ABSERACT

Objectives. This paper describes
2 statistical methods designed to cor-
rect for bias from exposure measure-
ment error in point and interval esti-
mates of relative risk.

Methods. The first method
takes the usual point and interval
estimates of the log relative risk
obtained from logistic regression
and corrects them for nondifferen-
tial measurement error using an
exposure measurement error model
estimated from validation data. The
second, likelihood-based method
fits an arbitrary measurement error
model suitable for the data at hand
and then derives the model for the
outcome of interest.

Results. Data from Valanis and
colleagues’ study of the health
effects of antineoplastics exposure
among hospital pharmacists were
used to estimate the prevalence
ratio of fever in the previous 3
months from this exposure. For an
interdecile increase in weekly num-
ber of drugs mixed, the prevalence
ratio, adjusted for confounding,
changed from 1.06 to 1.17 (95%
confidence interval [CI] = 1.04,
1.26) after correction for exposure
measurement error.

Conclusions. Exposure meas-
urement error is often an important
source of bias in public health
research. Methods are available to
correct such biases. (Adm J Public
Health. 1998;88:406-412)
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Introduction

Measurement error and misclassifica-
tion of exposure are widely acknowledged
as pervasive and often important sources of
bias in much public health research.'”
Measurement error in variables of interest
contributes critically to the difficulty in
answering certain scientific questions with
major public health implications, such as in
studies of the long-term health effects of
high-fat diets’ and exposure to electromag-
netic fields* and radon gas.’ There has been
an abundance of interest in the topic of
covariate measurement error and misclassi-
fication in recent years, and the reader is
referred to recent nontechnical reviews of
this literature.*

The biases due to measurement error
and misclassification have been known for
quite some time. One of the earliest papers
on this topic in the biomedical literature
appeared in the Journal in 1962," using an
example of bias in estimating the relation-
ship between cervical cancer and circumci-
sion due to misclassification of this exposure
variable. Despite the plethora of work inves-
tigating such biases and the extensive devel-
opment of methods to correct for them fol-
lowing the publication of early seminal
works,'” ' very few original scientific publi-
cations have used these methods."*"* Investi-
gators can no longer rely on the maxim that
as long as measurement error or misclassifi-
cation is nondifferential, estimates of effect
will be, at worst, conservative underesti-
mates of the true underlying effect, since
recent research has uncovered circumstances
under which this rule fails to hold."” "

This paper compares 2 approaches to
point and interval estimation of risk ratios for
binary data when | or more exposure vari-
ables have been measured with error and/or
misclassified: a completely general likeli-

hood-based approach and a conceptually and
computationally simpler method that makes
more restrictive assumptions (regression cal-
ibration). We focus on obtaining relative risk
point estimates that are not contaminated by
bias due to covariate measurement error as
well as on obtaining efficient, correctly cen-
tered confidence intervals (Cls) that have the
specified coverage probability. Spiegelman
and Casella" further developed the statistical
methodology discussed.

The methodology is formulated for
main study/validation study designs, in
which data obtained in a subsample measure
exposure(s) without error using some supe-
rior and costly technology, thus permitting
explicit modeling of the covariate measure-
ment error/misclassification process. The
validation data permit unbiased estimation
of the parameters of interest without invok-
ing empirically unverifiable assumptions
about measurement errors. In addition, the
validation data permit correct representation
of the true uncertainty in the resulting infer-
ence using confidence intervals that reflect
all sources of variability in the data, includ-
ing those due to covariate measurement
error.

This paper assumes that other sources
of bias to which public health data are vul-
nerable (c.g., bias resulting from unmea-
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FIGURE 1—Distribution of drugs mixed per week.

sured confounding or from improper selec-
tion of the study population) have been
eliminated through proper study design and
analysis. We illustrate these methods by
developing a detailed example from Valanis
and colleagues’ 1993 main study/validation
study of the acute health effects of
chemotherapeutics among pharmacists and
pharmacists’ aides.

