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Some problems in the measurement of latent
variables in structural equations causal models are
presented, with examples from recent empirical
studies. Latent variables that are theoretically the
source of correlation among the empirical indica-
tors are differentiated from unmeasured variables
that are related to the empirical indicators for
other reasons. It is pointed out that these should
also be represented by different analytical models,
and that much published research has treated this
distinction as if it had no analytic consequences.
The connection between this theoretical distinction
and disattenuation effects in latent variable models
is shown, and problems with these estimates are
discussed. Finally, recommendations are made for
decisions about whether and how to measure latent
variables when manifest variables are potentially
available. Index terms: causal models, disattenua-
tion, emergent variables, latent variable measurement,
latent variables, structural equations modeling.

The Goals of Latent Variable Causal Analyses

There is an increasing tendency to advocate the
use of latent variable (LV) causal model analysis
in the analysis of multivariate data (e.g., Bentler,
1980). This advocacy appears not only in publi-
cations in many areas of the behavioral sciences,

-----

but also in manuscript review and in peer review
of grant proposals. There have been several re-
searchers who have raised questions about the ap-
plicability of this methodology. Baumrind (1983)
expressed doubts about the characteristics of the
constructs used in the models. Cliff (1983) and
Fornell (1983) warned about statistical and in-
ferential practices often associated with their
estimation.

In addition to purely statistical or purely the-
oretical matters, there are several other problems
that lie at the intersection of statistical method
and substantive theory with regard to Lav models.
Some of these problems have already been dis-
cussed with regard to path analyses of genetic
models (Karlin, Cameron, & Chakraborty, 1983),
and others have been identified more generally
(de Leeuw, 1985; Fornell, 1983). This paper con-
siders appropriate measurement of LVs, and uses
real data and a review of recent published models
for elaboration and illustration.

The purpose of Lv analysis is to improve the
accuracy and validity of inferences from empiri-
cal data. In order to accomplish this goal, many
assumptions about the structure of the data and
the meaning of the associations between varia-
bles must be made. Ideally, each of these assump-
tions will be based either on substantive theory
or on the knowledge, derived from past empirical
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evidence, that certain assumptions may be vio-
lated without serious effect on substantive infer-
ences. Unless these demands are clearly met, it

may not be easy to decide whether the estimates

provided by Lv causal analysis can be considered
to provide a superior basis for inference than
alternative, less complex methods.

This discussion and survey of recently pub-
lished articles will address three main issues,
including:
1. The two general types of unmeasured op-

erative variables,
2. The criteria for indicators of LVs, and
3. Disattenuation effects in Lv models.
The final section proposes some guidelines for
deciding whether and how to measure Mvs in
causal structural equations models. The discus-
sion is deliberately confined to those research ap-
plications involving a test of causal models,
because other applications-such as those test-
ing for correspondence with a theoretically speci-
fied data structure, or those examining growth
models-may be justified in datasets not meet-
ing the criteria discussed here.

The Nature and Meaning of
Operative Variables

The general class of operative variables (ovs)
in structural equations (causal) models can be
divided into two subsets-Lvs and emergent vari-
ables (EVS). ovs are variables that are, in theory,
causal or active because mechanisms for produc-
ing change in other variables are implicitly or ex-
plicitly posited by the theory (e.g., so that higher
income may cause larger expenditures, higher
parental education may cause higher offspring
education, illness may cause pain, and alienation
may cause distrust). In keeping with general defi-
nitions of the term cause, the discussion will iden-

tify variables acting in a causal or generative way
(Baumrind, 1983; Holland, 1986) to produce
changes in other variables. ovs may be single
measured variables (Lvs), or they may be Lvs or
EVs, measured by means of multiple Mvs,.

What is an Lv, and how well do common con-
structs match an appropriate meaning? An LV
can be considered to be a hypothetical construct
(Cronbach & Meehl, 1955); yet, in theory, an Lv
cannot be measured directly, but rather in terms
of those lvtvs upon which it has an effect (Bent-
ler, 1980)-that is, by means of variables for
which theory predicts that it has a causal in-
fluence. These empirical &dquo;stand-ins&dquo; for the un-
measured Lv are therefore partially or entirely
intercorrelated because of this unmeasured (LV)
common cause. Thus these lvtvs are literally
manifestations of or effects of the Lv (in part),
which is theoretically understood as the active
force underlying or explaining their intercor-
relations (Bentler, 1982). This causal model is
represented and tested by a number of current Lv
model computer programs, including LISREL,
EQS, and EZPATH.

