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Statistical Evaluation of Exposure

Assessment Strategies

Richard W. Hornung

National Institute for Occupational Safety and Health, 4676 Columbia Parkway, Cincinnati, Ohio 45226

It is well known that exposure measurement error or misclas-
sification can bias an epidemiologic risk assessment. Accordingly,
it is useful to have methods of assessing the degree of error in
exposure assessments. This paper proposes statistical evaluation
techniques for two types of exposure assessment strategies: cate-
gorization of exposure and estimation of actual personal exposure
levels (with particular attention to the latter).

Categorization of exposure is generally done in one of the two
ways: ordinal but nonquantitative grouping or quantitative ex-
posure intervals. Estimation of actual exposure levels is most
often done in the form of job-by-year exposure matrices and
somewhat less often by exposure prediction models. The nature
of uncertainty inherent with each of these approaches is described.

Quantitative estimates of the magnitude of error in an exposure
assessment are possible when exposure matrices or prediction
models are employed. Three types of statistical approaches are
explored for estimation of the degree of error in quantitative
exposure assessments, with particular attention to methods as-
sociated with exposure prediction models. The methods de-
scribed are sensitivity analysis, cross-validation techniques, and
field testing. Advantages and disadvantages of each method are
discussed, as well as the appropriate situation for their appli-
cation. Cross-validation and sensitivity analysis are shown to be
particularly well-suited to the validation of exposure prediction
models. Field testing is a more general technique that can be
used to assess the validity of exposure matrices. Homung, R.W.:
Statistical Evaluation of Exposure Assessment Strategies. Appl. Occup.
Environ. Hyg. 6:516-520; 1991.

Introduction

Two of the most critical aspects regarding the credibility
of an epidemiologic risk assessment are the effect on risk
estimates of errors in exposure indices and the evaluation
of the nature and extent of such errors in the exposure
assessment. There has been considerable attention in the
literature to the former problem, but very little has been
done regarding statistical methods for evaluation of ex-
posure assessments. The purpose of this paper is to suggest
several methods based upon existing statistical techniques
to estimate the bias and precision associated with exposure
estimates.
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The statistical methods used for evaluation depend to
some degree upon the particular exposure assessment
strategies used. There are several different strategies com-
monly reported for assigning exposure estimates to mem-
bers of an epidemiologic study group. These strategies can
generally be divided into two classes: categorization of
exposure and estimation of actual personal exposure lev-
els. Exposure categorization includes the simple dichot-
omy of exposed versus unexposed and the ordinal cate-
gories corresponding to such designations as unexposed,
low, moderate, and high exposures. Estimates of actual
exposure levels are usually in the form of a job-by-year
exposure matrix or exposure prediction models. The eval-
uation methods described in this paper will be directed
principally toward exposure prediction models; however,
some of them can be applied to any exposure assessment
strategy.

Sources of Uncertainty

Before attempting to develop evaluation criteria for var-
ious exposure assessment strategies, it is important to ex-
amine the sources of uncertainty inherent in each ap-
proach. Since a simple dichotomy involving exposed versus
unexposed persons is of little use to risk assessors, three
strategies will be considered: ordinal classification, ex-
posure matrices, and exposure prediction models.

Ordinal Classification

Ordinal classification is a technique widely used, espe-
cially when the epidemiologic study is analyzed using life
table analyses. The classification can be done in two ways.
The first involves the determination of the degree of ex-
posure for each study member based upon limited ex-
posure data, knowledge of job characteristics, and prox-
imity to the exposure source. This technique is typically
used when little, if any, actual exposure measurement data
are available for most study members. When this method
is used, it is usually not possible to assign a numerical
value for exposure to each category. An assumption is
made that each successive category involves higher ex-
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posures than the previous one, e.g., low, medium, and
high, without any exposure level designated for each. The
second method of ordinal classification divides the total
range of exposure into mutually exclusive intervals based
upon measured or hypothesized quantitative exposure lev-
els. This method has the advantage that quantitative values
can be assigned (usually the midpoint) to each person in
a given interval.

