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Abstract

ON THE MULTIPLE SEGMENTATION PROBLEM:
AN EMPIRICAL INVESTIGATION OF THE
EFFICACY OF THE MULTIPLE LOGIT
APPROACH IN PREDICTING SEGMENT MEMBER-

SHIP
by

M. Lewls Temares

Adviser: Professor Matthew Goldstein

The field of market segmentation as an area for investiga-
tion has been under scrutiny for many decades. The re-
levance of this area was denoted by a special issue of the
Journal of Market Research in August of 1978 devoted to ten
articles relating to market segmentation. In addition,
the use of varied statistical techniques as predictive
indicators with regard to buyer behavior has centered on
the area of segmenting markets. Professor Paul Green has
been the leader in this area and with his able co-authors
has introduced the use of the logit loglinear model as a
tool for analyzing consumer behavior in the market place
and has dealt with the logit approach for a two group
problem. Also, when dealing with the problem of market
segmentation, only Roger Calantone and Alan Sawyer

have dealt with segments remaining constant over a period
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of time. This dissertation combines both of these areas

of interest. Market Segmentation is investigated over two
periods of time using panel data and analyzed utilizing the
logit approach in order to develop a predictive model based
upon demographlic characteristics. The data are from two
separate years for the same consumer panel., Validation of
our approach 1s accomplished through the usual split-sample
analysis. Thus, the two group approach of Professor Green
is expanded to the multiple group problem and in com-
bination with the panel data over time represents a
situation not represented in the current literature.

Chapter One presents the reason for this study, the
description of the data set and some background with regard
to the market segmentation problem.

Chapter Two develops the background, rationale and math-
ematics for the use of the loglinear-logit approach to the
market segmentation problem. It is a logical choice because
discriminate analysis has become one of the most frequently
used techniques for classification of data and the loglinear-
logit analysis holds the greatest promise for effectively
utilizing model building techniques.

Chapter Three involves the data presentation and computer
analysis. The panel data is tested and a model utilizing
the appropriate interactions of the variables is constructed.

Chapter Four includes the analysls of the data as pre-
sented in chapter three. The loglinear-logit analysis

technique is utilized in order to predict the classi-



fication of the data through the construction of the
appropriate discriminant function. A conclusion 13 reached
on the basis of the data with regard to the efficacy of

the multiple logit approach in predicting segment member-
ship over time.

The final chapter, Chapter Five, includes a summary of the
findings and presents avenues for possible future research.
It 1s hoped that by using this dissertation as a founda-
tion, further growth in the use of mathematical analysis
for marketing decisions will be forthcoming. The sparseness
of the data leads to the future possibility of an expansion
of the current data base or applying the techniques to a
different data base. This paper is not designed to test
the data base used but uses this data base only to show

how these statistical techniques are applied.

vi



ACKNOWLEDGEMENTS

To Nathan and Gertrude Temares who did not know when
but still stuck in there,

To Professor Herbert Arkin without whom a multitude of
quantitative analysts would never have come to be,

To Professor Matthew Goldstein a tireless teacher,
adviser and critic,

To my friends and family who contended with my moods
and offered support when I needed it,

I dedicate this dissertation with heartfelt thanks.

M. Lewis Temares

vil



CONTENTS

Pag

CHAPTER ONE .....cvavitronannnrnasn PN 1
Introductlon ... ... i ittt nn 2
Statement of the Problem .....,. e e e e 3
Survey of the Literature ............. e e 4
Data Collection ....... . ettt iar v vnnnsss 6
SUMMAYY . .......0iiiirerinnnniannnans et e 9
CHAPTER TWO . ..........c0000n et e 11
Loglinear-Logit Approach to A Priorl Segmentation 12
A Loglinear-Logit Approach ............ e e 13
Logit Analysis ............c.i i iiiinnnn, 19
A Recursive System of Logits ............. ...t 21
Logit Approach for Multiple Segments ............ 22
CHAPTER THREE .........0tiiinnrnunnneonacnesarsnsanas 24
Data Presentation and Analysis ....... e e 25
Research Design ........... ... it iiinneenns 26
1974 Data .......cc.o ittt sanaonanan R
Fitting the 1972 Model to the 1974 Data ......... 47
Fitting the 1974 Model to the 1972 Data ......... 65
Bank Switching Data ................... e e 74
CHAPTER FOUR ..... ...t iin it nnennennnenns 91
CHAPTER FIVE .. ... i iiirniirsnnnsnsnnensasesensssros 112
Summary and Areas of Future Research ............ 113

viii



X111
XIII
X1V

LIST OF TABLES
Title

Marginal Total Saturated Model 1972 Data
Result of Fitting all K-factor Marginals
Saturated Model with Delta=(Q,5 1972 Data
Result of Fitting all K-factor Marginals
Fitted Values 1972 Data .........ccc0nn .
Standardized Residuals ............... -
Freeman~-Tukey Deviates
Marginal Total Saturated Model 1974 Data
Result of Fitting all K-factor Marginals
Saturated Model with Delta=0.5 1974 Data
Result of Fitting all K-factor marginals
Fitted Values 1974 Data .........ccv.ouv
Standardized Residuals .............. ..
Freeman-Tukey Deviates ,........ creae
Fitting the 1972 Model to the 1974 Data
Result of Fitting all K-factor Marginals
Fitting the 19/4 Modeir to cthe 1972 Data
Result of Fitting all K-factor Marginals
gzturated Switching Model for Sample of
o S S

Fitting the Switchin% Model ..............
Standardized Residuals ..................
Switching Model with Delta=0.5

Results of Fitting all K-factor Marginals
Estimated Logit Effects for the Three
Palrwise Lo% t Models (1972 Data)........
Loglinear Effect Estimates of the Log-
linear Parameters (LAMDA) 1972 Data......
Estimated Logit Effects for the Three
Pairwise Lo%it Models (1974 Data)
Loglinear Effect Estimates of the Log-
linear Parameters (LAMBDA) 1974 Data

ix

Page
28

33
36
38
41

48
51
52
55
56
59
62
60

70
73

75
78
79
82
86
8¢9
95
97
101

105



CHAPTER 1



I.  INTRODUCTION

The field of market segmentation as an area for
investigation has been under scrutiny for many decades,
The relevance of this area was denoted by'a special issue
of the Journal of Market Research in August of 1978 de-
voted to ten articles relating to market segmentation. In
addition, the use of varied statistical techniques as pre-.
dictive indicators with regard to buyer behavior has
centered on the area of segmenting markets, Paul Green has
been the leader in this area and with his able co-authors
has introduced the use of the logit loglinear model as a
tool for analyzing consumer behavior in the market place
and has dealt with the logit approach for a two group
problem, (25-37). Also, when dealing with the problem of
market segmentation, only Roger Calantone and Alan Sawyer
(13) have dealt with segments remaining constant over a
period of time. The intent of this dissertation is to
combine both of these areas of interest. Market Segmen-
tation will be investigated over two periods of time using
panel data and analyzed utilizing the logit approach in
order to develop a predictive model based upon demographic
characteristica. The data will be from two setarate years
for the same consumer panel. Validation of our approach
will be accomplished through a usual split-sample analvsis.
In summary, the two group approach of Professor Green will
be expanded to the multiple group problem and in com-

bination with the panel data over time will represent a



dissertation regarding a situation not previously dealt
with in the literature,

II. ' STATEMENT OF TPE PROBLEM

The problems confronting the researcher investigating the
segmenting of markets are many, Basically the problem is
to divide the market for a given product or type of product
into strata that have meaning so that profit maximization
can be achieved, More recently because of (1) the in-
creased number of articles on the subject, (2) greater
sophistication by the manager selecting the market segmen-
tation strateglies and (3) computer resource advances with
regard to both software and hardware, emphasis has switch-
ed to the predictive powers of various statistical
apvproaches. The problem that this paper will investigate
is the efficacy of the multiple logit approach in pre-
dicting segment memberships over time.

This problem is worthy of research since a prredictive
model with regard to any market segment has been sought
for decades. The key to this paper’'s uniqueness is that
it will investigate the problem over time and will apply
the multiple logit approach. Green, Carmone and Wachsoress
(29) have written on the two-group approach. However, this
research represents an extension to the kth group and
furthermore, the problem of predicting segment membership
has never been attacked in the context of the logit log-
linear model in the discrete case. The use of the logit

model will provide “...an explicit parameterization of the
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problem, appropriate significance tests, and estimated
probabilities for the criterion vartfable.' (27,p.132)

The second aspect 1s equally significant; predictability
over time., ‘''However, the extent to which segments are
stable over time is an important and neglected aspect of
segmentation.'" (13,p.395) The goal in identifying market
segments 1s to be able to reach a group in the market
place with an appropriate approach to result in the pur-
chase of particular goods and services. If conditions
change over time, there is a likelihood that the market
strategy will have to be altered as well, However, 1if it
can be shown that the segments contain the same demographics
for the consumers then strategies geared to reach these
segments will not have to change. In other words, if seg-
ments remain constant over time with regard to their pre-
ferences, then the marketing plan geared towards the
members of this segment need not be altered. The prediction
of segment membership over time based upon demographic data
is the objective of this study.

II1I. SURVEY OF THE LITERATURE

A. Market Segmentation

As noted previously, market segmentation has been under
investigation for decades by market researchers. It began
with Vroe Alderson viewing the idea of market segmentation
from the aspect of analyzing existing data; Presently, the
purpose is ", ,.to provide a basis for identifying the data

needed for strategy selection and implementation." (52)

A



A review and evaluation of the field of market segmentation
research was accomplished by Frank, Massy, and Wind in

1972 (21) and updated by Wind in the Journal of Marketing
Research in August, 1978, (59) An extensive listing of
publications is included in the references.

B. Market Segmentation Over Time

An explicit examination of segment stability over time
has not been accomplished other than by Calantone and
Sawyer. ''Most of the research in which time has been used
in some way to define market segments has been based upon
the expectation of changes over time." (13, p. 396) The
approach used was through brand loyalty testing utilizing
panel data. ’

Two other studies have viewed market segmentation in a
dynamic environmment. Myers and Nicosila (42,43) and Monroe
and Guiltinah (40) did studies involving expected changes
in market segmentation. However, these studies were based
upon expectations while this research raper intends to
utilize a priorisegmentation and view the stability of the
segments over time,

C. Loglinear Logit Approach

This statistical technique of fitting loglinear models
to discrete multivariate data has been brought to the
limelight by Paul Green and hils co-authors in recent issues

of the Journal of Marketing Research, (27,30) The tech-

nique of using loglinear models in relation to marketing

issues using discrete statistical classifications has

-5-



recelved limited attention in the literature, Most of

the research has been centered upon the phystcal and

soclal sciences until quite recently; Biship in Biometrics
(5), Goodman in the American Journal of Sociology (24),

and Theil in the American Journal of Sociology (56) re-

present the leaders in this area of statistical analysis.
While Green has incorporated their ideas into a marketing
framework, he has limited himself to an investigation of

only the two group segmentation problem,

In conclusion, it 1s apparent that while the area of
market segmentation has been widely examined, no one has
investigated the efficacy of the multiple logit approach
in predicting segment membership over time.

IV. DATA COLLECTION

The data set to te used is the same as the one mentioned
in the Calantome and Sawyer (l13) article. A sample of
consumer panel people was drawn in a large metropolitan
city in the great lakes region. The product class to be
lnvestigated was the retail banking market consisting of
six banks - three savings and three commercial. The time
periods for the 344 households questioned were 1972 and
1974. The predictor variables are all demographic and are
listed with their codes in Chart 1. It is felt based upon
recent studies that consumer behavior will be highly re-
lated to general characteristics of the households,
Blattberg, Peacock and Sen corroborate this sentiment in

their December, 1976 Journal of Consumer Reseaxrch article,

-6-



"Purchasing Strategtes Across Product Categories." They
say, ''The principal imoltcatton of the ,,. results is that
buying behavior may be more closely related to general
characteristics of the household such as, demographics

than might have been expected from past research in this
area...it should be possible to find certain general custom-
er characteristics which distinguish members of one seg-
ment from another.” (8, p.154). Massy, Frank and Lodahl in

Purchasing Behavior and Personal Attributes (41, p.6) also

make a strong case for the use of demographic character-
istics in segmentation research, "In spite of the re-
latively strong positions that have been taken in favor
of segmentation based on psychological characteristics of
customers: (1) there has been relatively little research
published that provides an empirical basis for these con-
jectures; and (2) that which has been published supports
the notion that where effects of psychological character-
istics do exist they are relatively small."

Kaponen (40 ), Evans (16 ), Westfall (58) and the
Advertising Research Foundation ( 1 ) report similar find-
ings. Both Evans and Westfall refer to attempts toc use
knowledge of soclo-economic and personality characteristies
as predictors of customer automobile ownership. They found
only a moderate association between personality and customer
buying behavior. Kaponen and the ARF both examined the
relationship between personality characteristics and custom-

er buying behavior for various frequently purchased food

-7-



CHART 1

Predictor Variables and Codes

I. Total Money (TOTMONY) (M)
1, Small depositor
2. Large depositor

II. House (HOUSE) (H)
Apartment

Single Family House
Two Family House
Duplex

Other

. Own (OWN) (0)
Own

. Rent

. Other

-+
—
WRHFH VRWNH

*IV. Education Level of Wife (WEDVC)

No education

Some Grammar School
Grammer School

Some H.S.

H.S. graduate

Some college

. College graduate
Some Grad. School
Graduate degree

Wo-Ihuprwhe-

*V. Race
1-5 Minority or Immigrant
6 Majority

<
—

wvipwnhnHAH o~ PWNaH

Household Size (HHLSZ) (S)
1 member

member

member

member

member

member

member

or more members

. Husband's Age (HUSAGE)
less than 2

25-34

35=44

45-54

more than 55

O~ NP

*VI

*PI1ITI, Cars

car

cars
cars
cars
cars
cars
cars
cars
cars

VO~ Rhun -
W~ LW

IX. Household Income
(HHINC) (I)
1, less than 12K
2., 12k-29,999
3. 30k and over

*Note:

Only a portion of the
available demographic
variables were used
because of the sparse-
ness conditions 1in the
data. Those with
asterisk were not in-
cluded.



products, Kaponen found in his two studies that only
137% and 6% of the variance could be attributed to the
variance in household socio-economic and personality
characteristics.

The ARF study involved two-ply toilet tissue and the
results virtually mirrored Kaponen's, Thus, while there
may be a desire for a contrast of the relative efficacy of
socio-economic and psychological characteristics (of which
personality variables are one major class) and it may be
important in light of the growing dissatisfaction with
gsoclo~economic characteristics as a basis for predicting
the membership of customers in particular market segment
groups, the author, based upon the data cited, has not seen
the need for extending market analyses to include various
psychological characteristics as a basis for identifying
customer buying behavior segments. Future research in
this area may prove fruitful but are behond the scope of
this dissertation,

V. SUMMARY

Chapter One has been designed to present the reason and
importance of this study. The description of the data set
and some background with regard to the market segmentation
problem have been presented, A justification has been
stated for the scope of this dissertation,

Chapter Two will develop the background, rationale and
mathematics for the use of the loglinear-~logit approach

to the market segmentation problem; It is a logical choice

-9-



because discriminant analvsis has become one of the most
frequently used techniques for classification of data and
the loglinear-logit analysis holds the greatest promise
for effectively utilizing model building techniques.

Chapter Three will involve the data presentation and
computer analysis. The panel data will be tested and a
model utilizing the appropriate interactions of the
variables will be constructed. Models will be £it for
both the 1972 and 1974 data and when the final determina-
tion is made this model will be tested using the split
samp le technique.

Chapter Four includes the analysis of the data as pre-
sented in chapter three, The loglinear-logit analysis
technigque will be utilized in order to predict the classi-
fication of the data through the construction of the
appropriate discriminant function. A conclusion will be
reached on the basis of the data with regard to the efficacy
of the multiple logit approach in predicting segment member-
ship over time.

The final chapter, Chapter Five, will summarize the
findings and present avenues for posaible future research.
It is hoped that by using this dissertation as a founda-
tion, further growth in the use of mathematical analysis

for marketing decisions will be forthcoming,

=-10-
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LOGLINEAR - LOGIT APPROACH TO A PRIORI SEGMENTATION

Discriminant Analysis is one of the most frequently
utilized techniques in the analysis of the a priori
market segmentation problem. The well known linear
discriminant function (LDF) or one of its many variants,
is without question, the tool which most researchers
utilize to effect classifications of observations whose
population membership is unknown but known to belong to
one and only one of k>1 groups. This technique 1is not
without its limitations and indeed, much research
activity has in the last few years been initiated through
attempts at exploiting the underlying distributional
properties of the populations involved to derive
"optimal' rules.

