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Abstract

In practice, workers often handle the same chemical(s) of interest under different control measures (e.g. local ventilation, en-
closed system) during a full shift. Stoffenmanager® allows users to predict either task-based or full-shift exposures. However,
most previous studies evaluated the tool by comparing task-based exposures with measured exposures. Also, limited evaluation
studies of the Advanced REACH Tool (ART) with the Bayesian approach (ART+B) are available, requiring additional evaluation
studies. The performance of Stoffenmanager® and ART with and without the Bayesian approach was evaluated with measured
full-shift exposures to volatile liquids in terms of accuracy, precision, and conservatism. Forty-two exposure situation scenarios
(including 251 exposures), developed based on job tasks and chemicals handled during tasks from workplaces, were used to
generate full-shift estimates. The estimates were then compared with measured exposures using various comparison methods.
Overall, Stoffenmanager® appeared to be the most accurate among the testing tools, while ART+B was the most precise. The
percentage of measured exposures exceeding the tools’ 90th percentile estimates (%M>T) demonstrated that Stoffenmanager®
(16%M>T) and ART+B (13%M>T) were more conservative than ART (41%M>T). When the 90% upper confidence limit of the
90th percentile estimate was considered, the level of conservatism changed from low (41%M>T) to medium (17%M>T) for
ART and from medium (13%M>T) to high (0.8%M>T) for ART+B. The findings of this study indicate that no single tool would
work for all ESs. Thus, it is recommended that users select a tool based on the performance results of three components (i.e.
accuracy, precision, and conservatism), not depending on one or two components. The strength of this study is that the required
tools’ input parameters were obtained during the sample collection to minimize assumptions for many input parameters. In
addition, unlike other previous studies, multiple subtasks, which happen often in workplaces, were incorporated in this study.
Nevertheless, the present study did not cover all activities listed in the tools and was limited to volatile liquids, suggesting further
studies cover other exposure categories (e.g. solid, metal) and diverse activities.

Keywords: Advanced REACH Tool (ART) with and without Bayesian approach; exposure assessment tools; inhalation exposure tools; REACH;
Stoffenmanager®

What’s important about this paper?

Stoffenmanager® and the Advanced REACH Tool (ART) are used to estimate workplace exposures via inhalation. This study
explored the performance of these methods, including ART with Bayesian analysis, in 42 exposure scenarios, and found
that accuracy, precision, and conservatism of the estimated exposures varied among the scenarios and tools. Collection
of method input parameters during exposure monitoring or job observation is important, including for work subtasks, to
minimize assumptions.
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Introduction

