
Statistical Models of 
Exposure Determinants 

9 .0 Introduction 
Exposure monitoring has traditionally focused on collecting 
full-shift time-weighted average (TWA) exposure 
measurements with the primary objective of demonstrating 
compliance with regulatory limits. Sampling strategies have 
relied on identifying and monitoring the highest exposed 
workers rather than on random monitoring of workers or 
groups of workers. Additionally, very little contextual 
information has been collected during monitoring on 
characteristics of the processes, work environment, control 
measures, environmental conditions, job tasks and worker 
activities. For example, the National Institute for 
Occupational Safety and Health (NIOSH) Occupational 
Exposure Sampling Strategies Manual identifies specific 
information on sampling and analysis to be recorded, but 
provides only minimal guidance on collecting information on 
work environment characteristics.Cl) Resulting databases, such 
as the Occupational Safety and Health and Administration 
Integrated Management Information System (OSHA IMIS), 
consist of little descriptive information beyond job, industry, 
year of inspection, company size, and other higher order 
information.<2> As a consequence, such databases serve 
limited objectives beyond their intended purposes, despite the 
potential and need for multiple uses. Nevertheless, the IMIS 
data have been used successfully to illustrate trends in 
exposure over time or among industry sectors.<31 In practice, 
even when some contextual information is gathered during 
monitoring, it is generally in the fom1 of notes and is not 
systematically collected, hence limiting il.;; utility. The 
contemporary practice of industrial hygiene is moving away 
from compliance-based monitoring toward comprehensive 
exposure assessment.<4-<iJ There is also the recognition that 
exposure modeling is an integral part of exposure 
assessment<7l; both monitoring and modeling are required to 
improve the efficiency of a sampling strategy and to achieve a 
more complete exposure assessment.l&J 

This chapter focuses on statistical models applied to 
measured exposure data to evaluate the underlying nature 
of exposures and causes of variability. It describes the 
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mathematical basis for these models and provides some 
applied examples. Citations within the text do not 
represent a comprehensive review of the literature. The 
reader is referred to additional useful references for a 
thorough and complete treatment of the topic. 

9 .1 Statistical Models 
In industrial hygiene, models are used to describe the 
relationships between exposure levels and factors 
affecting/determining exposures via deterministic or 
statistical model designs. Deterministic models are based 
on principles of physics and chemical properties of the 
exposure substance and can range from simple vapor 
pressure models to more complex models characterizing 
the generation and transport of exposure.<9> Many 
deterministic models, based on first principles such as the 
conservation of mass, energy, or momentum, are discussed 
in other chapters of this book. Deterministic models are 
focused on underlying mechanisms involved in the 
exposure paradigm, including the initial process of 
contaminant generation to the ultimate step of estimating 
breathing zone exposures. 

Other models arise from using observational and 
experimental data. In exposure assessment, these empirical 
models are developed to examine and estimate the 
relationship between a dependent exposure variable and a set 
of independent predictor variables related to characteristics 
of the work environment. These models rely on statistical 
techniques, using exposure measurements combined with 
either quantitative (continuous) or qualitative (categorical) 
data on the work environment collected simultaneously with 
the monitoring data. Therefore, statistical modeling of 
exposure determinants requires the collection of both 
exposure measurements and detailed contextual information 
on the work environment. One of the impediments of 
statistical modeling using existing or historical exposure data 
are the Jack of systematically gathered contextual 
information on the work environment. 
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In exposure assessment models, the dependent variable 
is usually an exposure metric such as the full-shift TWA 
exposure or short-duration task exposure. Independent 
variables represent one or more factors affecting exposure 
or surrogates for such factors and may or may not be 
directly related to the physical and chemical factors used in 
deterministic models. More often, independent variables 
include a range of factors that describe exposure­
generating processes, the transport of exposure and worker 
interface with exposure.1101 Hence, the model is often a 
mathematical expression translating observable or 
measurable information likely to affect exposures and 
quantifying the impact of that information on exposure 
levels. A diversity of determinants-of-exposure models 
have been published in the literature, making it difficult to 
summarize and understand exposure factors, thereby 
underscoring the need for a structured approach to studying 
exposure determinants. Tielemans et a1.,n 11 have proposed 
a conceptual model that describes the processes leading to 
exposure and suggest a set of broadly defined exposure 
modifying factors within which specific determinants can 
be identified and used in either deterministic or statistical 
models. 