Materials

Valanis and colleagues reported a mul-
ticenter study of the relationship between
occupational exposure to antineoplastic
drugs and the prevalence of acute health
effects among pharmacists and pharmacy
technicians® and among nurses and nurses’
aides® (the Health and Occupational Expo-
sure to Anti-Cancer Drugs Study). We ana-
lyzed data on 675 pharmacists and phar-
macy technicians from this study. Data
relating exposure to the prevalence of 27
symptoms experienced during the previous 3
months were collected through self-adminis-
tered questionnaires in both the first and sec-
ond phases of the study. In this analysis, we
defined the exposure variable of interest as
average weekly number of antineoplastic
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drugs mixed. This exposure was self-
reported on the questionnaire by all study
participants. In the second study phase, the
validity of this exposure variable was
assessed among 56 (8%) of the 675 partici-
pants by comparing average weekly number
of antineoplastic drugs mixed, as self-
reported on the questionnaire, with data cal-
culated from 1- to 2-week on-site diaries of
drug mixing activity. Data were available on
symptom prevalence, and other possible
determinants of prevalence included sex,
age, type of workplace, type of shift, educa-
tional level, work stress, and current ciga-
rette smoking status in both study phases.
Except for exposure, these variables were
assumed to be known without error. Further
details on the design of this study and its
data collection procedures have been pub-
lished previously.”?

The current investigation was not
intended to be a definitive analysis of the
effects of occupational antineoplastics expo-
sure on acute health effects; rather, it was
intended to demonstrate the feasibility and
utility of statistical methods that eliminate
bias in point and interval estimates of effect
due to exposure measurement error in a
realistic example of some public health
importance. Fever was selected because the

prevalence of fever was high in the study
population, suggesting sufficient statistical
power for undertaking the analysis. An
increased prevalence of fever could reflect
infection resulting from the lowering of
white blood cell count by exposure to anti-
neoplastics. Low white blood cell counts
can increase susceptibility to infection,
which in turn can produce fever. One of the
Health and Occupational Exposure to Anti-
Cancer Drugs Study pilots showed some
white count differences between exposed
and control groups.”

Fever prevalences were 17% in the
main study and 11% in the validation study.
The average weekly numbers of antineoplas-
tics mixed, according to questionnaire
reports, were 21.3 (SD = 103.7, range = 0 to
1666) and 39.1 (SD = 24.5, range = 9 to
117) in the main study and the validation
study, respectively. According to diary
reports, the average weekly number of anti-
neoplastics mixed was 13.8 (SD = 24.5,
range = 1 to 50) in the validation study. The
main study and validation study had similar
distributions of the potential confounders
(sex, age, smoking status, educational level,
primary place of employment, and shift
worked). Figure 1 presents the distribution
of the exposure, as assessed in the main
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study through self-reported questionnaire
and as assessed in the validation study
through 1- to 2-week work diaries. As is typ-
ical of many occupational and environmen-
tal exposures, the distribution in both cases
was sharply skewed. Figure 2 is a scatter
plot of the 2 methods of exposure assess-
ment in the validation data. The correlation
coefficient between the 2 methods was 0.70.
These data show a moderate amount of
exposure measurement error, which is most
likely to lead to bias in the point estimate of
effect and underestimation of the variability
inherent in the data, as reflected by the usual
interval estimate.

Regression Calibration
In this method,**? the point and inter-
val estimates of effect are first obtained by
fitting the following logistic regression
model:

(1) logit [Pr(D=11X)] =B, +BX,

where X is the covariate measured with error
and f is the log odds ratio for a 1-unit
increase in X. When measurement error is
present in X, the estimated regression coeffi-
cient, B, is biased—often severely so—rela-
tive to what it would be on the basis of the
correct model, logit [Pr (D = 1|x)], where x
is measured without error. In this model,
D =1 may indicate the cross-sectional pres-
ence of a symptom, in which case the logis-
tic regression coefficients estimate the log
prevalence odds ratio. In a prospective
cohort study, D = 1 may indicate the occur-
rence of disease by the end of a follow-up
period of duration £. When the disease is
rare, the log risk (or prevalence) odds ratio
closely approximates the log risk (or preva-
lence) ratio.