However, the causal aspects of what is known
as the measurement model are not always ap-
propriately reflected in the above Lv model

representation. Some data are more consistent
with the theory that Mvs are causes of an ov that
has not been (and perhaps cannot be) measured
directly; or Mvs may be related to the ov by vir-
tue of unmeasured common causes. In these
cases the variables might better be thought of as
indicators, and the unmeasured ov may be called
an EV to reflect its status with regard to its indi-
cators. In such a case there is no reason why the
EV would &dquo;explain&dquo; the correlations of the ntvs
that are used to measure it, nor is there any gener-
al reason why the Ivtvs need to be intercorrelated
at all. An example might be the components that
are combined to produce the gross national
product; a number of other examples actually
used in the published literature will be given
below.

lvtvs may, therefore, be used as stand-ins for
unmeasured ovs. However, unmeasured ovs are
of two types. The more familiar type is that

implied in LISREL models, in which lvlvs are

effects of ovs and are therefore referred to as Lvs;
this reflects their status as the active force under-
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lying or explaining the correlations among the
otvs with which they are connected (Bentler,
1982, p. 106).

The second type, EVs, are theoretically the
causal link between the Mvs and other variables
in the model; however, they do not explain the
correlations among their Lvs, and theory does
not even require that the Ntvs be positively cor-
related, or nonzero correlated. For example, the
number of children in a family, illness of the
mother, and hours of maternal employment are
all valid and reliable indicators of a mother’s

availability to interact with and monitor any given
child. Similarly, high serum cholesterol, high
blood pressure, smoking, and family history of
heart disease all cause vulnerability to heart at-
tack and are indicators of cardiac risk. It is fair-

ly easy to see that both mother’s availability and
cardiac risk are effects or emergent properties of
their indicators and not their underlying causes.
There would not be much disagreement in prin-
ciple that cardiac risk and mother’s availability
are constructs that merely group the individual
indicators together; they are simply superordinate
labels for the lvtvs that may be thought of as
generating the EVs.
When the Lvs are in no reasonable sense

caused by the ov, the observed correlations

among them are not an appropriate basis for
estimating their links with the ov. For example,
if mother’s illness and mother’s employment are
correlated, it is reasonable to assume that they
have common causes or affect each other, but not
that they are each caused by mother’s available
time for child-caring tasks (the proposed ov),
which is clearly an effect and not a cause of these
variables. The correlation between these variables
is therefore irrelevant to the issue of their con-
nection with the unobserved ov. These ovs may
be measured as composites of Mvs that are

created prior to the causal analysis. As will be
seen below, doing so will not provide the disat-
tenuated estimates that are a major feature of Lv
causal analysis.

In factor analysis, depending on the purpose

of the investigator, a factor can be viewed as fall-
ing at either end of a causal process-as an effect
or emergent property at one end or as an under-

lying cause at the other (see Bentler, 1976, for a
clear discussion of this distinction). In current
computer programs that test structural Lv

models, however, Lvs are generally required to be
conceived as causes of Mvs, regardless of the the-
oretical plausibility of this connection. Because
the algorithm assumes that the correlations

among ntvs are caused by the Lv (at least in
part), the model estimates are not independent
of this specification direction. Thus, in order for
the model estimates to be valid, the specification
must accurately represent the theory.

Some newly developed structural equations
programs make it possible to estimate ovs that
are emergent properties of indicators in at least
some applications. However, it is often not pos-
sible to do so and retain an identified model, nor
do the most popular computer programs allow
for such specifications. Therefore, when causal-
ity in the measurement model is specified in the
wrong direction, as when an Lv is really an EV,
the model effects are not ordinarily estimable.
The model relies on the fact that an Lv is the
source or cause of the correlation between its
indicators to obtain critical constraints on the
estimates of the links between the latent and
manifest variables, thereby producing uniquely
identified estimates.

