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Cross-validation and refinement of the
Stoffenmanager as a first tier exposure assessment
tool for REACH

Jody Schinkel,1 Wouter Fransman,1 Henri Heussen,2 Hans Kromhout,3

Hans Marquart,1 Erik Tielemans1

ABSTRACT
Objectives For regulatory risk assessment under REACH
a tiered approach is proposed in which the first tier
models should provide a conservative exposure estimate
that can discriminate between scenarios which are of
concern and those which are not. The Stoffenmanager is
mentioned as a first tier approach in the REACH
guidance. In an attempt to investigate the validity of the
Stoffenmanager algorithms, a cross-validation study was
performed.
Methods Exposure estimates using the Stoffenmanager
algorithms were compared with exposure measurement
results (n¼254). Correlations between observed and
predicted exposures, bias and precision were calculated.
Stratified analyses were performed for the scenarios
“handling of powders and granules” (n¼82), “handling
solids resulting in comminuting” (n¼60), “handling of
low-volatile liquids” (n¼40) and “handling of volatile
liquids” (n¼72).
Results The relative bias of the four algorithms ranged
between �9% and �77% with a precision of
approximately 1.7. The 90th percentile estimate of one
out of four algorithms was not conservative enough.
Based on these statistics and analyses of residual plots
the underlying algorithm was adapted. Subsequently, the
calibration and the cross-validation dataset were merged
into one dataset (n¼952) used for calibrating the adapted
Stoffenmanager algorithms. This new calibration resulted
in new exposure algorithms for the four scenarios.
Conclusions The Stoffenmanager is capable of
discriminating among exposure levels mainly between
scenarios in different companies. The 90th percentile
estimates of the Stoffenmanager are verified to be
sufficiently conservative. Therefore, the Stoffenmanager
could be a useful tier 1 exposure assessment tool for
REACH.

INTRODUCTION
Exposure assessment is preferably based on a suffi-
cient number of exposure measurements.1 2 Since
exposure measurements are often considered to be
expensive and time consuming or not possible,
(quantitative) exposure modelling is sometimes
used as an alternative. However, modelling is
complex and this is clearly reflected in the range of
different approaches. Several (statistical) models
have been developed to predict inhalation exposure
under different circumstances. Some deterministic
models have been developed for use with defined
tasks such as embalming3 or laboratory work.4

Alternatively, exposure models for regulatory risk

assessment assess exposure for a broad range of
exposure scenarios. The same holds for control
banding systems providing advice on control in the
workplace.5

Examples of these so-called generic models and
control banding systems for inhalation exposure are
the Estimation and Assessment of Substance Expo-
sure model,6 COSHH essentials,7 8 ECETOC TRA,9

Stoffenmanager10 11 and the “Easy-to-use workplace
control scheme for hazardous substances”
(EMGK) (http://www.reach-helpdesk.de/en/Expo-
sure/Exposure.html). Under REACH (the European
chemicals legislation), the manufacturers and
importers of dangerous substances are required to
develop exposure scenarios that describe how risks
relating to the substances can be controlled for
workers, the general population and the environ-
ment (http://ec.europa.eu/environment/chemicals/
reach/pdf/2007_02_reach_in_brief.pdf). Because
many thousands of substances need to be assessed,
a tiered approach is recommended in which rela-
tively simple exposure models are used to efficiently
assess worker exposure. Several of the models
mentioned above have been summarised as first tier
approaches in the REACH guidance.12 Under
REACH a tiered approach is proposed in which the
first tier should provide a conservative (ie, protec-
tive) system that can discriminate between
substances in scenarios which are of concern for
workers’ health and those which are not.13 An
exposure scenario in this case includes a set of
conditions that describes how the substance is used
or manufactured and which risk management
measures are implemented.

What this paper adds

< Generic models used for predicting inhalation
exposures in risk assessment have been vali-
dated only to a limited extent.

< The validity and reproducibility of the predictions
of any model should be evaluated before results
can be used safely and effectively in the risk
assessment process.

< This validation study shows that the Stoffen-
manager can be a useful quantitative tier 1
exposure assessment tool for REACH.

