
Occupational and Environmental Medicine 1995;52:625-633

METHODOLOGY SERIES Series editors: T C Aw, A Cockcroft, R McNamee

Exposure assessment in industry specific
retrospective occupational epidemiology studies

Noah S Seixas, Harvey Checkoway

Abstract
Quantitative estimation of exposure for
occupational epidemiology studies has
received increasing attention in recent
years and, as a result, a body of method-
ological literature has begun to take form.
This paper reviews the generic issues in
the methodology of exposure assessment,
particularly methods for quantitative ret-
rospective assessment studies. A simple
framework, termed an exposure data
matrix (EDM), for defining and analysing
exposure data is proposed and discussed in
terms of the definition of matrix dimen-
sions and scales. Several methods for esti-
mation, interpolation, and extrapolation,
ranging from subjective ratings to quanti-
tative statistical modelling are presented
and discussed. The various approaches to
exposure assessment based on the EDM
concept are illustrated with studies oflung
disease among coal miners and other dust
and chemically induced chronic occupa-
tional diseases. The advantages of vali-
dated statistical models are emphasised.
The importance of analysis and control of
errors in exposure assessments, and inte-
gration of the exposure assessment and
exposure-response processes, especially
for emerging occupational health issues, is
emphasised.

(Occup Environ Med 1995;52:625-633)

Keywords: exposure assessment; exposure data matrix;
retrospective studies

Department of
Environmental Health,
University of
Washington, Box
357234, Seattle,
WA 98195-7234, USA
N S Seixas
H Checkoway
Correspondence to:
Dr N S Seixas, Department
of Environmental Health,
University ofWashington,
Box 357234, Seattle,
WA 98195-7234, USA.

Accepted 7 July 1995

Quantitative estimation of exposure has
become a central focus in occupational epi-
demiology over the past decade as a result of
the increasing emphasis put on exposure-
response characterisation for occupational haz-
ards. Through the many studies conducted
explicitly to determine optimal methods of esti-
mating exposure, a body of methodological lit-
erature has begun to emerge. Several
comprehensive reviews on data sources and
methods of assessment of exposure are avail-
able.' In this article we attempt to synthesise
some of the concepts represented in this litera-
ture into a somewhat generalised approach for
plant or industry specific retrospective exposure
assessments. General goals of exposure assess-
ment are considered in terms of the errors asso-
ciated with quantitative assessments, and a

methodological framework for organising and
analysing exposure information is proposed.
Examples are included of how such a frame-
work may be used, as drawn from the scientific
literature, with emphasis on retrospective studies
of chemicals and dusts.

Concepts ofexposure and dose
Determination of the effect an agent has on
health, whether in toxicology or epidemiology,
requires that the dose of the agent to a person
be defined as accurately as possible. Dose may
be defined as "the amount of a substance that
remains at the biological target during some
specified time interval".3 Thus, dose is charac-
terised in four dimensions: identity (a sub-
stance), form (at the target site, and implying
bioavailability), concentration (amount), and
time (specified time interval).67 In a toxicology
experiment, these dimensions of dose may be
relatively well defined in terms of specifying the
agent used, the amount or concentration deliv-
ered, the route of exposure, and the duration
and frequency with which the agent is deliv-
ered.8 In an epidemiological context, in which
we observe rather than deliver the dose, defin-
ing these dimensions of dose to each person,
and especially to a population, poses a substan-
tial challenge.
The process of exposure assessment is thus

one of translating a measurable quantity of
exposure to an approximate, or estimated dose
received by each study subject. This representa-
tion of dose for epidemiological analysis is
referred to as an exposure metric. Error is
inevitably introduced in the process of estimat-
ing an exposure metric from some observed or
measured set of exposure data or information.
It is important to understand that here "error"
does not imply mistakes, but rather, as in a
mathematical expression of the relation
between the true dose of a substance received
by a person, Di, and the observed exposure
information, Zi.

Di = Z, + a + i .

In this expression, the error includes both a
fixed or systematic bias, a, and a random error
component, 8i. The figure shows the effects of
these two types of error in the context of a sim-
ple linear regression. Note that a systematic
error, or change in intercept caused by a non-
zero a, will alter the predicted effect at a given
level of exposure. A random error in exposure,
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True slope
Observed slope with random error