To demonstrate that this problem is a real one
for current researchers, the authors surveyed the
15 articles using Lvs in causal models that were
published in 1985 or early 1986 in The Journal of
Personality and Social Psychology, American Socio-
logical Review, The Journal of Gerontology, and The
American Journal of Sociology (Aneshensel &

Yokopenic, 1985; Bachman & O’Malley, 1986;
Cochran & Hammen, 1985; Huba & Bentler,
1984; Laumann, Knoke, & Kim, 1985; Liang,
1986; Lincoln & Kalleberg, 1985; Lorence & Mor-

timer, 1985; Naoi & Schooler, 1985; Neff, 1985;
Newcomb, 1986; Newcomb, Huba, & Bentler,
1986; Pavelchak, Moreland, & Levine, 1986;
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Piliavin, Thornton, Gartner, & Matsueda, 1986;
Reisenzein, 1986). Table 1 provides some identi-
fied Lvs that are more appropriately identified as
EVs because logic would suggest that they are
caused by, or are mere superordinate labels for,
their Mvs,.

It is probably not that uncommon for a con-
struct to be measured either by its causes or by
its (functional) consequences. For example, phys-
ical ill health is an important variable to be in-
cluded in many structural models involving
human well-being. It refers to the presence and
severity of conditions such as cerebrovascular and
cardiovascular disease, muscular-skeletal disease,
cancer, and immune system related problems. In
the elderly it can be measured with a series of
reliable and valid scales assessing each of these
conditions. Obviously, though, ill health as an
ov so measured is an emergent property or ef-
fect of the indicators. It must therefore be expect-
ed that these ntvs will only be minimally
intercorrelated, if they correlate at all.

An alternative way of measuring ill health
would be to focus on the functional consequences
of disease, such as pain severity and persistence,
energy level, fatigue-proneness, and activity limi-
tation. These may be more properly thought of
as consequences or effects of a general health or
illness Lv. Thus it is quite appropriate that one
investigator’s measurement model may be
another’s structural model, and a construct in-
appropriately measured as an Lv in one study
may be appropriately measured in another.

Although some constructs are clearly emergent
and some are clearly underlying causes, the na-
ture of others is quite controversial. Socioeco-
nomic status (SES) is one example. It is a matter
of considerable debate whether high income, a
prestigious occupation, and high educational at-
tainment cause a person’s high SES or vice-versa.
Different elements of this group of variables are

differentially important to different outcome
variables (e.g., Kessler, 1982), and there are read-
ily discriminable subdivisions of the concept

Table 1
Latent Variables and Indicators

With Inappropriate Causal Direction

Note. Examples from Newcomb (1986); Neff (1985); Aneshensel and
Yokopenic (1985); Laumann, Knoke, and Kim (1985); and Liang
(1986), respectively.
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(Stricker, 1978). Because children take on the SES
of their parents, in some cases it seems suitable
to think of a child’s socioeconomic status as

causing his or her educational, occupational, and
income status. However, later in life, SES seems
less like a cause than an emergent property of its
own indicators.

If SES is thought of as a true Lv, it is not uni-
tary with regard to its effects on other dependent
variables, to which sometimes education and at
other times income will be most highly related.
These changes in relationship will also alter the
measurement model. Were SES to be truly mea-
sured by those variables for which it may reasona-
bly be said to operate as a causal functional unity,
the indicators would probably be variables such
as social attitudes and values, residential choices,
and the characteristics of friends and associates.
In practice, though, these variables are more like-
ly to be selected as separate Lvs caused by SES
than they are to be used as indicators of SES.
On the other hand, it is theoretically appropri-

ate to consider some constructs to be Lvs oper-
ating as functional unities that have the power
to influence the observed indicators. Some exam-

ples are depression (when the indicators are self-
reports of feeling states), general intelligence
(when the indicators are subtests of an IQ test),
and personality traits (when the indicators are self
or other report of behavioral tendencies and

preferences).

Selection of Indicators for Lvs

The Quality of Mvs,

The Lv literature provides very little discussion
of the question of how to measure the Ivtv indi-
cators of Lvs, even after theoretical concerns have
been satisfied. Should the indicators always be
scales, or are individual items adequate indica-
tors ? Should Lvs be first-order factors-
measured by items-or second-order factors-
measured by scales-or does it really not mat-
ter ? One recent discussion reviews the factor-

analytic literature for guidance on selection of
Lvs (Anderson & Gerbing, 1988). These authors

note the objections raised by Cattell (1973) to fac-
tors based on items, and suggest a reasonable so-
lution : to use composites of several items each.
On the other hand, a solution that is suitable for
exploratory factor analysis may not be suitable
for testing of a theoretically-specified model.
When Mvs are single items, or subsets of items
such as those that might alternatively have been
added and used as a single scale, what is gained
by treating them as individual indicators in an
Lv model? This question is discussed below with
attenuation effects.
A review of the content of the Lvs used for

