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Abstract
Currently used models in occupational exposure assessment are mostly mechanistic-based and their 
performance varies. The usage of more advanced modeling approaches such as machine learning (ML) or 
hybrid modeling approaches such as Bayesian Networks could improve accuracy of exposure predictions. 
Within this study, a case study was conducted where 5 different ML or hybrid modeling approaches were 
used to redevelop the “asbestos removal exposure assessment tool,” an existing mechanistic exposure 
model, and their performance was compared. Multiple Linear Regression, Random Forest, Gradient 
Boosting Machines, Bayesian Network, and Neural Network models were developed using the same 
dataset and model determinants used to develop the mechanistic model. Random Forest and Gradient 
Boosting Machines performed best with regards to accuracy, followed by Bayesian Network, Multiple 
Linear Regression, the original model, and Neural Network. Such models show a promise for the 
development of more accurate models, but their limitations need to be considered before they can be 
implemented in a regulatory context. For these models, a trade-off exists where transparency in decision- 
making is traded against accuracy. Hybrid models such as Bayesian Networks might be a solution for this 
trade-off as expert knowledge and data-driven approaches are combined in a transparent model.
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What’s important about this paper?

Advances in computational techniques, such as machining learning, may improve occupational exposure mod
eling, which has typically employed mechanistic or statistical models to date. This case study demonstrates that 
machining learning techniques were promising for making exposure models more accurate in their predictions. 
Applicability of such techniques within the field of occupational exposure modeling is discussed.
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Introduction
Under the European REACH regulation (EC 1907/2006), 
manufacturers and importers of chemical substances 
must conduct quantitative occupational exposure 

assessments for relevant exposure scenarios. These ex
posure assessments can be conducted using exposure 
measurements, or by the use of exposure modeling tools. 
Regulatory guidance (ECHA R14, EN 689) explicitly sup
ports the use of modeling, provided that the appropriate 
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and validated models are used. The significance of expos
ure modeling in workplace exposure assessment and 
management to ensure a reliable and efficient assess
ment is widely recognized (Fantke et al. 2022; Jones 
2022; Schlüter et al. 2022). However, with a growing num
ber of these models available the critical question is their 
reliability and validity (Fransman 2017; Spinazze et al. 
2019; Schlüter and Tischer 2020), as regulators and users 
depend on these models to make informed decisions 
about workers’ exposure. Previously, Tischer et al. 
(2017) described 3 key aspects of model evaluation: the 
conceptual evaluation (theoretical soundness of the 
model), external validation (alignment with measure
ment data or other models), and the operational analysis 
(between-user reliability).

In recent years, several studies have explored the 
evaluation of exposure models with a strong focus on ex
ternal validation (Landberg et al. 2017; Schlüter and 
Tischer 2020) and between-user reliability (Schinkel 
et al. 2014; Lamb et al. 2017). The performance of com
monly used REACH models such as ECETOC TRA, 
Stoffenmanager, and EMKG-EXPO has shown consider
able variability, either overestimating exposure severely, 
resulting in unnecessary burden, or underestimating ex
posure posing a potential exposure risk to workers 
(Schlüter and Tischer 2020).

As exposure modeling likely takes on an increasingly 
prominent role in regulatory decision-making, the field 
faces new challenges. In response to these challenges, 
the International Society of Exposure Science (ISES) 
Europe has outlined a strategy for improving exposure 
models over the next decade (Schlüter et al. 2022). This 
strategy emphasizes the need for model refinement, the 
development of new methodologies in order to extend 
the applicability domains of these models, and targeted 
research for understudied areas in occupational expos
ure modeling.

The application of advanced statistical models in pre
dictive chemical risk assessment has been increasing re
cently, eg for in application to real-time exposure studies 
(Patton et al. 2022), Bayesian based models for risk as
sessment in textile industry (Ak et al 2022) or the develop
ment of Trexmo+, which used ML algorithms to combine 
the output of ART, Stoffenmanager, and ECETOC TRA 
(Savic et al. 2020). Furthermore, the EFSA Roadmap for 
action on artificial intelligence (AI) in risk assessment 
and the Roadmap on aggregate exposure specifically 
mention the need for enhanced accuracy and reliability 
of exposure models, possible with the use of trustworthy 
AI deployment (PwC EU Services & Intellera Consulting 
2022; Lamon et al. 2024).

