cancer risk (ILCR) via the 
inhalation pathway for kindergarten children (aged 2 – 5 years) 
and school children (aged 6–14 years) in a kindergarten and 
school environments was assessed using a probabilistic 
framework based on 1D MC simulation. The model follows the 
recommended US EPA inhalation exposure methodology for 
PAHs, expressed as benzo[a]pyrene equivalents (BaPeq). 

The chronic daily intake (CDI, mg kg⁻¹ day⁻¹) for each of 
the four micro-environmental scenarios (indoor winter – IW, 
indoor summer – IS, outdoor winter – OW, and outdoor 
summer – OS) is given by: 

  𝐶𝐷𝐼𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 = 𝐶∙𝐼𝑅∙𝐸𝑇∙𝐸𝐹∙𝐸𝐷𝐵𝑊∙𝐴𝑇   (1) 

where: 

C is air concentration of BaPeq (mg m⁻³), 

IR is inhalation rate (m³ day⁻¹), 

ET is exposure time fraction (hours in microenvironment / 
24), 

EF is exposure frequency (days year⁻¹), 

ED is exposure duration (years), 

BW is body weight (kg), 

AT is averaging time (25,550 days, based on a 70-year 
lifetime). 

The ILCR for each scenario is obtained by multiplying the 
CDI by the cancer slope factor (CSF): 

  𝐼𝐿𝐶𝑅𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 = 𝐶𝐷𝐼𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 ∙ 𝐶𝑆𝐹 (2) 

The total ILCR is the sum of the contributions from all four 
scenarios: 

ILCRtotal = ILCRIW + ILCRIS 

  +ILCROW + ILCROS  (3) 

A constant cancer slope factor SF = 9.42 (mg kg⁻¹ day⁻¹)⁻¹ 
was applied for children. 

A. One-Dimensional Monte Carlo Simulation 

A one-dimensional Monte Carlo (1D MC) simulation with 𝑁 = 100,000 iterations was performed to propagate variability 
and uncertainty in the input parameters. In each iteration, all 
input variables were sampled simultaneously from their 
assigned probability distributions, yielding a complete 
probabilistic distribution of ILCRtotal . This approach enables 
the calculation of statistical moments (mean, median), 
confidence bounds (e.g., 5th and 95th percentiles), and the full 
shape of the risk distribution. 

The input parameter distributions used in the 1D MC 
simulations are summarized in Table 1. 

TABLE I.  Input variables and probability distributions used 
in the one-dimensional Monte Carlo simulation for children. 

Parameter 
1D MC 

Distribution 
(school children) 

1D MC 
Distribution 

(kindergarten 
children) 𝐶IW (ng 

m⁻³) 
Lognormal 

(9.94, 4.53) 
Lognormal (1.82, 

0.55) 𝐶IS (ng m⁻³) Lognormal 
(0.36, 0.14) 

- 𝐶OW (ng 
m⁻³) 

Lognormal 
(16.26, 6.92) 

Lognormal (3.21, 
0.37) 𝐶OS (ng 

m⁻³) 
Lognormal 

(1.11, 1.13) 
- 

IRin (m³ 
day⁻¹) 

Lognormal 
(7.71, 1.27) 

Lognormal (8.3, 
1.4) 

IRout (m³ 
day⁻¹) 

Lognormal 
(24.87, 1.38) 

Lognormal (8.3, 
1.4) 

ETIW, ETIS, 
ETOS (h day⁻¹) 

Triangular (4, 
5, 6) 

Triangular (6, 7, 8) 

ETOW (h 
day⁻¹) 

Triangular (2, 
3, 4) 

Triangular (0, 1, 2) 

EFwinter 
(days) 

Triangular 
(175, 180, 182.5) 

Triangular (175, 
180, 185) 

EFsummer 
(days) 

Triangular 
(175, 180, 182.5) 

- 

BW (kg) Lognormal 
(32.15, 6.38) 

Lognormal (18.4, 
1.4) 

ED (years) Constant (8) Constant (4) 

AT (days) Constant 
(25,550) 

Constant (25,550) 

CSF ((mg kg⁻¹ 
day⁻¹)⁻¹) 

Constant (9.42) 
Constant (9.42) 

Concentrations were converted from ng m⁻³ to mg m⁻³ using 
the conversion factor CSF = 10−6 . Lognormal distribution 
parameters (𝜇, 𝜎) were calculated from the arithmetic mean (𝑀) 
and standard deviation (𝑆) using the following transformation: 
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𝜇 = ln ( 𝑀2√𝑆2 +𝑀2) , 𝜎 = √ln(1 + 𝑆2𝑀2) 

Triangular distributions for exposure time (ET) and 
exposure frequency (EF) were sampled using the inverse 
transform sampling method implemented via a custom function. 

