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Risk assessment using exposure intensity: an
application to vermiculite mining

PamelaM Vacek, J Corbett McDonald

Abstract
Estimation of exposure-response relations
from epidemiological data is complicated by
the fact that exposures usually vary in intensity
over time. Cumulative exposure indices, which
do not separate the effects of intensity and
duration, are commonly used to circumvent
this problem. In this paper the estimation of
relative risk for specific ranges of exposure
intensity from such data is considered using
existing statistical methods for fitting
multivariate relative risk models. This has
the advantage that it does not assume that
exposure intensity and duration have
equivalent effects on risk. It also throws light on
the possible existence of a threshold. The
procedure was applied to data from a cohort of
406 vermiculite miners to examine the lung
cancer risk associated with exposure to fibrous
tremolite, which contaminated the vermicu-
lite. The pattern ofexposure-response differed
substantially from that obtained using a
cumulative exposure index to assess risk.

Once the health effects of exposure of man to a toxic
substance have been shown it is important to
quantify risk in terms of exposure so that control
limits may be established. In many studies only the
duration of exposure is known and no information
exists about intensity. Even where intensities have
been estimated with some accuracy they usually vary
over time. This is certainly true in occupational
studies in which workers may hold a variety of jobs
entailing differing amounts ofexposure and where the
industrial process or work environment may change
radically.
The usual approach is to compute a cumulative

exposure index as the product of duration and
intensity summed over all the intensities to which a
subject has been exposed. This is attractive for

several reasons. Useful methods of analysis, such as
those based on the standardised mortality ratio,
require that person-years be grouped into categories
based on exposure. With more than one or two
exposure variables this becomes unworkable. Also,
examination of interactions between exposure and
other risk factors, smoking for example, is greatly
simplified when only one exposure variable is present.
Multiple variables lead to multiple interaction terms
and to models that may be difficult to fit and interpret.
The use of cumulative exposure, however, has

widely recognised limitations. Analyses based on this
index implicitly assume that duration and intensity
have equivalent effects on risk. Thus for a given
cumulative exposure, risk is assumed to be the same
regardless as to whether the person was exposed
briefly at high intensity or for a longer period at lower
intensity. Whereas this assumption may be reason-
able in some circumstances, it has little justification in
others. Animal and human studies have suggested
that the physiological response to some carcinogens
may depend on the concentration at which a fixed
total exposure is administered."2 In such cases, the
use of cumulative exposure to estimate the exposure-
response relation can be misleading, particularly as
results may well be used to estimate risk and set safety
standards in terms of intensity, not cumulative
exposure.
The existence of statistical methods for fitting

multivariate risk models makes it unnecessary to rely
only on an overall index such as cumulative exposure
to assess risk when intensity data are available. In this
paper we describe a general strategy for directly
estimating the relative risk associated with specified
ranges of exposure intensity using data from subjects
who have been exposed at a variety of intensities. Our
approach-is applied to data from vermiculite miners
to assess the exposure-response relation between
amphibole fibres in the tremolite series and lung
cancer.

Statistical methods
The approach described here is applicable to any
cohort for which data reflecting intensity are available
over time and the outcome ofinterest is dichotomous,
such as mortality from a specific disease. As a first step
we group exposure intensities into categories. The
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selection of cutpoints for the categories should take
into account the nature ofthe data as well as statistical
considerations. For example, if exposures were
recorded as ranges of values for a particular area, it
would be desirable to use the same ranges in defining
the categories. It is unnecessary for the intensity
intervals to be of equal duration and in fact they do
not have to be based on quantitative measures. They
could equally well be descriptive measures such as
job or department within the plant. Although this
would not define the exposure-response relation in
quantitative terms it could be useful in estimating
risk for specific types of work. Although we need
enough categories to permit characterisation of the
exposure-response relation, this will be restricted by
the requirement that they be broad enough to include
adequate numbers for meaningful risk estimation. If
interruptions in exposure are believed to have a
mitigating effect, a zero category should be included
to represent these gaps.
Once exposure categories have been selected we