The sources of uncertainty associated with ordinal clas-
sification are potentially serious. If the classification is done
using exposure potential, there is no real basis for esti-
mation of a quantitative risk assessment. Even if each cat-
egory is given a score, one can only conclude that a trend
may exist in disease risk with increasing exposure poten-
tial. This may help to establish causality but will not esti-
mate a level of risk, given that a person is exposed to a
measured value of some contaminant. Because no quan-
titative exposure levels are assigned to each exposure clas-
sification, the only method for evaluating such an exposure
assessment is to verify that each exposure scenario is in-
deed in the right order. That is, if a given person’s work
history is classified or scored as “moderate exposure,” that
person, on average, would have experienced exposures
greater than those persons in the “low” category but less
than those persons in the “high” category. Since this method
of exposure assessment is generally used when few, if any,
exposure measurement data are available, the degree of
uncertainty is high. Statistical techniques cannot be applied
to this exposure assessment method unless at least some
monitoring data are available. Assessment of the appro-
priateness of classification is probably best done by a panel
of expert industrial hygienists familiar with the exposures
being studied. The degree of uncertainty associated with
ordinal classifications based upon exposure level intervals
is generally less than categorization of exposure potential.
At the very least, the numerical values for exposure in each
interval make possible a statistical evaluation of uncertainty.

One of the most important sources of uncertainty when
using ordinal classification based upon exposure level in-
tervals involves the selection of cutpoints. It has been shown
by Morgan and Elashoff,(1> among others, that categori-
zation of a continuous covariate can increase the variance
of risk estimates derived from such exposure data. In ad-
dition, improper choice of such intervals can increase mis-
classification of exposure, especially when natural bound-
aries for exposure levels are ignored. For example, if one
is attempting to assess exposure to cigarette smoking, care-
ful attention must be given to the choice of exposure cat-
egories for cigarettes smoked per day. This is due to the
fact that most persons report smoking in units of packs
per day. In general, it is better to use continuous measures
of exposure rather than an arbitrary categorization. This
is particularly true when the alternative is to assign a broad
range of job titles to each of a small number of exposure
categories. An exception to this rule is encountered when
the method of analysis for the associated epidemiologic
study involves the necessity of grouped data, e.g., life table
analysis.
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Exposure Matrices

Exposure matrices are usually created using a cross-
classification of exposure factors such as job, department,
plant, and calendar year. If extensive data are available,
each cell of such a matrix will consist of some summary
measure of exposure (generally, the mean) for all expo-
sure measurements made on that combination of factors.
In general, this is the preferred method of exposure as-
sessment when the measurement data are extensive enough
to cover all such combinations. When this is the case, the
only source of uncertainty is sampling and analytical error,
which is minimal. This situation, however, is seldom en-
countered in practice.

A more common occurrence is the absence of mea-
surement data for a substantial number of cells in the
exposure matrix. This is particularly true for the earlier
calendar years needed for a retrospective epidemiologic
study. When creating an exposure matrix, the level of un-
certainty rises with the number and distribution of empty
data cells. The degree of uncertainty is also a function of
the manner in which the exposure levels are estimated
for the missing cells. Interpolation is an accepted method
of dealing with missing cells, especially between adjacent
time intervals. Extrapolation over time, on the other hand,
will raise the level of uncertainty in the absence of knowl-
edge concerning other important exposure factors. The
method selected for estimating exposure levels for missing
cells in an exposure matrix leads naturally into the dis-
cussion of exposure prediction models.

Exposure Prediction Models

An exposure prediction model is any mathematical
expression that generates an estimate of exposure levels
as a function of one or more input variables. These input
variables are usually such exposure factors as job, depart-
ment, location, calendar year, or use of engineering con-
trols. Some exposure prediction models are deterministic
expressions which may have been produced using prin-
ciples of physics or laboratory studies. An example of such
a model is the air dispersion model used by the U.S. En-
vironmental Protection Agency (EPA) for estimating envi-
ronmental exposures to populations living in the vicinity
of an airborne emission source.(?)

