REVISTA INVESTIGACION OPERACIONAL VA0, No 3, 244-249, 2009

THE STUDY OF CELLS IN THE ANALYSIS OF
CONTINGENCY TABLES FROM THE VIEWPOINT
OF RUDAS, CLOGG AND LINDSAY MIXTURE
INDEX OF FIT.

Adalberto Gonzéalez Debén y Jesus E. Sanchez Garcia
Instituto de Cibernética, Matematica y Fisica, CAM

RESUMEN

En este trabajo se presenta el estado del arfadieé mixto de falta de ajuste, propuesto por Budlagg y Lindsay en
1994. Se discute el andlisis de la clase latentestracturada, considerado como un andlisis déueside nuevo tipo. Se
concluye que el mismo resulta idéneo siempre qtedtta de ajuste se deba a la existencia de ingdgd‘sobrantes” , pero
gue no sucede lo mismo en el caso de que en uwraias\celdas haya individuos “faltantes”. Por Uitjrse define la
influencia de una celda en la falta de ajuste demetelo que puede ser usada como una medida d&scrip
complementaria en el analisis de residuos usuale} enalisis de las frecuencias de las configorss.

ABSTRACT

In this paper the state of the art of the mixtundei of fit, proposed by Rudas, Clogg &Lindsay 894 is presented. The
analysis of the unstructured latent class consibasea residual analysis of a new kind is discudsexiconcluded that it is
most adequate whenever the lack of fit is due éoekistence of “spare” individuals, but it is nbetsame if there are
“lacking” individuals in several cells. At last,dhinfluence of a cell on the lack of fit of a modéeldefined, which can be
used as a complementary descriptive measure insthed residual analysis and in the configural feemry analysis.
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1. INTRODUCTION

Rudas, Clogg & Lindsay (1994) propose an indextahft constitutes a rather new use of the latéads
model (see also Rudas, 1998 and Rudas 2002).Mdex is general, easy to interpret and does nat tae
limitations of usual procedures related with sangie.

Let H be a model proposed for a contingency taBIG{Py}, wherey runs over all possible response
patterns. Letz1=P(X=2) and1- n=P(X=1) be a latent class distribution for a 2-class motlee
following family of saturated modelbl ., with two latent classes, is defined,

P,=1-mQ, +7R,
where P, =P(Y=y),Q,=P(Y=y/X=1), and R =P(Y=y/X=2) have the following

characteristics:
* Model H is valid in the first latent clag®
e There is no assumption concerning the second latassgR.

The formulation without restriction for the secormimponent can be considered as a representatithre of
un-modelled heterogeneity, the variation not déscriby modeH.

The Family H . is very general, it contains model(for 71=0) up to the saturated one (wheh=1.)

The classical latent class model is a particulaeashere the independence madek valid in both latent
classes. Goodman’'s model (1975) and the extendel@lmof Dayton & Macready (1980) are included. In
these cases] is a linear scaling model.
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The family of modelsH ,, has the monotony property, i. e.:
If 7<7' thenH_ UH ..

Rudas, Clogg & Lindsay’s mixture index of fit (RLIis defined, on the basis of this property, as the
minimal value of71, 77=71", for which H 2 IS saturated.

The 77° value is interpreted as the proportion of the patmn intrinsically not described y. The lack of

fit of H is concentrated on R. Complementarily; 717 is also an index of fit; it is the proportion dfet
population intrinsically described iby.

2.2%x 2 CONTINGENCY TABLE

An explicit formula for 717 can be obtained for the case of two cross-classiiichotomic variables.
Table 1 represents the observed frequencies.

Rows/Columns Column 1 Column 2 Total
Row 1 A B A+B
Row 2 C D C+D
Total A+C B+D n

Table 1 Observed frequencies in a 2x2 table.

Let us supposAD BC >0, andA > D ; the perfect value corresponding to cell (2,2) is:
BC

A

the decomposition into two latent classes hasafi@wving form:

A B A B 0 0
o o)|c ®|*|o o-E
Finally,
ﬂ*:AD—BC.
nA

It can be seen that the value of the index agreastlg with one of the differences between the olesd
value and the value of the perfect cell (expresseproportion of the whole sample).

Note that ifA=D, although 7T remains unchanged, two equivalent decompositidriseooriginal table
can be obtained depending on the cell being assitieeperfect value.

3. TWO-WAY CONTINGENCY TABLE
Rudaset al. (1994) use as example in their paper the caseedfitb-way contingency table and the model

of independence. The results of the analysis ofadrtbe examples used by those authors are presege
a way of illustrating their ideas.