A number of statistical techniques have been used for 
modeling exposure determinants including: I) linear 
regression; 2) random- and mixed-effects analysis of 
variance (ANOVA); 3) logistic regression; and 4) other 
regression techniques (e.g., Tobit regression). These 
models are briefly described in the next sections. 

9.1.1 Linear Regression Models 

Linear regression is typically used to study the 
determinants of exposure when modeling continuous 
exposure measurements that are combined with 
information on characteristics of the work environment. 
By identifying factors of the work environment that 
contribute most to exposures, these models can assist in 
prioritizing interventions for controlling workplace 
exposures. Multiple linear regression modeling is the most 
commonly used technique to investigate determinants of 
exposure, and is of the general form: 

where 

Ln [C] = natural logarithm of the exposure concentration, 
since most occupational exposure data have a 
more Iognormal than normal distribution, 

Po = intercept, 
B 1-B0 = regression coefficients of the independent 

predictor variables I to n, 
Var1-Var0 = possible independent exposure predictors or 

modifiers, and 
E = error term. <12! 
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The intercept represents the overall mean exposure 
level when all independent variables are equal to zero; it is 
also often considered an estimate of the background 
exposure level. Regression coefficients represent the 
change in exposure levels associated with each one-unit 
change in the independent variables. Dichotomous 
independent variables are modeled as (0/1 ), while 
polychotomous variables are transformed into dummy 
dichotomous variables (0/1 ), selecting one level as the 
reference level. The error term in the statistical model 
represents the difference between the predicted and 
observed exposure measurements, but is not used in the 
mathematical expression to predict exposure levels. 
However, the variance associated with tbe error term is 
used to construct confidence intervals for predictions. 
Kleinbaum et al.1111 describe in detail the assumptions 
associated with using multiple linear regression models, 
and include: 

I) Ln [CJ is a random variable dependent on Var; 
values, 

2) Values ofLn [CJ are statistically independent, 
3) The mean value ofLn [CJ is a linear function of 

the Var; values, though product terms can be 
included that allow for interactions, 

4) The variance of Ln [CJ is the same for any Var;, 
and 

5) For any value ofVar;, Ln [CJ is normally 
distributed. 

It is noteworthy that the linear regression model is not 
appropriate for repeat measurements on the same worker or 
when the data are highly correlated within a job group or 
worksite. A mixed model (described in the next section) is 
required for such data. Iru addition, measurement error in 
the explanatory variables (Vari) can lead to biased estimates 
of the regression coefficients and thus it is important to 
attempt to understand the sources of measurement error in 
the explanatory variables. A summary oflinear regression 
models used for studying the determinants of exposure, 
including examples, is contained in texts by Boleij et aJ.t 13> 

and Burdorf.<14> 

9 .1 J. Mixed Models 

A large number of published studies continue to show 
considerable variation in e:xposure between workers 
performing the same job, as well as differences in exposure 
levels from day-to-day.ml Random effects ANOVA models 
have been used to model exposure data with repeated 
measurements on workers to obtain estimates of within­
and between-worker components of exposure variability.<13> 

Understanding of variance components can have important 
implications for developing strategies for sampling, 
exposure control, and epidemiological grouping. The more 
recent use of mixed models permits the identification of 
important factors affecting exposures, while providing 
additional information on within- and between-worker 



variability.16
i The natural logarithm of exposure is modeled 

as the dependent variable, with person effects declared as 
random and workplace characteristics as fixed effects. The 
model is of the general fo1m: 

where 

Yii = natural logarithm of the exposure of the i1h 

person on the j'11 day, 
µ = overal 1 mean of log-transformed exposure, 

~i-!)k = fixed effects of exposure determinants, 
X; = random effect of the i1h worker, and 
Eii = random error. 