AI applications such as machine learning (ML) algo
rithms could be one of the solutions for these challenges, 

being able to handle large number of features and/or co
variates and identify complex and nonlinear patterns. 
Specifically, techniques such as data-driven ML models 
or hybrid modeling (combining ML models with expert 
knowledge) present a promising opportunity, particularly 
in reducing the under- and overestimations observed in 
the currently available models by capturing complex in
teractions not captured by traditional models. In this 
study, we explore how various types of ML algorithms 
could improve model predictions, and (briefly) their im
plications for regulatory risk assessment, which may con
tribute to the advancement of occupational exposure 
modeling. To this end, we use 5 different modeling tech
niques to create an exposure assessment model and 
compare them to each other and the current standard, 
the AREAT model (Franken et al. 2021).

Methods
Case study: asbestos removal 
exposure assessment tool
Following the conclusions of various validation studies 
(Schlüter and Tischer 2020) and the scientific support 
for the need for model improvement, combined with 
the rise of AI techniques such as ML or hybrid modeling, 
a case study was developed where an existing mechanis
tic model was redeveloped with the use of different hy
brid modeling and ML techniques. For this case study, 
the “asbestos removal exposure assessment tool” 
(AREAT) was selected due to the availability of a large 
measurement dataset with complete contextual informa
tion (Franken et al. 2021).

AREAT was developed to estimate the asbestos expos
ure risk based on context variables such as the type of 
material used, the activities done on the material and 
control measures engaged to reduce the asbestos expos
ure. The goal of AREAT is to provide an estimate of the 
level of asbestos workers are exposed to, based on a 
mechanistic model created with expert knowledge and 
calibrated with observed measurements.

The mechanistic model, as detailed in Franken et al. 
(2021), estimates a dimensionless score based on equa
tions (1) and (2):

Cnf = (Enf ∗Hnf ∗ Lcnf1 ∗ Lcnf2) ∗Dnf (1) 

Cff = (Eff ∗Hff ∗ Lcff1 ∗ Lcff 2) ∗Dff (2) 

Where E is the substance emission potential, defined by 
the product type (the matrix in which the asbestos is in
corporated), the sum of the concentrations of chrysotile 
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and amphibole fibers present in the material and the 
moisture content, H represents the activity emission po
tential, based on the type of activity involved to remove 
the asbestos product, Lc1 and Lc2 are local control meas
ures in place, and D is the dispersion based on the effect 
of the room size and the ventilation rate. C (where the 
subscripts nf and ff denote the near-field and far-field) 
are aggregated following equation (3):

Ct =
1

ttotal

􏽘

tasks
(texposure × (Cnf + Cff)) + tnonexposure × 0 (3) 

Here, Ct is the dimensionless score for the total exposure 
during the time t. The model was calibrated using the 
available measurements in a linear regression model 
which translates the dimensionless model scores to esti
mated fiber concentrations in #/m3 (equation (4)).

ln (γij) = β0j + β1 ∗ ln (Ct) + δj + εij (4) 

In equation (4), γij represents the estimated asbestos fi
ber concentrations, Ct is the log-transformed dimension
less score from equations (1) to (3). β0j is the intercept 
and β1 is the coefficient of the AREAT score. δj and εij re
present the model error. The calibration of the model 
lead to a β0 = 11.41, δj and εij of 2.75 and 1.7, respectively. 
The slope (β1) was forced on 1 as was the chosen ap
proach for the AREAT model, leading to proportional 
model scores compared to actual exposure values.

