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for Analyzing Structural Models
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An alternative procedure for estimating structural
equations models is described. The two-stage proce-
dure, Path Analysis of Covariance Matrix (PACM), sep-
arately estimates the measurement and structural
models using standard least-squares procedures. PACM
was empirically compared to simultaneous maximum
likelihood estimation of measurement and structural

models using LISREL. PACM produced results similar to
LISREL in many cases; it also seems to have advan-

tages when dealing with large-scale problems, model
misspecifications, collinearity among indicators, and
missing data. Index terms: causal models, confirma-
tory factor analysis, LISREL, path analysis, structural
equations models.

Researchers in many fields, such as social sciences, psychology, and marketing, must deal with
unobservable or latent constructs (e.g., attitude, intelligence). Structural equations modeling is a research
methodology that provides a way to deal with these constructs; moreover, due to its confirmatory nature,
it provides a means of testing theories. It is therefore not surprising to see the growing and widespread
use of this methodology in several fields (Bagozzi, 1980; Bentler, 1986; Bentler & Chou, 1987).

Structural equations modeling consists of two conceptually distinct submodels-a measurement model
that specifies the relationship of observed measures to their posited underlying constructs, and a structural
model that specifies the causal relationship of these constructs to each other (Anderson & Gerbing, 1982;
Bentler, 1986; Joreskog & Sorbom, 1985). With full-information estimation methods, such as those
provided in the computer programs EQS (Bentler, 1985) or LISREL (Joreskog & Sorbom, 1979, 1985),
the measurement and structural submodels can be estimated simultaneously.

As Anderson and Gerbing (1988) noted, &dquo;... the ability to do this [estimation] in a one-step analysis
approach, however, does not necessarily mean that it is the preferred way to accomplish the model-
building task.... there is much to gain in theory testing and the assessment of construct validity from
separate estimation&dquo; (p. 411). They further suggested that &dquo;separate assessment of the measurement
model and the structural model preclude having good fit of one model compensate for (and potentially
mask) poor fit of the other, which can occur with a one-step approach&dquo; (p. 421).

In other words, although a two-step estimation procedure may be statistically less efficient than a
one-step method (Johnston, 1984), it provides substantial gain in theory testing and assessment of construct
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validity (Anderson & Gerbing, 1988). The purpose of this paper is to suggest such a two-step procedure
for estimation of structural equations models. Not only does it deliver the advantages listed by Anderson
and Gerbing (1988), but it is also conceptually simple and easy to understand. As will be demonstrated,
a majority of causal models can be estimated with the proposed methodology by simply using ordinary
least squares (OLS). In more complex models, two-stage least squares (2SLS) or three-stage least squares
(3SLS) may be required. Although the existing procedures (e.g., LISREL) can be adapted to perform a
two-stage estimation, these procedures are really designed for simultaneous estimation of the two sub-
models. This paper suggests a simpler two-stage estimation procedure.

The proposed procedure, Path Analysis of Covariance Matrix (PACM), essentially decomposes a
covariance into its components using a least-squares procedure. In stage 1 of PACM, the measurement
model is estimated by decomposing the covariance between observed measures into measure-to-construct
coefficients and construct-to-construct covariances. In stage 2, PACM uses construct-to-construct co-
variances (estimated in stage 1) as input and estimates the structural model.

Having its roots in path analysis and econometrics, PACM is conceptually well grounded as well as
easy to understand and estimate. The procedure provides several advantages over simultaneous estimation
procedures such as LISREL. For example, it can handle missing covariances, it can deal with covariance
matrices that are close to singular, and it provides stable estimates of the measurement model even when
the structural model is changed. An added benefit of the two-stage estimation methodology is that it

provides useful diagnostics about the measurement and structural models.

Background

Path analysis was developed as a way to estimate causal models. In its early applications (e.g.,
Blalock, 1964; Duncan, 1970; Land, 1973; Wright, 1934), each construct was measured by a single
indicator and the measurement was assumed to be without error. The procedure was initially constrained
to situations where the causal model was recursive. The effect of one variable on another was then deduced

by &dquo;decomposing&dquo; the relation between any two variables into &dquo;paths&dquo; between connected variables so
that the relation was the product of the paths linking the two variables (see Alvin & Hauser, 1975). The

procedure is closely related to standard econometrics techniques (see Tukey, 1954; Wright, 1960) and
has been expanded to deal with unobservable variables (see Hauser & Goldberger, 1971).

Path analysis is very restrictive due to its assumptions of no measurement error and no correlated
errors, and its confinement to recursive models. Stimulated by major advances in statistics (e.g., Simon,
1954; Tukey, 1954; Wold, 1956) and biometrics (e.g., Turner & Stevens, 1959; Wright, 1960), socio-
logical methodologists such as Blalock (1961, 1963), Boudon (1965), and Duncan (1966) demonstrated
the value of combining the simplicity of path analytic representation with the rigor of specifying equations
simultaneously. By the early 1970s, causal modeling was a major sociological research method (Blalock,
1971).