(9-2) 

Parameter estimates of the significant fixed effects 
(~i-d provide estimates of the magnitude of the change in 
average exposure associated with each factor (exposure 
determinants). From the model, estimates of the within­
worker CwwS2) and between-worker (bwS2

) variances are 
obtained. Assumptions of the mixed models are described 
in detail by Kleinbaum et ai.< 121 and Rappaport and 
Kupper.<61 Mixed models are now commonly used to 
understand and determine factors affecting exposure and 
can include any of the explanatory variables included in the 
regression model (9-1). In addition, mixed models can 
account for correlation between repeated measurements on 
the same worker and among samples collected from the 
same work area of facility. Moreover, mixed models can 
accommodate a grouping variable to evaluate whether 
workers in different groups have different exposures and 
different variance components. Information on variance 

· components can be used to identify types of control 
measures that are most beneficial, as well as to determine 
exceedance probabilities and average exposure for 
individual workers.16> A summary of mixed models, 
including examples, is also provided by Burdorf.<14l 

9.1.3 Logistic Regression Models 

Modeling using dichotomous exposure data (i.e., yes/no) 
obtained from survey questionnaires, exposure 
measurements above/below the limit of detection (LOD), or 
exposure measurements above/below some identified 
threshold value (e.g., PEL) requires special consideration. 
Logistic regression models have been used to identify 
factors affecting exposure from severely censored (>50% 
LOD) datasetsn6J and from data exceeding regulatory 
limits.<17l Logistic regression models can be considered a 
special case of linear regression for dichotomoius dependent 
exposure variables. The exposure measuremernts or scores 
are dichotomized (1/0) to mark an exposure ev1;:nt. The 
unconditional logistic regression model is of the general 
form02J: 

Logit (pr Y=1) =a+ p1 (Var1) + B2 (Var2) + ... + Pn (Varn)+ E (9-3) 
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The Logit (prY=J) is Ln (PrY=I/PrY=OJ. The logit 
model above describes the ratio of the probabilities for and 
against an exposure event (the outcome variable) as a 
function of: 

a = constant tenn, 
B 1-Bn = parameter estimates for the exposure factors 

(Var1-Var11 ) , 

Var1-Varn =possible independent exposure predictors or 
modifiers, and 

E = error term. 

From the model desc1ibed above, odds rntios and 
confidence intervals for exposure determinants are 
available. lfthe probability of an exposure event is high 
(not rare), then the odds ratios from the logistic model 
provides biased estimates of the relative risk (in this case of 
exposure event).118

> Methods have been developed to 
convert the odds ratio to prevalence ratio<18l or to directly 
estimate prevalence ratio from a Cox regression modeJ.<19J 

For repeated measurements on the binary outcome 
variable, general estimating equations can be used to model 
exposure determinants. 

9.1.4 Other Regression Models 

Modeling highly censored exposure data requires special 
consideration to adjust for truncation of the exposure 
distribution. Modeling truncated continuous exposure 
measurements can be achieved through Tobit regression, 
which uses the maximum likelihood method to estimate 
parameters (i.e., exposure detemunants). The model uses 
log-transformed exposure measurements as the outcome 
variable with the assumption that the data below the LOD 
follow the same distribution as the observed data. The log­
likel ihood function has two components, one for observed 
data and the other for data below the LOD.<20> Maximum 
likelihood estimates of Ps through~" are then obtained by 
maximizing the log likelihood function. Woskie et al.< 16> 

used this approach to model determinants of isocyanate 
exposures in automobile body repair shops. Methods have 
also been developed to model highly censored data with 
repeated measurements using mixed modelsP> 

9 .2 Model Development Strategies 

Many studies have applied the principles of multiplicative 
models, including the following reviews and 
examples.<22- 25l A review by Burstyn and Teschke<10> 

illustrates the range of approaches and methods used to 
develop exposure determinants models. The authors also 
show that a large number of predictor variables have been 
used in these models that are often specific to particular 
workplace circumstances. Hence, a universal model of 
exposure determinants is not feasible, and would not yield 
useful results. An important initial step before modeling is 
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to develop a conceptual framework of how various factors 
may impact exposure levels and the inter-relationships 
among factors. 

The following steps are provided as a framework for 
readers to develop an exposure model based on specific 
workplace determinants. Statistical model development is 
well described by Kleinbaum et aJ.< 121 

9.2.l Develop a Conceptual Model 

Starting with a conceptual model, such as the source­
receptor model, allows for a more consistent approach to 
collecting information on potential classes of exposure 
determinants. A source-receptor model describes the 
physical pathway of exposure from its source through 
different compartments and mechanisms to the route of 
entry into the body. Figure 9.1 illustrates the three 
components of a source-receptor model and provides some 
examples of general factors that may affect exposure 
(adapted from Armstrong et al .123'); note that specific 
operations factors may include additional sub-factors to 
consider. Additionally, there are higher order factors 
related to workplace, industry, and calendar time that may 
also directly or indirectly impact determinants of exposure, 
thus affecting exposure levels. 