define the variates X1,(u) . . . . X;m(u) to be the
durations that the i"' subject has spent at each ofthem
categories up to time u. These durations may be
computed to exclude a lag period representing the
minimum time necessary for a disease to develop and
cause death. In that case Xii(u) would be the duration
up to time u-L, where L is the lag period. Absolute or
relative risk can then be modelled as a multivariate
function of the Xii(u) as well as any other variables
that affect risk or might modify the effects ofexposure.
The last should be evaluated at either time u or time
u-L as appropriate.
We chose the following multiplicative model for

risk, as it is widely used in epidemiology3 and is
tractable in terms of estimation:

;.i= exP{ L3jXij(u)} As*(u)

Using the notation of Breslow et al' Xi(u) is the
probability that the i"' subject will die during year u,
conditional on exposure history and survival to year
u; ki*(u) is the probability of death for an unexposed
subject reaching the same age in the same year. The p
independent variables include durations at the m
exposure levels and any other predictors. This model
is based on the proportional hazards model of Cox,4
which assumes that the relative risk (the ratio of ki(u)
to ki*(u)) for a given set of values of Xi,(u) is constant
over all time points u. Exceptions to this can be
accommodated by including independent variables
that represent the interaction between time and
exposure.' The regression coefficients (13s) for the
exposure variables may be interpreted as the increase
in the logarithm of relative risk for each year of
exposure at a particular level after adjusting for other
risk variables and covariates including time spent
working at other intensities.

The regression coefficients can be estimated by
fitting the model using either person-years or case-
control (referent) methods depending on whether an
external or internal comparison is preferred. For an
external comparison age, sex, and year specific death
rates from an appropriate reference population are
used as values for ki*(u). Each year u that a member
of the cohort is at risk, typically from the time of first
exposure until death or end offollow up (or loss from
view), contributes one observation to the analysis and
values of the Xii(u) must be calculated for each of
these years; Xi(u) takes a value of 0 or 1 depending on
whether the i,h person survived or died during year u.
The log likelihood of the data can then be
numerically maximised to obtain estimates of 3j.'
Berry describes how this can be accomplished with
standard statistical software, such as GLIM and
GENSTAT, because the log likelihood is identical to
that for a Poisson variable.6
For an internal comparison, case-control methods

are used to fit the model in terms ofrelative risk, ki(u)/
Xi*(u). Cases and controls are stratified by year of
birth and any other risk factors that are not to be
included as variables in the model. Controls can then
be selected for each case by identifying cohort
members in the same stratum who were still alive at
the time of the case's death. All eligible controls or a
randomly selected subset may be used. To avoid bias
subjects who die of the disease under investigation at
a later date should be included as potential controls.

Values of the xij(u) for both cases and controls
correspond to the same year u, which can be expres-
sed as either the age or year of death for the case.
(Both age and date are equivalent measures for the
time variable u, because we have matched on year of
birth to control for both age and calendar year.) The
model can be fitted by iteratively maximising the
conditional likelihood as described by Breslow and
Day.7

Application to vermiculite miners
We used both the person-years and case-control
approaches described above to analyse data from a
cohort of 406 men employed at a vermiculite mine
and mill in Montana.8 All subjects in the cohort were
employed before 1963 for at least one year and their
mortality was ascertained to July 1983. Our aim was
to assess the relation between exposure to an
amphibole fibre in the tremolite series, which con-
taminated the vermiculite ore, and death from lung
cancer. For each worker exposure intensities in terms
of respirable fibres/ml had been estimated from
available air measurements. These data were expres-
sed as an average intensity for each year of
employment.
Exposure intensities were grouped into four levels

(table 1) and years worked at each level were com-
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Table 1 Summary of exposure data

