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5. SOME EMPIRICAL DATA SETS 

This chapter should serve as an introduction to the second problem 

of this study: the robustness of LISREL against multivariate non-normal 

distributions. Geary (1947, p. 240) pointed out that during the past 

century there have been fluctuations in the attitude of statisticians 

on the question of the occurrence of the normal frequency distribution 

in nature. He also gives some reasons for the prejudice in favor of 

the hypothesis of universal normality up to the end of the last century. 

Today it would be interesting to know how strongly the "myth of normality" 

has survived. More important however, is to present facts about the real 

state of nature: what are the' distributional properties of the variables 

to which statistical methods are applied ? 

If it turns out that all the variables used in linear structural 

equation models are approximately normal, there is no need for a ro

bustness study against non- normality. On the other hand, if it can 

be shown that (potential) users of such models work with variables 

definitely having non-normal distributions, there are serious reasons 

to find answers to the robustness question with respect to non-normal 

observations . Also, if in practice researchers are dealing with non

normal variables, inspection of the frequency distributions of those 

variables may be of importance for the design of a robustness study. 

An example can be found in Pearson & Please (1975) who studied histo

grams of industrial data before making the design for their robustness 

work . 

Our aim in this chapter is to get an impression of the departures 

from multivariate normality, which can be expected to exist in real-life 

data. Therefore, a summary is given of the distributional characteristics 

of variables taken from four studies in the area of social sciences. We 

have limited ourselves to the social sciences, because a major part of 

the applications with linearequation models has occurred in this 

field, where the analysis of covariance structures is of so great import

ance. These particular four studies were chosen because it was relatively 

easy for us to contact the people who had access to those data. The 

choice of the four studies is nevertheless partly arbitrary . They have 
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all in common that either linear structural models could have been used 

given the questions posed by the researchers, or that such models really 

were used. 

In section 5.1 a concise description of the content of the four 

studies is given. In section 5.2 characteristics of the frequency distri

butions of some variables are summarized. Finally , some attention is given 

to the problem of missing data (section 5.3). 

5. 1 Data de scriptions 

a . The X-data 

Knol (1980) did research on social cultural processess of change in 

the Dutch society. In the second part of his study an attempt was made 

to distinguish dimensions in the configurations of attitudes on which 

information was gathered. For that purpose LISREL-analyses we re carried 

out, showing that the dimensions tolerance, religiousness and a politi

cal left-right dimension were the most important endogenous latent 

variables. 

It is of interest to see how data from the same research project 

are analyzed by Gadourek (1982), who also uses log-linear modeIs, thereby 

avoiding strong distributional assumptions of the observations. 

b. The M- data 

Meijnen (1977) studied the influence of family and school charac

teristics on the development of intelligence in children. In chapter ten 

of his dissertation some path-analyses are reported by which several 

dependencies between the variables under study were investigated. In 

principle the data could have been analyzed with LISREL-models . 

c . The P-data 

Peschar (1975) investigated the effect of social class membership 

on educational and occupational carreers by an ex-post-facto study, using 

a matching procedure for the variables sex, intelligence and testing age . 

These data are appropriate, at least in principle, to constitute the ob

servations for some sort of structural model (cf. Peschar, 1977, p. 14) . 
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d . The T- data 

The relationships between dental nealth (disease and care) and a 

number of sociological and psychological variables were studied by 

Tijmstra (1980). In principle this study a l so conta ins several possi

bilities (o.c .. sections 7.5 and 8.4.4) for cons truc ting struc tura l mode i s . 

5. 2 Data character istics 

For the assessment of the di s tributional properties of the 

observations several methods are available as can be seen from s ec tion 

3 . 3. Here also, only the marginal distributional properties of the 

variables will be evaluated. Given the purpose of this chapter, just 

to get an impression of the frequency distributions of variables in the 

social sciences, some descriptive distributional statistics were cal cu

lated. 

In each data-set about twenty "important" variables were involved. 