< A reasonable worst case estimate (eg, 90th
percentile estimate) of the Stoffenmanager is
a good measure for compliance testing.
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The validity and reproducibility of the predictions of any
model should be evaluated before results can be used safely and
effectively in the risk assessment process. The lack of proper
evaluation of new exposure models before introduction into the
occupational hygiene profession has been criticised.14 Most of
the above mentioned generic models have been validated only to
some extent and often long after their introduction.15e19 The
most comprehensive validation study focused on Estimation and
Assessment of Substance Exposure, indicating that the model
needed complete revision if it was to provide more reliable esti-
mates of exposure.18 In general, the validation studies do not
cover the broad range of scenarios necessary to provide
a complete picture of the validity domain. In addition, it is
unclear whether different models provide comparable results for
the same scenario. This lack of insight does not allow a sound
weighting of available tools, which will be clearly necessary in
the scope of regulatory risk assessments.

In The Netherlands, the Stoffenmanager was initially
designed as a prioritisation tool to make qualitative risk assess-
ments and to provide advice on control in the workplace.10 To
derive a quantitative exposure algorithm, relative exposure
rankings of the Stoffenmanager have been compared with
a comprehensive set of exposure measurements using mixed
effect regression models.11 With this calibrated model the scores
can be converted into quantitative exposure estimates in
concentration units.

During the collation of exposure measurement data used for
this calibration of the Stoffenmanager, a web-based exposure
database was developed. This database is referred to as the
SToffenmanager Exposure And Modelling database (STEAM-
base). The tight link between the Stoffenmanager and
STEAMbase enables a cycle of periodical model validation and
refinements. Updating of model calibration with new exposure
data is necessary as workplace scenarios and exposure levels
will change over time.20 21 Therefore, in our opinion a regular
cycle of model development, model validation and model
refinement is necessary so that models can be used in a respon-
sible way.

The first loop through the cycle has been completed and
described by Marquart et al10 and Tielemans et al.11 The focus of
the present paper is to validate the predictions from the Stof-
fenmanager algorithms in the scope of first tier models for
REACH. This paper describes the conclusions from this cross-
validation, the new calibration of the algorithms after model
improvements based on this validation, and the adapted algo-
rithms. The ability of the Stoffenmanager to discriminate
between exposure levels across and within premises was also
discussed.

MATERIALS AND METHODS
Exposure algorithm
The exposure algorithm has been extensively described by
Marquart et al.10 It is based on a source-receptor approach
developed by Cherrie et al22 and incorporates modifying factors
related to source emission and dispersion of contaminants. Most
parameters are divided into classes with scores on a logarithmic
scale. The total personal exposure score (Ct) is the sum of
exposure levels due to near field sources, far field sources and
diffusive background sources, adjusted for possible separation of
the worker from the source (himm). A source is considered to be in
the near field if it is located within 1m of the head of the worker.
A far field source is more than 1m away from the worker ’s head
but still influences the exposure of the worker because the source

is within the same work area. Equation 1 represents the Stof-
fenmanager algorithm.

Ct ¼
�
ðE$aÞ þ

�
E$H$hlc$hgv nf

�
þ

�
E$H$hlc$hgv nf

��
$himm

(1)

E¼intrinsic emission of the product; for solids E is the dusti-
ness (in classes) of the product; for liquids E is (Pi/30 000)*Fi
(with Pi representing vapour pressure (Pascal) and Fi the fraction
of substance i in a mixture);
a¼potential of diffusive sources not captured by questions

regarding the far field sources;
H¼score for type of handling;
hlc¼effect of local control measures;
hgv_nf¼effect of general ventilation in combination with room

size for the near field (NF);
hgv_ff¼effect of general ventilation in combination with room

size for the far field (FF);
himm¼effect of separation of the worker from the source.
The semi-quantitative exposure score Ct has been calibrated

with measured exposure data using mixed effects models to
derive a quantitative exposure estimate.11 The regression equa-
tions resulting from this calibration enable prediction of
geometric mean exposures and any percentile prediction of the
distribution for a given Stoffenmanager score (Ct).

STEAMbase
STEAMbase is an inhalation exposure database and its structure
follows the principles and parameters of the Stoffenmanager
algorithm (equation 1). Therefore, relevant Stoffenmanager
exposure determinants like dustiness for solid materials, vapour
pressure for liquid, type of handling, local control measures, room
ventilation, room size, good housekeeping and separation of the
worker from the source were stored per performed task. In
addition, required core information for the exposure measure-
ments23 was also stored in STEAMbase (eg, sample technique,
sample strategy, analytical method).
STEAMbase contains both task-based and shift-based

measurements collected for the purpose of the Stoffenmanager
calibration and evaluation projects. The collation of data is an
ongoing process. Measurements have been collated from three
sources: (1) measurement surveys specially conducted for the
calibration and evaluation projects, (2) occupational exposure
datasets from TNO studies funded by the Dutch government
in the past, and (3) exposure data collected using a network
of industry and occupational health services participating in
the Dutch “VASt program”. The VASt program was established
by the Dutch Ministry of Social Affairs and Employment to
assist small and medium enterprises (SMEs) in reinforcing the
policy on working conditions and hazardous substances (http://
vast.szw.nl).