Lvs in the surveyed studies supported an impres-
sion that many, and perhaps most, researchers
are not clear about what standards ought to be
used in selecting indicators. Of 14 studies, 13 used
items or single facts (e.g., income) as Lvs for at
least some Lvs, but 7 studies also used scales as
Mvs for other LVs. In more than one case, alter-
native functions of the same information were
used as indicators (e.g., the use of an item in con-
tinuous and dichotomized forms as the two

Mvs).
Clearly all of these theoretical issues regard-

ing the choice of Lvs are of general importance
for the production of fruitful research and data
analyses. However, because Lv analysis provides
so many different options for assigning meaning
to covariances, it is even more sensitive to defi-
ciencies in the empirical realization of theoreti-
cal models than other methods of data analysis.

Number of Indicators and Their
Intercorrelations

It has been shown that it is highly desirable
to have four or more Lvs for each LV (Mulaik,
1982), and it is almost necessary to have at least
three (Costner & Schoenberg, 1972), especially
if the measurement model is to be identified in-
dependently of the structural model. Neverthe-
less, 6 of the 15 studies listed above had only 2
indicators for at least one Lv, and only two
studies had four or more Ivtvs for each Lv. The
modal number of Lvs per Lv was three, and the
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maximum number was 10. When scales (as op-
posed to items) were used, the number of indi-
cators was typically either two or three.

Mathematically an Lv is adequately specified
if its Ntvs are so strongly correlated that the Lv
explains a high proportion of the variance of each
lvtv, for example, over 50 % (Fornell & Larcker,
1981). When lvtvs are correlated trivially or not
at all, the causal estimates may approach empir-
ical underidentification-a situation in which it
is not the lack of coefficients but their small size
that makes a wide range of estimated structural

coefficients fit about equally well.
However, it can happen that an entity causes

indicators that are not highly correlated. The
somatic symptoms of depression, such as poor
appetite and weight loss, increased appetite and
weight gain, insomnia, hypersomnia, psychomo-
tor agitation and psychomotor retardation

(American Psychiatric Association, 1980, p. 214),
are not nearly as highly correlated as self-report
measures of depressive feelings; nevertheless they
are generally considered to be caused by depres-
sion and not vice-versa. Because the somatic

symptoms of depression are not highly correlated
in the population, depression measured in this
way would not make a good Lv in a structural
equations model.

In reviewing the problems surrounding the in-
terpretation of Lvs, Cliff (1983), citing McDonald
and Mulaik (1979) among others, provides the
following rather stringent guidelines:

...the definition or interpretation of [an]
Lv (or both) only becomes less uncertain as
(a) the number of indicators and (b) their
individual validities (communalities) in-

crease. Furthermore, it seems that the status
of a latent variable with only three or four
indicators, each of which correlate .7 or so
with it, remains very ambiguous. (p. 122)

In order to compare published studies with
these guidelines, estimates of average intercorre-
lation among manifest variables were computed.
When either the correlation matrix or the stan-
dardized measurement model loadings were pro-

vided, the average correlation among indicators
could be determined or estimated from the

products of the loadings. For the 15 studies
reviewed here, intercorrelations averaged between
.4 and .5 when scales were used as indicators, and
between .1 and .3 when items were used. In two
studies the items were virtual restatements, and
the intercorrelations were much larger. Common
patterns with the three-indicator models were a

single large loading and two quite modest load-
ings, or two moderately large loadings and a quite
small loading. In the former case the correlations
among indicators were quite small, and the indi-
cator with the high loading was more strongly
related to variables in the structural portion of
the model. In the latter case, two variables were
more strongly correlated with each other than
either was with the third. In sum, this survey sug-
gests that the current literature is a long way from
compliance with the standards suggested by ex-
perts in the area concerning the number and in-
tercorrelation of Mvs,.

In general, the studies reported took little note
of differences in loadings of Mvs,. Because load-
ings were so often quite variable, it would be an
exaggeration to view the measurements as con-
firmatory, because they confirmed, at best, only
the consistency of the data with a model in which
at least some variables had significant loadings.
Even simple sampling variation will tend to orient
Lvs in varying directions, especially when corre-
lations between lvtvs are modest. Thus to some

extent, each study, and sometimes each longitu-
dinal reassessment in a single study, measures
different &dquo;true&dquo; Lvs, even when the same Ivtvs are

used.