The European Chemicals Agency (ECHA) suggested
two-tiered approaches—Tier 1 and higher tier—to
predict occupational exposure estimates to fulfill
the Registration, Evaluation, Authorization, and re-
striction of Chemicals (REACH) regulation require-
ments (ECHA, 2016). A Tier 1 approach involves
the use of conservative exposure tools including the
European Centre for Ecotoxicology and Toxicology
of Chemicals Targeted Risk Assessment (ECETOC
TRA), Metals’ Estimation and Assessment of
Substance Exposure (MEASE), and an easy-to-use
workplace control scheme for hazardous substances
(EMKG-EXPO-TOOL) that can be easily used by
inexperienced assessors. If assessors believe that the
quantitative occupational exposure estimates of Tier
1 tools are too high, a higher tier approach designed
to estimate exposures more accurately than the Tier
1 tools are recommended. Stoffenmanager® and the
Advanced REACH Tool (ART) are known as higher-
tier tools and were developed based on the same con-
cept of a source-receptor approach. Both tools predict
quantitative exposures based on a multiplicative
model of several exposure determinants, where each
determinant is categorized into exposure scores (di-
mensionless), and then the assigned score is put into a
mixed effect regression model (internally calibrated)
to estimate exposures (unit in milligrams per cubic
meter, mg m~). The exposure estimates include the
50th, 75th, and 90th percentiles for Stoffenmanager®
and the 50th, 75th, 90th, 95th, and 99th percent-
iles with confidence intervals (Cls) including inter-
quartile, 80, 90, and 95% of each percentile estimate
for ART. ECHA recommends using the 90th per-
centile estimate to predict reasonable worst-case
situations (ECHA, 2016). Detailed information on
the development of each tool is available elsewhere
(Marquart et al., 2008; Tielemans et al., 2008, 2011;
Cherrie et al., 2011; Fransman et al., 2011; Schinkel
et al., 2011, 2013; 2014; van Tongeren et al., 2011;
McNally et al., 2014; Schliiter et al., 2022a). In add-
ition, Hesse et al. (2015) reviewed the background in-
formation and conceptual evaluation of Tier 1 tools
and Stoffenmanager® to determine the level of confi-
dence in terms of accuracy and reliability of the tools’
estimates. They concluded that because the tools
cannot be used for all realistic situations, users should
be aware of their underlying concepts, strengths, and
weaknesses. Later, Koivisto et al. (2021) reviewed the
theoretical background of the Stoffenmanager® and
ART tools and reported that both tools’ algorithms
do not exhibit the physical concept as originally pre-
sented by the tool developers. A subsequent response
to the Koivisto et al. paper was provided by Fransman
et al. (2022) criticizing that some statements in the
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Koivisto et al. paper were incorrect, such as unavail-
ability of the calibration database, and the critique
was biased. Recently, Schliiter et al. (2022b) reported
the status of exposure modeling in Europe, chal-
lenges, and future needs as part of the activities of
the exposure science modeling working group under
the Europe Regional Chapter of the International
Society of Exposure Science: the group presented sets
of strategic objectives and action plans to improve
models and its use and being adopted as regulatory
requirements.

Many researchers have investigated the reliability
of these tools by comparing the tools’ estimates with
measured exposures. Spinazze et al. (2019) published a
review paper on the current state of knowledge on Tier
1 and higher tier tools in terms of accuracy (i.e. bias or
the mean difference between tools’ estimates and meas-
ured exposures on a log scale), precision (i.e. variability
of the bias), and conservatism (i.e. proportion of the
measured exposures exceeding the tools’ estimates), as
well as identifying needs to be considered in the future.
In their results, they reported Stoffenmanager® as the
most balanced and robust tool based on the reported
accuracy, precision, and conservatism and ART as gen-
erally the most accurate and precise tool along with
a medium conservatism. These authors concluded that
none of the tools was completely evaluated. They re-
commended comprehensive evaluation and validation
studies of the tools, along with recalibration of the
tools.

In a previous study conducted by the author and
colleagues (Lee et al., 2019a), two higher-tier tools—
Stoffenmanager® v4.5 and ART vl.5—were evalu-
ated with measured personal exposures collected from
workplaces along with the exposure determinants re-
quired to simulate the tools. They used 42 exposure
situation (ES) scenarios containing 251 personal ex-
posure measurements. Among the 42 ESs, 23 ESs
(~55%), where each ES represents a task, included
multiple subtasks with the same or different control
methods while handling the same chemical. For ex-
ample, a worker conducting a batch-making task in a
paint manufacturing company performed four subtasks
during his shift: (i) adding solid materials manually
to a batch, (ii) transferring mixed chemicals to other
containers using an automated system, (iii) manually
cleaning the emptied batches either enclosed or with no
ventilation present, and (iv) filling, mixing, and ship-
ping the end products in fully enclosed systems. To pre-
dict Stoffenmanager® estimates, Lee et al. (2019a) used
an algorithm developed for the Evaluation of Tier 1
Exposure Assessment Models (ETEAM) project under
the permission of the legal owner of Stoffenmanager®.
Because the algorithm was developed to consider only
one task per ES, the reported estimates were based on
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one task (determined by the company) by applying
the lowest control measure, while ART’s estimates
were predicted by considering multiple subtasks (up to
four subtasks). Thus, Lee et al. (2019a) was not able
to directly compare the performance results between
Stoffenmanager® and ART. To the best of this author’s
knowledge, none of the previous studies has compared
the performance of Stoffenmanager® and ART when
workers perform multiple subtasks with different con-
trol measures during their shifts.

