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SUMMARY -

Ouring recent yeare it has become aasy to estimate and
test parameters in multidimensional cantingency tables
under diffarent model assumptions, Nevertheless, there is
a gap between the availability of computational results
and the ability to explain model implications to the me-
dical researcher. We suggest that checks for consistancy
and for plausibility of a given contingency table may
nerrow this gap. Thus, we propose to uss simple comparisons
end well-developsd statistical methods in an exploratory
manner.

1. INTRODUCTION

It is more difficult to understand the interrelations
among many variables than among a2 few., This commonplace
statement seems to be contradicted by racent developments
in statistical methodolagy for analyzing multidimensional
contingency tables (e.g. seae Bishop, Holland and Fienberg
[1975] , Goodman [1970], or Grizzle, Starmer and Koch [1969 ]).
The sase with which computational results are svailable
makes it appear as if there wars only littly differences
between analyzing the relations among ten or betwsen three
variables. If at all, this can be truse only for contingency
tables that are viewed as a set af numbers instead of =a

& 88t of observations. This distinction betwaen numbars

and date has heen stressad by finney [197ﬂ_r
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"Numbers chosen to illustrate a statistical method
can have any magnitudes that do not contradict the mathe-
matical model. Observational data are subject to many
requirements of internal consistency and of plausibility
in relation to previous information.... They "have real
existency outside the statistician's file".

Wheneverisome data are viewed as numbers only, no
long discussions are necessary about dates collection,
about missing responses or about outlying observations.
This promotes and justifies the use of numbers to illu-
strate computational and formal aspects of a statistical
method. Indeed, many more analyses of numbers than of ob-
servations sppear in the stetistical literature. As a
consequence, too little is being taught about.the analysis
of actual observations,

The significance testing approach presents one impor-
tant obstacle to discussing methods for data analysis.

In order to keep a significence level at a prespecified
level it cannot be permitted to look at a set of data in
different ways or to analyze it repeatedly employing a
variety of statistical methods. Therefore, whenever a
fixed significance level is the most important guideline
to a statistician, he can naturally not be concerned with
the pecularities of a given set of data, with checking '
for consistency or with contemplating transformations of
the data., When Tukey (1978] reinvented exploratory analy-
sis he avoided a confrontatipn with classicel statisticians
by introducing new terminology and by postulating that
tools for exploratory snelyses are different from classi-
cal statistical techniques. The former are supposedly
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used to detect important aSpeéts of a given set of data;
the latter may be used to confirm hypotheses only.
Inspite of this distinction. standard techniques have
of course besn employed in exploratory ways. In those
instances the techniques tend to have one of the following
qualifiers attached to them: heuristic, descriptive, or
search procedure. These sign;i that'one is concerned with
data analysis instead of significance testing,'aven though
test statistics and corresponding quantiles might be com-
puted just like for e test of significance. This fact is
a source of confusion to nonstatisticians and an ofFaHEe
to significance testing ideologists, but it does not .
hinder the fruitful use of these methods in data analysis.

Another, more sgrious obstacle to the successful
teaching about snalyses of actual observations lies in
the nature of the task: the methods are likely to be
unstructured, and they have to be tied closely to the
specific set of data. Therefore, ons given approach need
not be useful for the next set of data.

This does apply to our suggestions in this paper as
well. They originated from 2 particular kind of study:
a large scale prospective observational study on pregnancy
and child development that was started in 1964 in Germany.
Since neither a sampling plan nor randomization was used
to obtain the observations, many potential confounding
factors exist. We are therefore hesitant to report interes-

ting associations,immediately. Instead, we hope to destect
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effects of confounding factors by analyzing multidimensio-
nal contingency tables.

While the need for multivariaté analyses is largest
in the case of observaticnal studies, they will have their
place in controlled clinical trials or in experiments aa
well. With our suggestions we attempt to move away from
mere formal analyses, so that eventually a feeling common
eamong serious medical researchers is lessenad, the feeling
"that statistical wool is being pulled over their eyes"
(Colton [1974]).

Ue investigate as an example the following question:
is cigarette smoking during pregnancy relatad to an in-
creased denger of perinatsl mortality? We have availabls
information on 452 clessified variables for 7871 womsen,
who entered the study during their first trimenon, resturnad
fof repeated check-ups and kept diaries on the course of
their pregnancies and on the development of their children
-if possible- up to 8n age of three ysars (compare Kollsr

et al. [1974]).

