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Results of epidemiologic research can be misinterpreted because
of imprecision in the measurement of the factors, or variables,
involved. Latent variable modeling is a useful technique for

avoiding such misinterpretations.

n important function of epi-

demiologic research is to

investigate the factors influenc-

ing the occurrence of disease.
For example, one might study the effect
of blood pressure on the risk of coronary
heart disease, the effect of diet on the risk
of breast cancer, or the effect of alcohol
on the risk of liver disease. Results of
such studies are essential for planning
disease prevention strategies.

However, the results of such research
are often misinterpreted because of impreci-
sion in the measurement or estimation of the
factors, or variables, involved. For example,
results of a population survey might be
analyzed to determine whether heavy alco-
hol consumption increases the probability of
developing liver cirrhosis. The predictor
variable, in this case the level of alcohol
consumption, is subject to measurement
error, because survey respondents may
underreport their level of drinking.

A similar problem might arise when
attempting to measure alcohol depend-
ence (alcoholism). This variable cannot
be observed directly, but must be estimat-
ed through observation of related vari-
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ables. These might include any number of
diagnostic criteria for alcoholism, such as
giving up important activities in favor of
drinking (see below).

In the above examples, the “true”
value of the predictor variable is said to
be latent, or hidden. The problem of latent
variables may occur when a given variable
cannot be observed directly, or contains
measurement error. If latent variables are
not carefully dealt with, they can distort
conclusions from epidemiologic studies.
Latent variable modeling is emerging as
a useful technique for avoiding such
distortions.

Important contributions to latent vari-
able modeling have come out of the be-
havioral and social sciences, and such
techniques are just beginning to be appre-
ciated in epidemiologic and clinical stud-
ies (see, for example, Breslow 1988).
Special uses of latent variable modeling
are now emerging in fields as diverse as
exposure assessment in air pollution
epidemiology (Tosteson et al. 1989),
nutritional epidemiology (Plummer and
Clayton in press), developmental toxicity
studies in laboratory animals (Catalano

and Ryan 1992), and twin studies of
alcoholism, depression, and phobias
(Kendler et al. 1992a,b,¢).

This article discusses some uses of
latent variable modeling in alcohol epi-
demiology. Problems associated with
measurement error will be illustrated
using computer-simulated data. Examples
demonstrate how latent variable modeling
can be used to represent indirectly ob-
served variables. Examples of latent
variable modeling for alcohol abuse and
dependence will be discussed in detail
using data from the Alcohol Supplement
of the 1988 National Health Interview
Survey (NHIS88; Massey et al. 1979).

AN ILLUSTRATION OF THE EFFECTS
OF MEASUREMENT ERROR

Measurement error may affect the results
of studies that attempt to identify the risk
factors for a disease. For example, such a
study might be testing the hypothesis that
high blood pressure increases the risk for
coronary heart disease (CHD). Blood

pressure in humans varies throughout the
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day and from day to day. Therefore, a
given blood pressure measurement re-
flects just one point in time, and thereby
contains measurement error. The true risk
factor for CHD is the long-term average
blood pressure; this is the latent variable
in the following example.

To illustrate the effect of measurement
error, a computer was used to generate
simulated blood pressure data correspond-
ing to a random sample of 10,000 people.
Two variables representing blood pressure
were generated, one containing no meas-
urement error and one containing measure-
ment error corresponding to a reliability of
0.67. The reliability of a variable describes
the precision with which the variable is
measured. Reliability values range from
0.0 to 1.0, with higher values representing
greater precision. A reliability of 0.67 was
chosen for this illustration, because it is
typical of variables in many epidemiologic
studies (see Stefanski and Carroll 1985;
Willet et al. 1985).

Figure 1 shows two sets of points from
the computer-simulated data. The filled
circles represent the proportion of sub-
jects who have CHD for given values of
blood pressure measured without error
(latent variable). The unfilled cizcles
represent the proportion of subjects who
have CHD for given values of blood
pressure measured with error (observed
variable). The observed values in figure 1
produce a flatter curve than do the true
(latent) values; this represents a weaken-
ing of the apparent relationship between
blood pressure and CHD. Thus, the risk
for CHD in this simulation is grossly
underestimated for individuals with high
observed blood pressure. This is because
some of the individuals with high ob-
served blood pressure actually have lower
true blood pressure, for which the risk of
CHD is lower. In addition, the risk for
CHD is slightly overestimated for individ-
uals with low observed blood pressure,
because some of these individuals have
higher true blood pressure.

The amount of attenuation, or weaken-
ing, of the relationship seen in figure 1
depends on the reliability of the predictor
variable (blood pressure): the lower the
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Figure 1 Effect of measurement error on the apparent relationship between high
blood pressure and coronary heart disease (CHD) (data simulated by
computer). The filled circles represent the proportion of subjects who
have CHD for given values of blood pressure measured without error
(latent variable). The unfilled circles represent the proportion of subjects
who have CHD for given values of blood pressure measured with error

reliability, the greater the attenuation.
However, measurement error does not
always give rise to attenuation, but may
inflate relationships when there is more
than one predictor. For example, measure-
ment error in one predictor may give rise
to overestimation of the effect of a second
predictor (Fuller 1991).

There are two types of measurement
error—random error and systematic error.
By definition, a random error is equally
likely to add to or subtract from the true
value. A systematic error is one that is
more likely to either add to or subtract
from the true value.

Blood pressure measurement is subject to
random error. Recorded blood pressure may
be either higher or lower than true average
blood pressure because of day-to-day varia-
tion and because of random errors in the
measuring instrument. True blood pressure
is the latent variable in this case, and can be
approximated by the long-term average of
several followup blood pressure measure-
ments (see MacMabhon et al. 1990).