Years spent at each exposure level

Person-years analysis Case-control
Range offibre Averagefibre analysis
concentrations concentration Lung cancer Alive Controls

Variable (f/ml) (f/ml) (Total (%)) (Total (%)) (Total (%))

No exposure (gaps) 0.0 0 0 7 (3) 2291 (5) 65 (5)
Level 1 0 1- 4 9 2-1 47 (22) 18061 (42) 612 (48)
Level 2 50- 99 70 65 (31) 12339 (28) 342 (27)
Level 3 10 0-49-9 24-1 50 (24) 4956 (11) 110 (8)
Level 4 > 50-0 82-0 43 (20) 5860 (13) 134 (11)

Average duration of exposure (y) 10 1 5-4 6-9
Average time since first exposure (y) 25-7 21 2 25-4

puted for each year from start of employment until
death or end of follow up. For any given year,

exposures within nine years were excluded to take
into account the lag period used in other cohort
studies of asbestos workers by our group.9 Thirteen
of the 406 cohort members were not included in the
analysis because they had died within nine years of
first employment.
To fit the risk model by the person-years approach

we used Montana age, sex, and year specific lung
cancer death rates as values for Xi*(u). A zero

exposure level was not included because gaps in
employment at the mine were few, but time since first
exposure was included as a variable. The 393 miners
in the analysis contributed a total of 8024 person-

years and 21 deaths were ascribed to lung cancer.

To fit the same model by the case-control approach,
controls for each ofthe deaths from lung cancer were

selected by identifying all cohort subjects born in the
same year as the case and alive at his time of death.
Because our data set was small we used all eligible
controls for each case rather than a sample. A total of
182 controls met the specified requirements, the
number per case ranging from one to 17. For both
cases and controls, exposure duration at each of the
four levels was evaluated at the same time point, nine
years before the year of death for the case.

Table 1 summarises the data for the person-years

analysis, showing exposure durations at each level for
the 21 person-years corresponding to the lung cancer

deaths as well as for the remaining 8003 person-
years. Table 1 also presents similar data for the
controls in the case-control analysis, that for the cases

being the same as in the person-years analysis.
Durations are expressed as the number ofyears spent
at a level and as the proportion of all years at that
level. The table also shows the mean duration of total
exposure and the mean time since first exposure.
Table 2 presents the estimates of the model

parameters from the person-years and case-control
analyses. As would be expected, results obtained by
the two approaches are similar, apart from a substan-
tial difference between the estimated coefficients for
level 3. Both procedures yielded negative non-sig-
nificant coefficients ofrisk at the lowest exposure level
(less than five fibres/ml). In both analyses the risk
coefficient for the highest exposure (level 4) is about
the same as that for level 2 even though the average
fibre concentration for this level was 12 times that for
level 2. In neither analysis was the coefficient for years
since first exposure significant. The standard errors of
all coefficients were smaller in the person-years
analysis.

Discussion
As these analyses are based on a small data set, the
parameter estimates defining the relation between
exposure to tremolite and risk of lung cancer lack
precision. Also, information about smoking was not
available for the cohort; this would be an important

Table 2 Estimates of regression coefficients (b,)
Person-years analysis Case-control analysis

Variable bj SE bj p Value bj SE bj p Value

Years at level 1 -0-0157 0-0556 0-777 -0-0500 0-0632 0-429
Years at level 2 0-1252 0-0622 0-044 0-1342 0-0831 0-107
Years at level 3 0 1319 0-0602 0-028 0-2563 0-0941 0-006
Years at level 4 0-1039 0 0575 0-072 0-1243 0 0695 0-072
Yearssincefirstexposure -0-0234 0-0331 0 480 -0 0152 0 0486 0-754
Constant 1-043 0-7755 0-178 - - -
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Table 3 Regression coefficients extrapolatedfrom
cumulative exposure