Developing a conceptual model requires an 
understanding and knowledge of: processes, raw materials, 

by-products and end-products: mechanisms and factors 
affecting exposure generation; mechanisms and factors 
affecting transport of exposure; individual activities and 
opportunities for direct or indirect contact with exposure; 
and routes of entry and associated factors . A joint 
ACGJH<il'-AJHA task group on occupational exposure 
databases issued a report that identified over 100 data 
elements to be collected with exposure data.1' 6

' These data 
elements are exposure detenninants that can serve as a 
starting point toward building the conceptual model. 
Tielcmans ct a1.n 11 have recently proposed a conceptual 
model for estimating inhalation exposures based on the 
source-receptor model that describes the source, various 
transport compartments and mechanisms, and the receptor. 
A set of nine broadly defined, mutually independent 
modifying factors are outlined, chosen according to first 
principles. Each of the modifying factors can include a 
series of additional factors that could be considered as 
exposure determinants, and that can be applied to either 
deterministic or statistical models. Such a structured 
approach permits for a consistent consideration of 
compartments and mechanisms of exposures, and at the 
same time allows for more specific exposure determinants 
to be developed. It also provides a structured framework 
for characterizing the workplace environment and 
collecting contextual information on the work environment 
characteristics. 

I 
Source ~ Transport ~ Receptor 

I 

I I 
Transport includes the complex set of I i 

Generation includes the physical and processes that starts from the source I l 
chemical aspects of the contaminants, and leads to exposure at the receptor. 

!Receptor factors include the worker 
such as vapor pressure, dustiness, 

I /time, distam;e and activity in the 
quantity, composition and reactivity. 

Transport includes: dilution in the 
jcontamination zone, use of personal 

Process-related variables are also 
transport media, routes of exposure, 

iprotective equipment, personal 
included, such as system temperature, 

distance and direction to the receptor, 
!behavior, training, attitude and work other mitigating (e.g., exhaust 

pressure, force and control ventilation) or enhancing aspects (e.g. , 
practices. 

technologies. I 
other sources). I 

! 
~ . 

; 

\ .J 
\f 

I 
Higher Order Factors 

I 
IA number of higher level factors can directly or indirectly through 
impacting the determinants influence exposures. These include 

1work culture, health and safety program, regulatory limits, industry 
/sector, calendar time, management commitment, etc. 

Figure 9.1- Source-receptor model components with examples of possible exposure determinants. 
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9.2.2 Collect Information on Exposure 
Determinants 

A prerequisite of statistical modeling is the availability of 
information on exposure determinants describing different 
aspects of the work environment. This information is 
generally collected via questionnaires, worker diaries or 
direct observation by exposure assessors during exposure 
monitoring. A conceptual model and initial list of exposure 
determinants are generally constructed after an initial 
assessment that includes a walk-through of the facility and a 
review of the processes, materials, etc., as described in the 
ATHA strategy. Mtich has been covered on individual 
versus group measurements, with well-formed and 
evaluated Similar Exposure Groups (SEGs) widely used for 
efficient workplace evaluations. Exposure monitoring 
records for SEGs may be particularly informative ifthe 
underlying exposure determinants are documented or can be 
reconstructed. Details on exposure assessment strategies 
and construction or validation of SEGs is ava:i lable 
elsewhere.(4•5J Additional information on the integration of 
professional judgment of industrial hygienists with the 
available exposure data are provide elsewhere in this book. 
Further information on the assembly of sources for and 
methods of collecting exposure determinant for exposure 
reconstruction is available from Viet et ai.127> 