Disattenuation: Influences on the Estimates of
the Reliability of the LVs as Measured

A Comparison With Classical
Disattenuation Methods

What exactly is meant when it is said that the
causal estimates of the Lvs’ effects on other vari-
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ables in the model &dquo;may be estimated directly&dquo;
(Bentler, 1980)? It is that the estimate is made
for the unobserved, perfectly reliable Lv, in con-
trast to the imperfect measure that would be
represented by some linear combination of the
observed variables, usually their sum or their sum
following standardization. Because the difference
between this combination and the Lv is attributed
to unmeasured and uncorrelated causes, it may
be thought of as unreliability. When relationships
between any given Lv and any other observed
variable or Lv are compared to the same relation-
ships based on a simple linear combination of
the observed indicators, it will be seen that the
former must always be larger, because they have
been &dquo;disattenuated&dquo; to take this unreliability
into account. Although this observation is well
known to experts in the field, its implications
have not been systematically applied in Lv anal-
ysis, nor has this literature generally been linked
to the literature on disattenuated coefficients.

Consequently, it is not uncommon to find Lvs
measured in structural models with effective relia-

bility estimates that would be considered un-
acceptable in more conventional analyses and
reports.

That this disattenuation is directly analogous
to the classical correction for attenuation first

proposed around the turn of the century can be
seen in the simple model shown in Figure 1, Case
A. Here, as consistent with current practice
(Loehlin, 1987), causal direction is indicated by
arrows, Lvs are enclosed in ovals, and Lvs in rec-
tangles. Lower case subscripted letters have been
used to refer to Mvs corresponding to an upper
case Lv with the same letter. As drawn, for the
sake of clarity, the relationships could have been
limited to a measurement model. However, the
addition of another Lv with structural effects
from X and Y would leave the conceptual issues
essentially unchanged, though it would compli-
cate the mathematics. Arrows from unmeasured
causes have also been omitted from all figures for
simplicity.

To correct the correlation between any X and

Y for unreliability in X, the observed correlation
is divided by the square root of the reliability of
X. In this case the reliability (rxX) is estimated by
the correlation between the two measures, x, and

X2, rl2 = .5. The corrected value is thus .2/

.707 = .283. In the &dquo;classic&dquo; mode the reliabil-

ity of the composite sum of x, and X2 would be
estimated by applying the Spearman-Brown
formula (derived from Gulliksen, 1950, p. 78,
Equation 10):

where k is the number of elements being added,
is the mean correlation, and it is assumed that
the standard deviations are equal.

For k = 2, as in Case A in Figure 1, this sim-
plifies to 2(r1Z)/(1 + r1Z)’ and for these data the
reliability of the composite is 2(.5)/1.5 = .667.
The correlation between the composite and Ycan
be written as a function of the correlations (r,y
and r,~) and k (derived from Gulliksen, 1950, p.
89, Equation 2):

For these data, the correlation of the compos-
ite with Y is (.2 + .2)/[2 + 2(1)(.5)] 5 = .231.
When that value is corrected for attenuation by
division by .667 5, the result is .231/.816 = .283,
the same .283 estimate obtained above (i.e.,
.2/.707 = .283). Now suppose there are four
different x,, all intercorrelating .5, and each with
a .2 correlation with y (Figure 1, Case B). The
LV causal estimate of .283 remains as before.

Classically, from Equation 1, the reliability of the
composite of the four x, equals .8; and from
Equation 2 the correlation of the composite with
y is .253, which when corrected for attenuation
in the composite is also .283.

Suppose now that the correlation in the two-
indicator case is much smaller, say .2, although
their correlations with y both remain at .2 (Figure
1, Case C). Under these new circumstances the
estimated causal effect on y is .2/.2 = .447, a
much larger value than obtained previously.
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Figure 1
Causal Estimates and the Correction for Attenuation

As has long been known, disattenuation of
relationships in multivariable models can result
in either increases or decreases in the partialed
relationships with other variables, including even
changes in sign (Cohen & Cohen, 1983, pp.
408-409). Also, such estimated disattenuated
standardized effects do not necessarily fall within
the limits of =i= 1.