----- Observed slope with bias

Exposure index

however, stemming from a large variance of 8i,
results in an attenuation of the observed expo-
sure-response function. Attenuation of an

exposure-response relation due to random error

or misclassification of exposure, whether it be
in the context of linear regression, logistic
regression, or more complex models has been
explored extensively in recent years.9 12 The
degree to which an exposure assessment is suc-

cessful in providing accurate estimates of the
true dose-response function, is therefore depen-
dent on the degree to which both the systematic
and random aspects of error can be controlled.
That is, the goal of exposure assessment is the min-
imisation (or characterization) of the systematic
and random errors in estimates of individual dose
derivedfrom available exposure information, across

the study population.
Systematic and random error may be intro-

duced in an exposure assessment in the process
of defining any of the four dimensions of expo-
sure: identity, form, concentration, and time. In
fact, much of traditional industrial hygiene
practice is aimed at methods to minimise these
errors (see6 for further definition and discussion
of these dimensions). These aspects are fre-
quently not under the control of the epidemio-
logical investigator because the data collection
typically has occurred before a study is con-

ducted. Moreover, industrial hygiene measure-

ments are usually made for purposes other than
epidemiological research, such as compliance
monitoring.'3

Exposure assessors must draw on industrial
hygiene research to recognise, quantify, and
account for the errors associated with exposure
information. The primary concern for most ret-
rospective epidemiological studies is the paucity
of useful information. The problem of missing
data or information from historical periods,
often necessitates extrapolation of recent infor-
mation to earlier periods. These early periods
may have special significance because of the rel-
atively high exposures that occurred during
early years of a process. Furthermore, there
may be little or no data available on certain cat-
egories of subjects, such as those in low expo-
sure jobs. Varying amounts and quality of data
among plants in a study of many sites poses yet
another challenge. For instance, in an industry
wide study, one plant may have done much less
monitoring than others, or certain areas of high
exposure may have received all of the industrial
hygiene effort, leaving the lower exposed areas
unmonitored. Exposure information may also
be insufficiently specific. For example, work

history records frequently list job classifications
that are non-specific with respect to tasks, and
hence to actual exposures.'4 In a related man-
ner, if exposure data are collected on a sample
of workers, they may inadequately represent
exposures to others.'5 Thus, estimating expo-
sure for times and places for which insufficient
data are available is fraught with uncertainty
and may introduce a significant degree of error
into the exposure assessment.

Given these common limitations of the avail-
able information on exposure, estimation of
exposure levels is particularly problematic in
the face of the high degree of variability
typically seen in occupational environments.
Variability in exposure concentrations from day
to day can range over orders of magnitude. For
example, geometric SDs as high as 4-5 have
been commonly noted.'516 Also, even within
groups of subjects chosen to have similar expo-
sure distributions, geometric SDs between peo-
ple are commonly as high as 2-0, representing
over 10-fold differences between the 975th and
2-5th percentile of individual means.'5 17

A method to assess exposure
Table 1 shows the generic steps in a retrospec-
tive assessment of exposure. The first steps of
gathering, describing, and validating available
information have, as already mentioned, been
discussed extensively elsewhere'819 and will not
be reviewed in detail here. Defining a structure
in which the available information may be
analysed, and specifying an approach for using
that information are the components of expo-
sure assessment that are emphasised.
Development of an appropriate exposure
metric and exposure-response modelling, which
is the final step of the research, has been dis-
cussed elsewhere20 21 and will not be considered
explicitly.
A simple structure for organising and under-

standing information for exposure assessments
is an exposure data matrix (EDM). By organis-
ing information in an EDM, the assessment
process, with each of its component steps of
coding, describing, analysing, estimating, and
linking exposure data to study subjects, can be
defined more explicitly. Furthermore, the
EDM structure can be used as an analytical
framework for almost any exposure assessment
process. The first step in the development of an
EDM is to define its dimensions and scales.
Figure 2 shows a generic two dimensional
EDM. Two dimensions are depicted, but an
EDM may be defined with only one dimension,
for instance, exposure zone, or with as many
dimensions as the available information can
usefully support.

In figure 2, the two dimensions are labelled
time and job as examples of dimensions that are

Table 1 Steps in assessment of epidemiological exposure

2
3
4
5
6

Gather and characterise all relevant exposure-related
information

Evaluate data for errors including bias and precision
Define exposure data matrix for linkage to study subjects
Estimate exposure levels
Summarise exposure metrics for each subject
Estimate exposure-response relations

Effects of biased and
imprecise exposure estimates
on a hypothetical exposure-
response relation.

40
a)

wt

626

 on M
ay 23, 2023 by guest. P

rotected by copyright.
http://oem

.bm
j.com

/
O

ccup E
nviron M

ed: first published as 10.1136/oem
.52.10.625 on 1 O

ctober 1995. D
ow

nloaded from
 

http://oem.bmj.com/


Exposure assessment in industry specific retrospective occupational epidemiology studies

commonly used. Other dimensions might
include department, plant, or geographic
region, type of machine or process, presence of
exposure controls, etc. For studies of mixed
exposures, a dimension to represent each differ-
ent agent might be used and for some studies in
which different methods of analysis are used for
the same agent during different historical peri-
ods, methods of analysis could occupy a dimen-
sion of the EDM. Similarly, different types of
information, each providing important aspects
of the exposure profile, such as personal and
area sampling data or airborne and biological
monitoring data, may be available for the study,
and form dimensions of the EDM. The deci-
sion of how many, and which dimensions
should be included for a particular study
depend primarily on the extent of the data
available and a judgment of the importance of
each factor in representing exposure.
The next step is to define the scale of each of