Examples of systematic error can be
found in studies of the hypotheses that
saturated fat intake influences the risk for
breast cancer, and that alcohol consump-
tion increases the risk for liver disease.
Systematic error in these studies occurs
when subjects who eat or drink heavily
underreport, respectively, their dietary
intake or alcohol consumption.

Systematic measurement error is
handled by collecting additional informa-
tion from a validation sample taken from
the main study. For example, in the
Nurses’ Health Study (Rosner et al.
1989), a self-administered food frequency
questionnaire was used to measure dietary
fat intake in 89,538 women. Of these
women, 173 were also asked to weigh and
record their food intake for four 1-week
periods at 3-month intervals over 1 year.
When such data are available, the rela-
tionship between the two measures can be
determined. This relationship was used to
estimate the actual dietary fat intake from
the food frequency questionnaire for sub-
jects in the main study. Similar modeling
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is described in Tosteson and colleagues
(1989) and Carroll and Stefanski (1990).

MULTIPLE INDICATORS OF
LATENT VARIABLES

Latent variable modeling can be used in
any situation where variables of interest
are not directly observed, including situa-
tions where the variable must be estimat-
ed from a number of related variables
(indicators). (For a classic reference, see
Lord and Novick 1968.) The following
examples include latent variable models
with multiple indicators.

Consider a set of diagnostic criteria for
measuring alcohol dependence, such as
those formulated for the International
Classification of Diseases, 10th revision
(ICD-10; World Health Organization
1992), the Diagnostic and Statistical
Manual of Mental Disorders, Third
Edition, Revised (DSM-III-R; American
Psychiatric Association 1987), or the
diagnostic options proposed for the fourth
edition of the Diagnostic and Statistical
Manual of Mental Disorders (DSM-1V;
American Psychiatric Association 1992).
In the following example, these criteria
are the multiple indicators, and alcohol
dependence is the unobserved latent
variable, the status of which we want to
infer from the status of the criteria. In
order to formulate a trustworthy statistical
model of how well the indicators measure
the latent variable, it is necessary to trans-
late theory into a statistical measurement
model and then test how well the statisti-
cal model fits the observed data.

Such a statistical measurement model
could, for example, draw on Edwards’
(1986) conceptual model of the alcohol
dependence syndrome, traditionally des-
ignated “alcoholism.” The following
discussion adapts Edwards’ concepts to
our illustration. According to Edwards,
the syndrome “occurs with graded intensi-
ty”—that is, the manifestations of alco-
holism can be ranked according to
increasing severity. Thus, there is a single
underlying continuum, or dimension,
along which alcohol dependence becomes
more severe. The syndrome may be rec-
ognized by the clustering of certain “ele-
ments.” These elements can be interpreted
here to represent the diagnostic criteria.
Not all of the criteria need be present, or
present in the same degree, to establish
the diagnosis. However, the syndrome
tends to manifest itself with greater clarity

as the criteria that are present increase in
number and severity.

Edwards’ concept of a single underly-
ing dimension along which alcohol de-
pendence becomes more severe is
reflected in the DSM-III-R definition of
alcohol dependence, which requires that
at least three out of nine diagnostic crite-
ria be fulfilled. This notion is also incor-
porated into DSM-III-R and DSM-1V,
where severity modifiers of “mild,”
“moderate,” and “severe” are applied to
diagnoses of alcohol dependence, based
on the number of criteria fulfilled.

One possible statistical translation of
this theory is shown in figure 2. The
horizontal axis represents the continuous
variable of alcohol dependence, which
corresponds to Edwards’ “graded intensi-
ty.” This is a latent variable, and cannot
be measured directly. The bell-shaped
curve below the horizontal axis represents
the distribution of the population along
this axis. In general, the far left tail of the
curve represents abstainers, the middle of
the curve represents people who use
alcohol to a lesser or greater extent, and
the far right tail represents people who
may be considered alcohol dependent.

The indicators of the latent variable
are the diagnostic criteria. The four curves
above the horizontal axis in figure 2
represent four such criteria. The figure
shows that the probability of a diagnostic
criterion being fulfilled increases with
increasing intensity. For an intensity
value in the left tail or at the center of the

population distribution, the probability of
a person fulfilling any criterion is very
low. For values in the right tail, the proba-
bility of fulfilling all criteria is very high.
This reflects Edwards’ concept of cluster-
ing of elements, as well as his notion that
the alcohol dependence syndrome shows
increasing clarity with mounting intensity
of alcohol dependence. The figure shows
that even at a high value of the latent
intensity variable, not all criteria are
necessarily fulfilled. Subjects with a
latent variable value at the dotted line
would have a probability of less than 0.5
(50 percent) of fulfilling two of the four
criteria. The fact that some criteria are not
fulfilled at high intensity values may
reflect pure measurement error (such as
individual misunderstandings in the inter-
view), recording errors, or idiosyncrasies
of individual alcohol problems.

The criteria act as indicators of the
latent variable in that the value of the
latent variable is likely to be high as more
criteria are fulfilled. Generally speaking,
the measurement of the latent variable is
improved when more criteria are used and
when the relationship between each crite-
rion and the latent variable is strong. The
strength of the relationship can be de-
scribed from figure 2—the steeper the
curve, the stronger the relationship.
Analysis of such relationships is the topic
of factor analysis, a statistical technique
frequently used in psychological studies
and proposed for psychiatric epidemiolo-
gy (Duncan-Jones et al. 1986).
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Figure 2 Computer-generated model illustrating the use of multiple indicators for
estimating a latent variable. The horizontal axis represents the continuous
variable of alcohol dependence. Below is the distribution of the hypothetical
population for that variable. It is a latent variable, and cannot be measured
directly. The indicators of the latent variable are the diagnostic criteria, four

of which are shown.
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