9.2.3 Evaluate Exposure Data 

Exposure monitoring is conducted for a variety reasons 
such as compliance assessment or exposure evaluation 
using different strategies, which may result in variable 
data quality, potential biases and limitations to data 
interpretation. For example, Lavoue et al.'28l investigated 
the determinants of formaldehyde exposures in the 
reconstituted wood panel industry in Quebec by 
combining two exposure datasets collected using different 
sampling strategies. Results indicated significant 
differences in the estimated yearly geometric means for 
jobs and areas between exposure data collected by the 
government as compared to data collected by researchers. 
Likewise, in another study, Lavoue et aJ.<3l reported some 
differences in formaldehyde exposures in the OSHA IMIS 
dataset between data collected for programmed versus 
non-programmed inspections. Aspects of an exposure 
dataset that may impact its utility in exposure assessment 
include but are not limited to the purpose of sampling; the 
sampling strategy including the manner in which samples 
were collected, whether specific jobs or work sites were 
intentionally included or excluded, and details of sampling 
and analysis; and the extent of contextual information 
recorded or extractable from notes or other infonnation 
sources. Depending on the specific purpose for modeling 
exposure determinants, these factors can impact or limit 
the utility of exposure datasets in achieving the desired 
objectives. Tielemans et al.'29l proposed guidelines for 
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evaluating the quality of exposure data to assess the 
relative value of data for risk assessment. Such a 
procedure ensures systematic evaluation of exposure 
datasets and identifies biases or limitations. Furthermore, 
such a procedure ensures consistency among assessors as 
well as in pooling or aggregating exposure datasets from 
different sources. Several researches have provided details 
of the evaluation of data quality and the development of 
datasets used in their studies.<30-33 J Before performing 
exposure modeling, it is critical to understand data quality 
as well as the representativeness of the data to enhance 
interpretation of modeling results. 

9.2.4 Evaluate Exposure Determinants 

After evaluating the exposure distribution and identifying 
the appropriate models to use, exposure determinants are 
investigated in univariate models to identify factors that 
significantly affect exposure. Factors that are significant in 
explaining the variability in exposure are further evaluated 
to investigate their correlations and to develop a strategy to 
handle correlated variables. Several approaches can be 
used to handle correlated variables including selecting only 
a single variable that is the easiest to interpret or that has 
the greatest impact on exposure; developing separate 
models for each of the correlated variables; categorizing 
continuous variables; and creating new variables by 
combining the correlated ones.<10·34l Principle components 
analysis or latent variable analysis can also be used to 
generate factors that can then be used as independent 
variables in multiple regression models. 

9.25 Build Multiple Regression Models 

A number of techniques have been used to build the 
multiple regression models, including forward selection, 
backward elimination, or step-wise process with different 
criteria for model entry significance level, and significance 
level to remain in the model. The statistic CP is also a 
useful means of comparing regression models with many 
explanatory variables. Details of model building and 
variable selection criteria are described by Kleinbaum et 
aJ.l 121 The following studies serve as examples of model 
building strategies_<34.35J Generally, automatic model 
building is not recommended. Some of these techniques 
have application to mixed models as well. 

9.2.6 Use Standard Techniques to Evaluate Models 

An integral component of model building is model 
evaluation. Standard regression diagnostic techniques to 
evaluate the model have been described by Kleinbaum et 
aJ.l 12l and include assessing goodness of fit of the model, 
assessing distributional assumptions, examining residuals 
and standardized residuals, and detecting outliers and 
points of influence, including sensitivity analysis. 
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9.3 Model Validation 

Several problems can be associated with predictive models 
that cannot be detected using standard regression 
diagnostics identified above. These problems can include 
variable selection, over-fitting the model to the data, 
estimation of the parameters, and prediction error.136371 

Hence, validation using data not used in model building is 
necessary. However, such data are often unavailable and 
alternative model evaluation strategies using bootstrap or 
jackknife methods can be used. Three options are briefly 
presented. 

9.3.1 Infernal Validation by Splitting Data 

When large datasets are available, exposure data can be 
randomly split into model building and model validation 
datasets. The predictions from the final model in the 
model building dataset are then compared to the exposure 
measurements in the validation dataset. Hornung et al.l35> 

provide an example of data splitting for validation. Several 
measures can be used to assess the degree of agreement 
between the model estimations and observed exposure 
measurements. These measures include bias, precision and 
accuracy. P5> Additional measures of agreement that provide 
information on the degree of concordance and sources of 
disagreement between two measurements include the 
concordance correlation coefficient and the intra-class 
correlation coefficient; a summary of these approaches is 
described in Virji et al.'38> 

9.3.2 External Validation using Different Data 
Source 

The model-generated exposure estimates can be compared 
to external data sources such as comparison to additional 
exposure data from the same or different workplaces within 
the same industry; comparison to data reported in the 
literature; comparison to exposures predicted by 
deterministic models; and/or comparison to expert 
assessment of exposure. An example from the published 
literature includes a study of formaldehyde exposures 
among embalmers that used measurements from other 
surveys for validation.<39l 