the EDM dimensions. The scale may be con-
tinuous, or in ordered categories. For instance, a
time axis could be continuous, with all other
dimensions referred to a specific point in time.
More commonly, time would take the form of
ordered categories such as months, years, or
longer periods. A categorical scale is most
appropriate for characteristics such as jobs that
have no natural ordering. The use of categories
also implies that exposures within a category
are homogeneous. In fact, within the context of
the EDM, the concept of a homogeneous expo-
sure zone22 23 is most easily identified as an indi-
vidual cell of the matrix, irrespective ofhow the
dimensions are defined.
A primary part of defining matrix scales is

determining the degree to which the available
information should be grouped. For instance,
one might have sufficient information on indi-
vidual study subjects to include a dimension for
subject, with each person represented as a sepa-
rate category of that dimension. More com-
monly, subjects are identified by their
association with a grouping factor such as job
title. With job as a grouping factor, it is
assumed that the factor is predictive of expo-
sure. Such predictive factors must also be read-
ily linked to each subject through their work
history. Frequently, many jobs are further
grouped under the assumption that they have
indistinguishable exposures, or because there is
insufficient detail in any exposure data, or work
history information, to allow them to be kept
separate. The specificity of the exposure assess-
ment is reduced as categories are grouped to

Dimension 1: eg time period

Ji Yll Y2l1 Y3-1 Y4-1 * 0 0 YT I

J2 YI12 Y2 2 Y3.2 Y4.2 * * * YT 2

J3 Y1.3 Y2 3 Y33 Y4 3 * 0 0 YT-3

J4 Y. 4 Y2-4 Y3-4 Y444 * 0 YT-4

* 0 0 0 0
* 0 0 0 00 *
* 0 0 0 0

y.. Y2,J 0 0 0

Figure 2 Generic exposure data matrix

form larger groups with decreasingly homoge-
neous exposures. The extent ofgrouping is gen-
erally determined on the basis of judgment
about the greatest degree of specificity that the
data meaningfully support. Analysis of the
errors associated with different degrees of
grouping, and their implications for exposure-
response relations, are beginning to show quan-
titative solutions to the grouping problem24,
(and personal communication from Heederik
and Attfield).

After the dimensions and scales of the matrix
are defined, the available data are distributed
into the relevant cells. Although the EDM is
most easily understood for quantitative expo-
sure measurements, each cell could also con-
tain qualitative data. For instance, each cell
could contain pertinent information such as
production data or subjective exposure esti-
mates made by plant personnel. If industrial
hygiene data are available, then placing them
into this format allows for calculation of arith-
metic means, or other parameters of the expo-
sure distribution that might be of interest.
Biological monitoring data may also be used in
this manner.
Under most circumstances, a relatively sim-

ple matrix (even if multidimensional) may be
defined. In certain situations useful data may be
available that do not fit this form. For instance,
task specific exposure information may be avail-
able and task oriented exposure assessment
may actually be a very efficient means by which
exposure can be measured.2627 Under some cir-
cumstances, task may represent an additional
dimension of the EDM. For instance generic
tasks such as machine operating, maintenance,
or cleaning that can be defined for multiple
jobs, may be called uniform job categories28 and
be included in the matrix. In other circum-
stances, the tasks may be specific to a single job
category, with each job having a unique set of
component tasks. In this case, one might think
of task as a characteristic nested within another
dimension of the matrix.

Exposure in each cell of the matrix may be
estimated once the pertinent exposure data are
defined in the EDM structure. With the avail-
able exposure data defined in the matrix, the
missing data for subjects, groups (such as jobs
or departments), or time periods are readily
observed and estimation methods including
imputation, extrapolation, and a variety of
modelling approaches can be applied. These
methods are discussed later. Finally, the esti-
mates of exposure in each cell of the matrix
may be used to compute several exposure
metrics for each subject that are then used in
the exposure-response analysis.

Thus, an EDM may be as a single dimen-
sion, for instance, job category with one type of
quantitative exposure data represented, or may
be a complex multidimensional matrix includ-
ing both crossed and nested factors with several
types of exposure information. Although, ide-
ally one would want many highly specific
dimensions including all bits of available infor-
mation, the matrix definition ultimately rests on
the type and amount of data available, and the
ability to relate the information in a meaningful
manner to the study subjects' work experience.

Ji

-- --
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By structuring the data in an EDM, the rela-
tions between data components may be clari-
fied, the available methods of analysis become
more apparent, and the implications of particu-
lar methods in terms of error structures may be
better understood.