Eyes/Hair Black Brown Red Blond
Brown 68 119 26 7
Blue 20 84 17 94
Gray 15 54 14 10
Green 5 29 14 16

Table 2 Tabla 1, page 625, Rudetsal. (1994)

It handles with cross-tabulation of eye and haloofor a sample of 592 individuals. The data appe

table 2.
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The lack of fit estimation for the independence eiddr this example isT =0.2958. This means that
approximately 30% of the population does not follin independence model.
Rudaset al. (1994) propose an EM algorithm for the estimatixf)rparameteﬂ*. Moreover, they gave a

lower confidence Iimitn: , based on a likelihood ratio statistié, and equal to 2.70 (the ®@ercentile of
the chi-square distribution with 1 degree of fremdoThe confidence interval is only lower bounded

because by definition o7 model H IS saturated for every valug> .

4. RECENT DEVELOPMENTS

The aforementioned paper left some questions uremesihand they motivated ulterior investigations. It
was still to be answered, to know:

1. A measure of precision for the estimatar
The study of effect of sample zeros

2.
3. The extension of the method to more complex models
4. The investigation of the possibilities and limitats of the analysis of the unstructured latentsclas

With respect to the measure of precision for tharegor T, Rudaset al. (1994) and Clogg, Rudas & Xi
(1995) proposed the diﬁerencﬁ{ -7r. Dayton (1999) proposed the estimation of thedsed error of

T by the Jackknife procedure.

With respect to the sample zeros the two usualretives have been explored: (1) to add a smaitipes
constant to each cell, and (2) to consider the famgros as structural zeros.

Rudas & Zwick (1997) used the first variant. Theynmpared the results obtained when adding different
values and they conclude that for sparse tabliesr@&commendable to smooth the observed distribuiio

adding £ = 0.1. Rudas (2002) recommends the same analysis fog Iseire that the results do not depend
on the used value.

Formann (2000) used the second variant and he firgigisfactory, even more, based on this solutien
recommends this method as the best for the caspao$e tables.

With respect to the extension of the method to nooraplex models Clogg (1995) and Clogg, Rudas & Xi
(1995) used this approach for the analysis of theeture in mobility tables. Gonzalez (1998) usesriow-
column association model and compares its goodwiefis with that of the independence model. Dayton
(2003) applies the RCL index to the latent clagbthe Rasch models.

Gonzalez & Méndez (2000) propose the use of thexinas a new concept of type in the configural
frequency analysis for two samples. Von Eye (20@t)uded this descriptive measure in this program
CONFIGURAL FREQUENCY ANALYSS, version 2000.

Xi & Lindsay (1996) propose a new computing mettiodthe RCL index by using sequential quadratic
programming (SQP.) The advantages are (1) it Hagher convergence rate than the EM algorithmjt(2)
is more general in the sense that it can be apptiethy loglinear model, and (3) it does not exfblic
require the maximum likelihood estimations of tlagmeters within each class.

Dayton (1999) includes the RCL index in the chapBertermination of fit of a model to the data” ahd
presents the implementation of SQP algorithm indExX/ith this procedure he measures the fit ofedédht
models such as: the CLCM with two latent class smiahe scaling models. Moreover, he gives a practical

rule for interpreting the'T value (less than 10% of lack of fit is a reasondible

At last, Formann (2000) defines the generalized R@lex where the number of components representing
model H can be more than one.

This index of fit is rather new, but it can be sdbat there is an increase in its diffusion and new
application in different contexts.
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5. ANALYSIS OF THE UNSTRUCTURED LATENT CLASS

With respect to the second latent class, Cletga). (1995) used this approach for quantifying thecitme

in mobility tables. According to them, for a bagabdel (independence, quasi-independence, andromifo
association) the RCL index can be interpreted asathount of structure contained in the data antlisha
out of the basal model. This structure accumulgiés and its study constitutes a residual analyses new
kind. Clogg, Rudas & Matthews (1997) propose theafssimple graphs to visualize the second latksisc
and to study the unmodelled structure.

In Gonzalez & Méndez (2001) this new approach immared to the usual residual analysis. A conclusion
in their paper is that the analysis of the noneitmed latent class is one more tool to study tngses of
the lack of fit of a model and to detect possiliigial cells. In this sense, the analysis of thetwctured
latent class, could be seen as a residual analysisnew kind, it could be used as a complemerthef
standardized residual analysis, the analysis dfiedited residuals and the variation of the likeliiaatio
statistic.

The frequency estimations for latent classes 1 Zmespectively, for the example of hair and eymrco
cross-classification are shown in Tables 3 and Ba$ already been mentioned that 30% of the ptipnla

does not follow the independencd (=0.2958.)