Assignment of Stoffenmanager scores
In the time between the selection of data for the calibration of
the Stoffenmanager11 and the date we started this cross-valida-
tion study, additional data were stored in STEAMbase.
Measurement data used for the calibration of the Stoffenmanager
algorithms were not selected for the cross-validation dataset. All
other data available in STEAMbase matching the following
criteria were selected:
< Contextual information for all tasks performed during the

measurement is available for all relevant determinants of the
Stoffenmanager algorithm.
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< Core information on sample strategy (sampling duration,
random sampling, etc) and sample technique (sampling
device, analytical method, etc) was documented.

< Measurement of personal inhalation exposure.
A scorewas assignedbasedon the contextual information and

following the tables presented by Marquart et al10 for each
Stoffenmanager parameter. Scores were assigned by the first
author (JS) and reviewed by most of the co-authors (WF, HH,
HM, ET). The parameter for which the assignment of a score
most often led to disagreement by the co-authors was the
handling score. In a meeting between the authors the handling
scores were discussed until there was a consensus classifica-
tion. This consensus classification was used to derive final
estimates. When multiple tasks were performed during
a measurement, a time-weighted Stoffenmanager score (Ct)
was calculated.

Data processing and cross-validation
The data were analysed using SAS statistical software (v 9.1.3).
Measured concentrations and estimated Stoffenmanager scores
were found to approximate a log-normal rather than a normal
distribution, so descriptive statistics are presented both as
arithmetic and geometric mean levels with geometric standard
deviation (GSD) and range. In situations where measured values
were below the limit of detection (LOD), 0.5 times the LOD was
substituted for measured values (n¼16).24

Spearman correlation coefficients were calculated to study the
relation between Stoffenmanager scores and measured exposure
concentrations. The level of conservatism of the algorithms is
tested by calculating the proportion of measurements exceeding
the 90th percentile exposure estimates of the predicted exposure
distribution using the models derived during the calibration of
the Stoffenmanager.11 A proportion of 10% or less exceeding the
90th percentile estimate was considered to indicate sufficient
conservatism. Bias and precision were calculated as described
previously (equations 2 and 3).25 Bias was defined as the mean
difference between predicted estimates and measured exposure
on a logarithmic scale.

Bias ¼ +
no

i¼ 1

�
ŷi � yi

�
no

(2)

Precision ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
+
n0

i¼ 1

��
ŷi � yi

�� bias
�2

n0 � 1

vuut (3)

ŷi ¼ ln predicted exposure level for the i-th set of exposure
factors in the validation set

yi ¼ ln measured exposure for the i-th set of exposure factors

n0 ¼ number of measurements in the validation set

A positive bias indicates tendency of the model to overestimate
exposure, a negative bias indicates underestimation by the model.
The relative bias was defined as the difference between predicted
and measured exposure divided by the measured exposure (equa-
tion 4). The bias presents the systematic error of the model and
shows the capability of the model to predict the “true” value. The
variability around the bias is given by the precision which is the
standard deviation of mean difference between measured values
and predicted estimates on a logarithmic scale.

Relative bias ¼ �
ebias � 1

�
*100% (4)

Stratified analyses were made for different scenarios. The solid
scenario is divided into scenarios describing handling of powders
and granules (like scooping, dumping and filling) and scenarios
handling solid materials resulting in comminuting (like sanding
wood or grinding stone). The mechanisms for emission of dust
are different for these two scenarios. Separation of intrinsic
emission and type of handling is clear for powders and granules.
In contrast, when handling products resulting in comminuting
it is difficult to assign the intrinsic emission of the product
because this is not independent of the performed task. For
example, in processing wood or stone, the machine type affects
the dustiness of the formed by-product (eg, sawing wood
produces a smaller wood fraction than planing wood, but in
both situations the product is solid). Therefore, the parameter
for intrinsic emission was combined with the score for type of
handling for this scenario.
Also, two different mechanisms of source emission are

apparent for scenarios describing handling of liquid products.
Evaporation is an important mechanism for volatile substances,
whereas the likelihood of aerosol release determines emission in
low-volatile products. This separation between both types of
exposure processes was illustrated in the figures presented by
Tielemans et al.11 Therefore, separate analyses were also
conducted to explore the differences between volatile (vapour
pressure >10 Pascal) and low-volatile substances (vapour pres-
sure #10 Pascal).