Another type of exposure prediction model is created
by actually fitting a statistical model to existing industrial
hygiene data including exposure measurements and data
regarding important exposure factors. An example of this
type of model is illustrated in an exposure assessment of
ethylene oxide in the sterilization industry.(

Sources of uncertainty in exposure prediction models
involve three areas, the first two of which also apply to
exposure matrices. First, there is the usual degree of sam-
pling and- analytical error inherent in the measurement
data when a statistical model is used. This may be com-
pounded if the data were not collected by means of a
probability sample, e.g., random sampling. Since random
sampling is seldom used for collection of exposure data,
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the degree of uncertainty depends upon how “represen-
tative” the measurement data are relative to the actual
population of all exposure conditions. This may be a se-
rious problem if most measurements were taken only when
conditions were expected to be atypical. A second source
of uncertainty concerns the accuracy with which data are
available concerning the exposure factors. Certain input
variables such as calendar year and job type may be known
without error, but others, such as production levels, ven-
tilation, and the extent of use of other engineering con-
trols, may be only unreliable estimates. The third source
of uncertainty is the specification of the model itself. If the
model is incorrectly formulated, predicted exposure levels
can be expected to be biased either too high or too low.
This type of uncertainty is often encountered when at-
tempting to specify the form of the model during periods
of time when no exposure data and/or information on
exposure factors exist.

The next section addresses several statistical methods
that can be used to evaluate the accuracy of exposure
assessments. The main focus of this section deals with
validation of exposure prediction models; however, many
of these techniques can be used with ordinal classification
or exposure matrices.

Statistical Evaluation Methods

The determination of which statistical methods are ap-
propriate for estimation of uncertainty depends upon the
parameters being estimated, the nature and amount of data
available, and the estimation method being used. The pri-
mary methods discussed in this paper include sensitivity
analysis, cross-validation techniques, and field testing. In
general, one assumes that the expected value, or mean
exposure level, is the parameter of interest. Of secondary
interest is the variation, or equivalently, the standard error
of the estimated mean exposure level.

Sensitivity Analysis

Sensitivity analysis is a statistical technique by which
exposure factors are identified as having the maximum
effect upon the exposure estimates. This technique is val-
uable in quantification of the expected change in predicted
exposure levels as a function of the range of values for
each input variable. In this way, individual exposure factors
can be identified that are capable of driving the exposure
prediction model. There are two principle methods for
conducting a sensitivity analysis. The first is the easier of
the two but is less informative.

The first technique involves standardization of the coef-
ficients for all input variables by dividing each coefficient
by the ratio of the standard deviation of the measured
exposure level to the standard deviation of each input
variable. Since the denominators cancel out, this can be
written as:

B = i 1)
L VE W VAE %%
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where: B; = standardized coefficient for jth exposure factor
B; = usual regression coefficient for jth exposure factor
Y; = measured exposure for ith worker
X;; = value of jth exposure factor for ith worker

i

If multiple regression techniques are used to develop
the exposure prediction models, many statistical packages,
e.g., SAS, have options to calculate these standardized coef-
ficients. The square of the standardized coefficient (B;*2)
can be interpreted as the fraction of the total variation in
exposure levels attributable to the jth input variable. In
this way, the relative importance of each of the exposure
factors can be determined. However, because of correla-
tion among these factors, this is only an approximate es-
timate of the relative strength of each factor individually.
A more useful, although more time-consuming, technique
involves the calculation of the degree of change in expo-
sure estimates as a function of the range of each input
variable. The usual method for this type of sensitivity anal-
ysis is to determine the probable minimum and maximum
values for each exposure factor and then calculate the
estimated exposure level for each while holding all other
exposure factors at their mean value. This method not only
identifies a relative ordering of the importance of each
exposure factor, but it also identifies potential errors in
the specification of the exposure prediction model. If the
predicted exposure at either the maximum or minimum
value for a given exposure factor is unrealistic, the model
should be modified in some way. Another, potentially more
difficult, sensitivity analysis involves an investigation of the
global maximum and minimum values for the estimated
exposure levels. This is done by creating a best- and worst-
case scenario involving all exposure factors simultane-
ously. That is, each exposure factor is set at the level that
produces either minimum or maximum estimated expo-
sures. Care must be taken that the selected minimum or
maximum values for each exposure factor have a positive
probability of occurring when the overall exposure as-
sessment is done. For example, one would avoid setting
the production level at its highest value in combination
with a calendar year where that level of production was
never reached.