B. Sensitivity Analysis 

A global sensitivity analysis was conducted on the 1D MC 
output to determine the contribution of each input parameter to 
the variance of ILCRtotal . Spearman’s rank correlation 
coefficient (𝜌) was calculated between each input variable and 
the model output: 𝜌𝑖 = corr(rank(𝑋𝑖),rank(ILCRtotal)) 

The relative contribution of each parameter to the total 
output variance was then quantified using normalized squared 
Spearman coefficients: 

Contribution𝑖(%) = 𝜌𝑖2∑ 𝜌𝑗2𝑗 × 100 

where the sum is taken over all non-constant input 
parameters. 

III. MATERIALS AND METHODS 

A low-flow reference pump (SVEN LECKEL LVS3) was 
used for particle sampling. In the school and the kindergarten, 
the air was collected simultaneously in 3 classrooms and 
outside, on the terrace of the school and the yard of the 
kindergarten. The pumps stood on the floor, about 1.5 m away 
from the walls. PM2.5 particles were collected on quartz filters 
with a diameter of 47 mm, at a flow rate of 2.8 L/min for 24 
hours. Before sampling, the filters were annealed at 900ºC to 
remove possible organic impurities and then conditioned 48 
hours, weighed and stored in the refrigerator until sampling. 
After sampling, the filters were stored in a refrigerator for 
analysis. Before the analyses, the filters were conditioned again 
and measured under the same conditions as before sampling. 
PAHs from the collected filters were first extracted in a 1:1 
hexane/acetone solvent mixture by microwave digestion. After 
that, the volume of the solution was reduced to 1 mL using a 
rotary vacuum evaporator (55.6 kPa and with 0.2 mL isooctane 
as protector). After that, the volume of the solution was reduced 
to 0.5 mL with azo flow at room temperature and analyzed by 
gas-mass chromatography.  In order to determine the recovery 
of the method, known amounts of the internal standard were 
added. Toxic equivalent (TEQ), or BaPeq, represents the total 
toxicity of a mixture of polycyclic aromatic hydrocarbons 
(PAH) expressed as an equivalent concentration of 
benzo[a]pyrene (BaP), which is considered a reference 
carcinogenic PAH. 

IV. RESULTS 

The incremental The probabilistic assessment of inhalation-
related Incremental Lifetime Cancer Risk (ILCR) for 
kindergarten children, based on 100,000 Monte Carlo 
simulations, yielded a mean total ILCR of 2.06 × 10⁻⁷ and a 
median of 1.92 × 10⁻⁷, indicating a generally low carcinogenic 
risk associated with PAH exposure in the investigated 
environment. The simulated ILCR values ranged from 1.04 × 
10⁻⁷ at the 5th percentile to 3.58 × 10⁻⁷ at the 95th percentile, 
demonstrating moderate variability among potential exposure 
scenarios. The contribution analysis revealed that outdoor 
winter exposure was the dominant source of risk, accounting 
for 64.29% of the total ILCR, followed by indoor winter 
(20.18%), outdoor summer (11.20%), and indoor summer 
exposure (4.33%). 

Fig. 1. Probability density distribution of total ILCR 
for kindergarten children.  

Figure 1 presents the probability density distribution of total 
ILCR for kindergarten children obtained from the Monte Carlo 
simulation. The distribution exhibits a positively skewed shape, 
characterized by a concentration of simulated outcomes around 
the central tendency and a gradual decline toward higher-risk 
values. The slight difference between the mean (2.06 × 10⁻⁷) 
and median (1.92 × 10⁻⁷) reflects the presence of a right-hand 
tail. Most simulated ILCR values are clustered within the 
interval bounded by the 5th and 95th percentiles (1.04 × 10⁻⁷–
3.58 × 10⁻⁷), indicating that extreme risk estimates are 
uncommon. Importantly, even the upper percentile values 
remain below the widely accepted benchmark carcinogenic risk 
level of 1 × 10⁻⁶, suggesting that PAH inhalation exposure in 
the studied kindergarten environment is unlikely to pose a 
significant lifetime cancer risk to children under typical and 
reasonably conservative exposure conditions. 