ART consists of two parts—the mechanistic model
and the Bayesian approach. In the absence of ex-
posure data, ART allows the prediction of inhalation
exposure based on the mechanistic model only. Lee et
al. (2019a) reported that the ART mechanistic model
underestimated exposures compared with measured
exposures. Other previous studies demonstrated either
consistent (i.e. underestimation) or inconsistent (i.e.
overestimation) results compared with the findings
by Lee et al. (2019a). For example, Mc Donnell ef
al. (2011) reported an underestimation of exposures
when the ART 50th percentile estimates were com-
pared with the 50th percentile value of measured ex-
posures. On the other hand, Hofstetter et al. (2013)
found that ART overestimated exposure when ART
50th percentile estimates were compared with per-
sonal exposure data. Furthermore, Savic et al. (2017)
and Lee et al. (2019a) suggested considering the 90%
upper confidence limit (CL) of the 90th percentile esti-
mate to assess exposures using ART. Surprisingly, only
a few studies evaluated ART estimates that were pre-
dicted based on the combination of the mechanistic
model and the Bayesian approach compared with the
measured exposures (Landberg et al.,2018; LeBlanc et
al., 2018; Ribalta et al., 2019). Overall, ART exposure
estimates predicted with the Bayesian approach per-
formed better than ART estimates predicted solely
from the mechanistic part. Since limited evaluation
studies of ART with the Bayesian approach are avail-
able, additional studies to support the previous find-
ings are needed.

This study was conducted to evaluate the perform-
ance of Stoffenmanager® and ART by employing two
approaches: (i) Stoffenmanager® estimates accounting
for multiple subtasks if a task has more than one on-
going activity during handling the same chemical, and
(ii) ART estimates with and without the Bayesian ap-
proach. The same ESs, along with the measured ex-
posure data reported by Lee et al. (2019a), were used
for this evaluation study. Also note that the ART’s es-
timates without Bayesian approach and the measured
full-shift exposures that were reported in Lee et al.
(2019a) are used again in this study to compare with
the estimates predicted using Stoffenmanager® and
ART with Bayesian approach.
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Methods

Exposure situation scenarios

The National Institute for Occupational Safety and
Health (NIOSH) collected personal exposures to vola-
tile liquids with vapor pressures (VPs) greater than 10
Pascal (Pa), along with the contextual information re-
quired for the tools’ input parameters, from various
workplaces (including paint manufacturing industries,
hospital labs, print shops, and others) in the USA. For
some workplaces, personal exposure measurements
were collected only for the duration that workers were
handling the chemicals of interest with a sampling time
ranging from 32 to 712 min (88% of the measurements
>240 min). For comparison purposes to the tools’ esti-
mates, the time-weighted average exposure data were
converted to full-shift (i.e. 8 h) exposures by assuming
zero exposure for the uncollected time.

After field surveys, the NIOSH senior industrial hy-
gienist (IH) then developed ESs based on the job tasks
and chemicals handled during the shift. An ES template
used during the field survey is listed in Supplementary
Table S1 (available at Annals of Work Exposures and
Health online). For a task reporting exposure to mul-
tiple chemicals from the same sampling media, only the
chemical exposure having the highest proportion in the
mixture of products used was considered. The present
study considered 42 ESs [number of exposure measure-
ments (N) = 251], and due to the difficulties of finding
workplaces, this study was limited to the exposure
data of volatile liquids. Among 42 ESs, 23 ESs (~55%;
N = 130) included two or more subtasks. Thirteen ESs
(N = 75), 3 ESs (N = 33), and 7 ESs (N = 22) were
comprised of two, three, and four subtasks, respect-
ively. Detailed information about the type of industries,
tasks, number of subtasks, and number of samples for
each ES are listed in Supplementary Table S2 (available
at Annals of Work Exposures and Health online) in
Lee et al. (2019a). Additional information for the sam-
pling campaigns and the development of the ESs are
available elsewhere (2019Db).

Generation of the tool estimates

After developing ESs, six assessors from the UK,
Germany, Switzerland, and the USA, who are familiar
with both tools, were gathered to make consensus de-
cisions on all input parameters for each tool (by the
NIOSH senior IH lead) (2019a). Once consensus deci-
sions were made, the NIOSH senior IH estimated ex-
posures for each ES using the specified tools below.