Next assume that the observed correlations are
as shown in Figure 1, Case D. The correlation of
x, with y is .3, although that of xz is smaller (.2).
The a and b estimates must still satisfy the con-
straint that ab = .5, the correlation between x,

and x2 in this just-identified model. It is still the
case that ry, = ac and r}2 = bc, and the esti-
mate of c = .347. Note that when the correla-
tion between the indicators is smaller, the variable
with the larger r with y dominates the estimate;
see Figure 1, Cases E and F. Note particularly
that a change in the structural portion of the
model (ry,) has affected the measurement model.
This influence will be especially great when the
correlations among the Lv indicators are not

strong, or when there are few indicators per Lv,
because the modeling program attempts to pro-
vide a maximally close fit to the original matrix
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of relationships, in this case a matrix in which
there may be nearly as many structural coeffi-
cients as measurement coefficients.

For this reason, some writers have recom-
mended that the measurement portion of the
model be fixed prior to testing the structural por-
tions of the model (Anderson & Gerbing, 1988),
and one study reviewed actually followed this
practice (Lincoln & Kalleberg, 1985). This prac-
tice is appropriate, but whether or not the meas-
urement model is fixed, the effective reliability
estimate should be reported. It is also possible
that if such a practice were to be consistently fol-
lowed, many findings would be shown to be sub-
stantially influenced by Lvs for which the

composite estimate is of low reliability-indeed
so low that findings would have been questioned
if more conventional methods had been used.

An Empirical Example

An Lv causal model of the effects of physical
problems, mental status, and activity limitation
on depression and service utilization among the
elderly was examined (Figure 2). The data came
from a combined sample of 841 elderly commu-
nity residents from the United States and the
United Kingdom. Sampling strategies and

characteristics of the sample are described else-
where (Zubin & Gurland, 1977). Virtually all ob-
served variables were internally consistent scales,
with evidence of validity available from previous
studies (see, e.g., Gurland, Kuriansky, Sharpe,
Simon, Stiller, & Birkett, 1977; Teresi, Golden,
Gurland, Wilder, & Bennett, 1984).
A number of researchers (e.g., Branch, Jette,

Evashwick, Polansky, Rowe, & Diehr, 1981;
Wolinsky & Coe, 1984) have found that health
service utilization is predominantly accounted for
by health and activity limitation. The geriatric
literature reports strong relationships of both
health and activity limitation with depression
(e.g., Gurland et al., 1977). In the current model
these constructs were measured with five and
three Mvs, respectively, and the respondent’s
mental status was included as a possible indepen-
dent influence on depression and service utiliza-

Figure 2
Alternative Models of Illness, Depression, and

Service Utilization Among the Elderly
(ACT = Activity Limitation, DEM = Dementia,

DEP = Depression, ILL = Illness,
su = Service Utilization)

(a) Regression Analysis of Composites

tion, each assessed with 3 Mvs (Teresi, 1984).
Estimated structural effects based on regres-

sion analyses of scale sums are provided in Figure
2a. In this analysis the effect of activity limita-
tion on depression was statistically significant
(p < .01). It can be seen from Figure 2b that the
LISREL (Joreskog & S6rbom, 1984) Lv model

(b) Full LV Structural Model

(c) Regression Analysis of Estimated Lvs

(d) Disattenuated Estimates for LVs

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



192

estimate for the effect of activity limitation on
depression was not statistically significant. The
reason for the difference between these estimates

may be seen in the composition of the illness Lv.
The five lvtv scales included problems with heart,
stroke, cancer, and arthritis, respectively, as well
as overall somatic symptoms regardless of dis-
ease. The illness ov can most reasonably be
thought of as an effect of the disease indicators,
and therefore as an EV with respect to these Mvs,
although it is a cause of the overall symptoms.
As expected, each of the disease scales was cor-
related trivially or not at all with the others, and
all were correlated moderately with the somatic
symptoms. As a result, the illness ov was close-
ly related to somatic symptoms (.89) and much
less to each disease scale (average loading = .35).
The three measures of activity level were more
closely correlated, as were the dementia Mvs,.

