























76  Sociological Methods & Research

Figure 6

Type I Error Rate of Four Estimators by Sample Size for Parameter
Estimates From Specification 1, the Correctly Specified Model
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13 4
A1 4
. Coefficient estimates for parameters
.09 A with population value 1.0 (factor loadings)
.07 4
05 gl
.03 4
.01 4
T T T T T
50100 200 400 800 1,000
BER
114 - "
4 Coefficient estimates for parameters
09 with population value .6 (structural parameters)
07
05 4 —_— —— — — ——
03
.01 A
T T T T T
50100 200 400 800 1,000
13 4
A1 4 - .
4 Coefficient estimates for parameters
.09 with population value .3 (cross-loadings)
.07 4
.05 4 ——
.03 4
.01 4
T T T T T
50100 200 400 800 1,000
Sample Size
—e— ML —a— 2SLS-ALLIV
—8— 2SLS-OVERID1 —— 2SLS-OVERID 2

Note: ML = maximum likelihood; 2SLS = two-stage least squares.

rejected too frequently at smaller sample sizes for the parameter value
of 1.0 but performed better for the other parameter values. The 2SLS-
OVERIDI1, 2SLS-OVERID2, and ML estimators had fairly accurate Type
I error rates with the exception of sample sizes 50 and 75 for the parameter
value of .3. In the misspecified models, the ML exhibited the least accurate
Type I errors for the parameter values of .6 and .3; the 2SLS estimators
had less extreme bias for the .6 coefficient and negligible bias in Type I
error for the .3 parameter value.
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Figure 7
Type I Error Rate for Four Estimators by Sample Size
for Parameter Estimates From Specification 3, in Which
Two Factor Loadings Are Omitted
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Note: ML = maximum likelihood; 2SLS = two-stage least squares.

Summary and Conclusions

Here, we compare the original research issues and expectations about
the performance of the ML and 2SLS estimators to the simulation results:

1. When the model is correctly specified, we expect the bias of all esti-
mators to be negligible in the larger sample sizes, but we expect
some degree of bias at the smaller sample sizes. Our simulation
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results were consistent with this expectation in that for samples of
400 or more, we found little bias in 2SLS-ALLIV, 2SLS-OVERIDI,
2SLS-OVERID2, and ML. The greatest bias occurred at the smallest
sample sizes. But even here, with the exception of the 2SLS-ALLIV
estimator the biases were within £ 6 percent. Overall, the 2SLS-
OVERIDI1 had the lowest mean bias.

. When the model is incorrectly specified, we expect the bias of the

ML estimator to be greater than that of the 2SLS estimators and
that this bias will still be present in larger sample sizes. This pre-
diction was also largely supported by the analysis of the population
covariance matrix and by the simulation results. The analysis of
the population covariance matrix showed that the ML estimator
spread bias beyond the structurally misspecified equations, whereas
the 2SLS estimators better isolated it to the misspecified equations.
In addition, the magnitude of the bias was generally larger for the
ML than for the 2SLS estimators. The simulation results for finite
samples exhibited similar patterns. For the parameter coefficients
of .6 and .3, the ML mean bias ranged from about 8 percent to 16
percent, and this bias was fairly stable across sample sizes. The
2SLS estimators had roughly 2 percent to 9 percent bias for the .6
coefficient. The 2SLS-OVERID1 and 2SLS-OVERID2 estimators
had negligible bias for the .3 coefficient (less than 3 percent), while
the 2SLS-ALLIV was only slightly more biased at the lowest sample
size for the same coefficient. Interestingly, all but the 2SLS-ALLIV
estimator at the smaller sample sizes had little bias for the 1.0 coeffi-
cient. Considering these bias results as a whole, the 2SLS-OVERID1
and 2SLS-OVERID2 estimators had the best performance.

. When the model is correctly specified, we expect the variance of the

ML estimator to be smaller than that of the 2SLS estimators in the
larger sample sizes. We have no prediction at the smaller sample
sizes. The efficiency advantage of the ML estimator did not clearly
emerge. Rather, in the larger samples the standard deviations were
very similar across estimators. The only separation clearly visible
was for the standard deviations of the estimators for the .3 coeffi-
cient where the ML standard deviation was lower, but even here the
difference was far from dramatic. We did not expect this result for
several reasons. One is that the simulation conditions tended to
favor the ML estimator. This is because the variables came from
normal distributions as assumed for the ML estimator; in this first
set of results, the model was correctly specified, and we did not use
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any replication samples where the ML estimator did not converge or
converged to an improper solution. These combine to favor the ML
since the most extreme cases are removed from the sample and if
included they would tend to increase the standard deviations. At the
smaller sample sizes the standard deviations were fairly close, with
the exception of the 2SLS-ALLIV estimator having the smallest at
the lower sample sizes for the 1.0 coefficient. This would be an
attractive property for the 2SLS-ALLIV, except for the greater bias
that it has in small samples. Overall, these results do not strongly
favor any of the estimators based on efficiency arguments.

