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of the press for roughly the same time period (1966) and ranks both
Sri Lanka and Ghana relatively higher than Nixon did (Taylor and
Hudson 1972, p. 52). This suggests that the 1965 Nixon ratings for
these two countries were downwardly biased.

We also computed the standardized residuals for the latent
variable disturbance terms, {, and {,. The stem-and-leaf plots and the
box plots for these are in Figure 4. No extreme residuals appear,
though a couple are fairly large. In the first equation, Spain has the
largest negative standardized residual (—2.6), and the Philippines
has the largest positive residual (2.6). The negative residual for Spain
reflects the dictatorship of Franco, which kept democracy below
what would be predicted from its level of industrialization. In con-
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and extended it to general structural equation models. We also pro-
vided tests of statistical significance for residuals and a simultaneous
chi-square test for more than one residual. The significance tests
assume that large samples are used. However, our simulations and
empirical illustrations indicate that the tests are helpful even with N’s
of 60 to 100. We believe that these tests are a useful diagnostic tool
for latent variable models. But at the same time we recognize that
much more experience with them must be gained before we can fully
assess their properties.

We opened the paper with the suggestion that residuals from
latent variable models are useful for outlier and influential case diag-
nostics. We close by elaborating this point. Residuals from latent
variable models are one means to identify outlying cases. These ob-
servations are outliers because they are not well-predicted by the
model. A subset of these outliers might be influential in that their
omission from the model leads to substantial changes in the coeffi-
tient estimates, standard errors, likelihood-ratio test statistic, R, or
other estimates. The simplest way to assess influence is to omit vari-
ous combinations of the cases with large residuals and to examine the
changes in the results. Once influential cases are found, the task is to
explain why they are outliers. The potential causes are many: coding
errors, incorrect functionat fgrm, omitted variables, structural shifts,
etc. The corrections depend on the cause and can range from the
simplest case of rectifying coding errors or variable transformation to
the more extrcme situation of respecifying a model. Omission of
cases aids the assessment of influence, but it is hardly ever a solution
to outliers.

Finally, we emphasize that examining only residuals will not
reveal all outliers and influential cases. Drawing upon the findings of
regression diagnostics, we see that it is possible for a case to have a
small standardized residual but a large influence (Bollen and Jack-
man 1990, pp. 264—-65). This points to the need to develop other
statistics similar to DFBETAS, Cook’s D, and DFITS used in regres-
sion analysis. Such diagnostics in structural equation models are com-
plicated by the numerical minimization required in estimation. It
may be possible to use approximations that do not require fully
iterative solutions, as Pregibon (1981) has done in logistic regression.
Until then, it would be prudent to use model-free outlier diagnostics
in conjunction with the residuals proposed here.
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