A breakthrough was provided by Joreskog (1973, 1977) with the introduction of LISREL, a versatile
computer program for causal modeling. Several advances have since been made in the area of causal
modeling, and increasingly sophisticated estimation procedures have been introduced (e.g., Bentler, 1983,
1985; Browne, 1982, 1984). For example, Bentler (1983) and Mooijaart and Bentler (1985) have outlined
an estimation procedure, called asymptotically distribution-free reweighted least squares, that is even
more ambitious than any of the procedures currently implemented in such methods as EQS (Bentler, 1985)
or LISREL (Joreskog & Sorbom, 1985).

Although the increasing sophistication in estimation procedures is very useful, the desire to produce
simple algorithms to replace more complex ones is widespread. For example, dummy variable regression
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has generally replaced MONANOVA (Kruskal & Carmone, 1969) as the method for performing conjoint
measurement because of its ease of use and the closeness of the solution, even though the assumptions
of regression analysis are not strictly met. Similarly, metric scaling procedures have often been used in
place of nonmetric procedures even when it is not clear that the data are intervally scaled.

Bentler (1982) proposed a method for performing confirmatory factor analysis based on Hagglund’s
(1982) work. In summarizing the method, he stated that &dquo;the major virtue of noniterative estimates is
that they can be obtained quickly and cheaply, making possible the consistent estimation of very large
models that are virtually beyond the scope of current methods&dquo; (p. 421). This paper is similar in spirit
to Bentler’s in that it presents a simple least-squares estimation method for path analysis of unobservable
constructs with multiple measures.

The PACM Approach

Causal models typically consist of two measurement models and a structural model. A simple example
is shown in Figure 1. The measurement models connect the exogenous indicators (X) and endogenous
indicators (Y) to the constructs (~,11) and estimate the strength of this relationship through the loadings
Ax and Ay. The squared values of these loadings give the reliability of the indicators (in a standardized
solution) and hence provide an assessment of how good the measurement instruments are. The structural
model assesses the path coefficients (B,I’) between the exogenous constructs (4) and endogenous constructs
(-q), thus providing an empirical test of the theory.

Using the LISREL terminology, the measurement and structural models can be represented as follows:
Measurement Model 1: X = At+8 (1)
Measurement Model 2: Y = Ay11 + E (2)
Structural Model: 11 = B11 + r~ + t (3)
where 8 and E represent measurement errors and C represents structural errors.

The major objective of a causal modeling technique (PACM or LISREL) is to use the covariance or
correlation matrix of indicators (X,Y) as input and estimate the parameters Az, Ay, B, and r (other

Figure 1
A Simple Causal Model

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/ 



304

statistics, such as the covariances of errors, can also be estimated).
PACM works in two stages. Stage 1 estimates the measurement models while stage 2 estimates the

structural model.

Stage 1

The first stage estimates the pattern coefficients (indicator-to-construct coefficients) and construct-
to-construct covariances by relating them to the observed covariances in a trinary product (ignoring
correlated measurement errors for the moment):

Cov(~,,F,) = (Pattern coefficient between X, and its construct)
(Pattern coefficient between Y, and its construct)
(Covariance of the two constructs) (4)

In order to see why this is appropriate, consider the two measurement models:

where it is assumed that each row of A., and Ay has a single nonzero element.
For ease of exposition, and without loss of generality, let X and Y be deviations from the mean. It

therefore follows that the covariance between indicators (~~) is

where

Similarly

In subscript notation, Equation 7 can be expressed as follows:

where X, and X, are indicators connected to constructs and gi respectively. Note that Equations 7 and
12 are equivalent under the assumption that each indicator is connected to one and only one construct.
Several researchers have indicated that this is a desired characteristic rather than a limitation (Anderson
& Gerbing, 1982, 1988; Hunter & Gerbing, 1982). Anderson and Gerbing (1988) commented on this
issue:

A necessary condition for assigning meaning to estimated constructs is that the measures that are
posited as alternative indicators to each construct must be acceptably unidimensional in nature. That
is, each set of alternate indicators has only one underlying trait or construct in common (Hattie,
1985; McDonald, 1981). (p. 414)

Assignment of meaning to estimated constructs can be problematic if indicators load on more than one
construct (Bagozzi, 1983; Fomell, 1983; Gerbing & Anderson, 1984). Some authors (e.g., Cattell, 1973,
1978) argue that measures tend to be factorially complex and hence may load on more than one construct.
In such a case, the problem can be reconstructed so that the construct of interest is conceptualized as a
higher order factor (Anderson & Gerbing, 1988; Joreskog, 1971; Weeks, 1980).
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Equation 12 can now be rewritten as

where

Note that if 8, and 8, are uncorrelated, then Mõ,õ) = 1. Normally, correlated measurement error is expected
to arise due to common method effects. A positive correlation between measurement errors will result
in Mõ,õ) greater than 1, while a negative correlation will result in Ms,s, less than 1.