Dataset
In this study, we will use the dataset used to calibrate 
equation (4) for AREAT to create 5 models using the mod
eling approaches detailed below. This training dataset is 
curated from different sources and contains information 
on 370 personal asbestos fiber exposure measurements 
from asbestos abatement tasks, taken in the Netherlands 
over the past decades (Franken et al. 2021). All asbestos fi
ber analyses were done following SEM/EDXA in accordance 
with ISO 14966 and reflect fibers with lengths greater than 
5 µm and widths extending from the calibrated lower limit 
of visibility of 0.2 µm up to 3 µm (ISO 2019). Contextual in
formation stored in the database contained detailed infor
mation such as the type of asbestos removed, the friability 
of the asbestos materials, chrysotile and amphibole con
centrations, detailed information on the removal process, 
local control measures applied, and information with re
gards to the size and ventilation of the workroom. 
Inclusion criteria for data in this study were (i) core infor
mation was documented (eg sampling method, concentra
tions, uncertainty), (ii) all model determinants could be 
reliably assessed based on the contextual information, 
and (iii) relevant site information, unique containment 

IDs, and relevant information with regards to the labora
tory, abatement company, and report were available. 
More detailed information can be found in the original pa
per (Franken et al. 2021).

To test the models and their prediction of the asbestos 
exposure based on the given context variables, we used a 
validation dataset. This validation dataset contains 270 
personal asbestos exposure measurements from asbes
tos abatement activities, described using the same (con
text) information and variables as the first dataset 
(Franken et al. 2023). This dataset was used in order to 
validate the AREAT model by comparing the exposure 
as predicted by the model to the actual observed expos
ure in this. We used this set in the same vein in this study.

Five statistical modeling approaches
Five different statistical modeling methods were com
pared to the AREAT model: Multiple Linear Regression, 
Random Forest (RF; variant regression trees), Gradient 
Boosting Machines (GBM), Bayesian Networks (BN), and 
Neural Networks (NN). For comparability, the same prop
erties and context information with regards to the asbes
tos removal processes as used in the AREAT model were 
used in the 5 statistical modeling methods. We will short
ly discuss each model and its application to the data.

Multiple linear regression was selected as linear regres
sion is one of the most used statistical models to estimate 
relationships between dependent and independent vari
ables (Etemadi and Khashei 2021) and is a well-known 
and commonly used approach in model development. 
For this study, our linear regression model will use expos
ure as output following equation (5).

ln (γj) = βp ∗ Ip,j + βh ∗ Ih,j + βs ∗ Is,j + βLC ∗ ILC,j

+ βACH ∗ IACH,j + βd ∗ Id,j + βca ∗ Ica,j + βcc ∗ Icc,j + ϵ (5) 

ln(γ) represents the measured fiber concentrations, 
βp, βh, βs, βLC, βACH, βd, βca and βcc are vectors 

that hold coefficients for the different levels in product 
type (p), task (h), state of the material (s), local control 
measures (LC), ventilation (ACH), room volume (d ), and 
asbestos content of the material for both amphibole 
(ca) and chrysotile asbestos (cc), respectively, and I the 
indicator variable I.,j to select the correct level for meas
urement j ( j = 1,…, N ). Depending on the data, multiple 
linear regression models can be prone to overfitting 
and cannot process missing data, which means that ei
ther an imputation method is needed or cases with miss
ing data are not included in the model and cannot be 
predicted. The model was trained using a maximum like
lihood algorithm to predict the exposure from the input 
variables using the caret package in R (Kuhn 2008).
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RF (Breiman 2001) and GBM (Friedman 2001) were in
cluded for their accuracy, ease-of-use, and the capability 
of automatically handling interaction effects and non
linear relationships (Zhang and Haghani 2015). These 2 
models are known as “black box” models, which means 
that we put in all the information we have (in this case, 
the independent variables of the AREAT approach) and 
ask for a predictive model of the dependent variable 
(the asbestos fiber count). Both these models use a 
decision-tree-based approach with a myriad of trees. 
This means that for each model, thousands of decision trees 
are made that try to predict the outcome as best as they can 
based on the variables used. Each tree is made by starting 
with m randomly splits derived from the independent vari
ables from the dataset, and selecting one of these m that 
can be used to split the dependent variable best in homo
genous groups. Each of these groups or branches is then 
split again in the same fashion until a preset criterion is 
reached, such as that the groups become too small to 
split, or are so homogenous that splitting won’t improve 
them. A visual representation can be seen in Fig. 1a. After 
creating these trees, a prediction can be made by running 
the independent variables through all of the trees and 
taking the democratic consensus of the trees as the esti
mated outcome. The RF method is the original approach 
to this, the GBM model adds an optimization algorithm to 
the RF that uses the mistakes of the last tree to improve 
prediction on the current tree. The RF and GBM models 
were developed with the use of the caret package in R 
(Kuhn 2008).