Stoffenmanager®

In this study, a web-based tool of Stoffenmanager® v7
(herein after referred to as Stoffenmanager®; https://
stoffenmanager.nl/) was employed, and as indicated
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in the Introduction, up to four multiple subtasks were
considered for each ES (if any) to predict full-shift ex-
posure. For the direct comparison of the performance
between Stoffenmanager® and ART, the 50th, 75th,
and 90th percentile estimates of full-shift exposures
were obtained.

ART mechanistic modeling

A web-based tool, ART v1.5 (herein after referred to
as ART; https://www.advancedreachtool.com/), was
used to estimate full-shift exposures using the mech-
anistic model only. The exposure estimates from this
model were based upon users’ inputs on exposure de-
terminants, which later applied to a calibrated model
(expressed as a lognormal mixed effects model), and
variabilities of between-company, between-worker,
and within-worker sources determined from previous
literature (McNally ez al., 2014). In Bayesian termin-
ology, this is referred to as ‘prior’ distributions. For
each ES, the 50th, 75th, and 90th percentile estimates
along with the 90% upper CL of each percentile esti-
mate were obtained (Lee et al., 2019a).

ART Bayesian modeling

ART allows the prior distributions to be updated to
posterior distributions using measurement data col-
lected on the exposure scenario (McNally et al., 2014).
Thus, inhalation exposure estimates using Bayesian ap-
proach (i.e. posterior distribution; herein after referred
to as ART+B) were predicted using the output from
the mechanistic model (i.e. prior distribution) of the ES
and adding measured exposure data (i.e. likelihood dis-
tribution). The Markov Chain Monte Carlo (MCMC)
sampling procedure, which is supported by the ART
web tool, was employed. A user uploads measurement
data to ART, the MCMC runs in the background, and
summary statistics (i.e. point estimates of various per-
centiles and CL of those point estimates) can then be
selected by the user. In the present study, a more ef-
ficient process was adopted to rapidly cycle through
the ESs. The MCMC sampling was performed using R
4.0.2 (R Foundation for Statistical Computing) in con-
junction with the R2Winbugs package, which is called
a Winbugs encoding of the ART statistical model. For
each ES, the model was parameterized using the mech-
anistic model estimate for the scenario, the mechanistic
model uncertainty and variance components (McNally
et al., (2014), Tables 1 and 2), and the measurement
data associated with the exposure scenario selected.
In this study, an approach splitting the measured ex-
posure data into two parts—one part to be used in the
Bayesian approach (i.e. likelihood) and the other part
to compare with ART+B outputs—was considered.
However, each ES is unique in terms of task, chem-
ical, ventilation, etc. and the sample size for each ES

Table 1. Comparison of the measured exposure data and tools" estimates by calculating bias, precision, and robustness (All ESs).

Tool estimates (full-shift)

ES No (N) Full-shift exposure

Tool

measurement results

(mg m™)

Precision %M>T

Bias

Median estimates (mg m™3)

>75th >90th

>50th

GM Range

AM

GM Range

AM

(>UCL75)  (>UCL90)

(>UCL50)

1.81 (1.82) 49 (NA) 28 (NA) 16 (NA)

12.5 6.80 0.31-47.5 -0.42

0.01-1455

7.88

60.9

42 (251)

Stoffenmanager®

(=0.50)°
~1.45

65 (34) 53 (24) 41 (18)

2.13 (2.03)

<0.01-100

3.73

21.4

42 (251)

ART

(-1.52)
~0.62

13 (0.8)

32 (6.0)

8(27)

1.10 (1.05)*

0.02-380

6.00

27.7

42 (251)

ART+B

(-0.70)?

exposure measurement data exceeding the tool estimates; UCL50, UCL7S, and UCL90, the 90% upper confidence limit of the 50th, 75th, and 90th percentile estimates, respectively; NA,

ES No, number of exposure situations (ESs) developed by NIOSH; N, number of personal exposure measurements; AM, arithmetic mean; GM, geometric mean; %M>T, percentage of
Not available.
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Bias and precision calculated using the median of tool estimates and median of the measured exposures for each ES.
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S0 et . . .
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e o > 4 g & or <10%, respectively (van Tongeren et al., 2017).
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Third, the relationship between the log-transformed
exposure data (90th percentile) and log-transformed
tool estimates (90th percentile) was determined by
calculating the Pearson correlation coefficient () and
performing linear regression analysis using SAS v9.4
(SAS Institute, Inc., Cary, NC).