A recent book by Goldstein and Dillon (23) deals
exclusively with discriminant functions derived from an
assumed multinomial structure to the data. 1In
particular, such procedures are most appropriate when
dealing with observations which are generated from
questionnaires since demographic, attitudinal and
preferential variables are most commonly measured on a
discrete scale. Of the aprroaches diacussed in the text,
the authors indicate that loglinear-logit analysis holds
the greatest promise for effectively utilizing model
building techniques in constructing discriminant

functions. The next few sections discuss this approach

-12-



first in the a priori two cluster segmentation problem,
and then to the extension of the X(>2) problem.
A LOGLINEAR - LOGIT APPROACH

The most comprehensive work to date on the subject
of fitting loglinear models to discrete multivariate

data is the text Discrete Multivariate Analysis by

Biship, Fienberg and Holland (5).

In the field of marketing research this subject
matter has gained in popularity as evidenced by two
recent papers appearing in the Journal of Marketing
Research (27,30)., The problem of how to use loglinear
models in relation to issues of discrete statistical
classifiﬁation, has,'however, received insufficient
attention in the literature, The purpose of this section
is to suggest an approach to classification using these
model representations for state probabilities.

For illustration and ease of notation we will discuss
the case of a three-dimensional table. However, the
results and ideas are completely general, Toward this
end, suppose we represent the logarithm of the theoretical

frequency mijk in cell (1,j,k) of a 2xJxK contingency
table generated by wvariables xl, Xz, X3 as,

(1) 2 mygy = U=Uy 53+ Uy oyt Uzt Ur2¢iyt Visdi+

Uas i)t Y123(1)) where,
BV T E Y2 T B Usao 7O

Ly Upacesy = %1 Yisqak) = &y Yssggky = O
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Ly Uroqagy ™ Tk Yiaqx) ™ %k Y23guy = ©

Zysk Yi23cign) = O

The terms on the right-hand side of (1) are usually
referred to as U-terms (parameters) and are interpretable,
as in ANOVA models, in terms of individual and joint
variable effects. Note also that for the problem con-
sidered here the variable Xy is introduced to denote
group membership - that is, xl = 1 (<=>)G. The other
variables, X2 and X3, are considered due to their
potential ability in discriminating between G1 and G2.

In almost all practical discussions the class of
loglinear models is restricted to those models which

satisfy the hierarchical property: 1if {0} and {6'} are

any two sets of indices having the property (@} {0'}, then
U{G} = O implies U{e.} = 0 and, further, if U{@} # 0 then
all U-terms containing subscripts which are a subset of
{0} are also not zero. For instance, if U12(1j) is in-
cluded in a model then the hierarchical principle states
that Ul(i) and UZ(j) must also be present, whereas, if

on the other hand U12(ij) = 0 then we must have U123(ijk)

= 0, We will assume throughout our discussion that the
loglinear models discussed have this property.

Viewing the multidimensional contingency table in the
context of the discrimination problem and parroting the
optimal rule we obtaln the following assignment rule.

Assign an individual with X, = j and x3 = k to G1 (GZ) if

-14-



(2) wn Plik > (<) 0
Mrik

where agair we have assumed equal prior probabilities,

In additio:, as we indicated earlier, the use of (2)
requires as a first step the generation of observations
either through sampling from the mixed population or

from independent samples, With regard to estimation we
could use the model given in (1) to estimate the left-
hand side of (2). However, if maximum likelihood
estimation is used to estimate all the parameters in (1),
then nothing is gained through modeling since the wvalues
obtained for all states are the observed frequency counts.
In most situations, loglinear models are employed to
achieve a degree of parsimony with a ''good fitting"
unsaturated model -~ that, one that contains few parameter
estimartes.

Specification of an unsaturated model can be most
effectively accomplished by stating the sufficient
configurations for the problem. For example, in the three
variable problem, the sufficient configurations C12' Ci3

would define the model.

(3)  dnomy g = Uiy YUy Y Usan Y Uia¢)

* Ur3 ik
Once the set of sufficient configurations is specified,
maximum likelihood estimates are readily found either

directly (i.e., estimates expressible in closed form) or

=15-



through some iterative provortional fitting algorithm,
Most computer algorithms use iterative proportional
fitcting whether or not direct estimates exist, and rely
on a result which forces maximum likelihood estimates of
marginal totals corresvonding to specified sufficient
configurations to be equal to observed marginal sums.
Hence, 1f 012 and C13 are the sufficient configurations
then the maximum likelihood estimates of the expected

frequence totals my 4+ and ai+k must satisfy the follow-

ing:
(4) © - £
M43+ 13+
My < fi .

where fij+ and fi+k are the observed marginal sums. The
degree to which the quality of the fitted model is any
good can be determined by computing -2 times the
1ogarithm of the likelihood-ratio test statistic used for
testing that the model fitted is correct versus the un-
restricted alternative. Under the hypothesis that the
model 1s correct

2 n f%

(;m

M4k

(5) G° = 2¢

13k Fiik

is asymptotically X2 with degrees of freedom equal to,
# of states - # of indevendently fitted parameters. Note
that in general the degrees of freedom will have to be

adjusted if the fitted values contain zero estimates.
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An asymptotically equivalent way to assess fit utilizes

the familiar Pearson goodness-of-fit statistic

2 A2, A
X" = Ty By - My 7 omygye

However, we prefer using the likelihood ratio since
G2 is additive under partitioning for nested models; two
models, Ml and Mz. are said to be nested if all of the U-
terms in M, are a subset of the U's contained in M,.

The difference in G2 between the two models is a test

of the additional effects in M, conditioned on the effects
in M,. This difference is asymptotically distributed

as chi-square with degrees of freedom equal to the
difference in the number of parameters fitted to the two
models. This important property is not shared by the
Pearson statistic.

Determining which hierarchical model to use generally can
be determined through a series of U-term screenings. Gold-
stein (23) suggests using tests of partial and marginal
associates for screening. The hypothesis that the partial
association of k factors 1s zero is a test of whether a
significant difference exists between the fit of two
hierarchical models -- one is the full model ¢f order k,
and the other the model that differs from 1t in that the
specified k-factor interaction is excluded. The
hypothesis that the marginal association of k-factors is
zero i3 a test that the k factor interaction is zero in

the marginal subtable formed by the k factors, Both tests

-17-



can be employed simultaneocusly to screen the various
interactions to determine whether they are necessary in
the model for the data being used, whether they are not
necessary or whether they are questionable.

Goodman ( 24 ) suggests stepwise procedures for model
selection. As an illustration we briefly discuss the
case of a four-dimensional table. The procedure starts
by selecting a specified a = e, level and an evaluation
of the goodness-of-fit of the three models,.

(1) Ugp = Upy = Upq = Up3 = Upy = U3 = O

= U =0

(2) Uppz = Uygq = Upay
-0

234

(3) Uyz34
If model (3) does not fit the data then we stop and
choose the fully saturated design. If model (3) fits
but not model (2) we start by considering the model Cip>
C13, Cla’ C23. CZA’ c3& and successively add 3-factor
terms according to the following rules:

(1) Add the 3-factor U-term to the model which will
yield the most highly significant G2,
(2) Using the induced model add the next mostly highly

significant 3-factor U-term.

(3) Terminate the building process as soon as a 3-factor

2 yhich is nonsignificant.

term ylelds a difference in G
The procedure can be done in a backwards mode or in a
stepwise mode. 1In general, all three sequential

procedures will result in different final models; however,

=18~



they probably will be very similar,
LOGIT ANALYSIS

A speclal case of the loglinear model, which is
especially relevant to the approach to be presented here,
is the logit model., In logit analysis one or more
variables are singled out as response measures, while
the remaining variables are treated as explanatory
variables. Interest focuses on the effects of the
explanatory variables on the response variable(s).
Continuing with the three variable problem, assume that
Xl is the variable of primary interest; in our case xl
denotes group membership. Consider the loglinear model
corresponding to no three-factor effect, i.e., U123(ijk)
= 0. With logit analysis we view the contingency table

as an array of observed rates such that

with corresponding logits given by
(7) logit fjk = log (fljk / ijk) = log fljk
If we fit the no three-factor effect model then the logits

of the estimated rates can easily be determined by sub-

stituting o and o for the observed counts in
1jk 2jk

expression (7). Note, however, that the logits of the
estimated rates depend only on 3 of the 7 parameters
estimated in the no three-factor effect model, That is,

we can express the model for the estimated logits as
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(8) logit * = log ° -2
Bk Mk ™23k

=Wy " Y1¢2)? ¥ W2 g - Yizeepy?

Ui3ary - Y13(2k)?
- W+ Wy
where the W-terms have the gsame additive properties as
their U-term counterparts.

In expression (8) the two-factor effect between
variables Xz and Xa does not appear since it does not
involve the response variable xl -- that 1is, the remain-
ing parameters U,, U3. and U23 are the same for both
4

and £ This does not imply, however, that the

1jk 2k’
logit equation is independent of the U-terms not in-
cluding variable Xy For instance, if we had specified
U23(jk) = 0, different estimates for ;Uk would be obtained.
There 18 a sublety here in the sense that specification

of variable Xl as the response measure and variables

X, and x3 as the explanatory factors means that the four
sampling atrata are, in a strict sense, determined by
these two variables. In other words, "permissible'
loglinear models must retain U23(jk) (and its lower-order
relatives) so that the estimated margin totals equal
observed totals since configuration Cos is fixed by the
sampling plan. Though it is customary to include the

highest-order configuration relating to the explanatory
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variables, it may be advantageous to exclude certain
of the U-terms not involving variable xl i1f there is no
rationale for treating the margin totals as fixed,.

A RECURSIVE SYSTEM OF LOGITS

The data used in this research were collected over
two time periods. Typically in such situations we are
led to fit a recursive system of logit models; frequently
one interprets the results under the umbrella of causality
analysis.

. To 11llustrate the methodolegy we propose to utilize,
suppose we have four variables, A,B,C and D and we wish
to assess the fit of a system of logit models assoclated
with the causal ordering:

A precedes B precedes C precedes D, For example, A
and C could represent demographic conditions for a class
of respondents at time periods Tl and T2, T1 < T2 while
B and D might represent the banks chosen by individuals
to conduct their business. Conaider the three logit
models

1) A » explanatory, B = response

2) A,B = explanatory, C = response

3) A,B,C = explanatory, D = response
When these three models are combined, they characterize
the conditional joint probability of B,C and D given A,
The degree of goodness-of-fit for the recursive system

of models can be determined by analyzing the fits of the
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component models, In general, the estimated expected cell
values for the system will be expressed multiplicatively
in terms of the expected values for the component models.
The likelihood ratio statistic therefore, can be

2 statistics for the three

expressed as the sum of the G
component models.

Given that the overall recursive model yields an
acceptable fit, we would then be in a position to fit
logit models to the corresponding compomnent loglinear
models. The result of this analysis would be a recursive
system of logit models. Path diagrams showing causal
connections implied by the logit models can, if deemed
appropriate be constructed; such diagrams are useful in

interpreting interconnections between the variables.

LOGIT APPROACH FOR MULTIPLE SEGMENTS

Equation (2) displays an optimal assignment rule for
the a priori two segment problem. Extension to the
k segment problem under a similar theoretical framework
provides the following allocation rule: Assignment to
segment i if and only {if

(9) qymy 4 = MAX {qt mtjk} where q,,.....,q, are
the prior segmentation membership probabilities. As
before, loglinear representation for frequency counts
are utilized to effectuate a useable sample-based
allocation rule.

Logit Analysis is not as straightforward in the
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multiple problem as it is in the two group problem. In
general, 1if there are k groups only, k-1 logit models are
needed due to an inherent algebraic constraint. However,
even so, it 1is not clear how one may wish to proceed,.
One possibility is to form the k-1 continuation ratios,

(10)  on Byjk i 1=1,2,..., K-1

ST B

In essence, this provides a log odds ratio for group 1
relative to the remaining groups.

Another approach would involve forming all possible

pairwise logits,

(11) nf Piik ;i =1,2,.....,K-1

H¥441, 9
as the basls of an“allocation rule, In the latter case

we would be looking at the odds ratios of being a
depositor in one specified bank over another specified
bank.

A‘primary objective in the analysis is to model bank
preference (a2 response variable assuming more than two
levels) to a set of demographic explanatory variables
and a time variable. While it is not clear a priori to
examiniﬁg the data which set of logit models will best
serve the data, we have the ability to expresasa various

log odds ratios into additive components so that patterms

pertaining to bank preference will be identifiable.
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CHAPTER 3
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DATA PRESENTATION AND ANALYSIS

As previously noted, the major purpose of this thesis
is to introduce and discuss through a marketing relevant
data base a new class of statistical methodology useful
in uncovering market segments, Thus, while the particular
data set chosen is not of vital importance, the data base
will assist us not so much in testing hypothesis but in
illustrating a potent statistical tool. The data are
described in Professors Roger Calantone and Alan Sawyer's
article, "The Stability of Benefit Segments'" in the
August of 1978 edition of the Jourmal of Marketing

Research (13). The data covers the years 1972 and 1974
and deal with individual bank depositors in either
commercial or savings banks. Subjects from 1972 were
traced in 1974 to determine whether they remained with
the same bank, switched banks or switched types of banks.
Thus, we have a data set involving subjects who were
savings bank depositors or commercial bank depositors in
1972 and we are examining whether they stayed with a
particular savings or commercial bank, stayed within the
sub-group of savings or commercial bank, or switched from
a savings to a commercial bank or vice-versa. Our
analysis will be based uvon 343 respondents. For
modeling purposes all 343 subjects will be used, however,
the usual split sample method (in our case 707% versus 307)

will be employed for validation.
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RESEARCH DESIGN

Our primary purpose in this thesis ts to demonstrate
how a class of loglinear/loglt models can be used to deal
with the a priori market segmentation problem. In particu-
lar, our interest focuses on multiple segmsnts and in-
corporating a time variable-both 1issues have received
little attention in the literature. The sampling
methodology resulted in a sample of 343 bank depositors
from a consumer mail panel, in a large metropolitan mid-
western city. Characteristics relating to the retail
banking market for all respondents were recorded, This
particular market was dominated by six banks; three
commercial and three savings and the particular households
were dquestioned at two time periods, two years apart; 1972,
1974. The demographics of the particular individuals were
examined and it was determined to use six variables. The
six variables chosen (with the original number and level
types) were:

(1) Total money (M). This represents whether the
person is a small depositor or a large depositor.

(2) The dwelling or house (H). Whether it was an
apartment, single family house, two family house, duplex
or other,

(3) Ownership (0). Whether the person owned, rented
or was other with regard to the ownership of the

dwelling.
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(4) Household size (S5), Ranging from one to eight
or more members,

(5) Household income (I). Ranging from less than $4,000
all the way up to the category of $50,000 and over. Lastly,
(6) the bank (B). Whether it was a commercial or savings
bank.

While there were other variables available, we decided to
reduce our variables to these five independent variables and
one dependent variable. In the actual analysis, however,
levels for some of the variables were collapsed because of
severe sparseness, Appendix A lists the variables and the
particular coding scheme for each of them, while Appendix B
shows by computer output the initial marginal tables for the
1972 data. The model using the six variables, (keeping in
mind that we are dealing with the bank depositors in either
savings, commercial, both or neither) represents a 4x(3x3x
2x2x2x) a cross-classification of 288 cells, This results
in enormous sparseness and in general presents problems for
which adequate solutions are in short supply.