For each of these variables sample statistics were computed. In Table 

5 . 1 a summary is given of the frequency distribution of those sample 

characteristics. Following Tukey (1977, p. 32 ff.) extremes, hinges 

(the median of the values ranging from an extreme to the median, which 

is thus roughly equal to the quartile) and the medians are displayed . 

For the K-data 24 variables (marked #) are involved; the depth of the 

median (marked M) is 12h (twelve and a half), the depth of the hinges 

(marked H) is 6h and the depth of the extremes I. As an illustration 

of how to read Table 5.1, take the skewness of the 24 variables for the 

K-data. It can be seen that the smallest skewness among these variables 

is -0 . 1, the largest skewness 2.3 and the median 0.1; the H-spread 

(interquartile range) of the skewness is 0 . 8 . The wide variety of data 

is weIl illustrated by the first two columns of Table 5.1, while the 

other columns give a first impression of non-normality. 

All variables in the data-sets were more or less discrete, of ten 

far from the continuity assumed by a structural analysis . Typically, 

data from the social sciences have an ordinal level of measurement . 

Variables measured on a nominalor an interval scale less frequently occur, 

but in each study some variables had one of those levels of measurement 
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Table 5 . 1 Five-number summaries [median (M) , hinges (H) , extremes ( I ) ] and 

H-spr ead (di fferences between the vaZues of hinges) of some s tatistics from 

four empi ricaZ s tudies . Note that the number of observations are variabZes . 

valid cases 
number of 

kur t osis cat egories skewness 

K- data ; # 24 

MI2h 1.147 21. 5 O. I 2 .7 

H6h 129 1 1370 79 6 . 5 66 . 5 60 - 0.3 0 . 5 0 . 8 2 . 0 3 .0 1.0 

1 875 1373 2 . 0 225 . 0 - 0 .1 2 . 3 1. 3 8.6 

M-data ; # 19 

MlO 435 

I : 
6 

I 
- O. I 2 . 5 

H5 375 435 60 25 20 -0 . 4 0 . 2 0 . 6 2.1 2.8 0 . 7 

1 l Ol 435 73 - 0 .7 0 .7 1.8 3.5 

P-da t a ; # 19 

MlO 233 8 , 0 .1 2 .4 

H5 202 224 22 -0 .1 0 . 7 0 . 8 1.6 2 . 8 1.2 

1 196 224 2 46 - 0 . 8 1. 3 1. 0 5 . 4 

T-da t a ; # 24 

MI2h 525 13 . 0 -0 . 2 2 . 9 

H6h 52 1 527 6 6 . 5 16 . 5 10 - 0.6 0.4 1.0 2 . 6 3 . 8 1. 2 
~ 

1 520 527 2. 0 56.0 - 1.8 1.4 1.4 5 . 9 N 
w 

-' -- - _. - - ---~ .- - -- ~ - - .... - -



(e.g. church membership, intelligence). From column two of Table 5.1 it 

can be seen that the K- study contains a relatively large number of 

"continuous" variables. Most of the time the variables, are scale- free; 

the unit of measurement being arbitrary or irrelevant (except for the 

K-data all variables have positive values). This makes an exposition of 

the mean values of no interest (partly the same holds for the standard 

deviation), and it also makes it sufficient to look at the covariance 

structure for the standardized variables. 

Table 5.2 gives some additional easy summar ies of the data in the 

form of stem-and-leaf displays (cf . Tukey, 1977, p . 9 ff . ,for qui ck under

standing). It is not our purpose to explain in every detail how the 

stem-and-leaf displays must be read. Our main goal is to give an impres

sion of the distributional properties of some statistics. For instance, 

it can ver y easily be seen that the spread of the kurtosis is larger 

than the spread of the skewness . We give two clarifications. In the 

K-data 11**15 means that there is one variable with a number of valid 

cases between 1150 and 1159. For the same data 11 . 123 means that there 

is one variable with a number 0 f valid cases between 1120 and 1129 and 

one variable for which that number is between 1130 and 1139 . 