Equation 13 can now be expressed as

where u,, is the estimation error. Equations 10 and 11 can also be written similarly to Equation 15.

Because Equation 15 is in logs and the log of a negative number is undefined, absolute values of the
covariances are used. The sign of the covariance can be easily recovered, as is shown in more detail
below. In general form, Equation 15 can be written as

log Cov(Indicators

where

Cov(Constructs k, 1)

Dp = dummy variables with a value of 1 if variable p = i or j, 0 otherwise;
D,, = dummy variables with a value of 1 if the k-l construct pair is involved in the relation, 0

otherwise; and

Dst = dummy variables with a value of 1 if (s,t) = ( i, j ) and the errors of i, j are expected to be
correlated, 0 otherwise.

Equations 17 through 19 produce kp, Cov(k,l), and Cov(8s,8t). Equation 16 can be estimated by
, -- - - -

Approximate standard errors of parameters can be obtained using a Taylor series expansion (Kendall
& Stuart, 1977, p. 247). For example, the approximate variance of X, can be found as follows. Rear-
rangement of Equation 17 yields X, = eap, hence

OLs estimation gives Var(ap). Hence Equation 20 can be used to find the approximate standard error of Xp.
Note that ast = 0 if errors 8, and 8, are uncorrelated. Hence, using Equation 16, a nested model test

can be performed to see if there is significant improvement in fit when allowing for correlated measurement
errors.

Thus the first stage of PACM consists of solving Equation 16 by OLS. Weighting schemes were tried
based on the variance of the covariance or correlation [e.g., Var(r) = (1 - r2)2/n, where n is the number
of observations; Stuart & Ord, 1987, p. 330]. They made almost no difference in the results and are
therefore not discussed further. A simple example of a causal model and the associated design matrix
for the first stage of PACM analysis is given in the Appendix.
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Stage 2

The second stage estimates the structural equations using the first-stage estimates of 1,,, ~.~.~, and
1,, from Equation 18 as the covariances among the constructs. The structural equations can be written
as

This system of equations can be estimated to obtain B, r, and 1ft = E(~~’) by OLS, 2SLS, 3SLS, or
seemingly unrelated regression (SUR; Zellner, 1962), depending on different scenarios as indicated below.

Scenario 1. If there is a recursive set of structural equations where the error matrix 1ft is diagonal
(i.e., errors of endogenous constructs are uncorrelated), and there are no restrictions on parameters across
two or more structural equations, then OLS will provide unbiased and efficient estimates (Johnston, 1984,
pp. 467-469). Recursive models are those where the residuals from different equations are independent
of each other and the matrix of coefficients of the endogenous constructs (11) is triangular. An example
would be

where E(~,~2) = 0 and there are no parameter restrictions across the two structural equations. Note that
4, and t, are uncorrelated, 11j appears on the right side of Equation 23, and ~2 does not appear on the
right side of Equation 22. In other words, the matrix of coefficients of 11 is triangular. Hence this is a
recursive model. In such a case, each structural equation can be estimated independently by OLS to obtain
unbiased and efficient estimates.

Scenario 2. If the set of structural equations is nonrecursive but the error matrix ’~Y’ is diagonal
and there are no restrictions on parameters across two or more structural equations, then 2SLS will be
appropriate (Johnston, 1984, p. 472; Judge, Griffiths, Hill, Lutkepohl, & Lee, 1985, p. 597). An example
of this kind would be

where E(~,~z) = 0. Note that this is a nonrecursive model because 11z appears on the right side of Equation
24 and 111 appears on the right side of Equation 25.

Scenario 3. If the parameters across two or more structural equations have some restrictions, then
a joint estimation of structural equations is essential. Joint estimation of equations is also warranted if
the W matrix is not diagonal, that is, if errors of two or more structural equations are correlated. The
nature of estimation methodology in such cases once again depends on whether the system of equations
is recursive or nonrecursive. If the system is recursive, then SUR is the appropriate method (Johnston,
1984, p. 338; Judge et al., 1985, p. 800; Zellner, 1962, p. 350). An example of such a situation is

where EaltZ) =1= 0. Here the two equations are seemingly unrelated and OLS would appear preferable.
However, due to correlation between the errors ~, and tz, Oils estimates are inefficient. To account for
this correlation between the errors, a simultaneous estimation of the two equations is warranted. The SUR
method achieves this.

