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8 . DISCUSSION 

In this chapter some miscellaneous topics will be discussed briefly. 

They either serve as a reminder to relevant subjects from the literature 

not covered previously, or as general reflections on elements of this study. 

Since science is in continuous progress two methods used in this 

study are out of date at the completion of this book. First, LISREL-VI 

is being completed, which LS an up-dated, improved and extended vers ion 

of LISREL-V (see Jöreskog & Sörbom, 1982). Secondly, Royston (1982a, 

1982b) published an extension of Shapiro & Wilk ' s W-test for normality. 

This development makes future use of the approximate W'-test, as applied 

here, superfluous. 

Also, note that we readLi& Hammond (1975) only recently; their 

theoretical work LS relevant for non-normal sampling procedures akin 

to our approach Ln chapter 6 . 

8. 1 Generalizability of results 

Given the almost infinite number of models that can be analyzed 

with LISREL one surely must ask to which extent the results obtained 

from our limited number of models can be generalized. To some extent 

the results seem to be general [e.g. negative estimates of variances with 

small N, no bias under non-normal conditions (N=400), overestimation of 

the variances of the parameters when correlation matrices are analyzed], 

and to some other extent they are not. The model dependency of various 

findings has been noticed a couple of times. For example, in the small 

s ample case, where Model 2 behaves better than Model 1 (probably due to 

a relatively large number of variances in Model 17). 

One advantage of this study is that with respect to -two robustness 

questions, at least for some modeis, results are available now. To some 

degree it is known in advance under which circumstances problems may 

arise, and how serious certain violations of assumptions could beo 

It is the objective of fut ure research to reveal how valid our 

results are for other modeis. It is also of interest, for example, 

to study other departures from non-normality than the ones investigated 

here (e.g. skew, continuous variables). However, until our conclusions 

as formulated in sections 4.5 and 7.5 are falsified, we attach some general 
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importance to them. 

8. 2 Skewness and kurtosis 

In defining the degree cf non-normality for the observed variables, 

as weIl as in reporting the results for the non-normal case, there was 

much emphasis on the skewness statistic. It was pointed out, however, 

that by varying the sk ewness of the marginal binomial distributions 

implicitlythe kurtosi s is varied (see Table 6.1). On the other hand 

emphasizing the skewness rather than the kurtosis was not an arbitrary 

decision. Particularly, it is easier to see sample deviations from the 

population in skewness than in kurtosis: each element of non-symmetry 

implies non-zero skewness. We also refer to Bradley (1977), who stresses 

that far too of ten nice symmetri e distributions are used in robustness 

studies. He gives a general plea to investigate the robustness of "non

familiar" distributional shapes. 

From the theory of mathematical statistics there is, and has been, 

a disproportional attention for the kurtosis of distributions, e . g. with 

respect to robustness studies on normal theory tests for covariances 

(cf. Layard, 1972, 1974; Mardia, 1974). In this example such an emphasis 

can be traeed back to the role of fourth order cumulants of the covariance 

matrix in the limiting distribution of sample covariance matrices 

(cf. Cramèr, 1946, p. 365, or Layard, 1972, p. 125) . However, despite 

vague suggestions from the literature (e . g . Mardia, 1974),this does 

not imply that the skewness of the marginal distributions should not be 

of any importance, or that it should have less effect than the kurtosis 

when robustness questions are considered. 

In a more general framework the crucial role of the kurtosis is 

also found in the work of Muirhead & Waternaux (1980; tests for covariance 

matrices) and Browne (1982; covariance structures), who study general 

classes of elliptical distributions (e.g. multivariate t-distributions, 

and contaminated normal distributions). Again, it is important to note 

that such distributions are continuous and symmetrie. Therefore, appli

ca tibility of their findings to empirical data from the social sciences 

l.S rather limited. 

In statistics astrong tradition exists in developing theory based 

on symmetrie distributions and in doing robustness research based on 
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non-normal, but symmetrie, distributions. See for example the distributions 

used by Andrews, et al. (1972), or by Layard (1974). There is a clear 

overemphasis on deviations in the tails of symmetrie distributions. With 

zero skewness the kurtosis might indeed be an important statistic to 

detect such deviations, and possibly a useful tooI in developing robust 

statistics. 

In psychometr~c theory the emphasis on the kurtosis is less strong, 

and compared to statistical theory more attention is paid to the skewness 

of empirical distributions (cf . Lord & Novick, 1968; Ten Berge , 1972). 