From the distributional characteristics of the number of categories 

(column two of Table 5 . 1), and given the fact that most variables have 

integer values, it can be seen that the discrete variables have a small 

number of categories (ranging from 2 to 225, and a median of 7 categories, 

say). 

The skewness (ske) of the variables has a rather limited range; it 

seldom differs very extremely from the "normal" value of zero. Both 

long tails to the left (ske < 0) and long tails to the right (ske > 0) 

occur . Tables5.1 and 5.2 also show how the kurtosis (kur) varies within 

each study. Overall there are more leptokurtic (kur > 3) than platikurtic 

(kur < 3) variab les . 

In Figure 5 . 1 from each study the frequency distribution of some 

typical variables is given. [It was convenient to expose intelligence 

(M-data) in a compact way by combining ten categories throughout the 

scale .] These histograms illustrate the level of measurement, the 

discreteness and the non-normality of data from the social sciences . 

The most salient distributional aspects of the data are the di screteness 
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'l'able 5.2 Stem-and- leaf displays of same statistics from four empirical 

studies . 

valid cases number of categories 

K-data 13** 555667777777 2** 2 
13. 344444 1** 2 
12** 
12. 4 9* 
11** 5 8 7 
11. 23 7 9 
10** 8 6 0589 
10. 5* 69 
9** 4 0 
9. 3 
8** 7 2 12 

1* 44 
0 233556779 

M-data 4** 22333333333333 7* 3 
3 4577 6 
2 5 4 

0 4 
3 7 
2 556 
1 
0 4444555666666 

P-data 22** 123444444444 4* 6 
21 45 3 
20 2 2 1 
19 6678 1 3 

0 2246677777999999 

T-data 52155556677777777 5* 6 
52. 0000003334 4 

3 
2 

1I 

1 11 24455667779 
0 235566788 

I' 
I' 

, 
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Table 5.2 (continued) Stem-and- leaf displays of some s tatistics from 

four empirical studies . [unit = 10 times; doubtful roundings (originally 

ending i n 5 ) are made to nearest even number.l 

skewness 

K-data 2* 3 
1 7 
0 0001234455558 

-0 743221 1 
-1 11 

M-data 0*100223777 
-0 77644443210 

P-data 
1*1

23 
o 00011167789 

-0 851110 

T-data 1* 34 
o 235599 

-0 997775443221111 
-1 8 
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kurtosis 

8* 6 
7 
6 
5 
4 0 
3 00022 
2 000122367889 

38899 

3*1
45 

2 11233456778899 
1 899 

5* 14 
4 
3 
2 
1 

03 
34456688 
0034677 

5* 59 
4 02 
3 1346789 
2 14566688899 

48 



N 

" 

freq. 

700 

600 

500 

400 

300 

N .. 1334 
mea" 3.19 
sd .. 0 . 92 

ske --0 . 38 
kur" 1.28 

.----

,--

200 ~ 

100 

.. -

I-

234 

church 
membership (K) 

--

freq . 

120 

110 
N .. 1347 

mea .. 4.06 
sd .. 1.44 100 

90 

ske --1.20 ''''Ol '"' -L" 900 

I 
800 80 

700 70 l-

600 60 l-

500 

400 :t 
300 

200 t 
100 lli~ 

30 t 
20 

10 r-

2 3 4 5 

religious 
clirnate (K) 

N" 425 
mea" 99.99 
sd .. 15 . 06 

ske" -0.59 
kur" 3 .49 

50 70 

r-

n 
I I 

90 

r-

I rl 
I I 

110 

intelligence 8 years (M) 

130 

Figure 5 . I Histogram of Bome 1Xlr-iabl.es from Jour empiricaZ studies (N = nwnber of ob8erva.tion8~ 

mea = mean" sd = standan:1 deviation" ske = SkelJrZeS8" kur = kUl'tosisJ. 

-

N" 101 
mea " 2.46 

''''Ol -:: : i:;: kur" 2.80 

40 

30 I1 r-

20 

IO r I n ~ 
123456 

occupational 
level mother (M) 

--- -



N 
CJ) 

freq . 