Scenario 4. Here the conditions of Scenario 3 hold but the system of equations is nonrecursive.
In such a case 3SLS is recommended (Johnston, 1984, p. 486; Judge et al., 1985, p. 599). Conceptually
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the three stages can be viewed as accounting for error correlations, accounting for nonrecursiveness of
the system, and finally obtaining consistent and efficient parameter estimates.

The methods of estimation to be used in different scenarios are summarized in Table 1. Estimation
for stage 2 can be done using PROC SYSLIN in the SAS Institute Inc. (1984) statistical package. This
program is especially attractive because it provides the flexibility of using any of the four methods of
estimation listed above, it provides easy means to impose restrictions on parameters, and it can use
covariances of constructs (as estimated from stage 1 of PACM) as input data. An example of stage 2
estimation is provided in the Appendix.

Features of PACM

In this section, some of the features of PACM are discussed and contrasted with the use of LISREL to
perform simultaneous maximum likelihood estimation of the measurement and the structural models.
PACM has advantages over the typical usage of LISREL when correlations between some variables are
missing, when the correlation matrix among the measurement variables is highly collinear, when separate
diagnostic information about the measurement and structural models is needed, when the structural model
is changed but a change in the estimates of the measurement model is unwarranted, or when dealing with
large and complex models.

A key advantage of PACM over LISREL is its ability to handle input matrices where some of the
covariances (or correlations) are missing, such as might arise when data from two different sources are
combined. In such cases, LISREL cannot give any estimates because it needs to invert the covariance
matrix to obtain parameter estimates. PACM, on the other hand, can easily handle this situation by deleting
these observations and their covariances from the design matrix in stage 1 of the estimation.

LISREL also has problems in estimation in cases where a covariance matrix has a determinant close
to 0 (i.e., a highly collinear matrix). Some researchers (e.g., Jagpal, 1982) have suggested a ridge
regression procedure to handle such situations. However, as Jagpal pointed out, the best ridge estimator
is difficult to select and is probably beyond current knowledge for more than two constructs. PACM
provides a simple solution to this problem. Stage 1 of PACM (which uses the covariance matrix as input)
inverts not the covariance matrix but a far less collinear design matrix of dummy variables D to obtain
the parameter estimates. PACM will have an estimation problem only if the covariance matrix of constructs
(as estimated from stage 1 and used as input in stage 2) cannot be inverted. Inability to invert this
covariance matrix indicates highly collinear constructs and hence almost no discriminant validity of
constructs. Failure of estimation in stage 2 therefore provides a very useful diagnostic to the researcher
about the possible lack of discriminant validity of the constructs under consideration.

Although it can be argued that PACM provides less efficient estimates due to its two-stage estimation
process, this is more than compensated by the advantages of having two stages. First, PACM does not
tend to inflate the path coefficients of the structural equations as is typically found in simultaneous

Table 1

Estimation Methods for Stage 2
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estimation with LISREL. This is because PACM estimates the measurement and structural model parameters
separately and hence measurement errors are not allowed to inflate the structural parameters. That is,
PACM avoids the peculiar problem of LISREL where a large measurement error in the model may in fact
force LISREL to conclude that a very good structural model exists; such a result may cause a LISREL user
to reach an inaccurate conclusion about the validity of a theory.

This problem of interpretational confounding occurs in the presence of misspecification (the usual
situation in practice) when measurement and structural models are estimated simultaneously (Burt, 1973,
1976). Burt (1976) elaborated on this point and suggested that interpretational confounding &dquo;occurs as

the assignment of empirical meaning to an unobserved variable which is other than the meaning assigned
to it by an individual a priori to estimating unknown parameters&dquo; (p. 4).

Second, the two-stage estimation procedure provides separate goodness-of-fit statistics (R2) for the
measurement and structural models. This is better than a single goodness-of-fit statistic (e.g., X2) for the
entire system. As Fornell and Larcker (1981) pointed out,

Because the chi square is a function of the product of the variance of the measurement correlations
and the variance of the theory correlations, the results show that changes in the theory model can
be compensated for by changes in the measurement model. Thus, an inadequate relationship between
constructs (i.e., theory) may be partially offset by measurement properties, and using the chi square
statistics for theory testing would be inappropriate.... Therefore a testing method is needed that
... evaluates measurement and theory both individually and in combination so as to detect com-
pensatory effects. (p. 44)

PACM’S separate fit statistics for the measurement and structural models can be very useful diagnostic
information for the researcher because they provide an indication of which part needs more work-
measurement or theory (or both).

Note that PACM uses all available information (i.e., the full correlation matrix of X-Y variables) in

stage 1. Only estimation of structural parameters is postponed to stage 2. Further, given the usual
assumption of causal models that structural errors (~) are uncorrelated with measurement errors (6,E),
the loss in efficiency in using a two-stage estimation method rather than a single-stage method should be
minimal.