2, THE OBSERVATIONS AND QUTSIDE INFORMATION

Except for the main two variebles we believad at
leaast seven additional ones (Tablaes 1 and 2) to bhe
closely releated. As & first step we present the rate of
missing observations andvr915;ive frequencies for sach

of our nine variables. If we were to form a nine-dimensio-

nal table, only those cases with complets information on
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all nine variables would be included. Summing up the
‘missing value rates, we see that we were to loose at worst
20,3% of our original cases, an amount that could still
be acceptable. But, since the total number of children
that were born dead or that died within seven days after
birth is 202 or 2,9%, and since only about 10% of all women
smoked haavily‘tha interesting evenés are too_rara to
snalyze all nine variables simultaneously in a meaningful
way,
The display of the relative frequencies also sho;s

in which sense the observations represent a selected
material. In our case, the relative frequencies indicate
why the observations are not representative for ell preg-
nant women in Germany: we have a relatively high percen-
tege of women with their first pregnancies and of women
with previous complications in pregnsncies. They are
overrepresentad, presumably because they were looking for
better than average care and because they expected to get
this by participating in the study.

... Generally, cause and effect relations msy well be
studied with observations that are not representative
for a whole population. The only essential requirement
is that the groups with the hypothesized causal factor
ebsent and present do not differ with respect to con-
founding variables, Of course, there is little hope to
obtain comperabls groups in the face of too many con-

founding factors. Only if the potential confounding
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factors tend to be associated in & simple way, one might
succeed in reducing the number necessary for simultaneous
analysis.

It is ui;; ‘to base information about potential con-
founding factors on outside information, and not only
on associations in simple two-way tables from the own
data, The reason is that a marginal essociation or the
lack thereof may be produced by different associations
in subgroups of all observations, that is by different
partial associations. Just a reminder is that each multi-
dimensional table itself can be regarded as the margineal
table of some higher-dimensional one and that therefore
it can share the deficiency just described for the two-
way table.

For our question, we decided to begin with two
six-dimensional contingency tables, the first one to
learn more about the variables expectsd t6 interrelate
mainly with cigarette smoking (veriasbles 1, 2, 3, 4, 5, 6
from Table 1), the second one to give insight into the
effects in our data of well-known determinants of peri-
natal mortality (variables 1, 2, 3, 7, 8, 9 from Tables

1 and 2).

3. THE CONTINGENCY TABLE AND THE ORIGINAL OBSERVATIONS

Even if we form only 2 sixX-dimensional contingency
table we have to keep thé number of categories per variable
small in order to‘obtain as few zero cell observations es
possible. This means that we have to compromise bstween
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the interest of the medical researcher, who wishes to
obtain very detailed information, cind the parsimony of the
available data. We summarize neighbouring categories with
low relative frequencies, for instance iength of gestation
197 to 250 days with 251 to 260 days, and mother's age less
than 20 years with 20 to 24 years. We combine -categories
tha distinction of which is unimpcrfant to our question:
since cigarette smoking is expected to be related only to
underweight, we redefine normal and overwsight as one new
category. Finally, we delete those categories and their
corresponding observations that are not relevant to our
question: abortions and length of gestation less than 197
days (compare Table 1). We form intc a single variable
those three variebles that contain information about pre-
vious pregnancies (Table 2).

In a next step we try to reassurse curselves that we do
not -as a result of this data manipulation- misrepresent the
information contained in the original observations. A high
missing value rate may be the reason why the subgroup of
observations contained in the contingency table may be
biesed. This should show up in different relative frequen-
cies as derived from all observatiocns and from the contin-
gency table. In our case (Table 1), we observe a pretty good
agreement. The slightly lower rate in perinatal mortality is
due to the fact that some stillbirths with a length of ges-

tation under 197 days had not been classified as abortions.
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This could easily be reconstructed from the routine
comparison of all two-wey tables before and after deleting
and combining categories. We can also detect whether we
have inadvertently changed the kind or the strength of an
" ‘association by redefining the categories. In the case
of a large missing value rate we prefer to compare the
marginal associations of the multi-dimensional contingency
-table with the two-way t;bles obtained from all observations
by taking two variebles at a time. These simple checks for
consistency produce as a byproduct a reasonable familjarity
with the data at hand. Discussions asbout the plausibility
of the merginal associations tend to follow naturally, e.g.:
the marginal association between perinatal mortelity and
cigarette smoking in our contingency tables is mainly due

to a smallest rate of perinatal mortality for women who
smoke only occasionally or less than five cigarettes per

day: a rather unlikely offlht.

4. MULTIPLICATIVE MODELS AND COLLAPSING

‘ For a multidimensional contingency table itself the
main concern should be with the likelihood that its
content can be reproduced in other studies. Some information
on this can be derived from the number of celle with zero

observations and from the coTparison of each pair's margi-
nal with its partial association given all other variables
(see Table 3). Whenever differences among marginal associa-
tions appear levelled among the partial associations, then

the observations are too sparse. On the other hand, a clear
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TABLE 3
FUASURES FOR MARGINAL AND PARTIAL ASSOCIATIONS IN
CONTINGENCY 7ABLE 1