Model refinement and new calibration
The cross-validation of the Stoffenmanager algorithms based on
bias and precision statistics and the analyses of residual plots
provided important insights for refinement of the Stoffenmanager
model. A broader range of classes was defined for the handling
parameter and the intrinsic emission parameter was combined
with the score for type of handling for the scenario handling solids
resulting in comminuting. Subsequently, the previous calibration
dataset11 and data from the present study were merged to update
the calibration using the adapted mechanistic model. The mixed-
effect regression models described earlier11 were used to further
explore the relation between the new Stoffenmanager scores and
exposure measurements. The natural log of exposure data was
used as dependent variable and the log of the Stoffenmanager
score as independent variable, with a random premise compo-
nent of variance. A compound symmetric covariance structure
was assumed in the presented models. Calibrations were
conducted separately for the four scenarios.

RESULTS
Cross-validation for solid scenarios
To evaluate the model for solid scenarios a dataset of 142
exposure measurements was selected from STEAMbase
following the criteria described above. Within this dataset 12
different industries were included with a median sampling
time of 3 h and measured exposure levels ranging from 0.03 to
646mg/m3 representing a total GSD of 7.4 (table 1). The lowest
exposure was found during wet abrasion of a wooden sports floor,
while the highest exposure levels occurred during bulk trans-
shipment of products. The exposure data that were included in
this evaluation phase covered a broad range of activities.
The Spearman correlation (rs) between Stoffenmanager scores

and measurements appeared to be moderate (rs¼0.47, n¼142,
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p<0.001) and seemed to be better for handling resulting in
comminuting (rs¼0.69, n¼60, p<0.001) than for handling of
powders and granules (rs¼0.41, n¼82, p<0.001) (table 2). A
relative bias of �59% for the overall model for solid scenarios
indicates that the model, on average, underestimates exposure to
inhalable dust in this dataset (table 2). The proportion of
measurements exceeding the estimated 90th percentile, was 19%
for the overall solid model.

Stratified analyses were performed for the two types of
handling solids. For the group handling powders and granules
the relative bias was �77%. So the measured exposures were on
average almost a factor of two higher than predicted. Moreover,
within this group 29% of the measurements had a measured

exposure above the predicted 90th percentile based on the Stof-
fenmanager scores. Conversely, for handling resulting in
comminuting the relative bias was much smaller (�9%) and only
5% of the measurements were higher than the 90th percentile
prediction. The precision of the bias for the overall inhalable dust
model and the group handling powders and granules was
comparable (precision¼1.7).
When modelling the data an assumption of log-normal

distribution and homoscedasticity was made. If these basic
assumptions for modelling hold, the residual plot should obtain
a horizontal band with no hint of any systematic trends.26

However, figure 1 illustrates a tendency of greater deviance with
higher measurement results.

Table 1 Descriptive statistics of available measured exposure data for solid and liquid scenarios

Type of industry Substance N K

Median
sampling
time (min) AM (mg/m3) GM (mg/m3) GSD

Minimum
(mg/m3)

Maximum
(mg/m3)

Overall solid scenarios 142 23 181 28.6 2.78 7.42 0.03 646.4

Carbon black industry Inhalable dust 10 1 115 6.09 2.34 4.69 0.20 30.8

Cardboard industry Inhalable dust 2 1 395 0.35 0.32 1.91 0.20 0.50

Cement industry Inhalable dust 12 1 121 9.54 5.75 2.52 1.80 49.5

Chemical production industry Inhalable dust 1 1 10 79.9 79.9 79.9 79.9

Metal industry Inhalable dust 3 2 348 10.4 5.99 3.50 2.82 25.4

Paving Inhalable dust 20 1 227 0.32 0.28 1.68 0.13 0.63

Pottery Inhalable dust 4 1 323 1.37 1.17 1.84 0.71 2.80

Waste processing Inhalable dust 4 1 330 13.1 5.51 5.16 0.87 39.1

Railway maintenance Inhalable dust 10 1 105 4.19 2.55 2.93 0.61 16.0

Refinishing Inhalable dust 8 1 58 11.0 1.41 19.7 0.03 39.0

Transshipment Inhalable dust 38 3 173 90.7 12.4 9.19 0.25 646.4

Woodworking industry Inhalable dust 30 9 307 4.22 1.84 2.79 0.30 60.5

Overall liquid scenarios 112 36 215 43.3 1.91 49.9 0.002 299.8

Pest control/disinfection Biocides (alkyl dimethylbenzyl
ammonium chloride)