This latter type of sensitivity analysis identifies the range
of possible predicted exposures. When this range is un-
realistic based upon measured data or a simple under-
standing of the process, it may be necessary to restrict or
modify the model in some way to produce a reasonable
range of predicted values. This may be particularly true
for extrapolations based on values for the input variables
that were outside the range of such variables used in de-
veloping the model. An exposure factor particularly sen-
sitive to extrapolation errors is calendar time. If there is
a trend in exposures over time even after adjusting for
changes in such factors as engineering controls and pro-
duction levels, caution should be taken in prediction of
exposures occurring many years before any exposure mea-
surements were available.
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Cross-Validation Techniques

Cross validation is the statistical term for a validation
method by which models are developed using one subset
of a data set while the other subset is used for evaluating
the accuracy of the model. Generally, the subset of the
data used for validating the model is considerably less than
half of the full data set. In this way, little precision is lost
in estimating the coefficients for the model compared to
using the full data set for model development. When the
full data set is used to develop the model, the natural
estimate of the variance of the predicted values would
seem to be the mean square error for the model:

O (= 92
MSE = . (2)
;21 n-p
where: §; = the predicted exposure

y; = the observed exposure measurement
n = the number of observations
p = the number of parameters estimated in the model!

However, this has been shown to underestimate the true
error rate for prediction of exposures not used to develop
the model.(4% This biased estimate of the true error is
due to the fact that the model was developed (often by
least squares) to fit the existing data as closely as possible.
The magnitude of the bias is a decreasing function of the
number of data points available to develop the model and
an increasing function of the number of parameters esti-
mated in the model. Because of this underestimate of the
model’s true error rate, comparison of the model to the
validation subset of data provides a better measure of the
model’s accuracy.

Most of the statistical theory regarding cross-validation
techniques assumes a probability sample of the underlying
population of measurement values. The theory further as-
sumes that subsequent predictions using the fitted model
are estimates of mean predicted values for the same pop-
ulation distribution. In practice, one is often not sure that
future predictions involve the same conditions under which
the sample measurements were taken. Under theoretical
conditions, the portion of the data withheld from model
development in order to validate the model is usually a
random sample of the original data set. Several papers
have been written advocating a nonrandom sample such
that the total range of the input parameters used in de-
veloping the model is approximated by the range of all
input variables in the validation set.(>® It stands to reason
that selection of a validation subset of the measurement
data where there is some doubt about its representative-
ness compared to the input variables used in the model
development will provide the most severe test of the model.
As an example, in the validation of the ethylene oxide
prediction model, data from several plants were withheld
from model development. Conditions in these plants may
have been somewhat different than in those plants for
which data was used to develop the model. Therefore, the
use of these data probably resulted in a greater (and more
realistic) estimate of model error than an estimate gen-
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erated by use of a random sample across all plants in the
study.

Accuracy is characterized by two components: precision
and bias. Precision is a measure of the degree of variability
of the estimate of a true exposure level. Bias is the average
difference between the estimates and the true exposure
levels. In order to estimate bias directly from the validation
data set, it is necessary to assume that these values are
essentially measured without error. There is an obvious
problem with this approach since the measurements used
for validation are also subject to inaccuracy and environ-
mental variability. Nevertheless, use of an independent
source of data provides some idea of the variability and
bias associated with the prediction model.