Simple example of an EDM: respirable
coal mine dust
A relatively straight forward example of the
EDM approach is provided by the estimation of
respirable coal mine dust exposures for a cohort
of underground miners studied by the United
States National study of coal workers' pneumo-
coniosis.29 30 The initial exposure assessment
included only miners who worked in 36 mines
in the period 1970-87 during which many
thousands of personal respirable dust samples
were collected by mine operators and govern-
ment inspectors for compliance with the Coal
Mine Safety and Health Act. The work history
records collected for the study defined each
miners' activity by the mine in which he or she
worked and the start and end dates for each
specific job held.
The first steps of the exposure assessment

involved selecting and describing the relevant
exposure data. Data from 314 000 samples col-
lected at the 36 mines during the study period
were used in the exposure assessment. The data
quality was examined in detail, and some
adjustments were made to account for identi-
fied biases.29 In describing the data, it was
found that, despite the size of the dataset, it was
incomplete. Most of the data were collected
within the first eight years, and 70% of the sam-
ples were associated with only 10 of about 150
jobs found in the miners' work histories.
Furthermore, the cohort included miners work-
ing before these data were available; thus, expo-
sure estimates for years before 1970 were also
required to estimate cumulative exposure. Also,
although the matrix was developed for use on
this cohort from the study mines, the estimates
derived could be extrapolated to other mines or
miners. Thus, exposure levels could be directly
calculated for some aspects of the miners' histo-
ries, but had to be estimated for portions of the
matrix that had little or no data, and extrapo-
lated to earlier periods or to mines other than
those included in the original study.
A three dimensional EDM was defined by

time, job category, and mine for the initial pro-
ject that covered only the period during which
data were available for the study mines.30 Each
dimension was scaled with relatively finely
divided categories; time was categorised into
single years (18 categories), job was classified
with the 150 individual job codes recorded in

Table 2 Specific coal dust exposure estimates forjob, mine, andyear by broadjob
category'0

job category

Face Non-face Supervisory

Number of cells 4266 3903 1954
Mean samples/cell 50 5 17-3 5-1
Mean ofmean

concentration (mg/M3) 1-46 1-05 0-58
Mean SEM

concentration (mg/M3) 0-63 0-38 0-23

the work history and on the sampling data
forms, and each of the 36 mines was classified
separately. As a result, the three dimensional
EDM with a total of almost 97 000 potential
matrix cells was defined and the air sampling
data were distributed into the cells. Arithmetic
means (SEMs) were calculated in each cell
(only about 10 000 cells contained data) and
were linked to the miners' work histories. The
cell means were used to calculate cumulative
exposures for each miner as the primary
chronic exposure metric. Because of the large
number of job classifications, they were also
grouped into four classes: face jobs involving
work at the coal face, non-face jobs including
maintenance, repair, and transportation jobs
away from face operations, supervisory jobs,
which are highly variable in nature, and surface
jobs. Table 2 shows the number of strata and
their average dust levels within these classes.
No job specific means were calculated for the
surface classification because of the limited
sample size available for these jobs. Additional
analyses of this matrix, and its extension to ear-
lier periods and other mines are discussed later.

Methods of estimation
For an EDM with missing information in por-
tions of the matrix, including earlier or future
periods of time, various methods have been
developed to estimate the needed information.

SUBJECTIVE ESTIMATION
In the relatively common situation in which
there are few, or no data for exposure assess-
ment, use of subjective evaluation about the
presence, or level of exposure may be the only
methods available. Such evaluations may be
conducted by researchers, professional staff-
for example, occupational hygienists-from the
site or long term employees with knowledge of
the specific processes and time periods being
assessed. Inherent to the process is that the
EDM used for subjective assessment initially
should be defined in relatively few dimensions
and with relatively crude categories. Typically,
subjective ratings are provided on an ordinal
scale, rather than as direct quantitative esti-
mates of exposure intensity.

Several investigations have considered the
validity of subjective estimation. Because they
have primarily relied on quantitative data for
validation, the estimates have referred mainly to
current known conditions rather than historical
conditions."'32 These studies have shown that
subjective raters are able to rank exposure levels
with some validity, but that there is a high
degree of variability between raters. Although
jobs within a plant may be correctly ranked, the
rankings across separate processes may be less
accurate. In one investigation of toluene expo-
sure, descriptive information about the process
such as might be available for a historical recon-
struction, led to inaccurate exposure esti-
mates." Provision of a limited number of
quantitative results from personal samples can
substantially improve the subjective estimation
process.'4 Many questions such as the relative
merits of individual assessments v a group con-
sensus process, and the level of measure-
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ments-for example, number of categories, or
quantitative v categorical estimation-that can
be obtained with a subjective process, have not
been fully answered.