Lastly, residuals were calculated by subtracting indi-
vidual exposure data (log-transformed) from the tools’
90th percentile estimates (log-transformed) using the
following equation:

Residual = §; — y; (3)

Here, the 90th  percentile estimates of
Stoffenmanager®, ART, and ART+B and the 90%
upper CL of the 90th percentile estimate (UCL90;
ART and ART+B only) were employed to determine if
any pattern of tools’ estimates (i.e. underestimation or
overestimation) was observed.

Results

Table 1 presents a summary of the measured expos-
ures and median estimates of Stoffenmanager®, ART,
and ART+B for all ESs. The measured exposure data
ranged from 0.01 mg m~ to 1455 mg m™3, showing
a wide spread of data because sample collection was
carried out across different chemicals and ESs. Each
ES included a different number of exposure measure-
ments ranging from 1 to 24; the number of measure-
ments for each ES is provided in Supplementary Table
S2 (available at Annals of Work Exposures and Health
online) in Lee et al. (2019a). Unlike the measured ex-
posures, the ranges of the tools’ median estimates were
smaller but still showed widespread distributions (e.g.
0.02-380 mg m~3 for ART+B).

The calculated bias using the GM of the meas-
ured exposures for each ES was negative for all tools,
implying underestimation of exposures (Table 1).
Among the three tools, Stoffenmanager® (-0.42)
demonstrated the most accurate, while ART (-1.45)
showed the least accurate. The bias of ART+B (-0.62)
was close to that of Stoffenmanager®. The comparison
of precisions indicated that ART+B (1.10) was the
most precise and ART (2.13) was the least precise. No
noticeable differences were observed when bias and
precision were calculated using the median of meas-
ured exposures compared with those using the GM of
measured exposures.

The percentages of measured exposures exceeding
the tools’ percentile estimates (%M>T) are reported in
Table 1. Overall, regardless of which point estimates (i.e.
50th, 75th, and 90th percentiles) were compared, the
%M>Ts for ART were considerably higher than those
for Stoffenmanager® and ART+B, implying underesti-
mation of exposure. With the tools’ 90th percentile
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estimates, the levels of conservatism were medium
for both ART+B (13%M>T) and Stoffenmanager®
(16%M>T) and low for ART (41%M>T). When the
%M>Ts using the UCL90 estimates were compared
with that of the 90th percentile estimates, the con-
servatism changed from low (41%M>T) to medium
(17%M>T) for ART and from medium (13%M>T) to
high (0.8%M>T) for ART+B.

For all tools, statistically significant linear re-
lationships  between the measured exposures
(90th percentile) and tools” 90th percentile esti-
mates (all p-values <0.05) were observed (Fig. 1).
Stoffenmanager® and ART showed higher variability
(adjusted R? = 0.25 for Stoffenmanager® and 0.45 for
ART) than ART+B (adjusted R? = 0.87). In addition,
correlations between the log-transformed measured
exposures (90th percentile) and the log-transformed
estimates (90th percentile) were moderate for
Stoffenmanager® (r,=0.52) and ART (r,=0.68) and
high for ART+B (r = 0.94). When c0n31der1ng the
impact of the Chemlcals’ VP, the tool’s performance
for the medium VP (500 < VP < 10 000 Pa) input
was similar to that without dividing ESs by VP (Table
2). For example, Stoffenmanager® and ART+B were
determined as most accurate and precise, respect-
ively, and the correlations between the measured ex-
posures and the tools’ estimates were moderate for
Stoffenmanager® (r,=0.57) and ART (r,=0.74) and
high for ART+B (r, = 0.94). Regardless of VP inputs,
ART+B was most prec1se and showed higher correl-
ation compared to the other tools. The %M>Ts by the
input parameter of VP demonstrated mixed results
(Table 2). For example, the %M>T for the 90th per-
centile for Stoffenmanager® showed medium conser-
vatism for the high and medium VP options and high
conservatism for the low VP. On the other hand, the
conservatism of ART+B was medium for the medium
and low VP options and high for the high VP input.
Overall, %M>Ts for ART were always higher than
those for Stoffenmanager® and ART+B, showing
either medium or low conservatism.