9.3.3 Evaluation Using Monte Carlo Methods 

The traditional internal and external validation approaches 
require large amounts of data and are not immune to errors 
associated with over-fitting the model to the data. 
However, computer-intensive methods, referred to as re­
sarnpling methods, are available to address these issues. 
These methods are well described in a text entitled 
"Randomization and Monte Carlo Methods in Biology."C40J 

The bootstrapping technique has consistently yielded 
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optimum results and is one of several computer-intensive 
approaches used to develop and evaluate models; it is ideal 
for small sample sizcs.l41

> This approach is based on 
sampling with replacement from the original dataset of 
measurements. The original sample is treated as a 
population from which typically I 000 datasets are drawn 
with replacement, each the same sample size as the original 
data. The I 000 datasets can then be used to develop 
predictive models and identify the important factors 
affecting exposures as well as to estimate parameters.'41 A2J 

The results from each of the 1000 datasets are combined to 
generate a distribution of parameter estimates and their 
confidence intervals. Recently, Hein et aJ.i:HJ used a 
combination of the split data validation and bootstrap 
methods to validate estimates of benzene, toluene and 
xylene exposures from statistical models. For a selected 
number of operations, they drew I 000 datasets each of 
which was split into model building and validation subsets. 
The predicted exposures from the model-building subset 
were compared to the observed data in the validation 
subset via correlation coefficients, and summarized over 
the I 000 datasets to obtain their distributions. 

9.4 Examples of Application 

The objective of modeling in industrial hygiene is to 
investigate and describe the relationship between exposure 
levels and workplace factors to identify the sources of 
exposure variation. In workplace environments, exposures 
tend to vary significantly from day-to-day, location-to­
location, job-to-job, and between workers due to 
differences in a host of factors including workplace 
conditions, environmental factors, and personal work 
practices. Statistical models have been developed to 
identify factors that are most influential in determining 
exposures, thereby providing opportunities to identify and 
prioritize control measures, to estimate current exposures 
for un-sampled workers or historical exposures of 
individuals, or to assess time trends in exposures. Such 
statistical models have previously been applied to a variety 
of industrial and environmental situations. While an 
exhaustive literature review is not the focus of this chapter, 
readers are urged to conduct a literature search using the 
phrase "exposure determinants" to access more studies. 
Several examples are discussed in this section. 

9.4.1 Identifying Exposure Factors for Control 
Measures 

A study was conducted to examine the determinants of 
bulk and airborne microbial exposures, and to assess the 
impact of changes in exposure determinants on bulk and 
airborne microbial levels.<34> These investigators used 
modeling to identify factors affecting exposure and to 
develop effective exposure control strategies. They 



developed three separate models to evaluate the 1effects of 
environmental , process and personal factors on airborne 
viable microbial levels, and three additional models to 
evaluate the effects of fluid characteristics, process and 
environmental factors on bulk material viable microbial 
levels. The determinants evaluated were based on a 
conceptual framework of exposure to metal working fluids 
(Figure 9.2). 

The final full model for airborne microbial levels 
accounted for 24% of the total variability, whereas the final 
full model for bulk material microbial levels captured 45% 
of the total variability. To evaluate the impact of each 
independent factor on exposure levels, the value of one 
variable was changed at a time from its minimum to 
maximum value while holding the remainder of the 
variables at the median value (Figure 9.3). The airborne 
model showed that (1) decreasing bulk microbial 
concentrations, machine density and production rate, (2) 
increasing worker distance, and (3) use of enclosures were 
all associated with reducing airborne microbial levels 
(Figure 9.3a). The bulk material microbial model showed 
that increasing pH and decreasing machine RPM, percent 
tramp oil, and sump size of the fluid were all associated 
with decreasing bulk material microbial contamination 
levels (Figure 9.3b). Results from these models can be 
used to estimate potential reduction in worker exposure or 
fluid contamination due to introduction of certain control 
measures. 

9.4.2 Predicting Exposures 

A weighted linear regression model was developed as part 
of an epidemiologic study to estimate historical worker 
exposure to ethylene oxide (EtO) in the sterilizing 
industry.<351 The model considered independent variables 
identified as possible exposure determinants based on 
walkthrough surveys of the operations by experienced 
investigators. The individual 8-hr TWA exposure data 
were grouped by plant, year, and type of sampling media 
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·Figure 9.2 - Illustration of metal working fluid exposure 
model. 

for each job and location, resulting in 205 average 
measurements. A multiple regression model was 
developed that included the significant effects of exposure 
category, product type, size of the sterilization unit, 
selected engineering controls, days after sterilization and 
calendar year. The model explained a remarkable 85% of 
the variability and showed a steady decline in exposures 
over time. The model predicted EtO exposures were 
validated based on a fraction of the data not used in model 
building (validation by splitting data). Comparing the 
predicted exposures with measured data showed a 
remarkably small bias of 1.1 ppm. The model was used to 
predict historical EtO exposures for workers based on the 
combinations of the independent variables in the final 
model. 