SIMPLE ALGORITHMS AND MARGINAL MEANS
Interpolation and extrapolation of exposure
data with a simple algorithm may be easily
understood from a matrix. For instance, in a
quantitative exposure-response analysis of
leukaemia and benzene, a very limited set of
measurements of benzene exposure was avail-
able for a variety of jobs in the rubber
hydrochloride film production process for cer-
tain years."5 Jobs were combined into a limited
number of job categories (that is, the dimension
of the matrix defined as jobs was defined with a
limited number of categories) for which some
data could be assigned. The algorithm used a
stepwise set of estimates for exposure. Firstly,
the mean within the matrix cell was used where
data were available for a specific job category
and year. Secondly, for a job category with
some data gaps in certain years, simple linear
interpolation was used to estimate concentra-
tions for years with no data. Finally, for years in
which no data were available before a certain
year, the first point was extrapolated back in
time. Forward extrapolation was done similarly
for jobs in which data were non-existant after a
certain year.
An alternative algorithm was developed for

use in the coal dust assessment already
described.30 As described, a three dimensional
matrix of mine, job, and year was defined and
mean exposure values calculated in each cell for
which data were available. These directly calcu-
lated means for job/mine/year cells accounted
for 37% of the individual cells found in the
cohort's work history. Again, a stepwise algo-
rithm was adopted for estimating the exposures
for matrix cells with missing data. Firstly,
assuming that mines were closely related, the
job/year means were calculated-that is, the
marginal means across the mine dimension of
the matrix. These marginal means accounted
for an additional 30% of the miners' exposures.
Next, the job dimension was reduced into the
four broad job categories already discussed and
means were calculated for the three dimen-
sional matrix defined now by mine, year, and
broad job category. These estimates accounted
for an additional 10% of the work histories.
Finally, data were further combined across the
mine dimension by taking the job category and
year means, which accounted for the remaining
23% of the miners' jobs. Thus, a stepwise algo-
rithm that used marginal means across various
dimensions of the matrix were used to estimate
exposure where data were missing.
A variety of simple algorithms may be devel-

oped given the particular nature of the data
available to exploit the most specific informa-
tion available and to extrapolate the available
data to periods with little or no information. In
the benzene example,'5 the data were quite lim-
ited and the matrix was defined in a relatively
simple fashion. Benzene exposure data for each
job class were considered independently and
extrapolation was conducted only in the time
dimension. In the coal dust example in which

many more specific data were available, extrap-
olation was conducted across the mine and job
dimensions.30

EXTRAPOLATION WITH MULTIPLIERS
An alternative method of extrapolating a lim-
ited set of exposure data to times or places (or
conditions) where fewer data are available is by
development of factors, or multipliers, to
account for those data. The need for this
approach is quite common because one may
frequently have available a set of exposure data
for recent periods, or a new set of data are col-
lected for the purposes of the study, but little or
no data are available for earlier times.
Extrapolation of the recent data to earlier peri-
ods, in which processes and conditions may
have been substantially different, is an impor-
tant problem. A wide variety of information
may be used to develop factors for conducting
this retrospective extrapolation.

Data-derived multipliers
In the coal dust example, it was necessary to
estimate exposures for miners before the begin-
ning of the dust sampling programme in 1970.
The only systematic set of data available for this
period was a survey conducted by the Bureau of
Mines (BOM) in 1968-9. Because conditions
were thought not to have changed substantially
up to that time, these data were used to provide
estimates for the earlier periods. The BOM
data, however, were not available for all jobs
and hence could not be used directly. The
BOM data were instead used to develop a mul-
tiplier with which the more complete Mine
Safety and Health Administration (MSHA)
data after 1970, could be extrapolated to earlier
periods on a job specific basis.'6 All jobs for
which there were more than 10 samples in the
BOM data were used and the average ratio of
the BOM data to the MSHA data over the
period 1970-2 was taken. This ratio (2 3) was
then multiplied by the job specific MSHA data
to obtain job specific estimates for the expo-
sures before 1970. Use of the multiplier
assumed that the reduction in exposures over
this period was relatively uniform across jobs
(both for those used to calculate the ratio and
all other jobs) and mines, and that the concen-
trations estimated for the 1968-9 period were
valid for earlier times, as well. In this case the
matrix had job and time dimensions. Time was
represented by two categories, the BOM survey
period of 1968-9 (and all earlier time), and the
MSHA data period of 1970-2 (subsequent
time was represented by the estimates made
directly from the MSHA data as already
described). Thus, the average relation between
these two time periods for selected jobs was
used as the basis of extrapolation for all other
jobs.