Table I represents the saturated model for the 343 res-
pondents from the 1972 sample. It will be noted that inter-
actions up to the 6th order are examined. The purpose of
this analysis is to examine the pertinent fit so that com-
parisons can be made between various models, Our intent is
to arrive at a parsimontous model which will include the
least number of interactions and still provide a good fit

for the data. On pages 28-30 Table I we list the inter-
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TABLE I
Marginal Total
Saturated Model

1972 Data

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) () (0) (H) (M} SAVINGS COMMERCE BOTH NEITHER
o - 1 or OWN  SINGLE SMALL 1 1 3 0
11,999 2 LARGE 0 0 1 0
OTHER SMALL 1 4 1 1
LARGE 1 0 k| o
RENT SINGLE SMALL 0 2 3 2
LARZE o 0 1 0
OTHER SMALL o 1 1 0
LARGE 0 0 0 0
3 or OWN SINGLE SMALL o] 1 0 0
4 LARGE o 0 4] 0
OTHER SMALL 1 1 0 0
LARGE 0 0 2 0
RENT SINGLE SMALL 0 2 5 3
LARGE o] 0 0 0
OTHER SMALL 0 +] 1 0
LARGE o] 0 o] 0
5 or OWN SINGLE SMALL 0 0 1 0
MORE LARGE o] 0 0 0
OTHER SMALL o o 1 1
LARGE 1 o 0 0
RENT SINGLE SMALL 0 0 o 0
LARGE 0 0 0 0
OTHER SMALL 0 1 1 0
LARGE o 0 0 0
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TABLE I {(Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) (0) {R) (M) SAVINGS COMMERCE BOTH NEITHER
12k = 1 or OWN SINGLE SMALL 1 1 o 0
29,999 2 LARGE O 0 3 o]
OTHER SMALL 1 7 7 0
LARGE 1 1 4 0
RENT SINGLE SMALL 1 4 1 1
LARSE 0 1 2 0
OTHER SMAILL 0 0 0 1
LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 1 3 o
4 LARGE 0 0 0 0
OTHER SMALL 5 18 19 5

LARGE 0 0 9 )

RENT SINGLE SMALL 1 11 12 3
LARGE 0 0 1 0

OTHER SMALL 0 2 o 0

LARGE 0 0 1 0

S or OWN SINGLE SMALL 0 2 0 1
MORE LARGE 0 o 1 0
OTHER SMALL 3 13 17 2

LARGE 0 1 7 0

RENT SINGLE SMALL 0 1 3 0
LARCE 0 Q 1l 0

OTHER SMALL 0 3 2 0

LARGE (o] 0 0 0
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TABLE I (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(I) (S) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
30k and 1 or OWN SINGLE SMALL 0 1 0 1
over . 2 LARGE 0 s} 1l 0

OTHER SMALL 1 3 4 0
LARGE 1 1 5 0
RENT SINGLE SMALL 1 2 1 0
LARSE 0 0 1l 0
OTHER sMarL | © 0 2 0
LARGE | © 0 o o
3 or OWN SINGLE SMALL o 1 1 o}
4 LARGE 0 0 2 0
OTHER SMALL 1 7 8 2
LARGE 1 0 10 0
RENT SINGLE SMALL 1 0 3 0
LARGE 0 1 1 o
OTHER SMALL 1 1 0 0
LARGE C 0 0 0
S or OWN SINGLE SMALL 0 1 1 0
MORE LARGE 0 0 1 0
3 6 11 3

OTHER SMALL
LARGE 1 1 8 0
RENT SINGLE SMALL 1 0 1 1
LARGE 0 0 0 0
OTHER SMALL 0 1 0 1
LARGE 0 0 0 )
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K~Factor
1

[+, 30 7, B VI ]

D.P.

10
40
82
91
52
12

TABRLE Ia

LR CHISQ

511.61
292,22
65.10
82.96
1.18
.33
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Result of Fitting
All k-Factor Marginals

PROB.
0.0000
0.0000

.9147

.7140
1.0000
1,0000

PEARSON CHISQ
1174.84
397.17
71.11
108.00
.64
.17

PROB.
¢. 0000
0.0000
. . 7991
.1079
1.0000
1.,0000



actions and, as can be noted at the third order interaction
level we get a probability value for the likelihood ratio
and for the Pearsonian chi-square that exceeds ,05 and is
relatively close to 1.0, Thus, we conclude that we need
seek no further than at best the third order interaction
with regard to the variables to be considered for our
model.

Table II depicts the saturated model when we have add-
ed .5 to each cell which contains a zero frequency in
order to obviate the sparseness problem. By examining
Page 36, which depicts the table of the K factor inter-
actions, we find that in this case, both fit statistics
show clearly that a second order model is sufficient to
describe the data. Although use of factor of 0.5 has
created a more parsimonious model, it should be interpreted
with caution.

The great advantages of the computerized age for fitting
data and developing models was then brought in to use.

All possible models were tested utilizing first order

and second order interactions for a process of elimination
of factors that did not contribute as significantly as
other factors. A model was designed consisting of the
interactions of household income and type of bank (IB),
ownership of home and type of bank (HB), type of depositor
being large or small and ownership (MO) household size

and household income (SI), type of house and household

size (HI), and all the first order interactions of
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TABLE II**

SATURATED MODEL
WITH DELTA = (.5

1972 DATA
HHINC HHLSZ OWN HOUSE TOTMONY| BANX (B)
(1) (s) (0) (B) (M) | SAVINGS COMMERCE BOTH NEITHER
0- 1 or OWN SINGLE SMALL 1 1 3 )
11,999 2 LARGE 0 0 1 0
OTHER SMALL 1 4 1 1
LARGE 1 0 3 0
RENT SINGLE SMALL 0 2 3 2
LARGE 0 0 1 0
OTHER SMALL 0 1 1 0
LARGE 0 ) o 0
3 or OWN SINGLE SMALL 0 1 ) )
4 LARGE 0 0 0 0
OTHER SMALL 1 1 0 0
LARGE ) 0 2 0
RENT SINGLE SMALL 0 2 5 3
LARGE 0 0 0 0
OTHER SMALL 0 0 1 0
LARGE 0 0 0 0
5 or OWN SINGLE SMALL 0 0 1 0
MORE LARGE 0 0 0 0
OTHER SMALL 0 0 1 1
LARGE 1 0 0 0
RENT SINGLE SMALL 0 0 0 0
LARGE 0 0 0 0
OTHER SMALL 0 1 1 0
LARGE 0 ) 0 0
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TABLE IT ({(Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK(B)

(1) (8) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER

12k - 1 or OWN SINGLE SMALL 1 1 o 0

29,999 2 LARGE o) 0 3 4]

OTHER SMALL 1 7 7 0

LARGE 1 4 0

RENT SINGLE SMALL 1 4 1 1

LARGE 0 1 2 0

OTHER SMALL Y 0 0 1

LARGE o 0 0 0

3 or OWN SINGLE SMALL 0 1 3 0

4 LARGE v} ) 0 0

OTHER SMALL 5 18 19 5

LARGE ) 0 9 0

RENT SINGLE SMALL 1 11 12 3

LARGE 0 0 1 0

OTHER SMALL 0 2 0 0

LARGE 0 0 1 0

S or OWN SINGLE SMALL 0 2 o 1

MORE LARGE 0 0 1 0

OTHER SMALL 3 13 17 2

LARGE 0 1 7 0

RENT SINGLE SMALL 0 1 5 0

LARGE 0 0 1 0

OTHER SMALL 0 3 2 0

LARGE 0 0 0 0
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TABLE II (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) {0) {(H) (M) |} SAVINGS COMMERCE BOTH NEITHER
30k and 1 or OWN SINGLE SMALL 0 1 4] 1
over 2 LARGE 0 0 1 0

OTHER SMALL 1 3 4 0

LARGE 1 1 5 0

RENT SINGLE SMALL 1 2 1 0
LARSE 0 0 1 0

OTHER SMALL 0 0 2 0

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 1 1 0
4 LARGE 0 0 2 0
OTHER SMALL 1 7 8 2

LARGE 1 0 10 0

RENT SINGLE SMALL 1 0 3 0
LARGE 0 1 1 0

OTHER SMALL 1 1 0 0

LARGE 0 4] 0 0

5 or OWN SINGLE SMALL 0 1 1 0
MORE LARGE 0 0 1 0
OTHER SMALL 3 6 11 3

LARGE 1 1 8 0

RENT SINGLE SMALL 1 o 1 1
LARGE 0 0 0 0

OTHER SMALL 0 1 0 1

LARGE 0 0 0 0

**For Analysis, .500 is Added to Each Cell Abova
The Total Frequancy 1is 343
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TABLE IIa
Results of Pitting

All K-Factor Marginals

This is a simultaneous test that all k+l1 and higher factor
interactions are zero

k=FACTOR D.F. LR CHISQ PROB. PEARSON CHISQ PROB.
0 (MEAN) 287 653.37 0.0000 1233,90 0.0000
1 277 301.51 . 1491 347.94 0024
2 237 107,65 1.0000 107.45 1.000C0
3 155 53.89 1.0000 55.18 1,0000
4 64 16.52 1.0000 17,16 1.0000
5 12 1.45 . 9999 1.46 -9999

A simultaneous test that all k-Factor interactions are zero.
The entries are differences in the above table.

k~-FACTOR D.F. LR CHISQ PROB. PEARSON CHISQ PROB.
1 10 351.86 0.0000 885.96 0.0000
2 40 193.86 . 0000 240.49 0.0000
3 82 53.76 » 9933 52.27 . 9957
9 21 37.37 1.0000 38.02 1.0000
5 52 15.07 1.0000 15.70 1.0000
6 12 1.45 . 9999 1.46 .9999
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household income, ownership, size, type of house, type of
depositor, bank. To avoid this kind of verbalization in
future discussions, it is to be realized that when a higher
order of interaction is considered for a model, the lower
order interactions have to be included as well. (This is

a technical issue discussed in the previous chapter re-
lating to a restriction on the type of hierarchical models
which we utilize throughout our discussion). In other words,
if we are dealing with an interaction of household income
and bank (IB) as second order, the first order of household
income (I) and the first order banking (B) have to be in-
cluded as well. Thus, we will eliminatelthe repetition
once we deal with the higher orders in the future.

Table I1I shows the fitted values for the model de-
picted above. As you will note the standardized residual
values do not vary greatly from zero and are seemingly
symmetrical, and contain both positive and negative values.
As noted, standardized residuals equals the observed value
minus the fitted value all over the square root of the
ficted value. (S.R.=(0-F)/F) This is found in Table IIla.
The standardized residual values are utilized to depict
aberrant behavior at the particular cell levels. A cursory
examination will show the reader that there is no apparent
aberrant behavior Tukey deviates are also included as a
validation to the more familiar standardized residuals.
1974 DATA

The same techniques that were used for the 1972 data
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TABLE III
FITTED VALUES
1972 DATA

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) {5} {0) {H) M} SAVINGS COMMERCE BOTH NEITHER
0o - 1l or OWN SINGLE SMALL .270 -590 1.194 .262
11,999 2 LARGE .101 .221 447 .098

OTHER SMALL 1.212 2.650 5.359 11.178

LARGE -454 .992 2.0086 441

RENT SINGLE SMALL «.523 2.102 3.187 1.500
LARGE . 060 .242 « 366 .172

OTHER SMALL . 088 . 354 . 537 .253

LARGE ~010 .041 .062 .029

3 or OWN SINGLE SMALL .138 +302 611 .134
4 LARGE .052 .113 . 229 050
OTHER SMALL .789 1,728 3.489 . 767

LARGE « 295 .646 1.306 . 287

RENT SINGLE SMALL .268 1.076 1.631 .T76R
LARGE .031 «124 .188 .08as

OTHER SMALL 057 «230 . 349 . 164

LARGE . 007 .026 .040 .019

5 or OWN SINGLE SMAILL .028 .054 109 .024
MORE LARGE . 009 .020 .041 . 009
OTHER SMALL . 384 .839 1.697 .373

LARGE .144 .314 635 .110

RENT SINGLE SMALL . 048 .193 .292 .137
LARGE . 006 .022 034 .016

OTHER SMALL .028 «112 .170 . 080

LARGE . 003 .013 020 . 009
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TABLE III (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B}

(I} {S) (0) {H) {M) SAVINGS COMMERCE BOTH NEITHER
12k - 1l or OWN SINGLE SMALL .248 1.082 1.690 .179
29,999 2 LARGE .093 . 405 632 .067
OTHER SMALL 1.116 4.859 7.585 . 806

LARGE .418 1.819 2.839 «302

RENT SINGLE SMALL .481 3.854 4.511 1.02%

LARZE .0585 443 .519 .118

OTHER SMALL 081 .649 . 760 .173

LARGE . 009 .078 ., 087 . 020

3 or OWN SINGLE SMALL .527 2.297 3,586 .381

4 LARGE .197 .860 1.342 .143

OTHER SMALL 3.012 13.118 20.478 2.175
LARGE 1,127 4.910 7.665 .914

RENT SINGLE SMALL 1,021 8.181 9.575 2,176
LARGE .17 940 1.101 .250

OTHER SMALL .219 1.7583 2.051 . 466

LARGE .025 .201 .236 .054

5 or OWN  SINGLE SMALL .163 . 709 1.107 .118
MORE LARGE .061 . 265 .414 .044
OTHER SMALL 2.527 11.005 12.179 1.824

LARGE .946 4.112 6,430 .683

RENT  SINGLE SMALL .315 2.525 2.955 .671
LARGE .036 . 290 .340 .077

OTHER SMALL 184 1.470 1.721 391

LARGE .021 169 .198 045
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TABLE III (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY! BANX {B)

(X (s) (0) (H) (M) SAVINGS COMMERCE BOTH NEITHER
310k and ) or OWN SINGLE SMALL .271 .505 1,283 .131
cver 2 LARGE .101 .189 .480 049

OTHER SMALL 1,216 2.269 5,762 .590

LARGE .455 849 2,157 .221

RENT SINGLE SMALL . 525 1.800 3.427 . 750
LARGE .060 . 207 .394 .086

OTHER SMALL .088 .303 577 .126

LARGE .010 .035 .066 .015

3 oxr OWN  SINGLE SMALL .383 .714 1.814 .186
4 LARGE .143 .267 .679  .069
OTHER SMALL 2.156 4,079 10,359 1.060

LARGE 818 1.527 3.877 . 397

RENT SINGLE SMALL ,741 2,544 4.844 1.061
LARGE .Q8s .292 . 557 .122

OTHER SMALL .159 .545 1.038  .227

LARGE .018 .063 .119 .026

5 ar OWN SINGLE SMALL .181 .338 .860 .088
MORE LARGE - 068 .127 322 .033

OTHER SMALL | 2.816 5.254 13.342 1,365
LARGE | 1.054 1.966 4.224 .511

RENT SINGLE SMALL .351 1,205 2.295 .503
LARGE .040  ,139  .264 058

OTHER SMALL .20  .702 1.336 .293

LARGE 024  ,081  .154 .034
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TABLE IIY a

STANDARDIZED
RESIDUALS

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (8) (0) {H) (M) SAVINGS COMMERCE BOTHE NEITHER
o - 1l or OWN SINGLE SMALL 1.405 .533 1.653 =.512
11,999 2 LARGE -.318 -.470 .828 ~,313

OTHER SMALL -.193 .830 -1.883 -.164

LARGE .811 -.996 .702 -.664

RENT  SINGLE SMALL -.723 -.070 -.105 . 409
LARGE -.245 -.492 1,047 -.415

OTHER SMALL ~.297 1.086 .632 -,503

LARGE -.101 -.202 -.248 -.170

3 or OWN SINGLE SMALL ~-.372 1,270 -.782 -,367
4 LARGE -.227 -.336 -.478 -.224
OTHER SMALL .238 -.,552 -1.868 -.876

LARGE -.543 -.804 .607 -.536

RENT SINGLE SMALL ~.517 .891 2.637 2.548
LARGE -.175 ~.352 -.433 -~.297

OTHER SMALL -.239 -.480 1.100 ~.405
LARGE -.081 -.163 -~.,200 -.137

5 or OWN SINGLE SMALL -.157 -.233 2.693 -=,155
MORE LARGE -.096 -.142 -,202 ~.095
OTHER SMALI -.620 -.916 ~-.535 1l.026

LARGE 2.259 ~.560 -.797 =.374

RENT SINGLE SMALL -.219 -.439 -.540 =-.371
LARGE -.074 -,149 -,183 -,126

OTHER SMALL ~-.167 2.652 2.013 =-.,283
LARGE -.157 -.114 -.140 =-.,096
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TABLE III a (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B}

(I) {S) {(0) {H) (M) SAVINGS COMMERCE BOTH NEITHER
12k = l or OWN SINGLE SMALL 1.508 -.079 ~1.300 =-.424
29,999 2 LARGE -.305 =-.636 2.977 -.259