9.4.3 Evaluating Time Trends 

Among the assumptions of retrospective exposure 
assessment is that exposure levels change over time due to 

SUlljJ s~e Mlchile ~ flm Season 
(gai) Mlchiled 

Bulk Material Microbial Levels (b) 

Figure 9.3 - Evaluating the impact of changes in exposure determinants on microbial levels. 
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factors that include changes in processes, ventilation 
controls, and regulations among others. Therefore, to more 
accurately estimate past exposures, current exposure 
estimates need to be adjusted for such changing factors . A 
number of studies have quantitatively documented time 
trends in exposures using statistical models.l43-45> These 
studies have not only reported trends in the reduction of 
exposures over time. but have also demonstrated the need 
to understand factors affecting exposure. For example, 
Burstyn et al. (2000)145 1 constructed a database of bitumen 
fume and vapor and benzo(a)pyrene exposures among 
asphalt workers from numerous sources and several 
countries. Using a mixed-effects model, they showed a 
steady decline in exposure levels of 6-14% per year for the 
three exposure agents over a 20-year period between 1970 
and 1990. Their statistical models explained 3~3% of 
the total variability for the three exposure agents and 
included significant effects of various production factors 
and asphalt temperature. 

Several other studies have reported such declines in 
exposure levels over time, including decline of 12% per 
year in toluene exposure among commercial painters.146l 

Symanski et aJ.<4 41 reported declining total nickel exposures 
of 7 to 9% per year in nickel mining, smelting and refining 
sectors, but an increasing trend in exposures (4% per year) 
within the milling sector. Yu et al.147J used data on 
formaldehyde exposures among foundry workers to point 
out the need for step-change considerations in dete1ministic 
exposure modeling, noting that changes in exposure can be 
sudden and may occur at a given point in time. 

9.5 Summary 

In this chapter, we have attempted to describe statistical 
models of exposure determinants and demonstrate their 
utility in understanding factors affecting exposure. These 
models generally require large quantities of exposure 
measurements along with contextual information on 
characteristics of the work environment that are collected 
during monitoring. Additionally, some of the exposure 
determinants models utilizing full-shift exposure 
measurements capture onJy a modest fraction of exposure 
variability and identify few specific activities or control 
measures.<48l Perhaps developing these models using 
exposure determinants from a conceptual model based on 
the first principle of mass conservation may improve the 
fraction of exposure variation explained by the models. 
Additionally, consideration of time-varying exposure 
determinants with real-time exposure measurement can 
identify specific activities and control measures and can 
have a significant impact on intervention strategies.<48l 

Improvements in exposure assessment methodologies 
require both exposure monitoring and modeling, both 
statistical and deterministic . This chapter provides only a 
brief overview of techniques available for using exposure 
data to generate models to estimate historical exposures, to 

identify exposure factors contributing to increased or 
decreased exposures, and to develop a targeted control 
strategy. Consultation with statistical texts and software 
packages arc recommended prior to proceeding. However, 
with this overview information and additional reading of 
studies in journals, the reader is encouraged to evaluate 
exposure databases to determine if exposure determinants 
can be evaluated. While this approach requires 
significantly more data than may exist in small worksites, 
multi-site industries or multi-industries with similar 
processes may aggregate exposure data and develop 
models to determine key workplace environmental factors 
that affect exposures. While a mixture of factors and 
branches oflogic may be used in different situations, a 
conceptual framework can help to organize the many 
considerations. Efforts by regulators, researchers, and 
industry groups are encouraged to pursue data aggregation, 
with clearly and uniformly defined datasets including 
info1mation on workplaces, materials, work methods, and 
environmental data that may contribute to task- and 
industry-specific workplace exposure determinant models. 
Using data to identify key contributors to exposure is 
critical to understanding and controlling exposure risk 
factors, and to providing evidence-based methods for 
prioritizing intervention strategies. 
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