70 r 

60 I-

50 I-

40 I-

30 I-

20 I-

10 I-

N.. 224 
mea .. 3.04 
sd .. 1.43 
ske .. 1.26 
kUl: .. 5.07 

.-

r-

I-

I---

I---

tr1--t-, 
23456789 

number of children (P ) 

freq. 

60 

50 

40 

30 

20 

10 

N" 215 
mea .. 4.62 

sd .. 2 . 88 
ske .. 0.00 
kur .. 1.44 

r-

,--

r-

-

r-

-

rr n 
23456789 

educatien father (P) 

freq . , N " 520 
mea " 5.26 

sd - L 13 
ske " -).76 
kur .. 5.92 

r-
300 

270 

240 

210 

180 [ freq 

150 100 

120 I 80 

90 

~ 
60 

60 40 

30 20 

,-ril I I 
23456 

brushing tee th (T) 

Figure 5.1 (continued) Histogram of'son'S ool'iables from four empiriaal studies (N = nwnber of 

ob8ePVati0n8~ mea = mean, Btd =-"atandani deviatie" , ske = skewnes8, kur = kurtoais) . 

-

C-

C-

l-

N" 527 
mes .. 5.48 

sd .. 1.88 
ske - -0 . 33 
kur .. 2.14 

r-f 

'--f--

-

-n 
r-

I 

2345678 

income (T) 

1 



and the fact that of ten one or two ca t egories of a variable conta i n most 

of the observations, which in most cases is weIl reflected in the value 

of the s kewne ss and in tha t of the kurtosis . 

Seeing the data characteristics of a rather arbitrary sample of 

studies from the social sciences it is clear that of ten variables 

have a distribution which is far from normal. This makes it worthwhile 

and even necessary to study the robustness of LISREL against non

normality. Moreover, it was found that social science data are typically 

discrete, having a limited number of categories, while at the same time 

they are characterized by a certain amount of skewness and kurtosis. 

It was therefore decided that the non- normal distributions in our 

Monte Carlo study should at least have the property of both discreteness 

and skewness . In the next chapter we discuss a procedure by which both 

the discreteness and the skewness of the non-normal variables are 

controlled for. There, it will also be shown that this controlled 

degree of discreteness and skewness results at the same time in a 

varying degree of kurtosis. 

5. 3 Missing data 

Although we do not attack the problem of missing data in this study, 

the drawback it has on the sample size as weIl as on the estimation of co

variance matrices seems serious enough to pay at least some attention to 

this subject. Inspection of Table 5.2 shows that the number of valid cases 

is not the same for each variabIe. In the M-study for example the minimum 

number of valid cases is lOl, the maximum number 435. The reasons for 

such fluctuations can be found in missing values, which occur for what

ever human insufficiency, like " I do not know", "not applicable",or an 

error made by the interviewer. It is very weIl known that the presence 

of missing values is a rule rather than an exception in studies of the 

kind described. This has serious consequences most of the time . 

If, in the presence of missing values, an investigator wants to esti

mate correlation coefficients or covariances in the population under study, 

a decision has to be made as to the sample size these estimates are 

supposed to be based upon . At least two strategies are possible. 
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Although there are other procedures for handling mi ssing data (cf . 

Afifi & Elashoff, 1966; Timm, 1970; Beale & Little, 1975; Gleason & 

Stae lin, 1975; Finkbeiner, 1976, p. 14 ff.; Frane, 1976; Verbeek, 1979) 

the two approaches mentioned below are the ones which will be available 

in most statistical computer packages. 