OTHER SMALL -.109 .271 -.212 -.898

LARGE . 901 -. 607 .689 ~, 549

RENT SINGLE SMALL . 748 .074 -1,653 -.025
LARGE -.238 .837 2.057 =,343

OTHER SMALL -.285 -, 8086 -,872 1.991

LARGE -, 097 -,273 -,294 -.141

3 or OWN SINGLE SMALL -.726 ~-.856 ~-.310 -.617
4 LARGE -.444 -.927 -1.152 ~.378
OTHER SMALL 1.146 1.348 -.327 1.916

LARGE |-1.062 -2.216 .482 =,902

RENT SINGLE SMALL -.021 . 985 «.784 .559
LARGE -.343 -,970 -.096 -,500

OTHER SMALL -.468 . 187 -1.432 -.683

LARGE -.159 -.449 1.574 -.231

5 or OWN SINGLE SMALL -.403 1.533 -1.052 2.574
MORE LARGE -, 247 -.515 .910 -.210
OTHER SMALL .298 .601 -.043 130

LARGE =-,972 =1.5317 .225 -.826

RENT SINGLE SMALL -.561 =-.960 1.190 -.819
ums —.190 -.539 1.133 --278

OTHER SMALL -,428 1.262 «213 =-.625

IARGE -.145 -,.411 ~.445 ~-,212
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HHINC HHLSZ OWN

(I}

TABLE III a (Continued)

HOUSE TOTMONY

BANK (B)

30K and 1 or OWN

Ovar

-43-

{3) (Q) (H) M} SAVINGS COMMERCE BOTH NEITHER
SINGLE SMALL -.520 . 696 -1,133 2,397

2 LARGE -.318 -.435 .750 -.222
OTHER SMALL -.196 .485 -.734 ~-.768

LARGE .B0O8B 164 1.936 -.470

RENT SINGLE SMALL . 656 . 149 -1,311 -.866
LARSE -, 246 -.455 .966 -.294

OTHER SMALL =.297 =-.551 1.873 -.355

LARGE -.101 -.187 -.258 -.121

3 or OWN SINGLE SMALL -,619 .338 -,604 -.431
4 LARGE =.379 -.517 1.603 ~.264
OTHER SMALL -.802 1.446 -.733 .913

LARGE .201 =1.236 3.109 -.630

RENT SINGLE SMALL .300 <=1.595 -.838 -1.030
LARGE -.292 1.309 .594 -.349

OTHER SMALL 2.111 .616 =1.019 -.477

LARGE -.135 -.250 -.345 =-.162

5 or OWN SINGLE SMALL -.426 1.137 2152 -.297
MORE LARGE -,261 -.356 1.196 ~.181
OTHER SMALL .110 .326 -.641 1.399

LARGE | —--053 -.689 1.345 -.715

RENT SINGLE SMALL 1.095 =1.098 -.855 .702
OTHER SMALL -.452 .356  -1,156 1.308

LARGE -.153 -.284 -.392 -,183



TABLE III b
FREEMAN - TUKEY DEVIATES

HHINC HHLSZ OWN HOUSE TOTMONY! BANK (B)
(I) (s) (0) (H) (M) SAVINGS COMMERCE BOTH NEITHER
c - l or OWN SINGLE SMALL . 972 581 1,329 -.432
11,999 2 LARGE ~-.185 ~-.372 .745 -.180
OTHER SMALL -. 004 . B30 2,323 ,024
LARGE 737 =1.229 .728 -.663
RENT SINGLE SMALL -.758 .079 .024 501
LARGE -.114 -.402 .844 -.,300
OTHER SMALL -.163 .860 .640 -.418
LARGE ~-.020 -.078 -.117 -.D%6
3 or OWN SIMLE SMALL -.246 .928 -.856 =-.240
4 LARGE | --099 -.205  -.384 -,096
OTHER SMALL .376 =-.396 -2,867 -1,017
LARGE -.477 -.893 .651 -.466
RENT SINGLE SMALL -.439 .843 1,942 1.71S
LARGE | --060 -.223  ~.323 -,163
mn mu -.109 -.386 .866 -.287
mg - 013 - 052 -.0‘77 -.037
s or m SImE m -.048 --103 1.215 --047
MORE LARGE -.018 -.040 ‘.079 -.018
OTHER SMALL -.592 -1.087 ~.377 .B35
LARGE 1.159 -.502 -,882 -.,249
RENT SINGLE SMALL -.092 -.330 -. 472 =.245
LARGE -.011 -,043 -, 065 =,0131
OTHER SMALL -.054 1.211 1.118 ~.149
LARGE -.006 -.025 ~-,038 ~-.018
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TABLE III b {Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK {B)

(L) (s) {0) (H) {M) SAVINGS COMMERCE BOTH NEITHER
12k = ) or OWN SINGLE SMALL | 1.002 .106 ~-1.785 -,311
29,993 2 LARGE -.171 -,619 1.853 =.126

OTHER SMALL .077  .954 -.124 -1.055
LARGE .780 -.462 .721 -.485
RENT SINGLE SMALL . 704 +184 =1.9580 .1586
LARZE ~.105 .749 1.393 =.213
OTHER SMAILL -, 151 -.,896 -1.010 1.11l4
LARGE -.018 ~-.139 ~.162 -.039
3 or OWN SINGLE SMALL -.763 -.778 -.185 -.589
4 LARGE -.338 -1.107 -1.524 =-.253
OTHER SMALL 1.073 1.289 -,27% 1.571
LARGE |-1.347 ~3.543 .536 -1.063
RENT SINGLE SMALL .159  ,973 ,801  .617
LARGE -,212 -1.182 .090 -.414
OTHER SMALL -.369 ,316 ~2,034 ~-.692
LARGE -.049 -,.344 1.020 -.102
5 or OWN SINGLE SMALL -.285 1l.188 ~1.330 1.202
MORE LARGE -.115 =-.436 .784 -.084
OTHER SMALL .399 .638 .016 . 266
LARGE =-1.187 =1.766 .305 ~,932
RENT SINGLE SMALL -.504 =-.517 i.108 =-.920
LARGE -, 070 =-.470 .878 -.144
~.317 1.109 L339 -,601

OTHER SMALL
IARGE -.041 =-.295 -, 388 ~,086
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TABLE III b (Continued)

HHINC HHLSZ OWN

(I)

HOUSE TOTMONY

BANK (B)

30K and 1 o OWN

over

(s) (0) {8) (M) SAVINGS COMMERCE BOTH NEITHER
SINGLE SMALL ~.443 676 =1,477 1.179
2 LARGE -.186 -,325 .705 -.094
OTHER SMALL -.007 . 558 -.668 -.833
LARGE .735 «317 1.583 =,372
RENT SINGLE SMALL .654 .283 ~1,421 -1.000
LARGE -~.114 -.352 .809 =_160
OTHER SMALL -.163 -.487 1.327 =,227
LARGE -.020 -.067 ~.125 =-.029
3 or OWN SINGLE SMALL -.591 . 450 -.459 -,320
4 LARGE -.254 -.439 1.219 -.130
OTHER SMALL -. 707 1,313 ~.686 . 857
LARGE .347 -1.666 2.416¢ -.608
RENT SINGLE SMALL 423 -2,343 -.782 =1.290
LARGE -.158 .941 .618 ~-,220
OTHER SMALL 1.135 .631 -1,269 -,382
LARGE =,036 -,118 -.215 -.051
5 or OWN SINGLE SMALL -.314 . 880 .308 =,163
MORE LARGE -.128 -, 227 .902 =,064
OTHER SMALL . 230 403 -.593 1.190
Lmz .130 - 563 10 249 - 745
.863 -~1.413 -.776 679

RENT SINGLE SMALL * .
LARGE -.,078 -. 247 -.434 -,110
OTHER SMALL -.348 .463 ~1.519 <941
LARGE -.046 -.150 -,271 ~.065
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were also applied to the 1974 data. Table IV shows a
table for the 343 observations with 288 cells. Again,
the table is examined and an apprepriate unsaturated
model can be determined. Table V represents the fully
saturated table utilizing a delta .5 in all the cells
which contain zero. Again it must be noted that since
we have 288 cells and only 343 frequencies, obviously
there 1s sparseness in the table. By adding this delta
factor, the table of K factors depicting the appropriate
likelihood ratio probability and Pearson chi-square
probability determines that models containing third order
interactions are required. Again, through many iter-
ations it was determined that the appropriate higher
order model would contain BHO, BSI, HS, 0OS, MO, MS, MI,
HI. The fitted values for this model can be examined

in the beginning of Table VI. On Page 59 of Table VI,
the standardized residuals are calculated in a similar
manner as was done for the 1972 data. Again, these Free-
man-Tukey deviates are examined; the generated values
appear to be symmetrical around zero with a similar
number of pluses and minuses leading us to believe that

we have both a parsimonious and good fit.

FITTING THE 1972 MODEL TO THE 1974 DATA
Examining both the 1972 data and the 1974 data has

resulted in two different models being developed. To

see if eicher of these models would be most appropriate
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TABLE IV

MARGINAL TOTAL
SATURATED MODEW

1974 DATA

HHINC HHLSZ OWN HOUSE TOTMONY] BANX (B)

() (s) (0) {H) (M) SAVINGS COMMERCE BOTH NEITHER
0~ 1 or OWN SINGLE SMALL 1 u 2 2
11,999 2 LARGE 0 0 1 0

OTHER SMALL 1 1 1] 4

LARGE 1 1 5 0

RENT SINGLE SMALL 0 2 3 5
LARSE 0 0 1 0

OTHER SMALL 4] 0 0 1

LARGE 0 0 0 C

3 or OWN SINGLE SMALL 0 0 0 3
4 LARGE Q o o] 0
OTHER SMALL 1 3 a 1

LARGE 0 0 0 o]

RENT SINGLE SMALL 0 2 3 0
LARGE 0 0 1 0

OTHER SMALL 0 0 0 0

LARGE 0 0 0 ]

S or OWN SINGLE SMALL 0 0 0 1
MORE LARGE 1 0 0 0
OTHER SMALL 1 0 1 1

LARGE 0 0 o 0

RENT SINGLE SMALL 0 1 0 )
LARGE 0 0 0 0

OTHER SMALL 0 1 0 0

LARGE 0 0 0 0
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TABLE IV (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY] BANK (B)

(1) (8) {0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
12K - 1 or OWN SINGLE SMALL 1 2 0 2
29,999 2 LARGE 0 0 2 0

OTHER SMALL 3 6 2 3
LARGE 2 2 12 0
RENT SINGLE SMALL 2 0 2 1
LARGE 0 1 1 0
OTHER SMALL 0 0 2 0
LARGE Q Q 1 0
3 or OWN SINGLE SMALL 0 1 1 0
4 LARGE 0 1 2 0
oTRER suArLr | 13 ¢ 23 8
LARGE 3 1 ? 0
RENT SINGLE SMALL g g g ;
LARGE
OTRER SALL | o o o
LARGE
5 or OWN SINGLE SMALL 1 1 3 1
MORE LARGE 0 0 1 )
OTHER SMALL 9 1l 12 7
LARGE 2 0 8 0
RENT SINGLE SMALL 1 1 5 0
LARGE 0 ) 0 0
OTHER SMALL ¢ 3 2 0
LARGE 0 0 0 0
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TABLE IV {Continued

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (S) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
30K and 1 or OWN SINGLE SMALL 1 0 0 0
over 2 LARGE 1 0 0 0

OTHER SMALL 2 2 2 1

LARGE 3 0 4 0

RENT SINGLE SMALL 0 0 0 1
LARGE 0 0 1 0

OTHER SMALL 1 0 0 0

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 0 o 1
4 LARGE 1 0 2 0
OTHER SMALL 4 4 4 1

LARGE 1 0 4 0

RENT SINGLE SMALL 1 1 1 0
LARGE 1 0 0 0

OTHER SMALL 1 0 0 0

LARGE 0 0 o )

S or OWN SINGLE SMALL 0 0 0 0
MORE LARGE 0 0 0 0
OTHER SMALL 1 8 8 1

LARGE 2 2 7 0

RENT SINGLE SMALL 1 0 o 0
LARGE 0 0 0 0

OTHER SMALL 0 0 0 0

LARGE 0 0 0 0
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K-PACTOR

[ TN T -SRI X

D.F
10
40
82
91
52
12

TABLE IV a

RESULT OQF FITTING

ALL K-FACTOR MARGINALS

LR CHISQ
435.63
324.80

80.15
18.17
.79
.16

PROB
¢.0000
0.0000

.5373

.5942
1,0000
1.0000
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PERRSON CHISQ
838.17
561.93
104,75
106,28

» 40
.08

PROB.
0.0000
0.0000

0459

.1305
1.0000
1.0000



TABLE V
SATURATED MODEL
WITH DELTA = 0.5

1974 DATA
HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
0 - 1l or OWN  SINGLE SMALL 1 0 2 2
11,999 2 LARGE 0 0 1 0

OTHER SMALL 1 1 0 4

LARGE 1 1 5 0

RENT SINGLE SMALL 0 2 3 5
LARSE 0 0 1 0

OTHER SMALL 0 o 0 1

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 0 0 3
4 LARGE 0 o 0 0
OTHER SMALL 1 3 0 1

LARGE 0 0 0 0

RENT SINGLE SMALL 0 2 3 0
LARGE 0 0 1 0

OTHER SMALL 0 0 0 0

LARGE 0 0 0 0

S or OWN SINGLE SMALL 0 0 0 1
MORE LARGE 1 0 0 0
OTHER SMALL 1 0 1 1

LARGE o 0 0 0

RENT SINGLE SMALL 0 1 0 0
LARGE 0 0 0 0

OTHER SMALL 0 1 0 0

LARGE 0 0 0 0
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TABLE V (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK(B)
(1) sy (o) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
12k - 1 or OWN SINGLE SMALL 1 2 0 2
29,999 2 LARGE 0 0 2 0
OTHER SMALL 3 6 2 3
LARGE 2 2 12 0
RENT SINGLE SMALL 2 0 2 1
LARSE 0 1 1 0
OTHER SMALL 0 0 2 0
LARGE 0 0 1 0
3 or OWN SINGLE SMALL 0 1 1 0
4 LARGE 0 1 2 0
OTHER SMALL 13 9 23 8
LARGE 3 1 2 0
RENT SINGLE SMALL 6 9 8 3
LARGE 0 0 o 0
OTHER SMALL 0 1 0 2
LARGE 0 0 0 )
5 or OWN  SINGLE SMALL 1 ; 3 ;
MORE LARGE Y 1
OTHER SMALL 9 1 12 7
LARGE 2 0 6 0
RENT SINGLE SMALL 1 1 3 o
LARGE 0 0 0 0
OTHER SMALL 0 3 2 0
LARGE o 0 0 0
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TABLE V (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

{I} (s) (0} (H) M) SAVINGS COMMERCE BOTH NEITHER
30K and 1 or OWN SINGLE SMALL 1 0 0 )
over 2 LARGE 1 0 o] 0

OTHER SMALL 2 2 2 1

LARGE 3 0 4 0

RENT SINGLE SMALL 0 0 0 1

LARSGE 0 0 1 Q

OTHER SMALL 1 0 o 0

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 0 0 1

4 LARGE 1 ) 2 0

OTHER SMALL 4 4 4 1

LARGE 1 0 4 0

RENT SINGLE SMALL 1 1 1 0

LARGE 1 0 0 0

OTHER SMALL 1 0 0 0

LARGE 0 0 0 0

S or OWN SINGLE SMALL 0 0 Y s

MORE LARGE 0 o 0 0

OTHER SMALL 1 8 8 1

LARGE 2 2 7 0

RENT SINGLE SMALL é g g g
LARGE

OTHER SMALL 0 0 0 0

1ARGE 0 0 e (8]
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K-FACTOR
0 (MEAN)
1

LY I PV )

D.F.
287
277
237
15%
64
12

LR CHISQ
626.57
323.76
125.31
59.13
12.49
1.28

TABLE V a
1974 DATA

RESULTS OF PITTING
ALL K-FACTOR MARGINALS

PROB.
¢.0000
0279
1.0000
1.0000
1.0000
. 9999

PEARSON CHISQ
1132.13
416.85
129.13
60.40
13.14
1.28

A Simultaneous Tesat That All K-Pactor Interactions Are Zero.

The Entries Are Differences In The Above Table.

K~FACTOR

h W A W N

D.F.