Subjective factors
Exposure levels determined for recent periods
can be extrapolated back in time with subjective
estimates of the significance of specific engi-
neering changes occurring within a plant or
department. For instance, in estimating histori-
cal exposures to formaldehyde, subjective expo-
sure reduction factors associated with the
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introduction of particular control technologies
were applied to current exposures to estimate
historical levels.'7

Subjective multipliers may also be used when
current exposures as well are only estimated
subjectively. For example, in a study of lung
cancer associated with exposure to crystalline
silica in the production of diatomaceous earth,
the available exposure data were not directly
used in forming exposure estimates.'8 Instead,
jobs were assigned an exposure intensity score
(none, low, moderate, high) on the basis of
process observation and interviews with plant
personnel. To extrapolate these estimates back
in time, five historical periods were defined
(before 1944, 1945-53, 1954-63, 1964-73,
and 1974-87) and exposure multipliers for
each period were established (12, 6, 2, 1-5, and
1, respectively). These factors were based on
subjective assessment of the probable increases
in concentration in each job for the historical
periods. The calculated exposure metric was a
stronger predictor of mortality from non-malig-
nant respiratory disease than was years of dust
exposure; however, the associations with mor-
tality from lung cancer were equally strong for
the two exposure indices.

Deterministic factors
Physical attributes of the process, exposure, or
controls can be used to predict personal expo-
sures. For instance, in a reconstruction of his-
torical exposures to man made mineral fibres,
the effects of changes in products, process, and
controls on exposure levels were investigated in
laboratory studies.39 Experimentation was con-
ducted to determine the importance to expo-
sure levels of fibre dimension, addition of oil in
the production process, changes in ventilation,
and production rate and factors were derived
that were associated with each of these process
modifications. These factors were then applied
to concentrations measured in the processes
during a recent period, to estimate exposures
historically from a detailed history of engineering
and process changes at the plant.
One particularly novel approach to estimat-

ing past exposures that might be used directly,
or as multipliers for current exposure levels is to
recreate the actual historical process and mea-
sure exposures directly. Such experimentation
has been conducted for man made mineral
fibres (MMMF) during the production of rock-
wool,40 and for silica in granite sheds.4' This
approach is dependent on the ability to recreate
accurately the conditions that contribute most
to exposure, and this requirement may always
remain an elusive goal.

STATISTICAL MODELLING
Perhaps the most comprehensive approach to
exposure estimation, and one that is most easily
related to the EDM, is statistical modelling.
This approach is powerful for several reasons.
Firstly, information about the influence of each
dimension of the matrix on exposure estimation
may be determined through the modelling pro-
cedure. Secondly, although simple algorithms
or deterministic factors may only draw on por-
tions of the data matrix, such as a single job or
the earliest data available, a statistical model

can draw on all available information to esti-
mate particular exposures. Thus, a statistical
model has the power to consider the matrix as a
whole and uses the interrelation between the
data segments to provide estimates of any one
part of the matrix. Thirdly, models can be
developed that weight the data in comparison
to their relative importance. For instance, by
using sample size cells with a large quantity of
specific data may be weighted more heavily
than cells with limited information. Similarly, a
weighting factor could be provided for each cell
based on the relative certainty or validity that
the information was thought to represent.

There are also some inherent limitations to
mathematical modelling-most importantly
that the information derived from the model is
dependent on the degree to which the model
actually fits the data. Given that there may be
times and places in which exposure conditions
were unusual, and the information concerning
those conditions were either unmeasured or not
included in the model, the model predictions
may contain a significant degree of error. Thus,
when a statistical modelling approach is
adopted, validation of the model (as described
below) is of utmost importance.
The common approach is a simple linear

model such as:

Yj1 = a + Ef7j + Efl + ei
This model represents the data that might be
found in the matrix defined in fig 2, in which
there are dimensions for job (J) and time (T)
that are divided into categories, indicated by .7
and T, respectively. Because these two dimen-
sions are categorical, J and T represent indica-
tor variables, and Ifj and Af, are the estimated
coefficients for each category. The individual
exposure data Yjn are distributed among the job
and time categories and contain residual vari-
ability represented by ci. Introducing inter-
action terms into such a model %Jtj7,fJ for each
combination of time and job) allows for more
flexible relations between the different levels of
each dimension.
One constraint on modelling is the number

of categories that may be used. Estimation of
the coefficients by least squares requires that
there are at least as many data points as there
are categories, and unless there are at least sev-
eral data points for each parameter estimated,
the parameter estimates will be very unstable.
In practice, there may be a limit to the number
of categories that can be estimated. For
instance, in the coal mine matrix example, a
statistical model would include 202 parameters
(35 mine indicators, 17 year indicators, 149 job
indicators, plus one intercept). Although the
number of data points available would have
allowed this, such a model would be highly
unwieldy. Furthermore, if interactions among
the three dimensions were considered, the
number of parameters to estimate would be
enormous. In this example, use of a simpler
approach, the stepwise use of marginal means
was adopted. An alternative approach of rescal-
ing the dimensions into a smaller number of
categories and with a statistical model for esti-
mation may have proved equally useful. As
noted earlier, combining categories involves
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loss of specificity that the data might otherwise
support.