Yariable Marginal - Partial

pair LR-x' d.f.  p LR-¥* d.f. p
{1,2) 295.62 2 -~ 0.00 ' 345.63 72  0.00
{1,3) 5.86 2 0.05 70.75 72 0.52
{1,4) . .00 1 0,97 45,45 54  0.79
£1,3) §.54 2 0.21 59.81 72  0.84
(1,60 G.34 1 G.38 16,18 54 0.97
O 4L Ta 4 g.oi S3.860 88 0.54
{2,453 ¢ 77 2 .68 51,04 72 0.82
{2,35) 1,80 & 0.04 76.94 96  0.92
{2,8) 2,20 2 0.33 55.78 72 0,92
(3.4} 5.3% 2 0.04 72 0.37
(3,5) g, 14 4 7.0 56  0.00
(3,8) g.11 2 c.q2 72 ¢.9?
(4,5) 60.55 2 0.040 72 8.00
{4,6) g.64 1 0.00 54  0.54
‘e &) .22 2 0,87 T2 6,92
LEey? s Likelihosd-ratic chnl-sduslie stestistiso

d.f. = degress of fresdom

5 = guantile, carresponding o LA-y' with d.rF,
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indication that the multidimensionsl enalysis is appro-
priate are pronounced reversals in the strengths of
associations. Especislly interesting sre situations in
which some pairs appear marginally as unrelested but
partially as strongly related. In our data there is a.
clear need of further condensation of the observations.

"Thus, we can either combine further categories for
some varjiasbles or we can try to reduce the dimen;ion
of the contingency table by collapsing (Bishop [1971])).
To the latter end we use a model search procedure smong
multiplicative models that we have described previously
(Vermuth [1976a,b], Wermuth, Wehner and Ginner [1976]).
For our first contingency table we find a model denoted
a8 1235/456 to be well-fitting, and we apply to it the
rules given by Bishop [1971] for collapsing varisbles.
Thus, we may sum over variables 4 and 5 without intro-
ducing changes in the associations among the remaining
variables. The plausibility of this step may be verified
by looking at thes measures for sssociation in Table 3:
variables 4 and 6 interrelate strongly only with eech
other and with one further variable with verisble 5.
We now can decide that these two varisbles do not
represent important confounding factors.

For our second contingencz table we cannot find
truly well-fitting multiplicative model. Therefore, it

is not advisable to reduce the dimension of this table
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illustration of methods for contingency table analysis
just begins. As tools to explore our observations we
employed simple comparisons of relative frequencies,
comparisons of méasures for marginal and partial asso-
ciations, as well as a2 model search procedure and rules
for collapsing variables in multidimehsional contingency
tables; subjective judgement was, of course, another
important tool.

This kind of detective work is especially needed if
effects of confounding factors are suspected. While
this will mainly be the case in observational studies,
it may easily happen in experimental situations as
well: be it that randomization does not achieve what
it is expected to do, be it that a high nonresponse
or missing value rate destroys the original sempling
plan and produces selection effects,

Ue hope to have stressed that an extensive dialogle
between statistician and medical researcher is necessary
-and possible- whenever many Qualitative or classified
qualitative variables are to be analyzed simultaneously.

”

ACKNOWLEDGEMENT

I wish to thank S. Koller for his suggestion to
look at thié.particular set of veriables. For technical
and computational assistance 6; special thanks go to
H. Nitsch and H. Génner and for the cereful typing of
the manuscript to H. Bianco.

294



REFERENCES : . . -

Bishop, Y.M.M. (1971): Effects of collapsing multi-
dimensional contingency tables. Biometrics 27, 545-62

Bishop, Y.M.M., Hollend, P.W. and Fienberg, S.E. (1975):
Discrete multivariate analysis: thesory and practice.
M.1.7T. press, Cambridgs

Colton, T. (1974): Statistics in Medicine. Little,
Brown, Boston

Finney, 0.J. (1975): Numbers and data. Biometrics 31,
375-86

Goodman, L.A. (1970): The multivariate analysis of
qualitative data: interactions among multiple
clessifications. J. Amer, Statist. Assoc. 65, 225-56.

Grizzle, J.E., Starmer, C.F, and Koch G.G. (1969):
Analysis of categorial data by linear models.
Biometrics 25, 489-504

Koller, S. (1974); Schwangerschaftsverlauf und Kindes-
ontuicklung. Unpublished intermediate report.

Tukey , J. (1970): Exploratory data analysis (limited
prlliminary edition). Wesley, Reading

Wermuth, N. (1976a): Analogies between multiplicative
odela in contingency tables eand in covariance
selection., Biometrics 32 (to appear: March)

Wermuth, N. (1976b): Model search among multiplicative
models., Biometrics 32 (to appear: June)

Wermuth, N., Wehner, T, and Génner, (1976):
fFinding condensed descriptions for multidxmensional
data5 Computer Programs in Biomedicine (to appear;
June

295



	expla
	expla0001
	expla0002
	expla0003
	expla0004
	expla0005
	expla0006
	expla0007
	expla0008
	expla0009
	expla0010
	expla0011
	expla0012
	expla0013
	expla0014
	expla0015
	expla0016