It is concluded that in statistical theory and in robustness studies, 

in general the occurrence of skew empirical distributions has been l a r gely 

neglected. By overemphasizing the kurtosis of symmetrie distributions it 

is incorrectly suggested th at the skewness does not matter . 

8. 3 Transforming observed variabZes 

Since LISREL was clearly non-robust when extreme skewnesses of 

the observed variables were introduced (see chapter 7) it can be questioned 

what the researcher might do in practice with such types of (discrete) 

distributions. 

First, it LS of interest to know how of ten such long tailed, skew 

distributions are encountered . In the four empirical data sets described in 

chapter 5 the skewnesses are rather moderate (see Figure 5.2). But this 

does not prove that in empirical studies more extreme distributions are 

not found. Bradley (1977) mentions some examples of long tailed, skew 

distributions from the area of behavioral sciences. 

Without any doubt a certain lack of occurrence of such distributions 

can be ascribed to the common practice of regrouping discrete categories 

with few observations . Af ter such regrouping and recoding the discrete 

distribution has less categories and looks more symmetrie . Whether such 

procedures should be advocated can be questioned. 

Each researcher might be tempted to transform his discrete or 

continuous variables to approximately symmetrie distributions, in the 

discrete case for example by making the number of categories with few 

observations as small as possible. From our Monte Carlo results it is 

clear that such procedures would lead to a diminishing effect of skewness 

200 



and thus to statistical estimates which would be "closer to theory" than 

those obtained in a situation where such transformations are rejected. 

But is it possible to talk about the same theoretical domain before 

and af ter transforming the variables? It should be clear that (co)

variances could drastically change by such transformations. And is it allowed 

to transform the variables af ter inspection of the observations in the 

sample? 

We express two recommendations. 

(i) Given our robustness results the researcher should avoid analyzing 

covariance structures on the basis of discrete, strongly skewed 

variables . 

(ii) Rather than performing transformations it is far more attractive 

to develop instruments of measurement which have better distributional 

properties and also substantial theoretical body. The reliability and 

validity of these instruments, to be used for the measurement of 

theoretical constructs, should be tested thoroughly. Next, with 

the help of such instruments,individual scale values (e.g . from 

Rasch- or Mokken-scales) instead of separate scores on a lot of 

items could be applied. In separate analyses the researcher might 

then be able to develop relatively simple LISREL-models to explain 

dependencies between constructs of interest. 

In addition it can be remarked that if the researcher seemed to 

have reasons to bother respondents with questions having c categories, it 

is hardly defensible to make a statistical analysis with the same variables 

having less than c categories. Before starting a sampling procedure, 

which can be justified theoretically and from a measurement point of 

view, it is in any way important to make rational decisions. Haphazard 

and ad hoc transformations of the variables af ter the data have been 

gathered should be rejected. 

Finally, it is noted that the crucial question in LISREL- analyses 

remains to be whether or not a linear model fits the data . with or 

w~thout scale transformations . We do not prefer to use optimal weighting 

of the categories of the observed variables before linear model fitting 

is performed (cf . Gifi , 1981): gambling is not in the game. 
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8 . 4 Least squar es es t imators 

It is weIl known that maximum likelihood estimation is not without 

alternatives in analyzing covariance structures . With LIS REL-V for 

example the user can also obtain unweighted least squares estimates . In 

the literature least squares estimation has been given considerable 

attent ion . 

Early work on generalized least squares methods for factor analysis 

models and for linear covariance models was published by Jöreskog & 

Goldberger (1972) and Anderson (1973), respectively . On the basis of 

their findings Browne (1974) developed a general approach to estimation 

in covariance structure modeis . He describes a class of generalized least 

squares estimators that share many of the asymptotic properties of 

maximum likelihood estimators. Asymptotically, in large sampl~they are 

consistent, have a multivariate normal distribution, and are efficient 

(cf. page 18). 

Asymptotic properties of max~mum likelihood and partial least squares 

estimators are discussed by Dijkstra (1981, 1983), who implicitly compares 

the asymptotic statistical aspects of LISREL with those of PLS (partial 

least squares; Wold, 1982) . 

In arguments in favor of least squares methods (e . g . Bentier & Weeks, 

1980) it is of ten stressed that, unlike the maximum likelihood approach 

such procedures do not require the observed variables to have a multivariate 

normal distribution. Instead, by using generalized least squares estimator5 

it is only assumed that all fourth order cumulants of the distribution of 

the observed variables are zero (Browne, 1974, p.2). Although this may 

be a less restrictive requirement than the normality assumption, it 

remains a point of consideration how to check those conditions on the 

cumulants . Recommending least squares methods without reflections on 

these matters cannot be advocated. 