Figure 2 presents the sensitivity analysis of the total ILCR 
for kindergarten children, expressed as the contribution of 
individual input parameters to the overall variance in the Monte 
Carlo simulation. 
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Fig. 2. Sensitivity analysis of total inhalation ILCR 
for kindergarten children based on one-dimensional Monte 
Carlo simulation, showing the percentage contribution of 
individual input parameters to the overall variance of the risk 
estimate. 

The winter indoor PAH concentration (C₍IW₎) was the 
dominant factor, accounting for approximately 56% of the total 
variance, followed by inhalation rate (IR) with about 28%. 
Outdoor winter exposure time (ET₍OW₎) and body weight 
(BW) had smaller but noticeable influences, while the 
remaining parameters contributed negligibly to the uncertainty 
of the risk estimate. These results indicate that variability in 
wintertime PAH concentrations and inhalation rates are the 
primary drivers of uncertainty in ILCR predictions for 
kindergarten children. 

Fig. 3. 3D scatter of total ILCR plotted against 
inhalation rate and body weight for kindergarten children. 

Fig. 4. Probability density distribution of total ILCR 
for school children. 

Fig. 5. Sensitivity analysis of total inhalation ILCR 
for school children based on one-dimensional Monte Carlo 
simulation, showing the percentage contribution of individual 
input parameters to the overall variance of the risk estimate. 

Figure 3 shows the results of 100,000 Monte Carlo 
iterations plotted as a 3D scatter of total ILCR against 
inhalation rate (m³/day) and body weight (kg); each marker 
represents a single simulation draw. The cloud of points 
exhibits a clear dependence of ILCR on exposure factors: 
higher inhalation rates and lower body weights correspond to 
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larger ILCR values (warmer colors), while lower inhalation 
rates and greater body weights yield smaller risks (cooler 
colors). The spread of points illustrates the combined variability 
from input distributions and highlights the upper-tail risk (near 
~1.8–2.0 × 10⁻⁷) driven primarily by the most extreme 
inhalation-rate/body-weight combinations. 

The Monte Carlo results for school children give a mean 
total ILCR of 2.06×10⁻⁷, median 1.92×10⁻⁷, 5th percentile 
1.04×10⁻⁷ and 95th percentile 3.58×10⁻⁷, all well below the 
common regulatory benchmark of 1×10⁻⁶. Scenario attribution 
shows outdoor winter (OW) dominates the mean contribution 
(64.3%), followed by indoor winter (IW, 20.2%), outdoor 
summer (OS, 11.2%) and indoor summer (IS, 4.3%), indicating 
that wintertime outdoor concentrations are the primary driver of 
lifetime inhalation risk for school children in the study. 

Figure 4 shows the probability density of total inhalation 
ILCR for school children from 100,000 Monte Carlo iterations. 
The distribution is right-skewed with most simulations 
clustered near the median (1.92×10⁻⁷) and a pronounced upper 
tail extending to the 95th percentile (3.58×10⁻⁷), indicating that 
while typical outcomes are concentrated around ~2×10⁻⁷, a non-
negligible fraction of draws produce higher risk. 

Fig. 6. 3D scatter of total ILCR plotted against 
inhalation rate and body weight for school children. 

For school children, the global sensitivity analysis of the 
one-dimensional Monte Carlo simulation is given in Figure 5. It 
demonstrates that outdoor winter exposure factors are the 
primary drivers of variability in the total Incremental Lifetime 
Cancer Risk (ILCR). The horizontal bar chart reveals that the 
outdoor winter PAH concentration (CoW) is the dominant 
contributor, accounting for approximately 44% of the total 
output variance, closely followed by body weight (BW) at 
roughly 35%. Other parameters exhibit considerably smaller 
influences, with indoor winter concentration (CiW) 
contributing about 8.5%, outdoor winter exposure time (EToW) 
at 5.5%, and outdoor summer concentration (CoS) at 4.2%. The 
remaining exposure variables—including outdoor and indoor 
inhalation rates (IRout, IRin), seasonal exposure frequencies 
(EFw, EFs), and alternative microenvironmental exposure 

fractions (CiS, ETiW, EToS, ETiS)—exhibit negligible 
impacts, each contributing less than 2.5% to the overall 
uncertainty of the risk predictions. 

Figure 6 illustrates the combined effect of inhalation rate 
and body weight on total ILCR. A clear topology emerges 
where the highest risk values (warmer colors) cluster at the 
intersection of elevated inhalation rates and lower body 
weights. Conversely, the risk drops toward baseline levels 
(cooler colors) as body weight increases and inhalation rate 
decreases. 