In many applications there is a need to modify the structural model without affecting the measurement
model. This may be done to improve the theory or the model. In such cases the parameters of the
measurement model should be the same regardless of any changes in the structural model. In other words,
the reliability of the indicators should not be affected by the changes in the structural model.

PACM achieves this due to its two-stage estimation procedure, whereas LISREL changes the parameters
of the measurement model (sometimes dramatically) because of its simultaneous estimation methodology.
Anderson and Gerbing (1988) noted this problem: &dquo;Interpretational confounding is reflected by marked
changes in the estimates of the pattern coefficients when alternate structural models are estimated&dquo; (p.
418). They also suggested that &dquo;the potential for interpretational confounding is minimized by prior
separate estimation of the measurement model because no constraints are placed upon the structural
parameters that relate the estimated constructs to each other&dquo; (p. 418).

The estimation approach of PACM can be especially useful when dealing with complex models with
large numbers of constructs and indicators. In such cases PACM can easily provide good initial solutions
by simply using OLS. Although OLS estimates may be biased due to simultaneity of the structural equations,
they generally provide good initial solutions. Once the theory has been refined based on initial results,
and the researcher has more confidence in the model, more appropriate methods (e.g., 3SLS) can be used
to obtain final estimates. PACM should thus be useful for large and complex models where maximum
likelihood estimation methods may take too much time or may result in convergence problems.
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A relatively undesirable feature of PACM results from the use of logarithms. Because taking logarithms
requires positive values, absolute values of covariances are required in Equation 16. The loss of the sign
of covariance can be recovered by first ensuring that all indicators correlate positively with the constructs
they are supposed to measure. If this is not the case, the indicator variable scale can be reversed to

achieve this. This ensures that all ks are positive. Hence a negative covariance between two indicators
translates into negative covariance between the constructs to which they connect. Because

Cov(X,,~)=B~Cov(M,)+Cov(8,,8,) , (28)
a negative covariance between X, and X, may in fact be due to the negative measurement error covariance.
In other words, if a model is misspecified by ignoring the measurement error correlation, the sign of the
construct covariances could be misinterpreted, which in turn would lead to a poor model fit.

The omission of a single measurement error correlation, however, is unlikely to lead to an incorrect
estimate of the sign of the construct covariance. For example, if there are two constructs, each with three
measures, there would be nine correlations on which to base a decision about whether the two constructs

are positively or negatively related. Assuming that a correlated measurement error affected only one of
the nine pairs, the preponderance of signs (or in most cases the average) would still correctly identify
the sign of the covariance between the two constructs.

When a poor fit of the model may suggest the omission of correlated measurement errors, a relatively
simple method is available to search for them. By comparing the actual and predicted correlations when
measurement errors are assumed to be uncorrelated, pairs with possible positive measurement error
correlation (where the actual correlation is much greater than the predicted correlation) and pairs with
possible negative measurement error correlation (where the actual correlation is much lower than the

predicted correlation) can be identified.

Empirical Comparison of PACM and LISREL

Example 1

This simple example taken from the LISREL m manual (Joreskog & Sorbom, 1985, p. III.5) examines
the relationship between ability and aspiration. Figure 2 provides the underlying model.

Because no structural model is involved in this example, this problem can be analyzed using only
the first stage of PACM. Results of the analysis (Table 2) give a strong indication that the proposed
procedure is worth further investigation in that the results from LISREL and PACM are the same to two

Figure 2
Path Diagram for Ability and Aspiration
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Table 2

Initial and MLE LISREL Estimates and PACM OLS

Estimates for the Ability-Aspiration Model

decimal places. Both methods also give the same overall fit for the model (goodness-of-fit index = .994
for LISREL, and RZ = .998 for PACM). The initial estimates of LISREL are also very close to the other two
solutions.

Example 2

The experiment analyzed by Bagozzi (1977) is used as an example that involves both the measurement
and structural models. Figure 3 presents the model and Table 3 provides the results as obtained by PACM,
by Bagozzi (1977, p. 216), and by LISREL VI. (Bagozzi’s results are slightly different from LISREL VI
results. This could be because Bagozzi used an earlier version of the LISREL program.) Both the stan-
dardized and unstandardized results are provided.

As is clear from Table 3, the results obtained from the two methods are very similar. The standardized
PACM stage 1 results indicate a good fit of the measurement model (RZ = .999). Stage 2 results suggest
that the first structural equation (-q,) has a good overall fit (R2 = .845), but the second structural equation
(~2) does not (R2 = .368). This implies that a large portion of the variance in the second structural equation
is due to the error t2. This can be easily shown as follows: Figure 3 shows that ~2 = flllj + ~2. Thus
Var(~Z) _ (32 Var(11j) + Var(~2). In the standardized solution, the variances of TJI and ~2 are 1. Hence
Var(~2) = 1 - P2 = .632. Therefore R2 for this equation is 1 - Var(~2) _ .368. This suggests that simply
looking at the overall goodness-of-fit index for the model may be misleading.