Figure 2 presents residual plots of the differences
in the tools’ estimates and measured exposures (both
log-transformed) as a function of the measured expos-
ures by the VP input. The log mean = SD differences of
all combined data were 2.05 =+ 1.97, 0.34 + 2.24, and
1.13 = 1.30 for Stoffenmanager®, ART, and ART+B,
respectively, when the tools’ 90th percentile estimates
were compared with the individual exposure measure-
ment data. The log mean difference shifted up when the
UCL90 estimates were compared with the measured
data for ART (2.38 = 2.24) and ART+B (2.27 = 1.52).
Overall, a clear pattern of overestimating low expos-
ures and underestimating high exposures was observed
regardless of the VP input options.
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Figure 1. Comparison of the tool's estimates with the 90th percentile values of the measured exposures (both log-transformed): (A)
Stoffenmanager (90th), (B) ART (90th), (C) ART [90% upper confidence limit of the 90th percentile estimate (UCL90)], (D) ART+B (90th),
and (E) ART+B (UCL90). The solid line indicates a regression line, and the medium dashed lines indicate the 95% confidence limits; r
and * represent Pearson correlation coefficient and p-value <0.05, respectively.
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Discussion

The performance of Stoffenmanager®, ART, and
ART+B was evaluated in terms of accuracy (i.e. bias),
precision, correlation, and conservatism by comparing
the tools’ estimates with measured exposures. The
findings of ART’s estimates without the Bayesian ap-
proach (i.e. ART) have been already reported by Lee et
al. (2019a) and are repeated here for comparison with
those of other tools. One exception is that the reported
biases and precisions in the previous study (Lee et al.
(2019a), Table 1) and in the present study are different
because the current study used the GM values of meas-
ured exposures (instead of using individual exposure
measurement data) for the calculations. The GMs were
used here for comparison with the results of other pre-
vious studies (Landberg et al., 2017; Lee et al., 2019¢;
Savic et al., 2020). It should also be noted that the
Stoffenmanager® estimates in the previous study (Lee
et al., 2019a) were task-based and compared with
task-based exposure data. In this study, the estimates
of Stoffenmanager® represent daily exposures and
thus are compared with the full-shift exposure data.
Multiple subtasks were not considered in the exposure
estimation of Stoffenmanager® in Lee et al. (2019a),
whereas the ART estimates reflected subtasks. Thus,
no direct comparison of the performance between
Stoffenmanager® and ART was conducted in the pre-
vious study, as they are in the present study.

The bias results using the 50th percentile estimates
of tools and the GM of the measured exposures dem-
onstrated that, overall, all tools underestimated expos-
ures. Among these, Stoffenmanager® was the most
accurate compared with ART and ART+B (Table 1).
ART+B was then determined to be the most precise
compared with the others. No consistent observations
were reported by previous studies when the com-
parison was made using the same percentile estimates
(50th percentile) and exposure data (GM). Savic et
al. (2020) observed an overestimation of exposures
for both Stoffenmanager® and ART, while Lee et al.
(2019¢) reported an underestimation of exposures.
Landberg et al. (2017) then showed an overestimation
of exposures for Stoffenmanager® and an underesti-
mation for ART for liquids only. For accuracy, Savic et
al. (2020) also observed the same result as the present
study, which is that Stoffenmanager® is more accurate
than ART (bias = 0.09 for Stoffenmanager® and 0.62
for ART; no precision was calculated). Conversely, Lee
et al. (2019¢) reported that ART is more accurate than
Stoffenmanager®, although Stoffenmanager® is more
precise than ART for the exposure data collected from
10 organic solvents. It is unclear why the results among
different studies were inconsistent. The combined effect
of different types of compounds, tasks, and exposure
ranges (ordinary work vs. maintenance) might be
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factors affecting the observed differences. For example,
in this study, only liquids with VPs greater than 10 Pa
were used, while other studies investigated the tools’
performance using other types of compounds (e.g.
wood dust, powders, volatile, and non-volatile liquids).
This is the first study to report the lack of agreement
(bias and precision) using estimates of ART+B. Overall,
the findings of this study showed Stoffenmanager® as
the most accurate tool and ART+B as the most precise
tool compared with the other tools (Table 1).