10
40
a2
91
52
12

LR CHISQ PROB.
302.81 0.0000
198.44 .0000

66.19 .8983
46 .64 1.0000
11,21 1.0000

1.28 .9999
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PEARSON CHISQ
715.28
287.72

68.74
47.26
11.86

1.28

PROB
0.0000
. 0000
1.0000
1.0000
1.0000
. 9999

PROB
0.0000
C¢.0000

.8519
1.0000
1.0000

9999



TABLE VI
PITTED VALUES OF THE MODEL

1974 DATA
HHINC HHLSZ OWN HOUSE TOTMONY| BANK(B)
(I) {5} {0) {H) {M) SAVINGS COMMERCE BOTH NEITHER
Qo - l or OWN SINGLE SMALL 367 . 304 1.385 2,218
11,999 2 LARGE 227 .189 .859 1.375
OTHER SMALL .788 985 3.174 2.732
LARGE .488 .611 1.968 1.693
RENT SINGLE SMALL . 944 1.526 3.810 3.197
LARSE 127 . 206 .514 «431
OTHER SMALL .051 157 254 . 308
LARGE 007 .021 .034 .042
3 oar OWN SINGLE SMALL 162 . 497 .612 . 986
4 LARGE .030 . 091 112 .180
OTHER SMALL .324 1.492 1,303 1.127
LARGE .059 .272 .238 . 206
RENT SINCLE SMALL . 390 2.327 1.573 1.328
LARGE L0185 .092 062 . 053
OTHER SMALL .020 + 222 Q97 .119
LARGE 001 .009 . 004 . 005
5 or OWN SINGLE SMALL . 273 .173 129 .422
MORE LARGE .044 .028 021 .069
1.017 .972 .511 . 901
OTHER SMALL
LARGE .165 .158 .083 .147
443 .548 .223 .383
RENT ST SMALL *
NGLE LARGE .016 .019 008 .014
OTHER SMALL .041 098 .026 .064
LARGE 001 -003 .001 .002
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TABLE VI ({(Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK(B)

(1) (s)y (o) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
12k = 1 or OWN SINGLE SMALL .470 .406 1.213 ,560
29, 999 2 LARGE .415 .359  1.071  .495

OTHER SMALL 2,893 3.766 7.956 1.974
LARGE 2.556 3.326 7.028 1.744

RENT SINGLE SMALL 1,211 2.038 3.335 . 807

LARSE .233 + 391 .641 .155
OTHER SMALL .187 .601 <636 . 223
LARGE .036 «115 .122 .043

l or OWN SINGLE SMALL 1.936 1,195 3.545 1.673
4 LARGE .503 311 .922 . 435

OTHER SMALL [11.059 10.283 21.590 5.477
LARGE | 2.876 2.674 5.614 1.424

RENT SINGLE SMALL 4.658 5.600 2.109 2.253

LARGE . 263 .317 .518 .127

OTHER SMALL .667 1.532 1.612 .577

LARGE .038 .087 .091 .033

E or OWN SINGLE SMALL . 786 .614 l.642 .787
MORE LARGE .182 . 143 .381 .182

OTHER SMALL | 8-387 9.871 18.670 4.807
LARGE | 1.945 2.289 4.330 1.115

RENT SINGLE SMALI | 1-276 1.942 2.846 715

LARGE .064 .098 144 .136
OTHER SMALI .341 4992 .940 -341
1ARGE 017 .050 .047 017
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TABLE VI

{Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) {S) (0) (H) (M) SAVINGS COMMERCE BOTH NEITHER
30k and ] or OWN SINGLE SMALL 227 036 . 186 .092
over 2 LARGE .428 .068 . 351 .173

OTHER SMALL 2.191 527 1.915 . 509

LARGE 4.134 . 995 3.614 . 959

RENT SINGLE SMALL .584 .182 511 .132
LARGE . 240 075 . 210 .054

OTHER SMALL 141 .084 .153 .057

LARGE .058 -.034 063 .024

3 or OWN SINGLE SMALL .478 « 166 . 547 .171
4 LARGE « 266 .092 . 304 .095
OTHER SMALL 4,292 2.246 5.231 .881

LARGE 2.384 1.247 2,905 . 489

RENT SINGLE SMALL 1.151 779 1.405 .231
LARGE » 139 . 094 -170 .028

OTHER SMALL . 259 .335 +391 .093

LARGE .031 . 040 .047 .011

5 or OWN SINGLE SMALL .137 .220 .482 . 057
MORE LARGE .068 .109 239 .028
OTHER SMALL 2.303 5.540 8.600 . 545

LARGE 1.141 2.744 4.264 270

RENT SINGLE SMALL .223 .694 B35 .052
LARGE .024 075 . 090 . 006

OTHER SMALL 094 «557 «434 039

IARGE 010 . 060 047 . 004
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TABLE VIa
STANDARDIZED RESIDUALS

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) {8) (0) (H) (M) SAVINGS COMMERCE BOTH NEITHER
0 - 1 or OWN  SINGLE SMALL 1.046 =-,552 .522 -.146
11,999 2 LARGE -.477 -.434 ,152 =1.173

OTHER SMALL .239 .015 -1.782 .767

LARGE .732 .498 2.162 -1.301

RENT SINGLE SMALL -.972 .383 -,415 1.008
LARGE ~.357 ~.454 679 =~.656

OTHER SMALL -.226 -.39¢ -.504 1,247

LARGE -.083 ~.146 -.185 =-.204

3 or OWN SINGLE SMALL -.403 =-,705 =.783 2.029
4 LARGE | .. 172 =-,301 -.334 -.424

OTHER SMALL 1.189 1.234 -1,141 =-.120
LARGE ~.243 -.,522 ~.488 -.454

RENT SINGLE SMALL -.625 -.214 1.137 -1.152
LARGE ~.124 -.304 3.752 ~.230

OTHER SMALL -.140 ~. 472 -.312 -.345
LARGE -.028 -.094 -.062 ~,069

S or OWN SINGLE SMALL -.522 ~.416 -.359 890
MORE LARGE 4.534 -,168 -.145 -,262

OTHER SMALL -.017 -.986 685 -105
LARGE -.407 -.398 -.288 -.383

RENT SINGLE SMALL |-.665 .611 ~.472 -.619
LARGE {-.125 ~-.139 -.089 =~-.116

OTHER SMALL -.203 2.886 -.160 -.253
LARGE -.038 -.059 -.030 =~.048
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TABLE VI a (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER
12k - 1 or OWN SINGLE SMALL ,773 2,500 =-1,101 1.925
29,999 2 LARGE -.644 -.599 .897 -.703

OTHER SMALL . 063 1.151 =2.112 .730

LARGE -.348 -.727 1.875 -1.321

RENT SINGLE SMALL .717 =1.427 -.731 .215
LARSGE -.482 .973 .449 ~,394

OTHER SMALL -.432 -.775 1.710 ~,472
LARGE -.189 -.340 2,512 =-.207

3 or OWN SINGLE SMALL -1.391 -.178 ~1.352 -1.294

4 LARGE -.709 1.236 1.123 -.660
OTHER SMALL .584 -.400 .303 1l.078

LARGE .073 -1.024 1.429 ~1.193

RENT SINGLE SMALL 622 1.437 -.367 . 497
LARGE ~.513 ~,5613 -.718 =.357

OTHER SMALL -.817 -.430 =1.270 .557

LARGE -.194 -.294 -,302 -.181

5 or OWN SINGLE SMALL .241 -492 1.060 . 241
MORE LARGE -.427 -.378 l.c03 =-.427
OTHER SMALL .212 .359 ~1.544 1.000

LARGE .033  -1.513 .802 -1.056

m s:mu m -.244 -.676 1.277 -.845
LARGE | --254  -,313 -.379 -.190

Orm m -.584 2.016 1.093 ".584

LARGE ~.131 -, 224 -.218 ~_.131
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HHINC HHLSZ OWN

(1)

TABLE VI & (Continued)

HOUSE TOTMONY

BANK (B)

30k and 1 or OWN

over

(S) {(0) (H) (M) SAVINGS COMMERCE BOTH NEITHER
SINGLE SMALL 1.624 -.190 -.431 -.303

2 LARGE .875 -, 261 -,592 -.416
OTHER SMALL -.129 2.029 .061 .689

LARGE -.558 -.997 .203 -.,980

RENT SINGLE SMALL -.764 -.426 -.715 2,385
LARSE -.489 -.273 1.726 =~.233

OTHER SMALL 2.283 -,290 -.391 -.239

LARGE -.241 -.186 -.251 =.153

3 or OWN SINGLE SMALL -.692 -.408 -.739 2.002
4 LARGE 1.425 -.304 3.078 -.309
OTHER SMALL -.141 1.171 -.538 .127

LARGE -.896 -1.117 .642 -,700

RENT SINGLE SMALL -.141 . 251 -.342 ~-.480
LARGE 2,310 -,.307 -.412 =~.167

OTHER SMALL 1.457 -.578 -.625 =-.305

LARGE -.177 -.201 -.217 -~-.106

S or OWN SINGLE SMALL -.371 -.469 -.694 -,238
MORE LARGE -.261 =-.330 -.489 =_168
OTHER SMALL -.858 1,045 -.207 .616

LARGE . B0OS -.449 1.325% =~.520

RENT SINGLE SMALL 1.645 -.833 -.914 =-.227
LARGE -.155 ~.273 -.300 =-.07S

OTHER SMALL -.306 -,746 -~.658 -,197

LARGE -.100 ~,245 -.216 ~-.065
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TABLE VI b

FREEMAN-TUKEY DEVIATES

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(I} (s) (0} (H) {M} SAVINGS COMMERCE BOTH NEITHER

o - 1l or OWN SINGLE SMALL .844 -.489 .589 . 004
11,999 2 LARGE -.382 =,325 .308 =1.549
OTHER SMALL - 377 191 =2,701 .783

LARGE .696 +559 1.707 -1.788

RENT SINGLE SMALL ,-1.185 .481 -.298 972

LARGE -,228 -, 350 667 -=.8650
OTHER SMAILL -.097 -~.276 -.419 .920
LARGE -.014 -.042 -.066 -.080

3 or OWN SINGLE SMALL -, 284 -, 728 -.857 1.509

4 LARGE -,058 ~-.167 -.203 -.311
OTHER SMALL .899 1,092 -=1,492 .067

LARGE -.112 -.445 -.397 =~.350

RENT SINGLE SMALL -.600 -.064 1,030 -1.512
LARGE -.031 -.170 1.296 -.100

OTHER SMALL -.038 -.375 -.179 -.214

LARGE -.002 -.017 -.008 ~-,009

S or OWN SINGLE SMALL -.446 ~.301 -.231 . 775
MORE LARGE 1.329 -.055 ~.041 ~,129
OTHER SMALL .163 =1.211 .870 . 269

LARGE -.28B9 -.278 -.154 =-,260

RENT STNGLE SMALL -.665 .628 -.375 =,592

LARGE -.031 -.038 ~.016 =-.027

OTHER SMALL =.080 1.235 -.050 =-,121
LARGE -.003 -.007 -.002 -,008




TABLE VI P (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(I) (s) (0) {(B) (M) SAVINGS COMMERCE BOTH NEITHER
12K ~ 1 or OWN SINGLE SMALL <717 1.526 -1.419 1l.346
29,999 2 LARGE -.631 -.561 .847 -.726

OTHER SMALIL .186 1.087 =-2.583 . 749

LARGE -.204 -,636 1.674 -1.824

RENT SINGLE SMALL 729 =2,025 -.641 »358
LARZE ~.389 «812 .527 =,273

OTHER SMAIL -.322 ~.845 1.264 -.375

LARGE | --069 =-.209 1.194 -.082

3 or OWN SINGLE SMALL {.3_957 .010 =1.482 -1.774
4 LARGE -.736 .917 .981 ~-.655
OTHER SMALL .622 -.329 .348 1.042

LARGE .196 =1.006 1.319 -1.588

RENT SINGLE SMALL .665 1.325 -.290 .568

LARGE ~.433 -.506 -.749 =-.229

OTHER SMALL -.915 -.256 -1.729 596
LARGE -.073 =-.160 -.168 ~.063

5 or OWN SINGLE SMALL .378 . 555 . 981 .378
MORE LARGE -, 315 -.253 .826 -.315
OTHER SMALL .284 .418 =1.630 . 976

LARGE .183 -2.187 .815 -1.337

RENT SINGLE SMALL -.087 -.547 1.167 =-.964

LARGE ~.121 -.180 -.255 =-.070

OTHER SMALL | --538 1.503 .964 -.538
LARGE | -.034 -.096  -.091 -.034
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TABLE VI b (Continued)

BANK (B)

HHINC HHLSZ OWN HOUSE TOTMONY
(1) (s) (0) {(R) (M) SAVINGS COMMERCE BOTH NEITHER
30k and 1 or OWN SINGLE SMALL 1.033 -.070 -.320 -,169
over 2 LARGE .768 -.128 -.550 -.301
OTHER SMALL .021 1.383 .203  .672
LARGE -.456 ~1.231 .305 ~1.199
RENT SINGLE SMALL -.826 -.314 -.745 1.178
LARGE -.399 -.139 1.058 =-.103
OTHER SMALL 1.163 -.156 -.270 -.109
LARGE -.110 -.067 -.119 ~-.046
3 or OWN SINGLE SMALL =-.707 -.290 -.785 1.116
4 LARGE .978 -.170 1.658 =.175
OTHER SMALL -.026 1.076 -.446 .287
LARGE -.831 -1.447 .684 =.720
RENT SINGLE SMALL .047 . 306 -.159 -.387
LARGE 1l.1e7 -.1713 ~.296 ~.054
OTHER SMALL .988 ~.529 -.601 =-.171
LARGE -.061 -.078 -.090 -.022
S or OWN SINGLE SMAILL -.245 -.370 -.711 -,108
MORE LARGE -.128 -.198 -.398 =-.0S5
LARCE . 788 -.315 1.225 -.442
RENT SINGLE SMALL 1.039 -.943 -1.084 -.098
LARGE -.047 -.140 -.166 -.0l1l
OTHER SMALL -.172 -.796 -.654 -.075
LARGE -.020 ~.114 -.089 -,008
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for both sets of data, we will examine one year's set
of data using the other year's model. Initially, we
will deal with ficting the 1972 model to the 1974 data.
As can be seen from Table VII, the technique utilized
to fitting the model is similar to the techniques utilized
to fit the previous models. The only difference is
that the particular variables utilized in the fitting of
the model are based on 1972's data and we are applying
them to the 1974 data. On Page 69 (Table VIIb) we
note that fitting the model BI, BO, MO, HO, SI and HS
results in a likelihood ratio probability that exceeds
.05 but a Pearsonian chi-square probability of less
than .05 and, thus, for the 1974 data it is shown that
the 1972 model does not fit and cannot be utilized to

describe the 1974 data.

FITTING THE 1974 MODEL TO THE 1972 DATA

Following the above procedure, Table VIII shows the
fitting of the 1974 model to the 1972 data. In this
case, after all is taken place, it can be seen that this
model does not fit the earlier vear's data. Thus, the
most parsimonious model for both years is the model
that includes BHO, BSI, HS, 0S, MO, MS, MI, and HI.