. When the model is incorrectly specified, we have no prediction
about the relative size of the variances of the estimators. Although
we made no prediction for these results, our simulation conclusions
were similar to those described in the model with the correct specifi-
cation, and we do not repeat them here.

. When the model is correctly specified, we predict that the Type I
error rates will be accurate in the larger sample sizes. In the sam-
ples with N > 400, we did find that the empirical Type I error rates
were close to the .05 expected value, with the exception that the
2SLS-ALLIV, on average, rejected too frequently for the 1.0 coeffi-
cient value. At the smaller samples, the 2SLS-OVERIDI1, 2SLS-
OVERID2, and ML generally had good accuracy, with the exception
that the error rate was too low for the .3 coefficient at the smallest
sample sizes. Overall, the simulation results for a correctly specified
model support the use of 2SLS-OVERIDI1, 2SLS-OVERID2, and
ML for accuracy of Type I error rates in testing coefficient estimates.
. When the model is incorrectly specified, we expect that the Type I
error rates will be inaccurate for those coefficients that are not
robust to the specification error. The simulation results were con-
sistent with the predictions of this hypothesis. When examining the
bias of the estimators, we found that all of them were relatively
insensitive to the misspecifications for the 1.0 coefficient. The
results for the Type I error rate for the 1.0 coefficient are similar to
those just described. However, in the section on bias we found that
the ML was the most sensitive to misspecification for the .6 and .3
coefficient values, and this sensitivity to bias is manifested in the
inaccurate Type I error rates for those coefficients when the ML is
used. The 2SLS estimators had some bias for the .6 coefficient, and
due to this, they also have inaccurate Type I errors, although they
are not as biased as the ML’s. Finally, the 2SLS estimator’s Type I
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errors are very accurate for the .3 coefficient, and this is largely due
to their robustness to the specification errors. Overall, these results
favor the 2SLS-OVERIDI and 2SLS-OVERID2 estimators for their
relative accuracy of Type I error across the most conditions.

To our knowledge, this simulation is the first to compare the ML and
2SLS estimators in latent variable SEMs. These results have several impli-
cations. First, they illustrate that the tendency of 2SLS estimators to have
greater robustness to structural misspecification than the ML estimator
found in simultaneous equation models carries over to latent variable
models.'* Unless the researcher has tremendous confidence in the correct-
ness of his or her model, it would be prudent to consider a 2SLS estimator
as a complement or substitute for the ML estimator that might better iso-
late the impact of these structural misspecifications.

Second, the asymptotic efficiency advantage claimed for ML estimators
was far less than expected. The efficiency advantage could be greater in
other types of models, but for the correct and incorrect ones we considered
and for the different coefficient values, the advantage was not that evident.
This was even more surprising because the simulation conditions favored
the ML in that variables came from normal distributions and we trimmed
the ML estimator by eliminating sample replications that did not converge
or that had improper solutions.

Third, we also found that the degree of overidentification for the 2SLS
estimator matters. In general, not using all possible IVs worked better than
including a large number of IVs with respect to minimizing bias in small
samples, though using all available instruments lowered the variance of the
2SLS estimator. Specifically, the 2SLS-OVERID1 and 2SLS-OVERID2
outperformed the 2SLS-ALLIV estimator. This was mostly true in small
samples since the 2SLS estimators had fewer differences in larger samples.

These results suggest that researchers should consider using 2SLS
when they suspect that their models have omitted paths or other incorrect
structures. Although none of the estimators prevent bias in the equation
that is misspecified, the 2SLS estimators exhibited greater resistance to
spreading the bias to other correctly specified equations. Furthermore,
among the 2SLS estimators we examined, we would recommend the
2SLS-OVERIDI1 and 2SLS-OVERID?2 estimators because of their lack of
bias across a range of conditions. As we stated earlier, the 2SLS estimator
is robust when the nature of the specification error does not change
the IVs used (Bollen 2001). The 2SLS-OVERID1 and 2SLS-OVERID2
use fewer IVs and hence are less likely to include ineligible IVs under
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misspecification. At the same time, the empirical standard deviations of
these estimators in moderately sized samples were competitive with the
other estimators. The 2SLS-ALLIV exhibited greater bias at the smaller
sample sizes, despite its greater efficiency with a small N.

When an equation is overidentified (i.e., more IVs than the minimum
required), it is possible to test whether all IVs are uncorrelated with the
equation disturbance, as is required for proper IVs. Two tests are based on
the idea that if the overidentifying restrictions for a particular equation are
correct, then the corresponding IVs should not explain any additional var-
iance in the dependent variable when added to the right-hand side of the
equation. Based on this, Anderson and Rubin (1949) developed a > test
statistic and Basman (1960) developed an F test of the null hypothesis that
the residual sum of squares for a regression estimated without the vari-
ables to be excluded is the same as the residual sum of squares for the
regression estimated with the variables to be excluded. A third test statistic
evaluates the appropriateness of the overidentifying restrictions by per-
forming an OLS regression of the IVs on the residuals from the equation,
forming NR?, where N is the sample size and R? is the squared multiple
correlation. This statistic follows a 2 distribution with degrees of freedom
equal to the number of excess IVs and tests the null hypothesis of whether
all IVs are uncorrelated with the disturbance term (Bollen 1996b; David-
son and MacKinnon 1993:236). These equation-by-equation tests contrast
with the overall % test of overidentification routinely used with the ML
estimator, and these former tests might be helpful in localizing the sources
of specification error.