21 10 305 0.05 0.02 4.28 0.004 0.34

Agriculture Pesticides (captan) 9 1 7 0.02 0.01 2.40 0.002 0.06

Car body repair shops Isocyanates (total HDI oligomers) 7 3 6 0.82 0.07 21.3 0.004 2.87

Organic solvents (total volatile
organic compounds)

1 1 19 135.9 135.9 135.9 135.9

Metal industry Organic solvents (total volatile
organic compounds)

6 1 74 123.8 87.1 2.58 31.8 299.8

Orthopaedic shoe
manufacturing

Organic solvents (total volatile
organic compounds)

7 6 510 89.2 77.5 1.79 37.5 152.3

Shoe repair industry Organic solvents (total volatile
organic compounds)

24 4 510 43.1 34.0 2.06 6.37 121.0

Silkscreen printing industry Organic solvents (total volatile
organic compounds)

1 1 452 16.3 16.3 16.3 16.3

Chemical production industry Organic solvents (total volatile
organic compounds)

15 2 62 37.7 6.79 7.28 0.43 210.0

Furniture industry Organic solvents (total volatile
organic compounds)

13 4 145 118.0 67.2 4.06 2.70 252.7

Transport Organic solvents (total volatile
organic compounds)

1 1 40 189.6 189.6 189.6 189.6

Cleaning industry Formaldehyde 5 1 354 0.08 0.04 5.24 0.01 0.15

Textile industry Sodium hydroxide 2 1 214 0.01 0.01 1.47 0.01 0.02

AM, arithmetic mean; GM, geometric mean; GSD, geometric standard deviation; K, number of premises; N, number of samples.

Table 2 Cross-validation of the Stoffenmanager algorithms

Group N rs Bias Precision Relative bias (%) % >90th percentile

Overall solids 142 0.47 �0.90 1.81 �59 19

Handling of powders and granules 82 0.41 �1.49 1.66 �77 29

Handling resulting in comminuting 60 0.69 �0.10 1.71 �9 5

Overall liquids 112 0.85 �0.42 1.70 �34 10

Low-volatile substances 40 0.20 �0.97 1.75 �62 15

Volatile substances 72 0.63 �0.11 1.61 �11 7
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Cross-validation for liquid scenarios
The dataset for liquid scenarios contained 112 exposure
measurements from 12 different industries. As expected, the
lowest exposures were found during scenarios with low-volatile
substances, while the highest exposures occurred during
spraying volatile substances. The measured exposure levels
ranged from 0.002 to 300mg/m3, representing a range of six
orders of magnitude. This indicates a broad range of activities
with very different exposures (table 1). The median sampling
time was 3.5 h.

The correlation coefficient between Stoffenmanager scores and
measurements for liquid scenarios appeared to be good (rs¼0.85,
n¼112, p<0.001). The measurements indicated that the Stof-
fenmanager was negatively biased (�34%) for liquid scenarios
(table 2), indicating predicted exposure was half as low as the
measured exposure. Ten per cent of the measurements within
this cross-validation dataset were above the predicted 90th
percentile. The precision z1.7 was comparable with the preci-
sion of the bias found within the solid scenarios (table 2).

The groups of low-volatile and volatile substances were also
analysed separately. For low-volatile substances poor correlation
was seen (rs¼0.20, n¼40, p¼0.21) and we found a moderate
correlation for volatile substances (rs¼0.63, n¼72, p<0.001). For
the low-volatile and volatile substances the relative bias was
�62% and �11%, respectively. Moreover, the percentage of
measurement results above the 90th percentile prediction was
15% for low-volatile and 7% for volatile substances. The preci-
sion of the bias of z1.7 was almost the same for the different
models (table 2).

The residual plot for liquid scenarios (figure 2) shows over-
estimation of the low exposures and underestimation of the
higher exposures.