This model resulted in a likelihood ratio probability
of .9245 and Pearson chi-square probability of .8453 well
in excess of the required .05 and, thus, represents a

parsimonious and good fit. Thus, it can be stated that
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TABLE VII

FITTING THE 1972
MODEL TO THE 1974
DATA

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(I) {s) (0) {H} (M) | SAVINGS COMMERCE BOTH NEITHER

0 - 1 or OWN SINGLE SMALL 1 0 2 2

11,999 2 LARGE 0 0 1 0

OTHER SMALL 1 1 0 4

LARGE 1 1 5 0

RENT SINGLE SMALL 0 2 3 5

LARSE 0 0 1 )

OTHER SMALL 0 0 0 1

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 0 0 3

4 LARGE 0 0 ) 0

OTHER SMALL 1 3 0 1

LARGE 0 0 0 0

RENT SINGLE SMALL 0 2 3 0

LARGE 0 0 1 0

OTHER SMALL Y 0 0 0

LARGE | © 0 ¢ o

5 or OWN SINGLE SMALL 0 0 ) 1

MORE LARGE 1 0 ) 0

OTHER SMALL L 0 1 1

LARGE 0 " 0 0

RENT SINGLE SMALL 0 1 0 0

LARGE 0 0 0 0

OTHER SMALL o 1 0 0

LARGE 0 0 0 0
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TABLE VII {Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK(B)

(1) (s) (0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER

12k = 1 or OWN SINGLE SMALL 1 2 o 2

29,999 2 LARGE 0 0 2 0

OTHER SMALL 3 6 2 3

LARGE 2 2 12 0

RENT SINGLE SMALL 2 0 2 1

LARGE O 1 1 0

OTHER SMALL 0 0 2 0

LARGE o 0 1 0

3 or OWN SINGLE SMALL 0 1 1 0

4 LARGE 0 1 2 0

OTHER SMALL 13 9 23 8

LARGE 3 1 9 0

RENT SINGLE SMALL 6 9 8 3

LARGE 0 0 c 0

OTHER SMALL 0 1 0 1

LARGE 0 0 0 0

5 or OWN SINGLE SMALL 1 1 3 1

MORE LARGE 0 ) 1 0

OTHER SMALL 9 11 12 7

LARGE 2 0 6 0

RENT SINGLE SMALL 1 1 5 )

LARGE 0 ) 0 0

OTHER SMALL 0 3 2 o

LARGE 0 0 0 0

-57 -



TABLE VII (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) (0) (") (M) | SAVINGS COMMERCE BOTH NEITHER
30k 1 or OWN SINGLE SMALL 1 0 0 0
and over 2 LARGE 1 o) 0 0

OTHER SMALL 2 2 2 1
LARGE 3 0 4 0
RENT SINGLE SMALL 0 0 0 1
LARGE (4] Q 1 4]
OTHER SMALL 1 0 0 0
LARGE 0 0 ° o
3 or OWN SINGLE SMALL 0 0 0 1
4 LARGE 1 0 2 0
OTHER SMALL 4 4 4 1l
LARGE 1 0 4 ¢
RENT SINGLE SMALL 1 1 1 0
LARGE 1 0 0 0
OTHER SMALL 1 0 0 v
LARGE 0 0 0 0
5 or OWN SINGLE SMALL 0 0 0 0
MORE LARGE 0 0 0 2
1 8 8 1

OTHER SMALL
LARGE 2 2 70
RENT SINGLE SMALL 1 0 o 0
LARGE 0 0 o 0
OTHER SMALL 0 0 o 0
LARGE o ¢ Q 0
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TABLE VII a

RESULTS OF FITTING ALL
K=-FACTOR MARGINALS

K-FACTOR D.F. LR CHISQ PROB. PEARSON CHISQ PROB
1 10 435.63 0.0000 818.17 0.0000
2 40 324,80 0.0000 561.93 0.0000
3 82 80.15 .5373 104.75 . 0459
4 91 87.17 + 5942 106.28 «» 1305
-] 52 .79 1.0000 .40 1.0000
6 12 .16 1.0000 .08 1.0000
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TABLE VIIT

FITTING THE 1974 MODEL
TO THE 1972 DATA

RHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (S) {0} {H) M) SAVINGS COMMERCE BOTH NEITHER

0 - l or OWN SINGLE SMALL 1 1 3 0

11,999 2 LARGE 0 0 1 0

OTHER SMALL 1 4 1 1

LARGE 1 0 3 s}

RENT SINGLE SMALL 0 2 3 2

LARZE 0 o 1 0

OTHER SMALL 0 1 1 0

LARGE Y 0 0 0

3 or OWN SINGLE SMALL 0 1 0 0

4 LARGE 4] 0 0 0

OTHER SMALL 1 1 0 0

LARGE o} 0 2 0

RENT SINGLE SMALL 0 2 5 3

LARGE 0 0 0 0

OTHER SMALL 0 0 1 0

LARGE 0 0 0 0

5 or OWN  SINGLE SMALL 0 o 1 )

MORE LARGE 0 0 0 0

OTHER SMALL 0 0 i1

LARGE 0 ° o o

RENT SINGLE SMALL 0 o 0 0

LARGE 0 0 0 0

OTHER SMALL 0 1 1 0

LARGE 0 0 0 )
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TABLE VIITI {Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) {0) (H) (M) | SAVINGS COMMERCE BOTH NEITHER

12k = 1 or OWN SINGLE SMALL 1 1 0 0

29, 999 2 LARGE 0 ) 3 0

OTHER SMALL 1 7 7 0

LARGE 1 1 4 0

RENT SINGLE SMALL 1 4 1 1

LARGE o 1l 2 0

OTHER SMALL 0 0 0 1

LARGE o] 0 0 o]

1 or OWN SINGLE SMALL 0 1 3 0

4 LARGE ) o 0 0

OTHER SMALL 5 18 19 5

LARGE o 0 9 ¢

RENT SINGLE SMALL 1 11 12 3

LARGE 0 0 1 0

OTHER SMALL ) 2 0 0

LARGE o ° 1 o

5 or OWN SINGLE SMALL 0 2 0 1

MORE LARGE 0 Y 1 0

OTHER SMALL 3 13 172

LARGE Y 1 70

RENT SINGLE SMALL 0 1 5 0

LARGE 0 Y 1 Y

OTHER SMALL 0 3 2 0

LARGE 0 0 0 0
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TABLE VIII (Continued)

HHINC HHLSZ OWN  HOUSE TOTMONY| BANK(B)

(1) (38) (0) (H) M) SAVINGS COMMERCE BOTH NEITHER
30k and 1 or OWN  SINGLE SMALL 0 1 s 1
over 2 LARGE 0 0 1 0

OTHER SMALL 1 3 4 0

LARGE 1 1 5 0

RENT SINGLE SMALL 1 2 1 0
LARSE 0 0 1 0

OTHER SMALL o 0 2 0

LARGE 0 0 0 0

3 or OWN SINGLE SMALL 0 1 1 0
4 LARGE 0 o} 2 o}
OTHER SMALL 1 7 8 2

LARGE 1 0 10 0

RENT SINGLE SMALL 1 Y 3 0
LARGE 0 1 1 0

OTHER SMALL 1 1 0 0

LARGE Q (8] 0 O

% or OWN SINGLE SMALL 0 1 1 0
MORE LARGE 0 Q 1 0
OTHER SMALL 3 6 11 3

LARGE 1 1 8 o

RENT SINGLE SMALL 1 0 1 1
LARGE 0 0 0 0

OTHER SMALL 0 1 c 1

LARGE 0 0 0 )
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K-FACTOR

[T ¥ B - S PUNNS S ]

D.F.
10
40
82
9l
52
12

TABLE VIII (a}

RESULTS COF FITTING ALL

K~-FACTOR MARGINALS

LR CHISQ
511.61
292.22
65.10

82.96
1.18
.33

-73-

PROB.
0.0000
0.,0000

.9147

.7140
1,0000
1.0000

PEARSON CHISQ

1174.84
397.17
71.11
108.00
.64

.17

PROB.
0.0000
0.0c00

. 7991

.1079
1.0000
1.0000



the 1972 model cannot be used on the 1974 data because
of the inconsistency between the likelihood ratio statistic
and the Pearson chi-square as noted in Table VII, but the

1974 model can be applied to the 1972 data.

BANK SWITCHING DATA

Previously, our dependent variable for both the 1972
data and the 1974 data was the bank. There were four
variables considered within the bank: (1) Only a savings
bank account (2) Only a commercial bank account (3) Both
a savings and commercial bank accounts and (4) neither
type of bank account. The switching model contains five
variables that can occur. (1) A change in a savings
bank account only, (2) A change in a commercial bank
account only, (3) A change in both, (4) No change in any
type of bank account and, (5) A switch from savings to
commercial or commercial to savings. What we decided
to do was take a sub-sample of 240 from the 343 items with
regard to the switching characteristic and run similar
tests as we did on the 1972-1974 data.

Table IX depicts the saturated table for the 240
depositors represented in this sub-sample. When these
data are run, it turns out that once again, there is a
large degree of sparseness and by looking at the K factors
it appears that a 4th order interaction results in an
appropriate likelihood ratio statistic and Pearson chi-

square probabilities. This saturated model was fit
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TABLE IX

SATURATED SWITCHING MODEL
FOR SAMPLE OF 240

HHINC HHLSZ OWN  HOUSE TOTMONY| BANK{B)

(1) (s) (0) (H) M) SAVINGS COMMERCE BOTH NON SWITCH
0 - 1 or OWN SINGLE SMALL 0 2 1 0 )
11,999 2 LARGE ) 0 0 1 0

OTHER SMALL 0 2 1 1 0

LARGE 0 1 0 1 o

RENT SINGLE SMALL 0 1 0 4 0
LARGE 0 1 0 0 o

OTHER SMALL 0 0 0 1 Y

LARGE 0 0 0 0 0

3 or OWN SINGLE SMALL o} 0 0 0 0
4 LARGE 0 0 0 0 0
OTHER SMALL 0 0 0 2 0

LARGE 2 0 0 0 0

RENT SINGLE SMALL 0 2 3 k] 1
LARGE o 0 0 o o

OTHER SMALL 0 0 1 o 0

LARGE 0 0 0 0 o)

S or OWN SINGLE SMALL 0 0 1 o o
MORE LARGE 0 0 o o 0
OTHER SMALL 0 0 0 2 0

LARGE O o) Q 1 y]

RENT SINGLE SMALL 0 0 ¢ ¢ 0
LARGE 0 0 0 (1) Q

OTHER SMALL 0 0 1 1 0

LARGE 0 0 0 o 0
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HHINC HHLSZ OWN

TABLE IX

HOUSE TOTMONY

{Continued)

BANK (B}

(I) (s) (0} (H) {M) SAVINGS COMMERCE BOTH NON SWITCH
12k = 1 or OWN SINGLE SMALL 4] o v} 1 0
29,999 2 LARGE 0 1 o 0 0
CTHER SMALL 2 4 1l 6 1
LARGE 1 1 1 2 e
RENT SINGLE SMALL 1 1 1 2 1
LARGE 0 1 1 1 0
OTHER SMALL o 0 Q 0 0
LARGE o a 0 0 0
3 or OWN SINGLE SMALL 1l 2 0 1 0
4 LARGE 0 0 0 0 0
OTHER SMALL 5 S 7 12 2
LARGE 0 3 1 1 2
RENT SINGLE SMALL 1 8 2 7 1
LARGE 0 0 1 0 0
OTHER SMALL o 2 0 0 C
LARGE 0 0 0 1 0
5 or QWN SINGLE SMALL 0 0 o} 1 1
MORE LARGE 0 0 0 0 0
OTHER SMALL 4 7 1 10 2
LARGE 2 3 0 1 1
RENT SINGLE SMALL 0 3 1l 0 0
LARGE 0 c 0 o 0
OTHER SMALL 2 0 0 1 0
LARGE 0 0 0 0 0
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TABLE IX (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(I} (s) (0) {H) (M) SAVINGS COMMERCE BOTH NON SWITCH
30k and 1 or OWN SINGLE SMALL 1 1 0 0 0
over 2 LARGE 0 0 0 0 )

OTHER SMALL 1 2 1 2 0
LARGE 1 1 0 4 0

RENT SINGLE SMALL 2 1 1 0 0
LARSE 0 0 0 0 1

OTHER SMALL o 0 0 0 0
LARGE 0 0 0 0 s

3 or OWN SINGLE SMALL 0 1 1 0 0
4 LARGE 1 o 0 o 0
OTHER SMALL 3 0 2 4 1

LARGE 1 2 1 2 1

RENT SINGLE SMALL 0 2 0 0 0
LARGE 0 0 0 1 0

OTHER SMALL o 0 0 1 1

LARGE 0 0 0 0 0

5 or OWN  SINGLE SMALL 0 1 0 1 0
MORE LARGE 0 1 0 0 o
OTHER SMALL 1 2 4 3 1

LARGE 2 2 0 0 2

RENT SINGLE SMALL 1 Y 0 2 0
LARGE 0 0 0 0 0

OTHER SMALL 0 0 o 1 C

LARGE 0 0 0 0 o



K-FACTOR

AN B W N

TABLE IX a

RESULTS OF FITTING ALL
K-FACTOR MARGINALS

D.F. LR CHISQ PROB.
11 273.36 0,0000
47 189.11 0.0000
101 101.58 .4650
116 96.91 .9007
68 .89 1.0000
16 .23 1.0000

-78-

PEARSON CHISQ
558,00
257.72
179.30

93.39
.46
.12

PROB.
0. 0000
0.0000

. 0000

.9393
1.0000
1.0000



TABLE IX b

FITTING THE SWITCHING MODEL

HHINC HHLSZ OWN HOUSE TOTMONY] BANK (B)

(I) (s) (0) {H) M) SAVINGS COMMERCE BOTH NON SWITCH
o - 1 or OWN SINGLE SMALL .082 299 149 278 . 047
11,999 2 LARGE .032 .115 026 .064 .027

OTHER SMALL .643 .883 .633 1.634 . 288

LARGE . 248 .338 .110 .378 .167

RENT SINGLE SMALL . 286 1.039 «519 968 .164
LARSE .0358 .127 .029 071 .030

OTHER SMALL .070 .096 069 .178 .031

LARGE . 009 .012 .004 .013 . 006

3 or OWN SINGLE SMALIL .115 416 .208 . 388 . 065
4 LARGE . 044 .159 .036 . 090 .038
OTHER SMALL 1,099 1.510 1.083 2.794 .492

LARGE .424 <578 .188 .647 . 285

RENT SINGLE SMALL . 399 1.448 .723 1,348 .228
LARGE .049 .177 .040 . 100 .042

OTHER SMALL 120 .165 .118 . 305 .054

LARGE .015 020 007 .023 .010

5 or OWN SINGLE SMALL .038 .139 .069 .129 .022
MORE LARGE .015 .053 .012 .Q30 .013
OTHER SMALL . 964 1.324 .949 2,450 .432

LARGE .372 507 .165 .567 . 250

RENT SINGLE SMALL .133 .483 .241 . 449 .076
LARGE .0l6 .059 .013 .033 .014

OTHER SMALL .105 .145 .104 .268 047

LARGE .013 .018 . 006 . 020 .009
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HHINC HHLSZ OWN

(I}

(S) {0}

TABLE IX (Continued)

HOUSE TOTMONY
{H) M)

BANK (B)

SAVINGS COMMERCE BOTH NON SWITCH

i2k -
29,999

1l or OWN  SINGLE SMALL .302  1.096 .547 1.020 \172
LARGE .114 .409 .093 .230 .097

OTHER SMALL 2.356 3.237 2.321 5.990 1.056

LARGE . 886 1,208 .393 1.351 . 596

RENT SINGLE SMALL 1.050 3.811 1.903 3,548 .600
LARSE .126 .453 .103 ,255 .108

OTHER SMALL . 257 . 354 «253 .654 .115

LARGE .031 .042 -014 ,047 .021

3 or OWN SINGLE SMALL .420 1.526 .762 1.421 . 240
4 LARGE 158 .570 .129 .321 .1386
OTHER SMALL 4.030 5.5136 3.970 16.246 1.805

LARGE 1.516 2.066 .673 2,311 1.019

RENT SINGLE SMALL 1.462 5.308 2.650 4.942 .835
LARGE . 175 .632 .143 +355 . 150

OTHER SMALL . 440 . 605 .434 1,119 . 197

LARGE .053 072 .023 .080 . 035

5 or OWN SINGLE SMALL .140 .509 254 . 474 .080
MORE LARGE .053 .190 .043 .107 .045
OTHER SMALL 3.534 4.855 3.481 8.985 1.583

LARGE 1.329 1.812 .590 2.027 .893

RENT SINGLE SMALL ,487 1.769 .883 1.647 .278
OTHER SMALL + 386 .530 . 380 981 173

LARGE .046 .063 .021 071 . 031
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HHINC HHLSZ OWN

TABLE IX b

HOUSE TOTMONY

{Continued)

BANK (B}

(1) (5) {(Q) (H} (M) SAVINGS COMMERCE BOTH NON SWITCH
30k and 1 or OWN  SINGLE SMALL .123 .448 .224 .417 .O0T1
over 2 LARGE .104 -376 - 085 212 .090

OTHER SMALL 964 1.324 .949 2,450 .432

LARGE .815 1.111 .362 1.243 .548

LARGE .116 .417 .095 .235 .099

LARGE .028 .039 .013 .043 .019

3 or OWN SINGLE SMALL Jd72 .624 312 581 .098
4 LARGE .145 524 119 . 295 .125
OTHER SMALL 1.649 2.265 1.624 4.191 739

LARGE 1.395 1,901 .619 2.126 . 937

RENT SINGLE SMALL . 598 2,172 1.084 2,022 . 342
LARGE .161 .581  .132 .327 .138

OTHER SMALL » 180 .247 177 .458 .081

LARGE .049 066 .022 .074 .033

5 or OWN SINGLE SMALL .087 .208 <104 .194 .033
MORE LARGE .048 .175 .040 .098  .042
OTHER SMALL | 1-446 1.986 1.424 3.676 .648