The estimates of precision and bias are calculated by
taking the standard deviation and the mean of the individ-
ual differences between the validation measurements and
the predicted exposure levels. This can be expressed as:

no PR— A.
bias = > Yi=9) )
i=1 no
Ng . — ) — bias]?
precision = \/ > [0y = 99 — biasl® @
i=1 no -1
where: §; = predicted exposure level for the ith set of exposure
factors in the validation data set
y; = the measured exposure for the ith set of exposure

factors
n, = number of observations in the validation data set

The overall estimate of accuracy is then obtained by com-
bining the estimated bias and precision in a mean-squared
sense:

Accuracy = V(precision)2 + (bias)? ©)

The smaller the value of this statistic, the more accurate
is the estimated exposure. Although this is the usual method
for calculating total error in a components of variance
application, the EPA has also suggested an alternative mea-
sure. They have used as a measure of total error the relative
bias plus twice the coefficient of variation. This can be
expressed as:
Total error = @ + 2 m (6)

: Y y

The EPA then specifies that the total error in the pre-
diction model is acceptable if Equation 6 is less than 50
percent of the mean exposure level.(7’ This requirement
probably is unnecessarily strict for prediction of exposures
in occupational studies where day-to-day variability alone
may often exceed 50 percent of the mean concentration
level. In such studies, the acceptable total error should
probably be set at some multiple of the combined sam-
pling, analytical, and short-term temporal variability of the
measured exposures.

Field Testing

When limited data are available for use with the cross-
validation technique or when prediction models are not
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developed from measurement data, an alternative method
for assessing uncertainty is field testing. This is the most
direct measure of validity of an exposure assessment, at
least under current exposure conditions. It is a straight-
forward technique by which the prediction of exposure
levels is compared to actual measurements made during
an industrial hygiene survey specifically designed to test
the exposure estimation method. This type of validation
has the most general application since it can be used to
test any form of exposure assessment including exposure
matrices. The major disadvantage of this method is that
many historical exposure conditions cannot be replicated
under current operational situations.

Validation of an exposure assessment using field testing
is conceptually very simple. The exposure factors deter-
mined to affect exposure levels in either a model or a job
exposure matrix are listed together with their associated
ranges for use in the retrospective health study. Exposure
sites are located which cover as many of these ranges as
possible. In certain situations, the value of the exposure
factor may be controlled or manipulated to mimic the set
of conditions in the retrospective health study. This form
of experimental design was recently applied to a study of
formaldehyde levels in the embalming industry by National
Institute for Occupational Safety and Health (NIOSH) and
National Cancer Institute (NCI) investigators. They were
able to control such exposure factors as ventilation rates,
solution strengths, and condition of the body being em-
balmed. The model generated from these experimental
data is in the process of validation using field testing in
funeral homes.

Summary

The type of technique used for validation of an exposure
assessment depends to some extent upon the type of as-
sessment methodology being used. This paper deals prin-
cipally with exposure prediction models, although some
of the methods discussed may be applicable to virtually
any type of exposure assessment.

Sensitivity analysis can be used in two ways: 1)to de-
termine the exposure factors having the strongest effect
upon the exposure level and 2)to identify combinations
of exposure factors that predict exposure levels which are
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out of any reasonable range. This technique is meant to
be used for exposure prediction models either developed
from measurement data or by some deterministic method.

Cross-validation methods would seem to be the most
valuable technique for evaluating prediction models de-
veloped from exposure measurements. The most severe
test of such models, i.e., the one least likely to favor the
model, involves selection of a subset of the data encom-
passing different plants or calendar years for which the
homogeneity of the other exposure factors is not assured.
Random samples for validation purposes are statistically
valid but are more likely to agree with the model predic-
tion, especially when the original measurement data did
not arise from a probability sample.

Field testing is more generally applicable to validation
of any type of exposure assessment. By designing a survey
to take samples under exposure conditions used in either
a prediction model or an exposure matrix, the uncertainty
of the exposure assessment can be quantified. The dis-
advantages of this approach are that it is expensive and it
may be limited only to current exposure conditions. It is
most valuable when current conditions can be altered to
reflect historical exposure factors that occurred during the
period of the retrospective health study.
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