The estimated logistic regression coeffi-
cients from equation 1 can then be adjusted
for bias due to measurement error in a sim-
ple 1-step procedure. When there is 1
covariate in the relative risk model and this
covariate is measured with error, Rosner et
al.* proposed that the point and interval esti-
mates of log relative risk can be corrected
for measurement error by means of the fol-
lowing formulas:

. B
BRC=-9
and
L P
Var (Bge) = 52 Var (B) + 4 Var (),

where {3 is estimated from equation 1, B
is the corrected logistic regression coeffi-
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cient, and ¥ is obtained from fitting the lin-
ear regression model given by

) x=a'+yX+e,

where x is the correctly measured exposure
variable and € is a random error term with
mean 0. For the more realistic case when
there is more than one covariate in the rela-
tive risk model (measured with error or
not), these formulas were subsequently gen-
eralized.?®* The regression calibration
method has been discussed by other
authors® and shown to be applicable to pro-
bit regression problems,27 survival data
models,?® and normal discriminant mod-
els.”’ (Fast, user-friendly SAS macros [The
SAS Istitute, Inc, Cary, NC] and Fortran
programs that perform these calculations in
the main study/validation study design can
be obtained from D. S.) An analogous pro-
cedure is used when continuous covariates
are measured with random within-person
variability and no gold standard is available

(e.g., in the case of blood pressure and
serum cholesterol).*® For this situation,
repeated measurements of the biological
variable are needed only in a subsample,
the reliability substudy.

The corrected logistic regression coeffi-
cient, B, was derived under the assump-
tions of a rare disease, small relative risk,
small measurement error, and a measure-
ment error process that is independent of
disease status. Its variance estimate further
assumes that the residual variance from the
linear measurement error model (equation
2) is constant across levels of the data. Ros-
ner et al. explored, through simulations in
the univariate case, the limits of violations
of these assumptions.?* The odds ratio
obtained from the logistic model may not be
the parameter of interest in public health
research,’’ and the accuracy of its approxi-
mation to the corresponding risk or preva-
lence ratio decreases as disease frequency
increases and as the risk or prevalence ratio
increases. The assumptions required for
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valid use of f,,. for prevalence ratio estima-
tion may not be realistic in many situations,
such as in Valanis and colleagues’ study,” in
which the disease of interest had a preva-
lence of 17% and the error variance
appeared to increase with increasing level of
drugs mixed. Thus, we present a completely
general maximum-likelihood-based proce-
dure that makes no a priori assumptions
about the prevalence of the outcome or the
measurement error/misclassification
process, and we compare results from an
example of this procedure with results using

BRC 3

The Maximum-Likelihood Approach

Here the data analyst has the freedom
to develop the model that is best suited to
the research goals and the data at hand."
This method can be applied when 1 or more
continuous determinants of outcome are
measured with error and, in addition, when
1 or more categorical determinants are mis-
classified. The investigator first specifies a
relative risk model, f,(D|x,U,;B), for which
the parameter(s) of interest will be 1 or
more of {B,, ..., Bmﬂ}, where x consists
of p disease determinants that are correctly
measured in the validation study but will be
mismeasured and denoted by X in the main
study, and U, consists of g determinants
that are always measured perfectly. In
cohort studies of long duration and/or of
relatively common outcomes and in cross-
sectional studies of common symptoms, of
which the current study is an example, the
constant risk or prevalence ratio model is
often of interest. This constant prevalence
ratio (relative risk) model has the form

() Pr(D=1x,U)=f (DIx,U;; B)=
eBo*B'rx"'B’zUl.

If x were observed without error, as it is
assumed to be in a validation study, the
prevalence ratio would be estimated by
multiplying ﬁl by an appropriate increment
and exponentiating.