Figure 3
Credibility Experiment of Bagozzi (1977)
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Table 3
Parameter Estimates for Bagozzi’s Credibility Data

*Fixed parameters.

Table 3 also reports LISREL’S initial estimates for the unstandardized solution (LISREL does not give
initial estimates for the standardized case). It is interesting to note that although LISREL uses a least-
squares approach to obtain its initial estimates, its estimate for the y parameter is very different. The
maximum likelihood approach of LISREL improves on this estimate significantly. PACM uses OLS to obtain
parameter estimates close to the maximum likelihood estimates of LISREL.

Example 3

This example involves a slightly more complex model taken from the LISREL vI manual (Joreskog
& Sorbom, 1985, p. 111.83). Duncan, Haller, and Portes (1971) proposed this model to study the influence
of peers on a person’s ambition. They presented a nonrecursive model (Figure 4) and imposed the restriction
of ~i, = J3z. Table 4 provides the results obtained from LISREL and PACM (OLS was used in stage 1 and

3SLS in stage 2 of PACM).
Once again the results demonstrate that the PACM estimates are very similar to the LISREL estimates.

LISREL reports a good overall fit (goodness-of-fit index = .984). PACM provides more diagnostic infor-
mation by reporting a good fit for the measurement models (RZ for stage 1 = .997), but only moderate
fit for the structural model (R2 for stage 2 = .526). The second structural equation fits better than the
first equation (R2 for ’TJ1 = .498, R2 for ’92 = .597).

Note that LISREL imposes the restriction of 131 = J3z only in the unstandardized solution. In

the standardized results, 131 is approximately equal to J3z. PACM, on the other hand, can impose strict
equality restrictions in both the standardized and unstandardized results. An unconstrained model was
also estimated. An F test between the constrained and the unconstrained model indicated no significant
difference-a result identical to that obtained by LISREL using the x2 test.

Example 4

As a stronger test of PACM, a fairly complex hypothetical model was taken from the LISREL VI manual
(Joreskog & Sorbom, 1985, p. 111.94). This model (see Figure 5) involves several indicators including
a complex indicator (X3) that is connected to two constructs. Further, the model is nonrecursive where
the structural errors t, and t2 are correlated.

Joreskog and Sorbom used this hypothetical model to demonstrate the usefulness and power of
LISREL. They used data from the LISREL VI manual (p. 111.97) to simulate a covariance matrix (~) of
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Figure 5
A Hypothetical Model

indicators. Then, using I as the true population covariance matrix, a random sample of 100 observations
was generated, having a multivariate normal distribution with mean vector 0 and covariance matrix ~.
The resulting sample covariance matrix S is given in Table 5.

Joreskog and Sorbom used this covariance matrix and the LISREL program to recover the true
parameters. The same sample covariance matrix and PACM were also used to recover the parameters. The
results obtained from the two methods are given in Table 6. The results show the LISREL and PACM
estimates to be remarkably similar. Many of LISREL’ initial estimates are close to its maximum likelihood
estimates and PACM estimates, except for estimates of X,, Xs, ~2’ ’Y3, and y4.

Table 5

Sample Covariance Matrix for Example 4 (N-100)
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Table 6

Parameter Estimates for the Hypothetical Model of Figure 5

(Unstandardized Solution)

Example 5

Jagpal (1982) posited a multiplicative model relating Awareness (~1) and Preference (~2). The model
as presented in Figure 6 is underidentified by the LISREL approach (Jagpal, 1982, p. 433). Jagpal therefore
used the partial least-squares (PLS) approach (Wold, 1979).

The correlations (Table 7) among the indicators show substantial multicollinearity. This collinearity
caused PLS to produce the alternating sign pattern typical of collinear predictors (even though the sum of
the a parameters was about 1.00), as is shown in Table 8. By using ridge regression procedures, Jagpal
generated estimates of the as that were more nearly equal (and still summed to 1).

In order to use PACM (or LISREL), the indicators of the first construct (Awareness) were treated as
reflexive (X<-~) rather than formative (X&horbar;~). Thus only the parameters ~i, y,, and y2 are strictly

Figure 6
Jagpal’s Model
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Table 7
Correlations for Jagpal (1982) Study

comparable. LISREL failed to produce any estimates (even initial estimates) for the correlation matrix of
Table 7. It reported that the correlation matrix was not positive definite. Application of PACM to the data
led to a simple conclusion (Table 8): The five X variables are all good measures of the first construct and
Y, is a good measure of the second construct. This is exactly what inspection of the correlation matrix
reveals. Because PACM assumes reflexive indicators, the a coefficients are all close to 1. Hence formative
indicators would be expected to be all close to .20, essentially the ridge regression result.