The level of conservatism (i.e. %M>Ts for the 90th
percentile estimates) was medium for Stoffenmanager®
and ART+B and low for ART. For Stoffenmanager®,
the same level of conservatism was reported from pre-
vious studies (Koppisch et al., 2012; Spinazzé et al.,
2017; Van Tongeren et al., 2017; Landberg et al.,
2018; Lee et al., 2019b, 2019¢) when the 90th per-
centile estimates were compared with the measured ex-
posures (%M>Ts range of previous studies: 11-22%).
Other previous studies showed either high conserva-
tism [7%M>T by Schinkel et al. (2010) and Koppisch
et al. (2012)] or low conservatism [27%M>T by
Landberg et al. (2015). For ART, the low level of con-
servatism was in agreement with Spinazzé et al. 2017;
29%M>T]. When considering the UCL90 estimates
of ART, %M>T was noticeably reduced from 41 to
17%. Surprisingly, when the measured exposure data
were used to simulate the 90th percentile estimates
(i.e. ART+B), the conservatisms changed from low to
medium and high for the UCL90 estimates (Table 1).
Landberg et al. (2018) reported 5%M>T using the
95% upper CL of the 90th percentile estimate for ART
and 0%M>T for ART+B. LeBlanc et al. (2018) pre-
dicted benzene exposures during parts washing using
ART and ART+B and found that the 50th percentile
estimate of ART+B was closer to the measured ex-
posure value than ART. Ribalta et al. (2019) found that
ART underestimated exposures (three out of five cases)
while ART+B overestimated all five cases with factors
up to six. The findings of the present study appeared to
be the same as those reported by the previous studies.

In addition, the results of %M>Ts for the 50th,
75th, and 90th percentile estimates showed that the
variability of Stoffenmanager® seemed to agree with
the predictions of each point percentiles. That is, about
49%, 28%, and 16% of the measured exposures were
below the 50th, 75th, and 90th percentile estimates,
respectively. For ART, the %M>Ts showed no agree-
ment of variability regardless of which point estimate
(i.e. 50th, 75th, and 90th percentiles) was compared.
Tielemans et al. (2011) stated that ART’s percentile
estimates of the exposure distribution (i.e. 50th, 75th,
90th, 95th, or 99th) included exposure variability
(i.e. combined results of a calibrated model and vari-
abilities of between-company, between-worker and
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within-worker sources), while CL for each percentile
(i.e. interquartile, 80, 90, or 95% of each percentile)
represented exposure uncertainty. When the uncer-
tainty of each percentile estimate was included (i.e.
obtaining UCL values), the %M>Ts were 34 %, 24 %,
and 17% for the UCL50, UCL75, and UCL90, respect-
ively, indicating good agreement between the tool’s
estimates and measured exposures. Thus, as discussed
in Savic et al. (2017) and Lee et al. (2019a), users are
encouraged to adopt the UCL90 estimate by including
the uncertainty around the percentile estimate.

McNally et al. (2014) mentioned that ART’s uncer-
tainty can also be reduced by combining the results of
the mechanistic model with exposure measurement
data (either from the tool’s internal database or users’
own data) using the Bayesian approach provided in
ART. In this study, an agreement between the 90th
percentile estimates of ART+B and measured expos-
ures was considerably improved compared with ART
(%M>T = 41% for ART and 13% for ART+B).