Linear models may be used for exposure esti-
mation in two similar, but related contexts.
Firstly, the model may be used for interpolation
of data in cells with little or no data. For
instance, average concentrations of asbestos
were estimated in a textile plant in which
almost 6000 measurements were available over
the years 1930-75.42 The matrix was defined
with nine categories of zone (departments),
four task categories, presence or absence of spe-
cific controls in each zone, and four time inter-
vals. The linear model was estimated separately
for each of the zones. The resulting regression
coefficients were then used to provide estimates
of mean exposure in each category of job and
time. As a result of this modelling procedure,
estimates of exposure were made for jobs and
times where no data were available.
A second application of exposure modelling

is extrapolation of exposure estimates for places
or times when no specific quantitative data are
available. An illustrative example is a retrospec-
tive study of exposure to and mortality from
machining fluid particulates among car
machinists.43 For this study, only 394 samples
were available for the period 1958-87 and most
of them (243) were obtained in one plant.
Before conducting the final analysis, linear
models were used to define the matrix by con-
sidering the importance of time periods, plant,
and sample type (area v personal). On the basis
of these analyses, plant was combined into two
categories, time was divided into three periods,
and area and personal samples were not distin-
guished from one another. The final analytical
matrix was thus defined as plant (two cate-
gories), time (three historical periods), fluid
type (three types: straight oils, soluble oils, and
synthetics) and operations (broadly grouped as
grinding, machining, and assembly operations).
The exposure estimates predicted were derived
from a model that included each of these vari-
ables, plus the interaction between time and
plant, and time and operation. As well as the
use of estimated exposures for periods and
plants contained within this dataset, the para-
meter estimates were also used to extrapolate to
other plants and times based on the type of
fluid in use and the operation (machining or
grinding).

Another important application of statistical
modelling is estimation of exposure to one
agent from data on another related, or surro-
gate agent. In some cases, sampling may be
conducted for a particular agent only because it
is correlated with the suspected aetiological
agent and its measurement is less expensive, or
more feasible." For instance, in a study of blad-
der cancer among alumninum smelter workers,
benzene soluble matter in particulates was mea-
sured as a surrogate for benzo-a-pyrene.45 The
two measured entities formed two dimensions
of the EDM, their relation could be discerned,
and the results ultimately expressed in terms of
exposure to benzo-a-pyrene.

Similarly, in a study of acute effects of
machining fluid on respiratory outcomes, a
simple measurement of thoracic particulates
was used as an inexpensive personal measure-

ment technique. A suspected aetiological agent
was bacteria, or some agent closely associated
with bacteria (such as endotoxin), but these
analyses were very time consuming and expen-
sive. A subset of the air samples was therefore
analysed for bacterial count and a linear statisti-
cal model, controlling for other aspects of the
matrix such as department, time, shift, and
fluid bacterial concentration, was developed
and used for estimating personal bacterial expo-
sures.46

Statistical modelling of exposures has also
been developed in a somewhat different con-
text-in identifying the predictors, or determi-
nants of exposure. Several investigators have
used statistical models to identify exposure
determinants for predicting exposures for epi-
demiological studies,47-49 and others have devel-
oped predictive models for the purposes of
describing exposure data, and identifying
potentially effective control strategies.505' For
instance, a list of 23 variables were considered
as potential factors in describing-or predict-
ing-exposure to ethylene oxide in spice sterili-
sation.47 By eliminating non-significant factors,
the number of predictive variables was reduced
to seven and these were again used to predict
exposures for an epidemiological study of can-
cer mortality. In another study, alternative
strategies to control machining fluids in the car
industry were identified by building a linear
model to describe the potential influence of
ventilation characteristics, machine type, and
fluid type.50 In each instance, the model
allowed consideration of the potential effects of
altering one variable, while controlling for the
influence of other variables in the system.
By understanding the alternative uses of

linear modelling of exposure data and their
common roots in the exposure data matrix, the
meaning of exposure assessment becomes
clearer. In effect, the definition of the dimen-
sions and scales of the data matrix, either by
initial judgments, or through statistical testing
with an explicit model, is the identification and
measurement of characteristics that determine
exposure. To describe exposure, observable
characteristics that have predictive value for
exposure must be defined. The use of any par-
ticular factor, and its scale, is dependent on its
ability to predict exposure to individual study
subjects. Factors with little predictive value
have little use in the assessment and can gener-
ally be dropped from the analysis.

Validation of the model
The use of linear statistical models raises the
concern of the suitability, or validity of the pre-
dicted exposures. It is also useful to recognise
that some form of modelling is involved in
every approach to exposure estimation, includ-
ing subjective assignment, simple algorithms, or
complex mathematical modelling. Any of these
approaches should ideally be subject to valida-
tion.