LARGE |1.223 1.667 .543 1.865 .822

RENT SINGLE SMALL .188  .724 .361 .674 .1l4
LARGE .054  .194 .044 109 .046

OTHER SMALL .158 .217 .156 .401 .071

LARGE .043 .058 .019 .065 .029
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TABLE IX C
STANDARDIZED RESIDUALS

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

{1) (S) (0} (H) (M) SAVINGS COMMERCE BOTH NON SWITCH
o - l or OWN SINGLE SMALL -.287 3.112 2,203 =-,527 -.217
11,999 2 LARGE ;, ~.178 -.,338 -.161 3.686 -.165
OTHER SMALL -.802 11.189 .461 =.496 ~.537

LARGE -.498 1.138 -.332 1.01]1 -.,408

RENT SINGLE SMALL -.535 =~-.039 -.720 3,083 =_404

LARGE ~.188 2.450 ~.170 ~-.267 ~.174

OTHER SMALL -,265 -.311 -.263 1.945 ~-.177

LARGE -.093 =~,109 =-.062 =-.115 -.076

J or OWN SINGLE SMALL -.339 -~,645 -.456 -.622 -.256

4 LARGE -.210 =-,399 -,190 =-.300 ~.195

OTHER SMALL [-1.048 <-1.229 -1.040 -,475 -.702

LARGE 2.418 -.761 -.434 -.804 -.534

RENT SINGLE SMALL -.631 459 2.679 1.423 l1.618

LARGE -.222 -~.,421 -.200 =-,315 -.205

OTHER SMALL -.346 ~.406 2.564 -.552 ~.232

LARGE -.122 -~.142 -,.081 =-.150 -.100

5 or OWN SINGLE SMALL -.195 =~.372 3.536¢ -.359 -.1l48

MORE LARGE -.121 ~,231 -.110 ~.173 =,112
OTHER SMALL -.982 ~1.151 -.974 =,288 -.657

LARGE -.610 -~,712 -.407 .574 -~.500

RENT STNGLE SMALL -.365 =~,695 -.491 ~.670 =-.276
LARGE -.128 ~,243 -.1l1¢ -.182 -.118

OTHER SMALL =,324 ~.380 2.783 1.416 -~-.217

LARGE -.114 ~.133 -.076 ~.141 -.093
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TABLE IX C (Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) () (0} (H) (M) | SAVINGS COMMERCE BOTH NON SWITCH
12k - 1 or OWN SINGLE SMALL -.549 -1,047 .740 -.020 -.415
29,999 2 LARGE -.337 ,924 ~.305 ~=.400 =,312

OTHER SMALL -.232 .424 -,867 .,004 -.054

LARGE .121  -.189 .967 .558 -.772

RENT SINGLE SMALL -.049 =-1.440 -.654 =-.822 .517
LARSE -.355 .812 2,798 1,475 -.328

OTHER SMALL -.507 595 ~,503 ~.809 -.340

LARGE -.176 =.205 =-,117 =.217 -.144

3 or OWN SINGLE SMALL .894 .383 ~.873 =.353 -.490
4 LARGE -.398 -, 755 =.359 ~_.566 -,368
OTHER SMALL .483 -,228 1.521 .548 .145

LARGE |-1.231 .650 ,399 -,862 .972

RENT SINGLE SMALL -,382 1.168 -.399 .926 .180
LARGE -.419 ~.795 2.264 -.596 ~-.388

OTHER SMALL -.663 1.794 -.658 -1.058 -.444

LARGE -.230 ~.268 ~,153 3.241 -.188

5 or OWN SINGLE SMALL -.374 =-.713 =~.504 .765 3.251
MORFE LARGE -.230 -.436 ~-.,208 ~-,327 =-.213
OTHER SMALL .248 .974 =1.330 .339 .331

LARGE . 582 .883 =,768 ~_,721 .112

RENT SINGLE SMALL -.698 .925 .124 -1.283 -.528
OTHER SMALL 2.598 ~.728 -.617 .019 -.416

IARGE | =.215 =.251 -.143 ~.266 ~.176
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TABLE IX C

(Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK{BE)

(1) {s) (0} (H) M) SAVINGS COMMERCE BOTH NON SWITCH
30k and 1 or OWN  SINGLE SMALL 2.494 .824 =-.473 -.,646 -.266
over 2 LARGE -.323 -.613 -.292 ~-.,460 =-,299

OTHER SMALL .037 .587 .052 =-.288 -.657

LARGE . 205 -.105 -.602 2.473 =-.740

RENT SINGLE SMALL 2.397 -.448 .251 =~1.205 =_495
LARGE -.340 -.646 -.308 -.484 2.859

OTHER SMALL -.324 -,380 -.322 ~-.517 ~.217

LARGE .168 =-.197 -,112 ~.208 -.138

3 or OWN SINGLE SMALL -.41% .475 1.233 ~-.762 ~-.3132
4 LARGE 2.240 ~-,724 -,345 -~.543 -.353
OTHER SMALL 1.053 -~1,508 .295 =-,093 . 304

LARGE -.334 .072 .484 ~,087 .065

LARGE -.402 -.762 ~-.363 1.177 -.372

OTHER SMALL -.424 -.497 -.421 .B01 3.237

LARGE -.220 -.257 -.147 =-,272 -.181

5 or OWN SINGLE SMALL -,239 1.736 -.322 1.832 ~.181
MORE LARGE -, 220 1.975% -.199 ~.314 -.204
OTHER SMALL -.371 010 2.159 -.352 .438

LARGE . 703 . 258 -.737 -1.365 1.299

RENT SINGLE SMALL 1,793 =-,851 -.601 1.615 -.337
LARGE -.232 ~-.440 -.210 =.330 -~.,215

OTHER SMALL -.397 -.466 -, 394 945 -.266

LARGE -, 206 -.241 ~.137 =,285 =.169
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utilizing the variables CM, CH, HS, MO, MI, and HO where
C depicts the term change as a replacement for the term
bank (B). The standardized residuals are calculated by
a similar manner of taking the observed, substracting
the fitted and dividing that quantity by the square root
of the fitted values. When that is done, again we note,
that basically there is a symmetrical distribution
around zero with approximately equal numbers of minuses
and pluses. The Freeman-Tukey test shows us that we do
have a good fit utilizing these variables. While the
saturated data gives rise to a particular model we then,
because of the sparseness add a delta factor of .5 as we
have done in the other samples and redo the data with
regard to finding the particular model that is most
appropriate.

In Table X, it shows that a third order interaction
would be appropriate. The data causes a degree of concern
however, because a comparison of what happened between
these years 1972 and 1974 to the depositors represents
too good a fit as depicted in Table X. There is a possible
ingtability in the switching data which may be caused by
the enormous sparseness. While this thesis is designed to
apply new methodology in the field of marketing, these
data cause concern about its applicability and may represent
some problems. Too good a fit gives this researcher a
hesistancy and perhaps future studies with larger sample

sizes in order to reduce sparseness could alleviate any
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TABLE X

SWITCHING MODEL FPOR SAMPLE COF 240
WITH DELTA OF 0.5

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)
(1) (5) (0) (H) (M} | SAVINGS CCMMERCE BOTH NON SWITCH
0 - 1l or OWN SINGLE SMALL 0 2 1 0 0
11,999 2 LARGE 0 0 0 1 o}
OTHER SMALL 0 2 1 1 0
LARGE 0] 1 o 1 0
RENT SINGLE SMALL 0 1 0 4 0
LARGE 0 1 0 0 0
OTHER SMALL 0 0 0 1 0
LARGE 0 0 0 0 0
3 or OWN SINGLE SMALL 0 0 0 0 0
4 LARGE 0 o] 0 0 0
OTHER SMALL 0 0 0 2 0
LARGE 2 0 0 0 0
RENT SINGLE SMALL 0 2 3 3 1
LARGE o 0 0 0 0
OTHER SMALL 0 0 1 0 0
LARGE 0 0 o 0 0
5 or OWN SINGLE SMALYL 0 0 1 0 0
MORE LARGE 0 o 0 0 0
OTHER SMALL 0 0 0 2 0
RENT SINGLE SMALL 0 ¢ 0 0 0
LARGE 0 0 0 0 )
0 0 1 1 )
OTHER SMALL
LARGE 0 0 c c o
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TABLE X {Continued)

HHINC HHLSZ OWN HOUSE TOTMONY| BANK (B)

(1) (s) (0} (RH) (M) SAVINGS COMMERCE BOTH NON SWITCH
12k - 1 or OWN SINGLE SMALL 0 o] o 1 0
29,999 3 LARGE 0 1 0 0 0
OTHER SMALL 2 4 1 6 1
LARCE 1 1 1 2 o
RENT SINGLE SMALL 1 1 1 2 1
LARSE 0 1 1 1 0
OTHER SMALL 0 0 o 0 0
LARGE o) Q o 0 0

3 or OWN SINGLE SMALL 1 2 o 1 0
4 LARGE 0 Q0 0 o) 0
OTHER SMALL 5 5 7 12 2
LARGE 0 3 1 1l 2
RENT SINGLE SMALL 1 B 2 7 1
LARGE 0 0 1 0 0
OTHER SMALL 0 2 0 o 0
LARGE 0 o 0 1 0
S or OWN SINGLE SMALL 0 0 0 1 1
MORE LARGE 0 Y Y 0 0
4 7 1 10 2

R SMALL
OTHE LARGE 2 3 0 1 1
RENT SINGLE SMALL 0 3 1 0 0
LARGE 0 0 ) 0 o
2 0 0 1 0
OTHER E?;éé 0 ) ) 0 0
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HHINC HHLSZ OWN

TABLE X

HOUSE TOTMONY

(Continued)

BANK (B}

{I) (s) {0} {H) (M) SAVINGS COMMERCE BOTH NON SWITCH
30k and 1 or OWN  SINGLE SMALL 1 1 0 0 0
over 2 LARGE 0 0 0 0 0

OTHER SMALL 1 2 1 2 0

LARGE 1 1 0 4 0

RENT SINGLE SMALL 2 1 1 0 0
OTHER SMALL 0 0 0 0 o

LARGE 0 0 0 0 0

3 or OWN SINGLE SMALL 0 1 1 0 0
4 LARGE 1 0 0 o) s}
OTHER SMALL 3 ) 2 4 1

LARGE 1 2 1 2 1

RENT SINGLE SMALL o 2 0 o o
LARGE 0 0 0 1 o

OTHER SMALL o 0 0 1 1

LARGE 0 0 0 0 0

S or OWN SINGLE SMALL o 1 C 1 0
MORE LARGE 0 1 0 0 0
OTHER SMALL 1 2 4 3 1

LARGE 2 2 0 0 2

RENT SINGLE SMALL 1 Y Y 2 o
LARCE D o} 0 0 0

o 0 0 1 o

OTHER iﬁﬁéﬁ v} 0 0 0 0
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TABLE X a

RESULTS QF FITTING ALL
K~FACTOR MARGINALS

This Is A Simultaneous Test That All kx+1 And Higher Factor Interactions
Are Zaro

K-FACTOR D.F. LR CHISQ PROB. PEARSON CHISO PROB. ITERATIONS

0 (MEAN) 359 366.88 . 3757 622.29 0.0000

1 348 213.72 1.0000 256.00 . 9999 2
2 301 104.19 1.0000 107.78 1.0000 5
3 200 58.13 1.0000 58.91 1.0000 4
4 84 18.05 1.0000 18.09 1.0000 4
5 16 3.N - 9993 3.77 . 9993 3

A Simultareous Taest That All K-Factor Interactions Are Zero.
The Entries Are Differences In The Abcve Table.

K-FACTOR D.F. LR CHISQ PROB. PEARSON CHISO PROB.
1 11 153.16 0.0000 366.28 ¢.0000
2 47 109,53 . 0000 148,22 0.0000
3 101 46.06 1.0000 48.88 1.0000
q 115 40.08 1.0000 40.82 1.0000
5 68 14.34 1.0000 14.32 1.0000
6 16 .71 . 9993 3.77 . 9993
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doubts about the applicability of this technique.
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CHAPTER 4

-91-



In Chapter 3 we spent & considerable effort in attempt~
ing to fit approprilate parstmoﬁious loglinear models for
both the 1972 and 1974 data, While the data were plagued
with pockets of extreme sparseness; we were successful in
describing them by models with acceptable fit statisties,
even though they contain far fewer parameters than what
would be needed for a saturated design.

The task at hand is to use the induced models to arrive
at rules for allocating observations to the Banking
Market Segments previously defined. While the original
data contained four groupings - individuals with only
savings accounts, those with only commercial accounts,
those with both and those with neither, we have, because
of sparseness constraints, restricted consideration to the
first three.

Recall the variables used in modeling:

Response Variable

"Banks' - Savings
-~ Commercial
- Both Savings & Commercial
Independent Variables

A

1) "Househeold Income" - $12,000
- $12,000 - $29,999

$30,000

1
v

2) '"Household Size' -1 or 2
- 3or &

5

]
v
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3) "Ownership” « own
- rent
4) "type of household" - single family
-~ other
5) "total money'" -~ small depositor
~ large depositor
Taking the variables in the order of the above listing,
the following variable labels along with their respective
running indices have been used:

B; 1i=1,2,3

I; i=1,2,3
5;: k= 1,2,3
O; 2 = 1,2
H; m=1,2
M: n=1,2

For the 1972 data, the fitted meodel is,
BI, BO, MO, HO, SI, HS

that is,
B I S 0 H Iﬁ1
= U + U, + Uj + U + Ui + Um +

+ Uf} + UBO + UMO + UHO

in Mijklmn

ST HS
+ Ujk + Ukm

Qur discussion in Chapter 2 on forming logit models when
the response variable has more than two levels, shows there
are a number of options available to us once appropriate
loglinear models have been found, While as a general

statement no one procedure is uniformly best, we have
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decided to look at pairwise logits. Note that since our
response variable has 3 levels it would appear that four
logit models are needed; however, a little thought shows
that once 3 are given the fourth is redundant in the sense
that it can be functionally represented by the others. Us-
ing the above loglinear model for the 1972 data leads to

the following logits:

(1)
logitJkimn = n Mljkgmn
2jkimn
= @] - U + Wil - U3H + @) - gD
(2)
1°gitjk2mn = on MllkREE
3ikimn

B BI BI BO BO

3 32

3jkamm

(3) :
logityy smn ‘n M2]k£mn>

BIL

BO
33 )

B B B1 BO
- (U2 - U3) + (U2j - USs) + (UZR - U32
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Table XI
ESTIMATED LOGIT EFFECTS FOR THE
THREE PAIRWISE LOGIT MODELS (1972 DATA)

Savings Savings Commercial
vs. vs.Roth vs. Both
Commercial
3)
(1) (2) logit(
logit1k£m Logitjknm jkam
Constant -1.264 -1.814 1.498
Income
< $12,000 + 177 + .166 -.011
12,000-29, 000 - .512 - .261 .249
> 29,000 + .335 + .097 - .238
Ownership
Own . 305 .161 -. 144
Rent -, 305 -.161 +. 144

Table XI lists the logit effects for the three models
across the levels of the independent variables - household
income and ownership. A cursory examination of these effects
yields no consistent discernable pattern in the odds for one
banking service over the other. However, a number of obser-
vations can be made; the odds of an individual choosing a
savings bank only as opposed to banking at a commercial
bank or banking at both savings and commercial institutioms
are positive for individuals at the extreme end of the in-
come scales. This is not the case in our model describing
the behavior of the odds for a commercial bank over both

a savings and commercial institution. Indeed, in this case
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the odds completely are reversed; this 1s, however con-
sistent with the first two models. Owning omne's home (all
other things remaining constant) leads to positive odds

of being a savings bank user as opposed to a commercial or,
both a savings and commercial bank user. Again, just the
reverse conclusion is the case in modeling the odds in favor
of a commercial bank relative to subscribing to both a
savings and a commercial imstitution.