Model refinement
The range in exposure to inhalable dust found in this paper and the
paper of Tielemans et al11 was 0.0004e300 mg/m3. These seven
orders of magnitude are not reflected in the range of Stoffen-
manager scores. Figure 1 shows that the exposure is particularly
underestimated in the transshipment industry. Furthermore,
Tielemans et al11 presented a figure which showed that for
handling very small amounts of product (eg, weighing drugs in
pharmacies) exposures were overestimated. This provides a clear

indication that the range of relative scores in the handling
parameter is not large enough to cover the broad scope of activi-
ties. Therefore, the range was increased from two (ie, 0.1e10) to
three (ie, 0.03e30) orders of magnitude by adding new categories
to the handling score table as presented by Marquart et al.10 A
lower handling score (0.03) was added for handling very low
quantities of products (<10 g) and a higher score (30) for activities
where tons of product are handled in an uncontrolled manner (see
online appendix A). In addition, a new table for handling scores
was developed for handling resulting in comminuting where
product and handling type are combined (see online appendix B).
Furthermore, a small change was made in the table describing

scores for handling liquids. A score of 0.03 was added to the table
covering, for example, pipetting very small amounts of liquid. A
score of 30 was considered not to be necessary for the liquid
scenarios. The new tables for handling scores are presented in
online appendix C.

Calibration of new models
Because the mechanistic model of the Stoffenmanager was
adapted and more measurements were available for calibration,
the relation between the Stoffenmanager model and measured
exposure levels was investigated once more by using mixed
effects models with a random premise effect. The data used in
the previous calibration (n¼698)11 and the dataset collected for
the cross-validation of these algorithms described in this paper
(n¼254) were merged. The new database (n¼952) is used to
calibrate the new models for handling powders and granules
(n¼408), handling resulting in comminuting (n¼112), handling
low-volatile substances (n¼256) and handling volatile substances
(n¼176). The four newmodels are presented in table 3. The slope
of the regression line shows a positive linear relation between the
log-transformed Stoffenmanager scores and the log-transformed
exposure measurement results for all scenarios. These regression
equations enable the estimation of geometric mean exposures for
a given Stoffenmanager score (Ct) following equation 5.

Ŷ ¼ eb0 þ b1*lnðctÞ (5)

Ŷ ¼ exposure prediction
b0¼intercept
b1¼slope of the regression line
Ct¼Stoffenmanager score

Figure 1 Plot of residuals of measured exposure and estimated
exposure as a function of the predicted exposure for handling of solids.

Figure 2 Plot of residuals of measured exposure and estimated
exposure as a function of the predicted exposure for handling of liquids.
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The calibration provides insight in the variation around the
geometric mean exposure. This variation can be used to predict
the exposure for any percentile of interest with the following
formulas (equations 6 and 7):

RWCestimate ¼ Ŷ$M (6)

M ¼ eΖ$
ffiffiffiffiffiffiffiffiffiffiffiffi
s2bc þ s2wc

p
(7)

Z¼Z value for normal distribution
s2bc¼between premise variance
s2wc¼within premise variance

The proportion of total variance in exposure explained by the
Stoffenmanager algorithms ranged between 26% and 48% for
the four models. The Stoffenmanager explained 48e57% of the
variance between premises across industries and 11e30% of the
within premise variance (table 3). This indicates that the Stof-
fenmanager algorithms could discriminate between different
exposure situations mostly found between premises, and is less
accurate in discriminating among relatively similar exposure
situations generally found within the same premises.

To illustrate that the Stoffenmanager explained less variance
in more similar exposure situations, the data were grouped
according to industries. Unfortunately, these groups were very
small. For each scenario table 4 illustrates calibrations of the
models for the two industries where most measurements were
conducted. Indeed, less variance was explained by the Stoffen-
manager if within an industry approximately the same exposure
situations occurred. For example, almost no variance is explained
in the car body repair shops and in the pest control industry
although measured exposure levels within these industries vary
substantially.

DISCUSSION
This paper presents the results of the cross-validation of the
Stoffenmanager exposure model using independent datasets.
This evaluation resulted in an adapted Stoffenmanager model
and a new calibration based on more exposure measurements,
covering a broader range of work environments. The cross-
validation method as used in this paper is a valuable technique
for evaluating predictive models developed from exposure
measurements.25

Table 3 Results of the mixed effect regression models for the new calibration, with premise included as random effect (model A) and model A with
Stoffenmanager score added as fixed effect (model B)