Figure 2c gives the regression analysis of each
construct as measured by weights generated from
the LISREL solution. This weighted composite es-
timate of illness was more closely linked to

depression, possibly because depression may also
be manifested in somatic symptoms to some

degree, a potential misspecification made more
serious by the influence of the structural portion
of the model on the measurement portion. How-
ever, even in this model the effect of activity
limitation on depression was statistically
significant.
When these Lav model loadings were translat-

ed into reliability estimates, the estimate for ill-
ness was only .67. For activity limitation, in

contrast, the more substantial correlations among
the observed indicators led to a reliability esti-
mate of .96. The reliabilities implicit in the
LISREL analysis were applied to the weighted
composites by the methods of classical disattenu-
ation (Figure 2d). The result of differential relia-
bility estimates was greater disattenuation of the
illness effects on activity limitation and depres-
sion. The consequence was a much reduced and
no longer significant effect of activity limitation
on depression, once the estimated disattenuated
causal effects of illness on both had been par-

tialed. (These agree closely with the estimates in
Figure 2b, confirming the above claim of equiva-
lence between weighted disattenuated composites
and LISREL solutions.) Do the results suggest
that, contrary to theory and previous findings,
it cannot be concluded that activity limitation
leads to depression in the elderly, independent of
coexisting illness? To accept the null hypothesis
is, in effect, to accept the reliability estimate of
the illness Lv as appropriate, and, as has been
seen, there is reason to believe that it is low-in

part because illness is really an EV with respect
to its (uncorrelated) disease Mvs,.

The Disattenuation Paradox

Because the knowledge of the consequences
of unreliability for the magnitude of relationships
between variables has long been known, why has
the practice of disattenuation not been general-
ly adopted (Block, 1963)? One reason is that the
more poorly measured the variable is to start

with, the larger the estimated disattenuated ef-
fects become relative to the observed effects, thus
inflating sampling and other sources of error. The
result is a lack of confidence in the superiority
of estimates that take attenuation into account
over those that do not. In real data the extent to
which the correlations based on single relatively
unreliable items are taken as the basis for strong
causal inference could also be problematic.

An Alternative Approach to
Disattenuated Estimates

There is an alternative that may solve some of
the problems of ovs that prove inappropriate be-
cause of the nature or number of indicators.

First, when internal consistency is not an ap-
propriate measure of reliability, it is fully within
the capability of current LV computer programs
to accept any other estimate of the amount of
measurement error provided by the analyst. In
this case, indicators can be combined into a sin-

gle measure in some theoretically correct man-
ner. Then any appropriate estimate of the amount
of error in the single measure may be specified
in the input matrix, using test-retest or a simple
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educated guess, or model tests may be completed
with both upper- and lower-bound estimates of
the correlation of the measured EV with the

hypothetical ov.
Prior specification of the reliability of com-

posites would have two advantages. First, it

would make possible the combination of more
than one kind of measurement error-for exam-

ple, error attributable to low internal consisten-
cy, if appropriate, and error attributable to

imperfect temporal stability, if effects are hy-
pothesized to occur over a longer period of time
than is appropriate for the measurements. Sec-
ond, it would make the magnitude of the disat-
tenuation effects obvious to both the investigator
and the reader of the research report. One arti-
cle in the literature review appeared to have used
this strategy, at least in part (Thornton, 1985).

The Realistic Limits of Current Theories

Loose Specification of Constructs

Measures of an Lv are often chosen because

they possess features like the term &dquo;depression&dquo;
in the title, or because they appear to pinpoint
different but important aspects of the construct
under study.

Thus the choice of indicators is usually just
as hypothetical as the causal hypothesis under in-
vestigation in the structural portion of the model.
Also, because it is so speculative, the causal

hypothesis is almost never clearly specified and
therefore rarely comes under direct testing. Un-
less the Lvs are solidly specified from a theoreti-
cal point of view, though, any causal relation-
ships among them cannot be rationally assessed.
Perhaps this loose specification that character-
izes most theory accounts for some of the dif-
ficulties in publishing substantive Lv models that
many investigators have informally reported.
When a method demands such complete specifi-
cation, there is ample room for other investiga-
tors to disagree. One practical result of this

dilemma is that little of the specification is

provided. Some published reports seem to have
taken this route.

Specification of Correlated Errors

The review of the literature indicated that

omitting the presentation of correlated residuals
among Mvs is the rule, and virtually nowhere
were correlated residuals discussed substantive-

ly, although the simple assertion that they were
logically or theoretically reasonable did occasion-
ally occur. Correlated error may be specified in
observed variables that appear either as indica-
tors of the same 1.v or of different Lvs. However,
the positing of correlated errors makes a theo-
retical statement-that is, the variance of the ob-
served indicators is accounted for not only by the
Lv specified in the model and by random error
(causes not shared with any other variable), but
also by unknown shared causes. This implies, of
course, the existence of yet another LV with
the two (or more) observed variables as indica-
tors. If researchers were required to identify these
additional Lvs, they would need to admit the
limits of the theory being tested.
When single items are used as observed indica-

tors there is usually very little hope of attaining
such refinement in the specification. However,
when indicators are scales selected on some the-
oretical basis, the correlation among their resid-
uals may well be worth presenting. Doing so
might, in particular, have the salutary effect of
requiring careful consideration of what their
common causes might be, especially in instances
when observed variables with large positive corre-
lations are estimated to have residual causes that

operate in different directions (i.e., are negative-
ly correlated).