It is also of ten claimed that least squares methods are computationally 

faster than maximum likelihood methods (see Lee & Jennrich, 1979) . This 

is a minor advantage compared to the disadvantage of an absence of 

estimates for standard errors and of estimates for correlations between 

parameter estimates in LISREL-V (see Jöreskog & Sörbom, 1981, p . 1.36). 

Most important, very little is known about the small sample 
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behavior of least squares estimators compared to maximum likelihood 

estimators. Comparative robustness research is needed here. 

8.5 Polychor ic and polyserial corre la t i ons 

With LISREL-V one can compute polychoric (including tetrachoric) 

and polyserial correlations from the raw data and analyze matrices of 

such correlations (cf. Olsson, 1979a, and Olsson, Drasgow & Dorans, 

1982, respectively ) . In principle one can thus handle discrete (ordinal) 

variables as weIl as continuous ones . Apart from possible problems in 

finding a sample correlation matrix which is positive definite, the user 

is more or less forced to analyze correlation matrices. Earlier (page 49) 

it was already indicated that such a decision is not without complica

tions. 

By using these type of correlations it is assumed that the observed 

variables are discrete (ordered) realizations of hypothetical latent 

variables which have normal distributions (cf. the discussion in chapter 6, 

page 136; case b: the model holds for E*). This is a very strong 

assumption, which can be very unrealistic for many of the empirical 

variables used in analyses of covariance structures. In fact, the basic 

assumptions for LISREL remain the same. 

The latent variable analysis of dichotomous, ordered categorical 

and continuous indicators (LACCI) as developed by Muthén (1982b) also 

deals with polychoric and polyserial correlations. In practice one can 

thus handle discrete data, but conceptually little has changed: normality 

assumptions are back from stage, behind the curtain. 

8.6 Starting values 

In this Monte Carlo work we were in a position to choose the 

population values as initial estimates in each replication. Such 

values can be regarded as ideal starting values. This may raise the 

question whether the results of this study give too favorable an 

impression . In practice, a researcher does not know what the population 

values are and he will thus start with estimates which are at some 

distance from the true values. It is therefore of interest to know 

whether and how the choice of alternative starting values, not being 
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the population values, might have affected our Monte Carlo conclusions. 

For Model 1 this question was investigated by comparing the maximum 

like lihood solutions obtained by using ideal starting values with solutions 

from alternative starting values for N=100, 200, 400. Detailed results 

of these comparisons can be found in Boomsma (1982d). In the summary of 

that limited study it is concluded, that the use of ideal starting 

values does not give a too favorable picture of the distributional 

properties of estimates compared with the use of alternative starting 

values. 

It will be known that LISREL-V has the appealing feature of automatic 

starting values. This version uses non-iterative instrumental variabie 

methods and least squares methods developed by Hägglund (1982) "to compute 

consistent estimates called initial estimates , which in most cases are 

very close to the final solution" (Jöreskog & Sörbom, 1981, p.i). 

8. 7 The robustness of the correlation coeffûient against non- normality 

In answering our two main robustness questions it is not sufficient 

to have knowledge of the sensibility of Pearson product-moment correlations 

against violation of assumptions, though it is of interest to take notice 

of the latter results. For one thing the small sample question is not 

of importance for correlations as such, whereas it is for maximum 

likelihood and least squares estimators in LISREL. The robustness 

of product-moment correlations against non-normality surely is important 

in itself. 

References, summaries and some research examples on the robustness 

of correlations against non-normality can be found in Norris & Hjelm 

(1961), Kowalski (1972),. Duncan & Layard (1973),Havlicek & Peterson 

(1977) and Kraemer (1980). Typically (cf. Bradley, 1978) the results 

in the literature do not lead to consistent conclusions; they are 

contradictory and ambiguous. 

The robustness of correlations against non-normality seems to be 

a necessary condition for a corresponding robustness of maximum likelihood 

estimation with LISREL, but it is certainly not a sufficient condition. 

Particularly, because in maximum likelihood estimation we are dealing with 

asymptotic theory. Also, because small deviations in the proper estimation 
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of correlations could very well have large effe~ts on different statistical 

criteria in structural equation estimation . 
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