As shown in Fig. 1, the relationships between
the tools’ estimates and measured data (both log-
transformed) demonstrated statistically significant dif-
ferences for all comparisons (all P-values <0.001) with
a moderate correlation for Stoffenmanager® and ART
and high correlation for ART+B. Also notable is a sys-
tematic tendency of overestimating low exposures and
underestimating high exposures observed for all three
tools, which agrees with previous studies (Bekker et al.,
2016; Landberg et al., 2017; Savic et al., 2017, 2020;
Lee et al.,2019c¢, 2020). This observation suggests that
the tool developers might review calibration results
embedded in the tools and uncertainty factors applied
to estimate predictions.

When considering the impact of VP input, the re-
ported results for Stoffenmanager® were not consider-
ably different compared to those by Lee et al. (2019a).
For example, Stoffenmanager® showed medium con-
servatism for the allocation of high or medium VP and
low for the low VP option. van Tongeren et al. (2017)
reported similar conservatisms for the medium (19%,
n = 887) and low (5%, 7 = 131) VP inputs, while a better
conservatism (3%M>T) for the high VP was shown
compared to this study (19%M>T; Table 2). Regardless
of the VP options, ART’s performance was poorer com-
pared to the other tools. ART+B demonstrated high con-
servatism for the medium and low VP and high for the
high VP. It should be noted that the sample size of ESs
along with the number of exposure measurements were
substantially different among the VP groups [i.e. 31 ESs
(medium VP) versus 5 or 6 ESs (high and low VP); Table
1]. To firmly conclude these results, additional number
of ESs and exposure measurements would be needed.

Overall, although Stoffenmanager® is less pre-
cise than ART+B, it is more accurate than ART and
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ART+B and shows the same medium level of con-
servatism as ART+B and moderate correlation when
compared with the measured exposure. These results
indicate that Stoffenmanager® is sufficient to be used
for predicting inhalation exposures to volatile liquids.
Stoffenmanager® has an advantage compared with
ART and ART+B as it requires fewer input parameters.
That is, Stoffenmanager® can be easily used by users
who don’t have advanced knowledge in occupational
exposure assessment. In the present study, v7 was used
and currently v8.3 is available. The major difference is
that v8.3 can perform risk assessments at different pro-
cess temperatures, which is irrelevant to the exposure
data utilized in this study. The results of exposure es-
timates (without considering a respiratory protection
factor) would be the same for both v7 and v8.3. Thus,
the findings of this study can be applied to an evalu-
ation study with the current version.

Similarly, ART+B can also be a promising tool be-
cause,althoughitisless accurate than Stoffenmanager®,
it is the most precise and has the same conservatism as
Stoffenmanager®. If exposure measurement data are
available (even a few data), users are encouraged to
predict inhalation exposures with ART+B. However, it
should be noted that in this study, the same exposure
data used for the comparison of the tools’ estimates
with the measured data were incorporated into the
Bayesian approach to predict estimates, potentially
leading to artificially good performance. This is a
limitation of this study. If researchers are interested
in evaluating the performance of ART+B, it would be
ideal to use a different set of data from similar ESs into
the Bayesian approach. Alternatively, users are encour-
aged to consider the 90% upper CL of the 90th per-
centile estimate.

Conclusions

The present study investigated the performance of
Stoffenmanager® and ART with and without the
Bayesian approach in terms of accuracy, precision,
and conservatism. In conclusion, the findings of this
study indicate that the 90th percentile estimates of
Stoffenmanager® and ART+B are sufficiently accurate,
precise, and conservative with the measured exposures
for estimating inhalation exposures of volatile liquids.
Alternatively, it is strongly recommended that users se-
lect the 90% upper CL of the 90th percentile estimate
for ART if only the mechanistic part is considered. In
addition, a systemic pattern (i.e. overestimating low
exposures and underestimating high exposures) for all
tools’ estimates indicate that the tool developers might
want to revisit their calibration results embedded in the
tools and uncertainty factors applied to the develop-
ment of tools. The strengths of this study are that the
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required tools’ input parameters were obtained during
the sample collection, and unlike other previous studies,
more realistic activities (such as considering multiple
subtasks) were considered in the estimation of expos-
ures using higher-tier tools recommended by ECHA.
In future studies, other types of materials (e.g. solid,
metals), ES scenarios not covered in this study, and a
wide range of exposure levels should be considered.
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