Another potential problem comes from the
usual inflexible requirement that all estimates be
either in raw units or in standardized units. If the
recommendation offered here is accepted-that
items be combined into scales prior to use in an
Lv model-whatever standardization is required
could take place prior to model estimation. The
covariance matrix could then be the basis for the
Lv structural analysis. A useful mix of stan-
dardized and raw unit coefficients would be the
result.
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Implementation Problems

Almost every researcher consulted for this

study reported consistent problems running mod-
els of realistic complexity. Examples considered
for this paper included a study in which the the-
oretically appropriate and empirically available
variables were far more numerous than could be
included in the Lv model. If Lv models are to be
measured with the recommended four or more
variables each, there are few if any current pro-
grams that will produce estimates with more than
seven or eight Lvs. It is possible that these con-
straints are loosening; in any case, 25 or 30 ob-
served variables would be the practical limit with
the most popular programs. The resulting prob-
lems are particularly severe when the dataset is
longitudinal and includes each measure at more
than one point in time. When appropriately com-
prehensive models will not run, the overwhelm-
ing temptation is to eliminate the offending
variables, even if it does not make theoretical
sense; this is, or course, a truly Procrustean
solution.

Recommendations for the Appropriate
Measurement of Latent Variables in Causal

Models, Including Reporting Practices

Given all the problems discussed above, the use
of latent variable structural equations modeling
should be approached with caution. Following
are some guidelines for decisions about whether
to use the technique, how to select indicators, and
what information to include in reports of such
work:
1. A strong theory, preferably with specific (and

perhaps nested) alternatives, involving only
relatively few latent variables should be avail-
able. Strong refers (1) to posited causes be-
ing truly generative, in the sense that the
mechanism by which they could operate to
produce differences in the affected variables
could be explicitly stated; and (2) to clear ex-
pectations regarding causal effects that
would include ranges of permissible corre-
lations between residuals. This usually means

that the method will be used primarily in
those cases in which a &dquo;critical test&dquo; of a the-

ory involving a modest number of constructs
is being made.

2. Lvs must have indicators of which they are
plausible causes, and should have at least
four well-correlated indicators. Much closer
attention must be paid to the representative-
ness of indicators in order to assure that a
theoretical construct (e.g., depression, SES)
does not vary in its meaning in different
studies. In general, the recommendation of
Anderson & Gerbing (1988), among others,
seems correct: The measurement model
should be fixed prior to estimation of the
structural portion of the model.

3. When only item level data are available as in-
dicators, they should be combined prior to
the analysis.

4. The reliability estimates of composites effec-
tively employed by the Lv models should be
a standard part of the information provided
in the report of the research.

5. It is also necessary to have studied univari-
ate and bivariate distributions before ventur-

ing into more complex techniques. It may
well be appropriate to implement the anal-
yses with regression techniques, and to use
Lv analysis only after gaining a full under-
standing of findings not employing correc-
tions for attenuation. In this way the effects
of disattenuation and other features of Lv

modeling on the structural model may be ex-
plicitly and fully explored.

The proper use of Lav models requires a com-
bination of theoretical and statistical knowledge
that is particularly difficult to obtain. Knowledge
of the mathematical basis of these methods,
though, does not ensure the appropriate test of
a substantive theory. On the other hand, know-
ledge of the substantive theory and its most ob-
vious and appropriate test does not ensure that
the completed and reported test will either fit the
theory or satisfy the mathematical demands of
the statistical model. Most theoretically-
sophisticated users will necessarily view the com-
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puter analysis as a sort of black box into which
the data are fed, and out of which will come the
best available conclusions about the substantive
issues. If the attention conventionally paid to
measurement in studies not using Lvs were stan-
dard in studies using LVs, including the reliabili-
ties, correspondence to measures used in other
studies, and representation in the Mvs of the the-
oretical domain, a higher level of agreement
might be obtained among research results aris-
ing from differing data-analytic approaches.
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