Our loglinear/logit modeling, therefore, allows us to
segment the banking markets on the basis of the income and
ownership variables. Note that more information with re-
spect to the nature of the three banking segments would be
available had we decided to start with a more complicated
loglinear model. In this case more independent variables
would be included, the result of which would be a more
elaborate description of how the odds change for one seg-
ment to the other. We chose the former approach, however,
since a good fitting parsimonious model is more easily
understood and in all likelihood would result in as good a
decision rule.

Table XII consists of all the parameter estimates for the
fitted loglinear model. The relevant estimates and their
differences were used to generate the logit effects. We

include them here for completeness.
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Table XII
LOGLINEAR EFFECT ESTIMATES
OF THE LOGLINEAR PARAMETERS (LAMBDA)

BANK (B) 1972 DATA
SAVINGS COMMERCIAL BOTH NEITHER
-.815 . 449 .999 -.633
TOTMONY (M)
SMALL LARGE
-.787 -.787
HOUSE (H)
SINGLE OTHER
-.177 . 177
OWN (0)
OWN RENT
534 -.534
HHLSZ (8)
l or 2 Jor &4 5 or more
.063 .326 -.389
HHINC (I)
< 11,999 12k -29,000 30k and over
-.687 .565 .122
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OWN (0)

OWN
RENT

HHINC (I)

< 11,999
12k-29,000

30k and over

Table

BANK (B)
SAVINGS

BANK (B)
SAVINGS

.003
-.202
.199

XII (Continued)

COMMERCIAL
-.053
.053

COMMERCTAL
-.174

BOTH NEITHER

-.289
.289

- s  m

TOTMONY (M)
SMALL

-.295
.295

HOUSE (H)
SINGLE

-.821
. 821

W e S M o W Em W e e W M m e @ W w e - e e owe = - o -

1l or 2
Jor 4

5 or more

HOUSE (H)
SINGLE

. 247
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Table XII (Continued)

HHINC (I) HHLSZ (S)

l or 2 3 or 4 5 or more
<11,999 .711 -.102 -.608
12k-29,000 -.419 .190 .229
30k and over -.291 -.088 .379

- - - - - - - - - - - - - - - - - - -— - - - - - - .- - - -

To investigate whether segments are constant or change
over time, it 1is necessary to see how the decision rules
derived for the 1972 data do for the 1974 data. Unfortunate-
ly, the model derived for 1972 does not provide an accept-
able fit for 1974. 1Indeed, as we saw in chapter 3 a much
more complicated design was required to adequately describe
the nature of the observations.

Recall that the loglinear model that was best to describe
the 1974 data is,

BHO, BSI, HS, 0S, Mo, MSs, MI, HI

that is,
M jkemn T U Y uy + U} +up + U0+ up o+ U]
o R A uf} + ufio
T

1, . HI , . BHO , . BSI
+ U?n + Ujp + USoo + UPk

the corresponding three pairwise logit models are then

easily seen to be,

(1) = nfM
2ikimm
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- (B . B BO _ ,BO BH_,,BH
(US - U5) + (U777 - U3l) + (U -Usn)
BS BS BI BI BHO BHO
BST BSI
* Wik - Yo,

) |
logitj(kim = in (Mljklmn>

2jikimn

B B BO BO BH BH

SOl - oD+ alf - ulh + oS
- alfh - D
logitjgimn = n ‘MZ gmn
lBjklmn
- @B - udy + Wl - B0 + WBE . uBY,

BS BS BI BI BHO BHO

BSI BSI)

+ Uk - Usyk

Table XIII shows the logit effects for the three pair-
wise models. We note that the effect estimates are far
more elaborate than those for the 1972 data. The most
obvious complication is that the logit models here contain
interaction terms; this {s not the case for the logit models

derived for 1972,

-100-



Table XIII
ESTIMATED LOGIT EFFECTS FOR THE
THREE PAIRWISE LOGIT MODELS (1974 DATA)

Savings Savings Commercial
vs . vs, Both vs. Both
Commercial

Constant -.284 -.700 -.416
Income

< 12,000 -.473 -.037 +.436
12,000-29,000 -.021 ~-.165 -.144

> 29,000 +.494 +.201 -.293
Ownership

Own +.393 .070 -.323
Rent -.,393 -.070 +.323
Housetype

Single -.264 +.069 -.195
Other +.264 -.069 +.195
HHSZE

l or 2 +.409 -.095 -.504

3 or 4 -.173 -.091 +.082

> 5 -.235 +.066 +.421
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Table XIII{(Continued

ESTIMATED LOGIT EFFECTS FOR THE
THREE PAIRWISE LOGIT MODELS (1974 DATA)

Savings Savings Commercial
vs. vs . Both vs. Both
Commercial
Housetype by
Ownership
Own x Single - .059 +.022 -.037
Own x Other +.059 -.022 +.037
Rent x Single +.059 -.022 +.037
Rent x Other -.059 +.022 -.037
Income by Housesize
< 12,000 x 1 or 2 -.064 -. 600 -.539
< 12,000 x 3 or 4 -.789 -.603 +.183
< 12,000 x >,5 +.850 +1.203 +.353
12,000 - 29,000
x 1 or 2 -.655 -.090 +.349
12,000 - 29,000
x 3 or 4 +.364 +.249 -.115
12,000 - 29,000
x 25 +.191 -.159 -.350
>30 x 1 or 2 +.618 +,690 +.072
> 30 x 3or 4 +.423 +.354 -.069
>30 x> 5 -1.041 -1.044 -, 003
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The first observation we made is that restricting
attention to income and ownership leads to no authoritative
conclusion with respect to the stability in banking seg-
ments over time., Focusing attention on only the ownership
variable and keeping everything else constant, the pattern
in the odds is identical with what happened in 1972. How-
ever, in considering household income for 1972, there is
a positive contribution to the odds favoring a savings
bank for lower income households; there is a marked shift
in 1974 to a negative contribution, This is an interesting
development which may have a logical explanation; we are,
however, not in a position to discuss why this has occurred.

Two additional independent variables are required in the
logit models for these data - housetype and household size.
There is a consistent pattern across all three logit models
for the household size variable in the sense that the odds
are monotone within a logit as household size increases from
l or 2 to greater than or equal te 5. In particular, the
odds on being a savings bank user only, to a commercial
bank user only, decreases as household size increases. On
the other hand, comparing the odds for savings only to both
types we see a monotone increase in the odds as household
size increases. Lastly, the odds for commercial only re-
lative to both types increases as household size increases.

We remind the reader that segment stability between 1972
and 1974 using the approach we have chosen cannot be

adequately analyzed using the housetype and household size
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variables since these variables are not included in

the 1972 logits. Had we done modeling retrospectively by
applying the 1974 model to the 1972 data then segmentation
analysis on the basis of the four independent variables
could proceed.

Continuing our discussion of the logit effects given in
Table XIII we now look for patterns in the interaction
effects making up the logits. There are four components
which comprise the logit effects for the housetype by owner-
ship interaction. The effects are, however, quite small
and any attempt to read much into them would potentially
be misleading. The income by housesize interaction effects
on the other hand, appear to be sizeable and interesting
in their pattern. The odds on being a savings depositor,
as reflected in the first two columms of Table XIII, show
a dramatic drop when we fix the housesize at greater than
or equal to 5 and increase the income level from under
$12,000 per year to over $30,000. The reverse pattern pre-
vails when the household size is fixed at three or four.
For household asize fixed at one or two, no monotone pattern
in the odds was discernable. Lastly, the third column of
Table XI1I shows a monotone pattern in the odds favoring
a coumercial account only to "both' types of accounts when
housesize increases; the odds increase for lower income

depositors and decrease for the $12,000-$29,000 group.
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Table XIV
LOGLINEAR EFFECT ESTIMATES
OF THE LOG-LINEAR PARAMETERS (LAMBDA)

BANK (B) 1974 DATA
SAVINGS COMMERCIAL BOTH NEITHER
-,210 L.074 . 490 ~,.355
TOTMONY M)
SMALL LARGE
.803 -.803
HOUSE (H)
SINGLE OTHER
-.051 .051
OWN (0)
OWN RENT
804 -.804
HHLSZ (S)
1l or 2 Jor 4 5 or more
. 293 .167 -,.461
HHINC (I)
< 11,999 12k-29, 000 30k and over
-,652 . 898 -.245

- eam  ym - - - e o am = 4m W ws W W m we & - m s W e am o=
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HOUSE (H)

Table XIV (Continued)

BANK (B)
SAVINGS

COMMERCIAL BOTH
-.179 .016
.179 -.016

BANK (B)

COMMERCIAL  BOTH
-.279 .044
. 279 -.044

1 or 2
Jor 4

5 or more

HHINC (I)

< 11,999
12k-~-29,000

30k and over

BANK (B)
SAVINGS

.024
-.084
.060

BANK (B)
SAVINGS

~.429
-.014
443

-.385 119
089 007
295 -.126

COMMERCIAL BOTH

.242

- e mm wm - e e e e mm e m wm s Wk am  am e R M  mam am A w - e - -
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044 -.392

.007 .151

-.051 242
LARGE
. 381
-.381



HHLSZ (S)

1 or 2
3 or 4

5 or more

HHINC (I)

< 11,999
12k-29,000

30k and over

HHINC (I)

< 11,999

12k - 29,000
30k and over

Table XIV (Continued)

- - -— - - - - - - - - - - - - - - - - -

- oem am S e Wm ax S em 2w W W S W R W W gm W =

TOTMONY (M)

SMALL LARGE
-.427 427

.185 -.185
.242 -.242

TOTMONY (M)

SMALL LARGE
245 -.245
.067 -.067

-.312 .312
HOUSE (H)

SINGLE OTHER
-.826 .826
. 826 -.826
HOUSE (H)

SINGLE OTHER
.079 -.079
116 -.116

-.196 .196
HOUSE (H)

SINGLE OTHER
. 426 -.426

-.100 .100

-.326 326



Table XIV (Continued)

HHLSZ (S) OWN (O0)
OWN RENT
1l or 2 -.088 . 088
3 or 4 -.054 . 054
5 or more . 143 -.143
HHINC (I) HHLSZ (S)
1l or 2 3 or 4 5 or more
< 11,999 713 -.332 -.381
12k-29,000 -.377 ., 232 . 145
30k and over -.366 .100 .236
OWN (0)  HOUSE (H) BANK (B)
SAVINGS COMMERCTIAL BOTH NEITHER
OWN SINGLE -,.095 -.036 -,.058 .189
OTHER .095 .036 .058 -.189
RENT SINGLE .095 .036 .058 -.189
OTHER -.095 -.036 -.058 .189
HHINC (I) HHLSZ (S) BANK (B)
SAVINGS COMMERCIAL BOTH NEITHER
<11,999 1 or 2 -.225 -.161 .375 .011
3 o0or 4 -. 444 . 342 .159 -.057
S or more .669 -.181 -.534 . 046
12k - 1l or 2 -.148 L 407 -.058 ~-.201
29,000 3 or 4 .210 -.154 -.039 -.017
S or more ~-.062 -.253 .097 .218
30k and 1l or 2 .373 -. 245 -.317 .189
over 3 or 4 234 -, 1RQ -.12n N74
5 or more -.607 434 437 -.264
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Our discussion thus far has been restricted to an analysis
of the components comprising the various logit models. We
must keep in mind, however, that the actual segments are
formed through summing effects determined by which levels
of the variables we wish to consider. Recall from Chapter
two that a reasonable rule for allocating an observation
between a savings only depositor and a commercial only
depositor is:

Allocate to savings only if and only if

logit;timn >,0.
Similarly, differentiation between savings only and both
types of depositors is:

Savings only if and only if

loglt j(iimn >.0,

Differentiation between the three segments simultaneously
can be accomplished by summing appropriate logits. For
example, allocation into the savings only segment can be

done by requiring

1ogit;igmn + logitfigmn >,0,

Note this 1is somewhat less restricted than requiring

in Mljkimn = max (4n U2jk2mn' in U3jk£mn)

One of the very useful and interesting aspects to the
loglinear/loglt approach to segmentation is the ability to
closely examine the magnitude and sign of the logit effects

which ultimately form the allocation rule. This is what
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we have chosen to spend most of our time upon. Such
close examination permits the researcher to profile im-
portant components which, in the final analysis, leads to
a better understanding of market segments.

One of our principal objectives in this study was to see
how the three banking segments changed over the two periods
1972 and 1974. While we had a modicum of success, we were
unable to go as far as we would have liked. The problem
occurred, as we have discussed, because the models needed
to describe the 1972 data and the 1974 data are very
different, However, this is interesting in its own right
since we are alerted to the fact that the relationship be-
tween the explanatory and response variables have changed
over the two periods, There are a number of approaches
that we can attempt to get more information about signifi-
cant changes. We might, for example, fit the 1974 model
to the 1972 data and examine the constituent logit effects
for both periods; major differences would point to changes
in the segments. Further, we might start with a third data
set involving only those individuals who switched from one
kind of a state to another, While this is sensible to do,
we would need a richer data base to start with.

In Chapter 3 we fitted a loglinear model to a data set
dealing with switches but have not proceded here with the
corresponding logit analysis since we believe that the
fit obtained was artificial and of dubious credibility.

We do believe, however, that this approach is sensible for
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uncovering possible segment changes over a two period
panel study. The author intends to pursue both approaches

at a future time.
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CHAPTER 5
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SUMMARY AND AREAS OF FUTURE RESEARCH

We have attempted to use the loglinear/logit model in
the marketing segmentation problem for multiple segments
and changes in possible segments over time. This was our
objective. We did not anticipate, nor desire to test
the data base used, but, only to show how the statistical
techniques can be applied to a data base. As it turns out,
while limited conclusions can be made and certainly it
appears that this is a viable technique for future usage,
the conclusions that can be reached are not as meaningful
as we had hoped they would be. The major reason for this
was the sparseness of the data. Because of the many cells
that contained very few frequencies we were left with
conclusions that could not be viewed as significant. Our
future choice i3 to either expand the particular data
base from the number of panel members or to apply the
techniques to a different data base which contains a
greater mass of data. It does remain that these techniques
have an advantage over the standard discriminant analysis
techniques because these techniques have been derived
specifically for this kind of frequency or count data.

Some interesting developments did come to light. For
example, when considering the household income for 1972
there is a positive contribution to the odds favoring a
savings bank for lower income households; while in 1974
this shifts to a negative contribution. There probably is

some logical explanation for this interesting development.
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However, based upon our particular data we are not in

a position to discuss why it happened., Furthermore, we
found that two additional independent variables were re-
quired in the logit models for the 1974 data. Since these
variables were not included in the 1972 logits, we cannot
adequately analyze segment stability between 1972 and 1974.
Had we been able to model retrospectively, applying the
1974 model to the 1972 data, then segmentation analysis

on the basis of the four independent variables would have
occurred. As noted previously, one of our principle
objectives was to use the model in order to predict the
change in three banking segments over the two periods of
time. With this we had a modicum of success but were un-
able to go as far as we had desired. Again, the problem
occurred because the models needed to describe the 1972
data and the 1974 data are very different. This is an
interesting situation in its own right because it alerts

us to the fact that the relationship between the explanatory
and response variables must have changed over the two
periods. In order to attempt to get more information about
significant changes we might fit the 1974 model to the 1972
data and examine the constituent logit effects for both
periods or, we might start with a third data set involving
only those individuals who switched from one kind of a
state to another. However, again, this would require a
richer data base at the outset.

In conclusion, while there appears to be some significant
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results shown by applylng the loglinear/logit approach to
this particular data base, the results have been less than
conclusive, This now appears to be mainly due to the
sparseness of the data and does not alter the belief
originally stated that these statistical techniques can

be used appropriately in market segmentation research.

In addition, while we fitted a loglinear model to a data
set dealing with switches, since the fit obtained was
artificial and of dubious credibility, we did not proceed
with the logit analysis. However, we do believe that

this approach is sensible for uncovering possible segment
changes over a two period panel study. Future research
should be in the areas of less sparse data or a different
data base, applying logit analysis to the switching data
for this new data base and as was mentioned in Chapter
One, the possible use of psychographic characteristics.

As noted previously, there 1s some dissatisfaction with the
use of socio-economic characteristics as a basis for pre-
dicting the membership of consumers in particular market
segment groups and there may be a desire for a constrast
of the relative efficacy of socio-economic and psychological
characteristics. However, it must be reiterated that the
purpose of this thesis was to investigate the statistical
techniques of logit and loglinear analysis as a predictor
of segment membership over time and, thus, there is no
need to delve into a discussion as to the appropriateness

of the data base utilized.
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