NN (Riedmiller 1994) were included for its capability of 
capturing complex nonlinear relationships and their scal
ability to handle large datasets (Jiang et al. 2024). NN 
work through decomposition of relations in the data 
through several layers, as visualized in Fig. 1b. All nodes 
within each layer are connected to all nodes within the 
next layer, where the strength of these connections is ad
justed to optimize the estimation of the dependent vari
able, in this case, the asbestos fibers, in the final layer or 
node. NN, like RF and GBM, are a black box approach which 
makes it hard to interpret the relations on which the model 
is build. NN are known for needing a large, high-quality da
taset for its training, which is hard to obtain in exposure 
measurement. However, NN have been very popular, and 
this study is exploratory; therefore, the NN was built and 
compared with the other methods. The NN was estimated 
using the Neuralnet package in R (Fritsch et al. 2019).

BN were included in the analysis for their capability of 
handling missing data, handling uncertainty, and their 
transparency (Kitson et al. 2023). BN uses a directed a-cyclic 
graph to map variables and how they influence each other 
within the network as visualized in Figs. 1c and S1 for the 
actual BN derived, and as such does not necessarily have 

dependent and independent variables. When presented 
with a case, it will give a prediction for any variables not in
cluded in the case which allows estimation of the depend
ent variable and any missing variables based on the 
observed independent variables. BN uses probability the
ory as well as Bayes theorem to estimate a distribution 
for each node, thus incorporating uncertainty in each vari
able. The resulting network quantifies and visualizes the re
lations between the different variables. Before training a 
network on data, prior expectations and limitations can 
be set to allow for a quantification of expert knowledge be
yond the mere selection of the used variables, as is the case 
in the other models. This also aids the algorithm to create a 
more stable model with less data. In this case, however, the 
model used uniform weak priors, with no information or ex
pectation added before training. The BN was estimated 
with use of Bayes Server v10 (Bayes Server v10.10).

Model tuning
The RF, GBM, and NN models need certain tuning param
eters to allow for optimal model estimation. To this end, 
the caret package (Kuhn 2008) was used to test several 
parameters. For the RF model, the m was tested for the 
values 5, 10, 20, and 30, resulting in an optimal m of 20. 
For the GBM, the number of trees (500, 1,000, 2,000), 
depth of interaction (5, 7, 9), shrinkage (0.075, 0.1, 
0.15), and minimal observations per node (7, 10, 15) 
were tested, with optimal results in bold. For the NN, 3 
layers (layer 1 = (20, 40), layer 2 = (0, 20, 40), layer 3 = 
(0, 20, 40)) were tested for the 46 different options result
ing from the used variables, and subsequently a model 
with 2 hidden layers of 40 nodes was used.

Model evaluation
The 5 models were trained using the training data with 370 
measurements. Then, all 5 new models and the AREAT 
model were used to estimate the exposure for the measure
ments from the validation data based on the context vari
ables provided. As such, for each of these measurements, 
the measured exposure in the validation set is the golden 
standard to which the model estimation is compared. 
The correlation between the observed and the estimated 
exposure was tested with Pearson correlation coefficients 
(r), which indicates whether the estimation and observation 
follow the same trends in the data. The root mean squared 
error (RMSE) and the mean absolute error (MAE) of the dif
ference between the observed and estimated scores indi
cate the average difference between the estimated and 
observed exposure in the validation set, with the RMSE lay
ing more emphasis on extreme deviations than the MAE.
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The model bias was calculated following equation (6), 
where ŷ is the natural log of the GM predicted exposure lev
el by the model, yi is the natural log of the measured expos
ure, and n0 is the number of measurements in the 
validation dataset. The bias shows whether a model sys
tematically over or underestimates the results by summing 
all errors and dividing by the number of measurements; a 
positive value indicates a tendency of the model to over
estimate measured exposure, and negative value a ten
dency for underestimation of the exposure. The explained 
variance (R2) indicates how much variation in the data is ac
counted for by the model. For the correlation and R2, a val
ue closer to 1 is better. For the other metrics, a lower value 
indicates a better fit. All analyses were conducted with the 
use of R statistical software (version 4.3.3).