Validation methods for predictive statistical
models have been reviewed.52 Generally, the
available data are randomly split into model
development and model validation subsets.
The development subset is used to identify the
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appropriate model-for example, the dimen-
sions and scaling of the matrix-or possibly a
set of competing models with alternative struc-
tures. The models are then used to predict a set
of exposure estimates and the estimates are
compared with the model validation subset.
The comparison may take account of the bias
(average difference between the predicted and
observed exposures), precision (SD of the dif-
ferences), or both, which is termed accuracy, or
mean squared error (square root of the sum of
the precision and the squared bias). Several
alternative models may be constructed and the
bias and precision of each compared to identify
the best model. To provide the most accurate
predicted values, the parameters of the selected
model may be re-estimated with the combined
(development and validation) dataset.
An alternative approach to validate exposure

assessment is one in which the predictive value
of an assessment for the risk of a well known
outcome is used to validate the exposure metric
for another related, but less known disease. An
example is a study of risks related to silica in
which the predictive value of estimated expo-
sure to silica dusts for silicosis was used to vali-
date the silica exposure metric, which was then
used to examine its effect on risk of lung can-
cer.53 Exposure validation of this sort is only
useful in the limited context in which a single
agent is related to two outcomes, and at least
one is well characterised. Furthermore, there
needs to be existing information on the shape of
the exposure-response curve for the indicator
disease to enable validation of the exposure
assessment with respect to another disease. In
the silica example, a linear, or at least monotonic
relation between silica and silicosis could be
assumed based on previous research.

Finally, validation of exposure models may
be conducted by testing the exposure estimates
derived from alternative models for their pre-
dictive value in the exposure-response
model.2054 This approach rests on the assump-
tions that there is an underlying exposure-
response relation, and that the exposure metric
that provides the highest effect estimate, is the
closest to the true dose metric. This approach is
unfortunately somewhat circular in reasoning,
and exceptions to the use of the highest effect
estimate have recently been shown.55 Never-
theless, given all the uncertainties involved in
observational retrospective epidemiology, it is
ultimately in the exposure-response analysis
that the validity of the exposure assessment is
shown.

Discussion
Methods of assessment of exposure have been
given much more attention in recent years. As a
result, increasingly sophisticated approaches to
retrospective assessment have been developed.
There is also a growing recognition of the
power inherent in building statistical models to
describe factors associated with exposure.
Despite improved methods, retrospective
assessment of exposure remains hampered by
the lack of complete and valid exposure data,
especially for important historical periods.

Although many researchers have described

the estimation process in a multidimensional
format, the generic concept of an EDM as a
way of organising information related to
exposure and providing the structure for esti-
mation, including interpolation and extrapola-
tion, has not been generally described. By
considering exposure information in this struc-
ture, a wide variety of types of exposure infor-
mation may be explicitly related, and various
means of analysis considered. Almost any prob-
lem of exposure estimation can be structured in
an EDM. For instance, the job exposure matrix
(JEM) used to assign exposure in population
based case-control studies is a closely related
concept,56 in which the available data are gener-
ally limited to the subjective assignment of
potential exposures based on a job classification
scheme across many industries. The EDM
extends this basic approach to a wide variety of
study contexts, data types, and analytical
approaches.
Two areas remain especially challenging in

methods of exposure assessment. To predict
health effects validly, the methods adopted
must be specifically tailored to the outcome
under study. This need pertains to all aspects of
the assessment process beginning with identify-
ing the pertinent form and temporal characteris-
tics of the agent measured, to the estimation of
the appropriate variable of the exposure distrib-
ution, to the development of an appropriate
and specific exposure metric and to the form of
analysis to assess the outcome. Although some
researchers have suggested that specific back-
ground knowledge of the disease mechanism is
required for successful assessment of epidemio-

21 55 hvlogical exposure, others have relied on iden-
tifying the best fit model to the data to
determine the form of the exposure assess-
ment,20 and still others have begun to adopt an
integrated approach to exposure assessment
and exposure-response analyses.57

Secondly, a thorough understanding of the
errors inherent in alternative approaches to
exposure assessment, and their effects on expo-
sure-response relations will provide a most
important area for additional research and
progress. The effect of measurement error or
exposure misclassification has become widely
acknowledged in the epidemiological literature.
The specific ways in which alternative exposure
assessment methods either contribute to, or
help control these errors, are only beginning to
be understood. The analysis and control of
exposure errors are particularly important in
studies of early or subtle health effects, or low
levels of exposures. With the accumulation of a
greater quantity and specificity of exposure data
in recent decades, and the increasing use of
prospective studies, the opportunity to exploit
methods that explicitly consider effects of error
in measurement will also emerge.

These two areas, integration of mechanistic
understanding with statistical modelling and
the understanding, control, and adjustment of
errors in exposure assessment, will provide the
greatest opportunities for progress in exposure
assessment for occupational epidemiology.
Progress on these issues will prove particularly
important as epidemiological science is called
on to quantitatively consider emerging issues
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such as biomechanical stressors and electro-
magnetic fields. Nevertheless, no amount of
foresight and prospective monitoring will
replace the need for sound approaches to retro-
spective estimation of exposure, and the variety
of methods now available provide a basis for
that work.
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