After selecting a suitable model for the
relationship between the outcome of interest
and exposure, the next step is to identify, in
the validated subset of the study population
f(x1X,U;0), the measurement error/misclas-
sification model that describes how the
usual exposure measure, X, and other avail-
able variables, U, predict the gold standard,
x. The covariates (U)) in the relative risk
model, f,, may or may not be the same as
the covariates (U,) that determine the meas-
urement error/misclassification process, f,.
Usually, there is no intrinsic interest in f;; its
form and parameters are the object of atten-
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tion only to the extent that they need to be in
order to obtain consistent, efficient estimates
of B from the main study/validation study
data. The measurement error/misclassifica-
tion model should be fit to the data with all
of the tools available to the adept analyst
(i.e., diagnostics, graphics, goodness-of-fit
tests, careful variable selection strategies,
and so forth) in order to determine the best
model of the measurement error process for
the data at hand.

Using f, and f, (identified as described
earlier), one next derives the model for the
outcome, D, in the main study, denoted
DX, U; B, 8), as follows:

@ f, (DX, U; B,8)=
£, Dk, U; B f, (X, Uy; 8) dx,

where U contains the unique elements of U,
and U,. This derivation of f; is valid only
when X is a surrogate for x, that is, when
[(Dx,X,U,,U,) = f,(D|x,U,). It can be
shown that this assumption is equivalent to
the assumption of nondifferential measure-
ment error. In a cross-sectional study, meas-
urement error may be differential. This pos-
sibility is less likely in a prospective study.
The assumption of nondifferential measure-
ment error can and should be empirically
verified in a validation study.

All of the pieces are now in place to
write down and maximize the likelihood
function for the main study of size n, and
the validation study of size n, to obtain

(BML’ éML):
(5) LB.0)=2 log[f, DX, Us B, 0)] +

., log [, i, Uy; 0)] +

mtm

2., log[fy Dlx, Uy; B))-

The first term gives the log likelihood for
the main study, while the second and third
terms give the log likelihood for the valida-
tion study. Standard likelihood theory pro-
vides several methods for estimating the
variance of these estimates, calculating con-
fidence intervals, and obtaining significance
levels for hypothesis tests. Further technical
details have been presented elsewhere."

Results

In Table 1, we present the standard
analysis from an uncorrected logistic
regression model and results from the
regression calibration measurement error
correction procedure. The prevalence ratio
increased after the regression calibration

Measurement Error Correction

correction, with little increase in the confi-
dence interval width.

Unlike the regression calibration
method, the maximum-likelihood proce-
dure made no a priori assumptions about
the form of the measurement error model,
f> (x|X,U,;6). Rather, we used the data at
hand to determine the model that best fit the
data. Histograms of the exposure variables
(x, X) are given in Figure 1. It could be seen
that both exposure assessment technologies
produced data that were sharply right-
skewed with modes at 0. These features
suggested a measurement error model that
prohibits negative exposure values and
allows for a high cumulative probability of
x at low levels of X and suggested (but did
not require) that the conditional distribution
of x on (X,U,) would be skewed in a
manner similar to that for the marginal
distributions.

A measurement error model assuming
the normal distribution will produce a sym-
metric error distribution with equal proba-
bility of negative errors, a physical impossi-
bility at low levels of x, where most of the
data are concentrated. A log-normal meas-
urement error model will produce a distri-
bution with the desired long tail to the right
of the mode, but this distribution has the
unsuitable feature that, for values of x near
and at 0 (where most of our data lie), there
is no mass at 0. The gamma distribution has
none of these disadvantages. If, at larger
values of x, the distribution of the errors
best fits a log-normal or normal distribu-
tion, the value of the shape parameter, v,
will mimic relevant aspects of these distri-
butions (Figure 3). We thus fit our measure-
ment error model, f,(x]X,U,;0), to the fam-
ily of gamma distributions and proceeded to
find an empirically justified form for the
parameters of this distribution, allowing for
the possibility of either an additive or multi-
plicative relationship of these parameters as
they depend on X.