Bias =
􏽘n0

i=1

(ŷi − yi)
n0

(6) 

Results
For the model evaluation, both the observed and the es
timated fiber count have been log transformed to obtain 

normally distributed results, and the fitmeasures are 
based on these results. Figure 2 shows the relation be
tween the log-transformed model estimates and the log- 
transformed measured asbestos fiber concentrations for 
each developed model. When comparing the different 
models using the statistical evaluation metrics in 
Table 1, it can be observed that for all the statistical mod
eling approaches, the (Pearson) correlation between data 
and estimation and thus the explained variance ex
pressed as the R2 were improved compared to AREAT. 
RF and GBM performed best with regard to the RMSE 
on log-transformed data, while the BN showed the small
est absolute bias (closest to zero, smallest systematic 
over- or underestimation) and MAE. This indicates that 
the BN is generally speaking closest to the observed val
ue, but when outliers are weighted more strongly, it is 
outperformed by the GBM and RF.

Figure 3 shows the log bias between the measured and 
predicted concentrations, with the line in each block indi
cating the median error. From the figure, a value of 0 
means a perfect prediction, so models with a median close 
to 0 indicate good central accuracy. The variability of the 
boxplot indicates the consistency of the predictions. As 

Figure 1 Visual representations of the (a) Random Forest, (b) Neural Network, and (c) Bayesian Network approach.
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can be seen, the AREAT and the linear model show a larger 
variability in error between estimations, even though the 
linear regression model has a small average error, or bias.

As several models do not provide a confidence interval, 
we cannot compare these across methods. However, in 
95% of the estimations, the AREAT model a factor of 24 
or less off from the observations. For the LM, RF, GBM, 
NN, and BN this factor is, respectively, 16.8, 14.5, 24.5, 
76.3, and 50.1. Another indication of this variability is 
how often the estimation is less than a factor 2 off the ob
servation. For the AREAT model, this is 79% of the time, 
for the LM, RF, GBM, NN, and BN this is, respectively, 
67%, 84%, 84%, 85%, and 81%.

Discussion
The 5 different modeling approaches as presented in the 
case study illustrate possible advancements by ML and 

Figure 2 Estimated asbestos fiber concentrations compared to measure asbestos fiber concentrations for the different models.

Table 1 Validation statistics between all the different 
models.

Model Pearson RMSE MAE Bias R2

AREAT 0.71 2.13 1.80 0.65 0.51
Bayesian 

Network
0.78 1.71 1.1 −0.14 0.61

Gradient 
Boosting 
Machines

0.79 1.60 1.16 0.40 0.62

Multiple linear 
regression

0.74 2.04 1.6 −0.15 0.55

Neural 
Network

0.68 1.90 1.41 −0.14 0.46

Random Forest 0.89 1.43 1.15 0.27 0.79

MAE = mean absolute error; RMSE = root mean squared error.
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hybrid approaches to develop occupational exposure 
models. These 5 approaches were compared to the ori
ginal model. Results showed that performance metrics 
were best for the RF, GBM, or the BN, and were better 
than the existing AREAT model. The usage of a NN 
showed an improved estimation to a lesser degree for 
the MAE and RMSE, but a lower (Pearson) correlation to 
the measured data or explanation of the variance (R2). 
Multiple linear regression did lower the bias but had no 
impact on the other model evaluation parameters (cor
relation, RMSE, MEA, R2).