EYES/HAIR Black Brown Red Blond
Brown 28.35 119 24.09 7
Blue 20 84 17 4.95
Gray 12.86 54 10.94 3.17
Green 5 21.01 4.26 0.36
Table 3. First latent class (follows the model of indepemck)
EYES/HAIR Black Brown Red Blond
Brown 39.65 0 1.91 0
Blue 0 0 0 89.05
Gray 2.14 0 3.06 6.83
Green 0 7.99 9.74 15.64

Table 4. Second latent class (non structured)

Note that all cells in the first latent class asfpct and the second class contains the “spadiiduals.
The majority of them are grouped in cells (1,1) éxd) and both together have 73.5% of individirlhe
unstructured latent class. According with this,Hbeariables are dependent because there is anseates
individuals with brown eyes and black hair, as vesllblue-eyed with blond hair.

Several presentations could be used to analyzertsguctured latent class. In Table 4 the raw dadee
presented. It is also possible to use: (1) thegregages with respect to the amount of individualshe
analysis, (2) the percentages with respect to theuat of individuals in the latent class, and (B t
percentages with respect to the amount of indivgirmeach cell (see Clogg al., 1997; Gonzéalez and
Méndez, 2001.)

The analysis of the unstructured latent classfsmature, could be seen as a residual analysisnaw
kind. It is most adequate whenever the lack ofsfitlue to the existence of “spare” individuals mghe
analyzed example. Nevertheless, in the case oboseveral cells with “lacking” subjects this arsadyis
not so evident (Gonzalez, 1999). In what followss presented a new result for solving this diffig.

6. INFLUENCE OF A CELL ON THE LACK OF FIT OF AMODE L

Let H be a proposed model for a contingency tablee® 7T Dbe the index of fit of modeHt, and let IT;

that of modeH considering cely as a structural zero. The influence of a geadh the lack of fit of a model
H is defined as follows:

* *

m -,
I LFy _——
7
It is interpreted as the relative reduction of lek of fit for model H when celf is ignored.

247



Table 5 shows the index of fit of the quasi-indefmrte model for each cell in the contingency tainider
analysis, and Table 6 shows the influence of eatifon the lack of fit (percentages.)

Note that cell (1,4) containing the individuals virown eyes and blond hair is also noteworthys Teill
has a zero in the unstructured latent class (sbke™®a) To the analysis already accomplished, itic¢de
added that the low quantity of subjects with braayes and blond hair also contributes to the ladit off
the independence model.

EYES/HAIR black brown Red Blond
Brown 0.2270 0.2899 0.2926 0.2351
Blue 0.2906 0.289 0.2909 0.1454
Gray 0.2925 0.2884 0.2906 0.2843
Green 0.2788 0.2823 0.2793 0.2709
Table 5. Lack of fit index for the quasi-independence model
EYES/HAIR Black Brown Red Blond
Brown 23.26 1.99 1.08 20.52
Blue 1.76 2.30 1.66 50.85
Gray 1.12 2.50 1.76 3.89
Green 5.75 4.56 5.58 8.42

Table 6. Influence of each cell on the lack of fit

Victor (1989) and Kieser & Victor (1991) develop aiternative approach to the standard configural
frequency analysis. They say it is not appropriatestimate the expected values of the whole cgetioy
table by using the information of the cells undealgsis, because it is supposed that they do moedoom

the same population. These authors propose todmmtie cells constituting possible types or apétyas
structural zeros. Kieser & Victor (1999) formuldtés new approach in terms of the loglinear model a
they propose methods to carry out the exploratenyeall the confirmatory analysis.

The definition of the influence of a cell proposadhis paper is akin to Kieser & Victor's approadhis
natural to consider this measure as complemeihieoénalysis proposed by these authors.

7. CONCLUSIONS

The mixture index of fit proposed by Rudas, Clogd-&dsay in 1994 is a descriptive measure easy to
interpret and with the possibility of a general.usés not intended to be a substitute for theeotknown
measures, but to use it as their complement. Itet$tel0 years, it has experienced a continuouaragvin

the computational aspects as well as in the vaagapplications.

The analysis of the unstructured latent classfamature, could be seen as a residual analysisnaw
kind. It is best used whenever the lack of fit iledo the existence of “spare” subjects as is #se in the
analyzed example. Nevertheless, in the case oboseveral cells with “lacking” subjects this arsdyis
not so evident.

The definition of influence of a cell on the lackfi of a model proposed in this paper can be usecG
complementary descriptive measure in the usualuasanalysis and in the configural frequency asialy
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