We next investigated which covariates
among those available needed to be
included in f(x|X,U,;0), the measurement
error model, using a liberal forward vari-
able selection strategy. After inclusion of X,
age, current smoking status, educational
status, and type of work shift in the model,
no other variables contributed to the fit.

Finally, using the specifications for f,
and f, (as described earlier) and following
equation 4, we derived

' 14
LO=1X, )= BY G ),
where p and v were additive in X and the

other covariates (U,) (see Spiegelman and
Casella' for further details of this deriva-
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FIGURE 3—Shape of the gamma distribution (y, v) (4 = 13.875).

tion). We then used the likelihood function
(equation 5) to select the components of U,.
Age, type of shift (SHIFT), and type of
workplace (COMMHOSP) were each inde-
pendent determinants of fever, given the
measurement error model and the resulting
form of f;, where f, (D= 1}x, U)) =

B+ Byx B, SHIFT + B,,COMMHOSP + B, AGE,

The fourth row of Table 1 presents the
results of the maximum-likelihood analysis
with this gamma exposure measurement
error model. A strong association between
number of drugs mixed per week and fever
was evident, with a 17% increase in the
prevalence (95% CI = 4%, 26%) estimated
for an increase over the interdecile range
(difference between the 90th and 10th per-
centiles) of true exposure (P = .03). The esti-
mate of the magnitude of this association
was attenuated in the full data analysis using
the constant prevalence ratio model (equa-
tion 3) and ignoring measurement error.
When measurement error was ignored, the
prevalence ratio was 6% (95% CI = 3%,
7%) for a 1-interdecile range increase in the
number of drugs mixed per week.

Although uncertainty in the estimation
of the parameters of the measurement error
model and the uncertainty due to the pres-
ence of measurement error itself were fully
accounted for, the likelihood-based correc-
tion for exposure measurement error led to
no loss of statistical power for the hypothe-
sis tested in these data; using the likelihood
ratio test, the maximum-likelihood analysis
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yielded essentially the same P value as the
uncorrected constant prevalence ratio
model. In models with simple measurement
error that follow the generalized linear
model form both before and after measure-
ment error is introduced, the P value from
the uncorrected test is identical to the cor-
rected one”; in general, however, there is
no known result to suggest that the uncor-
rected test statistic will always have the
same P value as the one obtained from the
correctly specified likelihood.

A comparison of the results from the
uncorrected logistic regression model and
the uncorrected constant prevalence ratio
model (see Table 1) indicated that the
prevalence odds ratio was greater than the
corresponding prevalence ratio. The preva-
lence odds ratio approximation to the
prevalence ratio is likely to be an overesti-
mate in this setting. In general, it is known
that as the prevalence of the outcome of
interest increases, the odds ratio approxima-
tion increasingly overestimates the preva-
lence ratio. The regression calibration pro-
cedure generated confidence intervals that
were somewhat wider than those obtained
from the maximum-likelihood analysis and
a larger but nominally significant P value.

Discussion

The 2 methods presented in this paper
make several critical assumptions. The first

is that the outcome, along with all disease
determinants for which validation data are
unavailable, has been measured without
error. If this assumption is false, validation
data are needed for the variables in ques-
tion. The 2 methods considered here require
a second assumption: that a gold standard
exists that can perfectly measure all model
variables assumed to be measured with
error and that these measurements were
available in the validation study. It is known
that the regression calibration method will
provide unbiased point and interval esti-
mates if the errors in the imperfect but
unbiased (“alloyed”) gold standard are
uncorrelated with the errors in the usual
method of exposure assessment.**** When
a perfect method of exposure assessment is
unavailable, both of the measurement error
correction procedures discussed in this
paper can be interpreted as providing a
method for estimating the point and interval
estimates of relative risk that would have
been obtained had the “alloyed” method
been used to assess exposure in all study
participants.