The only unexpected result is that 0 is above 1 (a possible cause for the correlation matrix to be
nonpositive definite as reported by LISREL). This results because Y2 is more correlated with all five

indicators of Awareness than it is with Y,, and Y, is indistinguishable from the X variables (with the four
correlations, from .8621 to .9935, essentially the same as the correlations among the X variables that
range from .8720 to .9964). Hence there is no evidence that the two constructs are distinct, which a (3
of 1 immediately suggests. When the model was reestimated by constraining = 1, the results for as
and ys are essentially the same (Table 8). Thus, in this case, PACM produced plausible results whereas
LISREL failed to produce any results and PLS produced results only with great difficulty.

Example 6

This example used simulated data generated for the model shown in Figure 7. A similar model was
proposed by Bagozzi (1980) to study the effect of salespeople’s self-esteem (~1) and verbal intelligence

Table 8

Standardized Coefficient Estimates
for Jagpal (1982) Study

*Fixed parameter.
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Figure 7
Simulation Model With True Parameter Values

(~,) on their performance (111) and job satisfaction (~2). Based on the true (hypothetical) parameter values
indicated in Figure 7, the correlation matrix of indicators was generated and analyzed by LISREL and
PACM. Analysis was performed under several different scenarios.

Case l: Correct model. In this case, the true structural model-11j = ’Y1~1 + ̂ Y2t2 + ’I and 112 =

J3T11 + ’Y)~1 + ~2 was estimated. As the results from Table 9 show, both LISREL and PACM recovered the
parameters fairly accurately. LISREL seems to have a slight edge over PACM in recovering pattern coef-
ficients, whereas PACM does better at estimating the structural coefficients. Overall the results from the
two methodologies are fairly similar.

Case 2 : Nested model. A nested version of the structural model was estimated where y, was forced

to 0, that is, no link was included between self-esteem (t,) and performance (~,). Using the same input
data as in case 1, LISREL and PACM were used to estimate the parameters. The results are also shown in
Table 9.

Comparing the results of the two cases leads to several observations:
1. According to LISREL, the overall fit of the nested model does not suffer dramatically (goodness of

fit = .982 for the nested model and 1.0 for the true model). PACM, on the other hand, indicates that

although the fit of the measurement model and the second structural equation (~2) are the same in
case 1 and case 2, R2 for the first structural equation (111) drops from .712 to .41. This is precisely
what would be expected because in case 2 y, has been forced to 0. This example also demonstrates
the usefulness of separate fit statistics compared to an overall goodness-of-fit criterion.

2. Whereas PACM does not change the parameters of the measurement model (Àx’ Ày, 4» across the two
cases, LISREL produces some dramatic changes. For example, in case 2, LISREL estimated ÀX3 = .581 1
instead of .9, ÀX4 = .307 instead of .4, and 4>ZI = .718 instead of .4. These results therefore imply
that even when the same indicators are used in two cases, their reliability can change dramatically
as the structural model changes. For example, the reliability of indicator X3 is (.9)2 = .81 in case 1

and (.581)z = .34 in case 2. Clearly this is undesirable. This interpretational confounding in LISREL
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Table 9

Standardized Solution for a Simulated Example

’Fixed parameter.
bNot significant at a=.10.
’Significant at a-.10.
dNo estimates produced by LISREL.

estimates is a result of simultaneous estimation of the measurement and structural models. Due to
its two-stage estimation procedure, PACM does not suffer from this confounding.

3. Forcing yj = 0 in the first structural equation has the effect of increasing the y, value. However,
note that this inflation of the ~2 parameter is much more pronounced in LISREL than in PACM. In fact,
LISREL provides such an inflated estimate of y2 (1.009) that it forces the variance of error ~, to be
negative.
Case 3: Misspecified model. In practice, model misspecification is not uncommon. This scenario

is represented by positing no link between verbal intelligence (t,) and performance (~,) (i.e., y2 = 0)
and instead allowing a link between verbal intelligence (~2) and job satisfaction (1~2). That is, the true
model specifies that y, * 0 and y4 = 0, whereas in the misspecified model -Y, = 0 and ’Y4 ’* 0. LISREL
and PACM results for this case are presented in Table 9. Comparing these results with the true parameter
values and the results of case 1 leads to the following observations:
1. The separate fit statistics of PACM provide more diagnostic information than the overall goodness-

of-fit index.
2. Once again LISREL changes the parameter estimates of the measurement model (for example, ÀX3 =

.553 in case 3 and .6 in case 1). PACM results for the measurement model remain the same.
3. Both models correctly estimated y4 to be not significantly different from 0.
4. LISREL tends to inflate the structural parameters far more than PACM. For example, y, (true value =
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.6) was estimated as .912 by LISREL and .76 by PACM. Similarly, y3 (true value = .5) was estimated
as 1.436 by LISREL and .54 by PACM.