The case study presented in this paper illustrates pos
sible advancements in occupational exposure modeling 
through the application of advanced statistical models. 
The regulatory landscape for occupational exposure as
sessment such as REACH relies on tiered approaches 
that prioritize simplicity and conservatism, often at the ex
pense of precision. Despite an increase in the use of ad
vanced statistical models in various domains, the 

transparency of the methods and the reasoning behind 
the decisions and estimates of these complex models often 
remain unclear. This inability to explain the reasoning of a 
model hampers their future usage (Hagras 2018). This chal
lenge arises from the trade-off between interpretability 
and predictive power, as demonstrated in our case study. 
Linear regression models are transparent and interpret
able, especially for domain experts, but they often over
simplify complex exposure pathways. For example, in the 
current study, the multiple linear regression model associ
ated higher air exchange rates (ACH) with increased asbes
tos fiber concentrations—an interpretation that does not 
align with general expectations. However, this may be par
tially explained by the nature of asbestos abatement activ
ities: higher ACH values typically indicate that abatement 
occurs within enclosed containments, where elevated ex
posures are indeed expected. In contrast, lower ACH values 
are generally associated with open or semi-controlled en
vironments, since enclosures are not required here, where 

Figure 3 Variation in model residuals for each different model.
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exposures tend to remain below the Dutch occupational 
exposure limit (OEL) of 2,000 f/m3. The coefficients of the 
linear regression model are presented in Table S1 in the 
supplementary materials.

More advanced ML approaches, such as RF, GBM, and 
NN, offer improved predictive accuracy as demonstrated 
in this case study. However, they do so at the cost of in
terpretability. Continuing with the ACH example, these 
models identified ACH as the most important predictor 
through feature importance metrics. Yet they offer no in
sight into the nature of the relationship between ACH and 
asbestos concentrations due to their black-box nature.

To address the trade-off between transparency and ac
curacy, hybrid modeling approaches such as BN offer a 
promising solution. These models allow for the incorpor
ation of expert knowledge to define relationships (eg, 
how ACH influences asbestos exposure) while enabling 
data-driven refinement within those expert-defined con
straints. Applying this to the ACH example, an expert could 
specify that high ACH values are typically associated with 
high exposures due to containment-based abatement, 
the ML component could then adjust the strength of this 
relationship based on observed data and describe the de
pendencies such that the relation between ACH and expos
ure is dependent on abatement location. This approach 
prevents models from making nonphysical or unrealistic 
predictions while still leveraging data-driven improve
ments (Heckerman 2008). This approach can also aid in 
fine-tuning the model, for example, to examine the predic
tions in the validation set where the model is performing 
badly and see if expert knowledge can improve this.

The graphical style of the networks further allows inter
pretation and visualization of the relations between predic
tors and predictions in a way comprehensive to the average 
researcher without a Bayesian background. Another prac
tical point is the allowance for missing data. In BN, un
known inputs are taken as a distribution of their most 
probable values based on the other, known determinants. 
This allows the network to both use incomplete data in 
model creation and make predictions with missing input 
data, increasing the data available for both training and 
predicting. Additionally, model estimates may improve 
over time when techniques improve (such as ventilation 
or local control measures), which are easily updated within 
BN as new data can be added over time to improve param
etrization without re-estimating the whole model.

In addition to the improvement of existing models, hy
brid modeling may also be a useful tool to extend the ap
plicability domains of models by aggregation of different 
exposure routes, which aligns with EFSA’s roadmap for 
action for advancing aggregate exposure to chemicals 
in the EU (Lamon et al. 2024) as well as other European 
initiatives such as PARC. The generation of sub-networks 

within a single model allows for utilizing determinants of 
exposure relevant for both routes and keeping separate 
route specific exposure determinants as well.

Conclusion
The case study shows promise for the use of advanced 
statistical techniques that combine expert knowledge 
with data-driven methods to improve current- or develop 
new occupational exposure models, in such a way that 
the models are explainable while becoming more accur
ate and future proof.
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