The second assumption is that meas-
urement error is nondifferential (i.e., it does
not depend on disease status). This is an
assumption that can and should be verified
empirically in a validation study. It is
unlikely to be violated in prospective stud-
ies, in which exposure is measured at the
start of follow-up; it is of greater concern in
cross-sectional designs, many case—control
studies, and some cohort studies, in which
exposure histories are measured retrospec-
tively or evolve during follow-up.

Finally, the 2 methods considered here
assume that the measurement error process
observed among the validation study partic-
ipants is the same as that which occurred
among the remaining study participants. If
the validation study participants were ran-
domly sampled from the main study, this
assumption is satisfied. More generally, as
long as sampling does not depend on the
unobserved true exposure values condi-
tional on (D, U’, X')’, both the maximum-
likelihood method and the regression cali-
bration method will be valid.

In the Valanis et al. data, the maxi-
mum-likelihood analysis estimated an
effect that was nearly 3-fold greater on the
log prevalence ratio scale. The consequence
of correction for measurement error on the
point estimate in our example taken from
the Valanis et al. study is less pronounced
than would have been the case had the
underlying prevalence ratio been of greater
magnitude. An approximation roughly
applicable to the constant prevalence ratio
model and, approximately, to logistic
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TABLE 1—A Comparison of Several Approaches to Estimation and Inference for the Valanis et al. Data on the Relationship
between Fever in the Previous 3 Months and the Number of Antineoplastics Mixed per Week (n = 675)

95% Confidence
. . Prevalence Interval for Prevalence

Approach B SE (B) A Ratio in A Ratio in A? p®
Logistic regression, uncorrected (UCL) 0.00229 0.00089 IDR (X) = 52 1.13 1.03, 1.23 .01
Regression calibration correction to

logistic regression (RC) 0.00580 0.00240 IDR (x) = 34 1.22 1.04, 1.43 .02
Constant prevalence ratio model,

uncorrected (UC) 0.00165 0.00099 IDR (X) =52 1.06 1.03, 1.07 .003
Constant prevalence ratio model,

maximum likelihood (ML) 0.00464 0.00274 IDR (x) = 34 1.17 1.04, 1.26 .003

Note. ULC and RC are constant prevalence odds ratio models; UC and ML are constant prevalence ratio models. IDR = interdecile range.
8UCL and RC use Wald-type intervals; UC and ML use profile likelihood intervals.
®UCL and RC use Wald tests; UC and ML use likelihood ratio tests.

regression has been given as
- r
RR=(RR,) ,

where RR is the true relative risk, RR, . is
the uncorrected relative risk, and 7 is the
correlation coefficient between the gold
standard and the usual measure of exposure
assessment.” Here, r = 0.70; thus, for exam-
ple, if the observed prevalence ratio were 2,
the true prevalence ratio would have been
approximately 4.11.

Although the uncorrected logistic
regression analysis followed by the regres-
sion calibration correction procedure is
easily undertaken by any public health
investigator who has main study/validation
study data, several requirements are
embedded in this method that may or may
not be acceptable for a given problem. A
rare disease is needed at several theoretical
junctures for unbiased estimation and infer-
ences about risk ratios, and small measure-
ment error and constant measurement error
variance are also required.

In addition, the regression calibration
procedure does not make full use of the
data available; efficiency is lost relative to
the analogous maximum-likelihood proce-
dure. The maximum-likelihood procedure,
in contrast, needs none of these require-
ments for unbiased and fully efficient esti-
mation and inference. However, because
the maximum-likelihood analysis is cus-
tomized to the data at hand, it is difficult to
provide standard software. For guidelines
in terms of sample size and power calcula-
tions for cost-efficient main study/valida-
tion study designs, refer to Greenland® and
Spiegelman and Gray.*

If the potentially substantial biases in
estimation and inference due to exposure
measurement error are truly to be
accounted for, main study/validation stud-
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ies should become the standard design par-
adigm, and measurement error methods
such as those illustrated in this paper have
much to offer when routinely incorporated
in the analysis. []
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