Scenario K n Model b0 b1 s2bp s2wp %s2bp explained %s2wp explained

Handling powders and granules 76 408 A 0.70 (0.25)* 4.01 1.81

B 1.60 (0.18)** 0.69 (0.05)** 1.74 1.27 57 30

Handling resulting in comminuting 29 112 A 1.25 (0.31)** 2.29 1.27

B 0.38 (0.27) (0.23)** 0.78 (0.12)** 1.18 1.04 48 18

Handling low-volatile substances 86 256 A �3.67 (0.22)** 2.21 3.82

B 3.77 (0.92)** 0.66 (0.08)** 1.06 3.38 52 12

Handling volatile substances 48 176 A 3.47 (0.30)** 3.72 1.34

B 5.32 (0.32)** 0.53 (0.07)** 1.76 1.19 53 11

K, number of premises; n, number of measurements.
b0¼intercept; b1¼regression coefficient; s2bc¼between premise variance component; % s2bc explained¼proportion between premise variance explained by the model; s2wc¼within premise
variance component; % s2wc explained¼proportion within premise variance explained by the model.
*p<0.01; **p<0.001.

Table 4 Results of the mixed effect regression models per industry, with premise included as random effect (model A) and model A with
Stoffenmanager score added as fixed effect (model B)

Scenario
Industry K n Model b0 b1 s2bp s2wp %s2bp explained %s2wp explained

Handling powders and granules

Pharmacies 9 78 A �2.9 (0.21)** 0.04 2.90

B 0.05 (0.57) 0.78 (0.14)** 0.12 2.03 0 30

Bakeries 17 56 A 0.26 (0.17) 0.10 1.25

B 0.87 (0.19)** 0.61 (0.13)** 0.09 0.86 0 31

Handling resulting in comminuting

Construction industry 11 29 A 2.74 (0.43)** 1.72 0.52

B 2.20 (0.52)** 0.33 (0.22) 1.14 0.60 34 0

Woodworking industry 14 51 A 0.45 (0.20) 0.34 0.71

B �0.13 (0.24) 0.57 (0.16)** 0.28 0.57 18 20

Handling low-volatile substances

Car body repair shops (isocyanates) 19 97 A �2.58 (0.27)** 0 6.89

B 5.00 (1.71)* 0.75 (0.17)** 0 5.75 0 17

Pest controllers 20 59 A �4.16 (0.46)** 3.63 0.79

B 0.63 (2.43) 0.38 (0.19) 3.03 0.80 17 0

Handling volatile substances

Metal industry 14 62 A 3.98 (0.38)** 1.64 1.54

B 5.71 (0.45)** 0.48 (0.10)** 0.61 1.35 63 12

Orthopaedic branch 11 33 A 4.81 (0.33)** (0.33)**** 0.98 0.52

B 5.51 (0.50)** 0.28 (0.16) 0.76 0.52 22 0

K, number of premises; n, number of measurements.
b0¼intercept; b1¼regression coefficient; s2bp¼between premise variance component; %s2bp explained¼proportion between premise variance explained by the model; s2wp¼within premise
variance component; %s2wp explained¼proportion within premise variance explained by the model.
*p<0.01; **p<0.001.
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Few comparably detailed evaluations of predictive models
exist, and those models are industry specific and not as generic
as the Stoffenmanager algorithms. Models developed for specific
scenarios are expected in advance to be more accurate compared
to the performance of generic models. There is generally a trade-
off between accuracy of the model and broadness of application
domain. Indeed, the relative bias found in other studies was
slightly smaller than found in our study and roughly varied
between �50% and 50%.27e30 Friesen and colleagues31 found
very low relative bias for a model predicting historical dust- and
wood-exposure in sawmills (�12% and �1%). Also, because
of the generic purposes of the Stoffenmanager, less precise
predictions were expected when investigating the predictive
capabilities of the algorithms. The precision of the (relative)
bias of our algorithms was similar,28 29 or less precise,27 31

compared with other studies. Currently, most generic models are
validated only to a limited extent. This prohibits proper
comparison of the Stoffenmanager with similar generic exposure
models.

The proportion of exposure measurements exceeding the 90th
percentile estimate of the algorithms should be 10% or less in
order to be useful as a tier 1 screening tool. For the solid scenarios
the proportion exceeding the 90th percentile estimates was 19%.
Stratified analysis showed that this proportion was 29% (18% in
the transshipment industry) in the group handling of powders
and granules and 5% in the group handling resulting in
comminuting. Evaluating the algorithm for liquid scenarios, the
proportion above the 90th percentile estimates was 10% for the
overall model and 15% and 7% for the low-volatile and volatile
scenarios, respectively. However, within the low-volatile
scenarios the estimated exposure was in some cases lower than
the LOD for that substance. An analysis excluding measure-
ments below the LOD showed that only 6% of the measure-
ments had a result above the estimated 90th percentile. Overall,
three out of four algorithms were sufficiently conservative and
only one algorithm (handling of powders and granules) appeared
to be not protective enough. This algorithm was therefore
adapted, introducing a broader range of relative scores in the
handling parameter.