Results of cases 2 and 3 indicate that, compared to LISREL, PACM shows a tendency to be more robust
to model misspecification.

Case 4: Missing correlation. As previously indicated, PACM can handle missing correlations very
easily. LISREL, on the other hand, provides no estimates in such a case. As an example, in the simulated
data the correlation of X3 and Y3 was assumed to be missing (the true correlation was .236). As the results
in Table 9 indicate, PACM estimates show virtually no impact of this missing correlation.

These examples demonstrate that PACM can handle simple and complex models very effectively. In
certain cases PACM shows clear advantages over LISttEL. Finally, it is very easy to use; in most cases

both stages of PACM can be estimated by simply using OLS.

Conclusions

PACM is specifically designed to implement a two-stage estimation procedure in a simpler format
than is possible in two-stage adaptations of LISREL. Not only does it produce results comparable to LISREL
in most cases, but it also seems to have a number of advantages. Specifically, it seems to be more robust
with respect to collinearity among measurement variables, missing data, and model misspecification.
Also, it provides separate information on the fit of the measurement model and each equation in the
structural model. It also seems better suited to large-scale problems.

PACM can estimate a majority of structural models encountered in research by simply using OLS.
Thus, although PACM will not necessarily replace LISREL, it seems to have enough promise to be worth
further investigation. Finally, PACM may expand the usage of structural equations to new users by providing
them a methodology that is easier to understand and simpler to use.

Appendix

Design Matrix for Stage 1 Analysis of PACM

Construction of a design matrix of dummy variables D for stage 1 analysis of PACM can best be
illustrated by a simple example. Consider the model in Figure 3. As indicated in Equation 13, correlation
between two indicators can be expressed as a trinary product of the path from indicator 1 to construct 1,
the path from indicator 2 to construct 2, and the covariance between construct 1 and construct 2. Each
correlation provides one observation in the design matrix. The dependent variable is the log of the absolute
value of the correlation. The independent variables are derived by assigning a value of 1 to the dummy
variables of the three components of the trinary product. All other dummy variables are 0 for that
observation. For example, the correlation between y, and Y3 will be coded as Dy, = 1, DY3 = 1, D.~&dquo;~ _
1, and all other dummies 0. Further, the model specifies X = t (i.e., X., = 1). Because log X., is the

coefficient of Dx and log( 1 ) = 0, this restriction can be easily imposed by not including DX in the design
matrix. Thus the correlation between X and Y, will be coded as Dy, = 1 and D,.,, = 1. The complete
design matrix for the above model is given in Table 10.

Note that the dummies DE, DTJ’TJI’ and DTJ2TJ2 are not included in the design matrix. This implies that
their coefficients are forced to 0 in the regression equation. Because the coefficient of Dkg is log Cov(~,~)
[i.e., log Var(~)], this implies forcing Var(t) = 1. Similarly, Var(11j) and Var(TJ2) are forced equal to 1.
This produces a standardized solution. It is easy to recode the design matrix (by including D,, etc.) if
an unstandardized solution is desired. Similarly, if some X., or ky are to be forced to 1, the corresponding
dummy Dx or Dy can be eliminated from the design matrix.
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Table 10

Design Matrix for Stage 1 Analysis of Figure 3

This design matrix allows for all the measurement parameters to be unequal. However, the design
matrix can be easily changed to constrain parameters to be equal. For example, if it is desired that XI.
and ÀyZ be equal in Figure 3, a new dummy variable Dmz = D,. + Dy2 can be created to replace the
dummies Dy, and D~. Note that Dy,y~ = 0 if neither Y, nor Y2 is involved, Dmz = 1 if either Y, or Y2 is
involved, and Dmz = 2 if both Y, and Y2 are involved. Because the constrained model is nested in the
unconstrained model, a standard nested-model test can be used to assess the appropriateness of this
constraint.

Stage 2 Analysis

Stage 1 provides the regression parameters of the dummy variables D~,&dquo;, Dkn2 and Dl,,,,2- These
parameters are the log of the covariance between ~111’ ~11z, and 11111z respectively (see Equation 18). In
stage 2 these covariances are read as input (e.g., using sAS) and a least-squares analysis is performed
for each structural equation. For Figure 3 this means running two regressions:
111 = ’Y1~1 + tl i (A1)

11z = ~111 + tz . (A2)
Note that this is a recursive set of equations where the errors t, and ~2 are uncorrelated. Hence separate
estimation of these two equations by OLS will provide unbiased and efficient estimates of the parameters.
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