Exposure Low High Average
level endpoint endpoint concentration

1 00002 00099 00042
2 0 0101 0 0200 0-0141
3 0-0202 0 1008 0-0487
4 0 1010 - 0-1656

variable if cases and non-cases differed substantially
in their smoking habits. The results, however, are
consistent with a relation in which risk is absent at
low concentrations, increases rapidly as concentra-
tions increase, and levels off at high concentrations.
This is a biologically feasible relation that was not
evident when risk was modelled as a function of
cumulative exposure.8

Unless duration and intensity contribute equally,
the use of cumulative exposure in risk analysis
provides no information about the exposure-
response relation in terms of intensity. Despite this,
results based on cumulative exposure are commonly
used to estimate risk at specific intensities. Even if a
good fit is obtained with a cumulative exposure risk
model it cannot be confidently assumed that the effects
of intensity and duration are equivalent. When risk
was modelled as a function of cumulative exposure
and time since first exposure using the case-control
procedure the fit was nearly as good as with the model
using durations at specific exposures (the log likeli-
hood was -42 5, as compared with -36 2). Risk
estimates from the two analyses were quite different,
however, when compared in terms of intensity. The
estimated coefficient for cumulative exposure
(0 00202) was used to extrapolate risk coefficients for
the four intensity levels in our original analysis and
table 3 shows the results. The coefficients for levels 2
and 3 obtained by direct estimation (using the case-
control results for comparability) are well above the
range of risk extrapolated from cumulative exposure.
The estimates from the two analyses show better
agreement at level 4, which is expected as cumulative
exposure is strongly influenced by high intensity.
Even so, the extrapolated coefficient for level 4 is high
compared with the direct estimate, the last being
closer to the extrapolated coefficient for the low end of
the intensity range than its midpoint.
A consequence of inappropriate use of cumulative

exposure is that analyses based on cohorts exposed to
differing levels of intensity may give conflicting
results. For example, consider a situation in which
risk is linearly related to cumulative exposure. If the
effect of intensity is not simply proportional to its
contribution to cumulative exposure, then the slope
of the line will depend upon the distributions of
intensities and durations that generated the

cumulative exposures in the data. Data from a cohort
with differing exposure intensities would give dif-
ferent slope estimates and extrapolation of results to
other intensities would produce erroneous results.
The validity of any risk estimate depends on the

adequacy of the model used and the assumptions on
which it is based. The model described above
assumes that the exposure variables have multi-
plicative effects on risk and that relative risk increases
exponentially with duration at a specified intensity.
To determine whether an altemative model might be
more appropriate we also fitted an additive relative
risk model and obtained very similar results. The two
models differ substantially only at longer durations,
when the multiplicative model predicts higher risk.
Because exposures were short in our cohort, both
models fit the data equally well and it was not possible
to determine which might be more appropriate for
longer durations.
Although the methods we employed for estimating

risk are well established in statistical publications,
their usefulness for separating the effects of intensity
and duration have seldom been exploited in
occupational epidemiology. Methods of analysis
based on grouped data, which compare observed and
expected deaths for specified exposure categories, are
less useful for addressing this issue. Unless inten-
sities are reasonably constant over time, grouping
based on both intensity and duration will produce an
unworkable number of exposure categories. If we
had grouped durations at our four exposure levels
into only three categories there would have been
4'= 64 combinations. With only 21 deaths in the
cohort few of these exposure groups would contain
adequate data for estimating risk. If this difficulty
were circumvented by using average intensity,
reducing the number ofcategories to 12, variations in
intensity would be ignored in much the same way as
when cumulative exposure is used.
Although any method for assessing exposure-

response from epidemiological data has shortcom-
ings, some attempt should be made to separate the
effects of intensity and duration whenever such data
are available. This is particularly important when the
ultimate objective is to set safety standards in terms
of intensity. Extrapolations based on cumulative
exposure may be misleading unless intensity and
duration impact equally on risk. The analyses in this
paper illustrate a straightforward method for dealing
with the problem.
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