We close with a cautionary note. As with all simulation results, our
results might be dependent on the models, distributions, and other specific
conditions considered. It is possible that different experimental conditions
could alter our findings. Our experimental conditions treat a broader range
of conditions than other simulations of simultaneous equations that com-
pare these estimators, but we would encourage researchers to develop
other models with which to explore these estimators.

Notes

1. See Bollen (2002) for a definition of latent variables.

2. Our simulation looks at variables that are incorrectly omitted from some equations in
the model but appear in at least one equation. Other possible omitted variables are ones that
are part of the true model but that do not appear anywhere in the system.
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3. A Wald test is a straightforward method for this. Bollen (2001) provides the asympto-
tic covariance matrix for all coefficients in the model that would enable simultaneous tests of
coefficients in a single equation or in multiple equations. Also note that an overidentification
test of whether all instrumental variables (IVs) are uncorrelated with the equation distur-
bances is available for each overidentified equation (e.g., see Bassman 1960).

4. More formally, we can write the assumptions about the IVs for the two-stage least squares
(2SLS) estimator as plim(3; V}Z;) = Zvzj, plim(} V}V;) = Zyy;, and plim (3 Viu;) =0, where
plim refers to the probability limit as N goes to infinity. The first assumption indicates that the
covariance matrix of the IVs and the variables in Z; must exist. Furthermore, this must be a non-
zero association. Similarly, the covariance matrix of the IVs must exist and be nonsingular. A
key requirement of the IVs in V; is that they are uncorrelated with the disturbance of the equation.
Finally, we assume that E(u;) =0 and E(u;u;/) :aﬁjl. We can modify the homoscedasticity
assumption (see Bollen 1996a), but we do not consider this further.

5. A minor exception is that the original Joreskog—Hédgglund—Madansky 2SLS estimator
did not include intercepts, whereas Bollen’s version of two-stage least squares (2SLS) does.
However, this has no impact on the Higglund (1983) and Brown (1990) simulations. Note
also that Higglund’s FABIN3 estimator is the one that is equivalent to Bollen’s (1996b)
2SLS under the conditions described in the text.

6. In addition, those studies that are done do not examine Bollen’s (1996b) type of 2SLS
estimator in the general case.

7. The combination of normality, omitting nonconverged solutions under maximum
likelihood (ML), and including some correct specifications should privilege ML, making our
comparison to the newer 2SLS a conservative comparison.

8. Although this is similar in structure to a simplex model with latent variables, it is not
intended as one. If it were, we would have introduced correlated errors for indicators that
were repeated over time. More generally, it represents a causal chain among the latent vari-
ables that leads the latent variable model to be overidentified, and each latent variable has
relatively few indicators, but enough to overidentify the measurement model.

9. Here and throughout our analysis, we report the unstandardized coefficients.

10. To save space, we do not report each individual parameter but group them by their
magnitude. In practice, the position of a parameter in a model can have an effect. Table 2
gives more specific information on the individual parameters and their biases under each
structural misspecification.

11. The pattern of results is the same if the two additional misspecified models are consid-
ered (omitting either one or three cross-loadings from the correct model).

12. The null hypothesis for the significance test is not that the parameter is zero, but that
it is equal to the true, generating parameter. This preserves the assumption that the null
hypothesis is true, and we can then estimate the Type I probability.

13. It is possible, but unlikely, that inaccuracies in these components would counterba-
lance each other and lead to an accurate test. But even in this case, we still would have infor-
mation on the accuracy of tests of significance when using the different estimators.

14. Tt might be thought that the misspecifications in the model using ML are less proble-
matic in that their existence would be detected by the likelihood ratio y? test routinely reported
by structural equation modeling (SEM) software. However, there are at least two problems with
this perspective. One is that statistical power of the ¥ test is not always sufficient, particularly
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in small samples, to detect structural misspecification. The mean p values of the %> tests
reported in Table 1 illustrate this possibility. Furthermore, even when the y? test is significant,
researchers often turn to alternative fit indices to assess model fit. Even in our misspecified
models, it was common to find large fit indices (e.g., Tucker—Lewis, comparative fit index) that
could lead a researcher to downplay a significant 2. Given current practice using ML, it is not
evident that researchers will be aware of the misspecifications in their models.

15. The Lagrangian multiplier (‘“modification index”) test (LM test) and the expected
parameter change (EPC) statistics are alternative ways to localize specification errors when
the full information estimators are used. It would be interesting to combine the equation-by-
equation overidentification tests of 2SLS with the LM test and EPC of the full information
estimators as diagnostics to locate structural misspecifications, though we are unaware of any
attempts to do so. Two of the authors are investigating the finite sample behavior of the over-
identification tests for equations that we mentioned in the text.
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