(i) Each correlation coeffi cient p . . is based on the maximum number of 
1.J 

complete, valid cases for the pair of variables i and j (so-cal l ed 

pairwise deletion ). Ordinarily, this means that for a specific set 

of variables the estimates of tbe correlation coefficients are based 

on different numbers of observations. It may be true that the 

estimated correlation matrix R so constructed is based on a relative 

maximum amount of information, but the result could we Il be that ~ 

is a non-positive definite matrix. If the lat t e r occurs such a sampl e 

correlation matrix cannot be taken as the input for a LISREL-analys i s 

using maximum likelihood estimation methods. Instead unwei ghted 

l eas t squares methods could be used . Frane (1976) discusses possible 

adjustments when ~ is singular. Jöreskog & Sörbom (1981, p.IV.5 f.) 

give severe warnings in using maximum likelihood methods even when 

R is positive definite. 

Table 5.3 Difference between listwise and pairwise deletion : range, 

median and mean of product-moment correlation coefficients and the 

number of observations (N) they are based on in four empirical studies . 

listwise deletion pairwise deletion 

p .. medlp· .1 mealp· .1 N Pij medlp· .1 mealp· .1 N 
1.J 1.J 1.J 1.J 1.J 

min max ffil.n max !min max 

K -.65 .61 .13 .17 443 -.54 .57 .11 .15 736 1373 

M -.13 .79 . 26 .32 59 -.01 .75 .24 . 29 75 435 

p -.95 .86 . 23 .30 164 -.95 .86 .24 .30 175 224 

T -.23 .55 .11 .14 504 -.24 .55 .11 .14 517 527 
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(ii) Within a set of variables all estimated correlation coefficients 

p .. are based on the total number of cases complete for all variables 
~J 

( l is twise detetion ). In practice this willoften result in a large 

reduction of the number of observations (sample size) . For the M

study that number would be reduced from 435 to 59! (See Table 5.3 

for an overview of the four studies.) Although with this method 

the estimated correlation matrix R willoften be based on a small 

number of observations, in principle it does not lead to computational 

difficulties when LISREL is used. Bu t it is certainly true that 

frequently much information will be lost, which might have been 

expensively gathered, while at the same time serious biases may 

occur in estimating correlation coefficients. 

In LISREL-V the user can handle missing values by pairwise deletion, 

if the raw data matrix Z is used as input. There are also statistical 

computer packages which can handle missing data for the estimation of 

S, using approaches different from the two described earlier (e.g. Frane, 

1975). See also Verbeek (1979) and Van der Sluis (1981) who evaluate 

statistical computer packages on their treatment of missing data. 

For the multiple common factor model Finkbeiner (1979) proposed 

a maximum likelihood approach when data are missing. It is very weIl 

known that models for exploratory and confirmatory factor analysis can 

be handled by LISREL. In a personal communication Finkbeiner confirmed 

that the adaption of his method to more general structural equation models 

should raise no additional problems, although the method may be expected 

to require lots of computing time. Under circumstances, similar and quicker 

methods might do as weIl (cf. Frane, 1976, and especially Dempster, Laird 

& Rubin, 1977). 

Finally, in Figure 5.2 the frequency distribution of the estimated 

correlation coefficients, based on the method of pairwise deletion, is 

given for each of the four data sets. It is characteristic of data from 

the social sciences that on average the correlations are moderate to 

small . Table 5.3 also contains the median of the absolute values of the 

correlation coefficients , again indicating how low many correlations 

are . In this respect the distributions of the sample correlation coeffi

c i ents based on listwise deletion hardly differ from those presented 

in Figure 5.2 (see also Table 5.3). The absence of strong dependencies 
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between variables is partly due to the non-normality of the marginal 

distributions of the variables , which sets severe limits to the maximum 

absolute value of the coefficients that might be attained (cf.Carroll, 

1961). 

There are three maLn points to be summarized. First, missing data 

of ten occur in samples from which covariance structures are analyzed. 

Secondly, the most commonly used estimation methods dealing with missing 

values either lead to non-positive definite covariance matrices ~ (un

suitable for maximum likelihood estimation), or to sample covariance 

matrices which are based on a very small number of observations. The 

seriousness of the lat ter for a LISREL-analysis was discussed Ln chapter 

4 . Thirdly, it was noticed that data from the social sciences of ten have 

a strong handicap of non-relevant dependencies, making structural modeling 

unattractive if not useless. 
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