Previously, three types of uncertainty were summarised11

resulting in scattering of exposure measurements given a certain
Stoffenmanager score. The first type was uncertainty in input
parameters, such as product information from safety data sheets
or contextual information about circumstances described in the
reports.25 Secondly, there is uncertainty in measurement data.
This could be due to analytical error across laboratories or
differences in aerosol sampling instruments.25 32 However,
measurement error is generally believed to be minor as compared
to true exposure variability.33 Thirdly, a more fundamental
reason for discrepancies is model uncertainty. Although the
underlying concepts incorporate the critical determinants of
exposure,16 34 the model could not deal with all the determinants
influencing exposure (eg, personal behaviour, ventilation rate).
Besides, the relative scores of the model parameters are largely
based on expert judgement and may not represent their “real
effect” on exposure. Ideally, much more effort should be devoted
to scientific underpinning of the scores. Currently, additional
work in this area is being conducted and results are expected
soon.13

The dataset contains both shift- and task-based measure-
ments. Also, for the four groups of scenarios separate analyses
were conducted only using task measurements (results not
shown). We expected smaller parameter uncertainty in task
measurements than in multiple task measurements as collection

of contextual information is more complex in the latter case.
These task-based models showed better performance for the
group handling powders and granules. For the three other
groups, the models showed only very small improvements
(results not shown). Because the models did not change
substantially, while the number of measurements underpinning
the models did decrease substantially, it was decided to calibrate
algorithms using both task and multiple task measurements in
the dataset.
After cross-validation of the algorithms, model refinements

were made and new algorithms were derived from the total
dataset. Despite the fact that this dataset consists of almost
1000 measurements across different industries and premises, we
should note that the dataset will not contain the diversity of
scenarios needed for REACH to cover all the combinations of
exposure determinants. Therefore, the validity of the Stoffen-
manager algorithms is limited to the scenarios evaluated in this
study. Furthermore, the models could only be used for estimating
inhalable dust, liquid aerosols and vapour exposures. Exposures
to respirable dust, gases or fibres for example, were not part of
this study. Hence, these types of exposures are beyond the
validity domain of the Stoffenmanager.
The Stoffenmanager algorithms were derived from a statis-

tical model based on a deterministic model and therefore
incorporate a limitation. This limitation is provoked by the
limitations of a deterministic model. A true determinant may be
missed or an incorrect value given to a certain determinant.35

The explained total variance by the Stoffenmanager model was
between 26% and 48%. The unexplained variance was compa-
rable with a GSD of 5.7e8.2. Explained variance was much larger
for between-premise components of variance as compared to
within-premise components of variance, indicating that the
Stoffenmanager can primarily discriminate between scenarios in
different premises. This could be due to the fact that exposure
determinants vary more between premises than within premises.
In most cases the Stoffenmanager algorithms are not sophisti-
cated enough to discriminate between more subtle exposures
differences among workers within a scenario. Therefore, it is
concluded that the Stoffenmanager algorithms could predict
average exposures at scenario level. To ensure a conservative
estimate for an individual worker, the unexplained variance
within scenarios must be taken into account. This could, for
example, be done by using the conservative 90th percentile of
a predicted exposure distribution as a measure to assess compli-
ance testing.
The evaluation of the Stoffenmanager algorithms has resulted

in model improvements and in four new algorithms based on
more exposure data. The new models for the solid scenarios
differ only slightly from the first models presented by Tielemans
et al,11 whereas 142 measurements were added to the dataset. For
the liquid scenarios 112 additional measurements were added and
the model refinements resulted in a separate model for volatile
and low-volatile liquids. However, the usefulness of this cross-
validation depends heavily upon how representative the
measured data were.29 Following our philosophy of model
development, these algorithms should be validated again with an
independent dataset in the future.
Based on this cross-validation study and subsequent adap-

tations, we conclude that the Stoffenmanager can be used as
a tier 1 exposure assessment model for regulatory risk assess-
ment. It is hoped that more validity studies will follow in the
near future in order to provide insight into the validity domain
of the various models allowed for exposure assessment under
REACH.
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