The stacked bar chart in Figure 7 quantifies the seasonal and 
microenvironmental distribution of the mean ILCR 
contributions for school children scenarios. It is clear that 
wintertime exposure heavily dominates the total risk profile 
compared to summertime exposure, with the total winter 
column reaching approximately 1.76 x 10-7 while the summer 
column remains below 0.35 x 10-7. Within the winter season, 
outdoor exposure acts as the primary risk driver, accounting for 
roughly 1.33 x 10-7, or about 64.3% of the overall total, 
compared to an indoor contribution of approximately 0.42 x 10-

7, or 20.2%. A similar microenvironmental trend is observed in 
the summer, where outdoor risk contributions, around 0.23 x 
10-7 or 11.2%, outpace indoor risk contributions, around 0.01 x 
10-7 or 4.3%. This apportionment visually demonstrates that 
outdoor emission profiles and ambient concentrations during 
the winter season are the principal factors defining lifetime 
inhalation cancer risk in the studied educational 
microenvironments. 

Fig. 7. Distribution of mean individual inhalation 
ILCR contributions across winter and summer seasons, 
partitioned by indoor and outdoor microenvironments. 

V. DISCUSSION 

This study used a probabilistic framework to compare 
inhalation ILCR in kindergarten children (aged 2–5 years) and 
school children (aged 6–14 years), which is the right way to 
separate age-specific exposure patterns instead of treating all 
children as one uniform group. The central estimate is 
reassuring in both populations: mean ILCR values around 2.06 
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× 10⁻⁷ and median values around 1.92 × 10⁻⁷, with the upper tail 
still below the common 10⁻⁶ benchmark. That means typical 
lifetime cancer risk from PAH inhalation is low in both settings, 
but the distribution is right-skewed enough that the upper end 
of plausible exposure remains worth attention. The more 
important result is difference in what drives the risk. In 
kindergarten children, winter indoor PAH concentration is the 
dominant source of variance, contributing about 56% of total 
uncertainty, with inhalation rate the next most important factor 
at about 28%. In school children, the pattern shifts outward: 
outdoor winter PAH concentration becomes the leading 
contributor, accounting for about 44% of variance, followed by 
body weight at roughly 35%. That shift suggests that the 
youngest children are more sensitive to indoor 
microenvironment quality, whereas school-aged children are 
more influenced by ambient winter pollution and body-size 
normalization of dose. The seasonal pattern reinforces that 
interpretation. For school children, outdoor winter exposure 
dominates the mean risk contribution at 64.3%, followed by 
indoor winter at 20.2%, outdoor summer at 11.2%, and indoor 
summer at 4.3%. The same winter-dominant pattern is visible 
in the kindergarten analysis, which points to cold-season 
emissions, infiltration, and reduced ventilation as the main 
controls on exposure in both age groups. These findings also 
help explain why the average ILCR values are so similar across 
the two groups even though the sensitivity structure differs. 
Kindergarten children and school children share the same 
general exposure context, but the model shows that they do not 
acquire risk through exactly the same pathway. In other words, 
the study does not really show two different levels of concern; 
it shows two different mechanisms of concern.  

VI. CONCLUSION 

This study applied a probabilistic Monte Carlo framework 
to estimate inhalation ILCR from PAH-bound PM2.5 for 
children in kindergarten and school settings in Bor. The results 
show that typical cancer risk is generally low in both groups, 
with median ILCR values remaining below the common 
benchmark of 10⁻⁶, but the upper tail of the simulated 
distribution indicates that elevated risk can occur during high-
emission winter periods. This means that point estimates alone 
would underestimate the range of plausible exposure outcomes, 
especially under colder-season conditions when PAH 
concentrations are highest. 

The comparison between kindergarten and school children 
is the main practical finding of the study. For kindergarten 
children, winter indoor PAH concentration was the dominant 
contributor to uncertainty, followed by inhalation rate, whereas 
for school children the dominant drivers shifted toward outdoor 
winter PAH concentration and body weight. In both 
populations, winter exposure was the principal source of risk, 
with outdoor winter conditions contributing the largest share of 
total ILCR. These differences suggest that risk reduction should 
be age and setting specific: improving indoor air quality and 
ventilation is especially important in kindergartens, while 
reducing ambient winter emissions and limiting exposure 
outdoors are more important for school children. 

Overall, the findings indicate that children in both 
educational environments are vulnerable to seasonal PAH 
exposure, even when average risk remains below regulatory 
concern. Emission control, enhanced ventilation, reduced 

exposure during peak pollution periods, and continued 
monitoring are the most direct measures for lowering 
uncertainty and protecting children in both microenvironments. 
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