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ABSTRACT

Entropy which plays a crucial role in information theory,
is used to determine the degree of variability of a
srobabilily {or a frequency) distribution. The larger the
;uriability (or heterogeneity) within the probability
distribution. the larger will be entropy. Thus in case of
large entropy, the mean of the probability distribution
will be a poor estimate of the central tendency.
Especially, when the random variable is qualitative, it is
impossible to calculate the mean of a distribution.
Hence the variance as a measure of variability can not
be obtained. Therefore it is necessary to use mode as
a measure of central tendency and to use entropy as a
measure of dispersion instead.

While the lower limit of entropy is zero, the upper limit
depends on the number of groups of a distribution. The
more the number of groups, the bigger the entropy.
The tendency to increase indefinitely as the number of
groups increase causes some criticisms about entropy
As an alternative to  entropy, @ modified version of
Gini index might be computed. In literature, Gini index
1s @ measure to determine the degree of inequality of
an income distribution. Apart from the original context
of Gini index, a modified version might be used to
compute the degree of variability of a probability
distribution. The vertical scale of the diagram for
Lorentz curve might be used to represent the
cumulative probabilities. Again the line for “absolute
equality” might be drawn. Thus similar reasoning can
be followed by comparing the area formed under the
line for absolute inequality and the  area formed by
interpolating the cumulative probability points on the
diagram. Here again, the greater the variability of a
probability distribution, the greater will be Gini index.
The classification techniques such as cluster analysis
and discriminant analysis group data according to
Ceriain similarity measures. The success of a such
grouping technigue depends on how homogeneous will
be each group after classification.

In the empirical part of this study, the customers of a
Certain banking institution wiil be classified in terms of
their multivariate credibility data .(according to credit
Scores of customers) The customers grouped under
one extreme will be the “good” ones, while the ones
drouped al the other extreme will be specified as the
bad"  ones. Afler such classifications are realized
Under different grouping techniques, the success of
£acn grouping technique will be evaluated by using
‘“Mogeneity (or heterogeneity) measures such as
&ntropy, Gini index or similar measures.

Keywords: Entropy, Gini Index, Multivariate

1.

lassification Technigues.
1 ENTROPY

doganstar@gmail.com

Let X be a random variable(whether discrete or
continuous ), . be an experiment, S the sample space
generated by performing _and f{X) the probability ( or
probability densily) function of X. Shannon and
Wieder proposed the notion of entropy as a measure
of variability within a probability distribution.” Entropy
of a distribution is defined as the negative of the
expected value of log [f(X)].

If H(X) denotes the entropy of a probability distribution
then
H(X)=E[-log(f(X]] (1.1.1)

If X is discrete and takes the values XpXypoX, on S,

H(X)==3 [ () log(f (x) (1.12)

and if X is continuous and sample space S is simply
equivalent to the set of real numbers R then

H(X) =~ [ f(x)log(f (x))dx (1.1.3)

Here the base of the logarithm is immaterial. But for
the practical purposes of communication engineering,
the base is generally taken as 2.

In discrete probability distributions the term

log(f(x,)) is generally evaluated as the measure of
entropy (or uncertainty) related to the event {/\’ = JC.-}
in sample space S. If {X = )C,-} is a sure event then

P{x=x}1 and log(f(x)) =0 so there is no

uncertainty stuck on the event {X - x| in 5. On'the” -

other hand if P{er!}:o then the term

log(f(x'_)) will tend to infinity in its absolute value
which is of course corresponds to the case with
biggest entropy. The more probable the event will take
place in 8, the lower the level of entropy. The less
probable the event in S, the bigger the level of entropy.
Since the random variable takes the values
XpXpnX, O S, a more “average” measure to
consider the whole entropy within a probability
distribution is needed. It might be based on the
expected value of all log(f(x)) values. Therefore the
above definitions of entropy are aimed {o measure
average entropy.

* Reza, FM.; “An Introduction to Information Theory™, Dover
Publications, pp77.
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For the discrete distributions the minus sign in front of
the summation sign guarantees that the entropy is a
positive” quantity whereas for the continuous
distributions the situation is slightly different. The first
difference is that in continuous distributions the
probability densily function f(x) might be bigger than 1.
In such a case the entropy could be negative.
Seconuly fin}is not thc plDuab lity that Xis equa] to .
Rather f(x) is a measure of probability density at X=x.
These differences must be taken inlo consideration
while dealing with continuous probability distributions.

Suppose X is discrele and takes the values
Aoy Nl on §. The greatest entropy occurs,

when ali clementary oulcomes {X——x:,} i=1,2,...,n

in S is equiprobable. In this situation by the axioms of
probability,

1

PIX x)

I

And the corresponding (maximum) entropy is attained

at the level of

2‘ log() log n

n

i=1,2,....n (1.1.4)

H(X) - (1.1.5)

i=l

On ihe other extreme, let us suppose that  the event

{X —-x‘,}in S is sure event such that P{X )CLI =1

k=0,1,2,..,n and P{X=yx}=0 i=k then

H(X)=0
Thus for the discrete probability distributions the
entropy is belween 0 and iog n.

1.2 Multivariate Distributions
Let (X, Y} is a bivariate random variable on S. Suppoese
that the joint probability distribution of (X, Y) is

f . (%) In this case if H(X, Y) is the joint entropy,
and if X and Y are discrete,
HX.Y)= "i‘,if_\,_),(x,y '_)]og(;f“_‘r(x‘_‘y’))

and Y takes the

(1.2.1)

it X takes the values  y.x...Xx,
values YWy on sample space S.

N Y)is cOntinuous the joint entropy is defined as

SR J 1 og(f, (eyndedy  (1.2.2)

2
here the sample space S is equivalent to ER g
For the n-variate
straightiorward:
For the discrele cases;
HIX o X o XD

’ ZZ“'Z]”E(./I‘:Xi-x:‘""x,.”.f()C\-.X:-“"X,.)

R X

For the conlinuous cases;

HIX e X o XD

cases generalizations are

(1.2.3)

(1.2.4)
J..I- j]()"([{‘/\ X )]f(X;*)C:---".K.,)"”)CudJC:'"dxn
1.3 Conditional Entropies
Conditional entropies are calculated by using

conditiona!l probability distributions. Consider the two

conditional probability functions f\, and

f i .\'()J ," ‘Y)

j_(:»::'ju)

. One can calculate conditional entropies

since
(x,)7)
L y(xf_)-‘):;—]:*("]‘lr Jor [ #0131
£ o N

f} \(l’\)'—‘—fj;)'-, for f_.,{“"'*“ (1.3.2)
Thus “

H(XiY)= Lf G og(f . x, /) (1.3.3)
and

0= f (20 S,y f0) (134)

Of course if the distributions are continuous, the
summation operators in the above definitions must be

replaced by integral operators. Now for all {}f ),:I}

events if the average conditional entropy of X is
calculated and this quantity be denoted by

H()?/Y::yj) then

H()"{/Y:y’,):iﬂ()(f}’=yj).fr(yj) (1.3.5)
UL y x )

__..ZZf\ :()Cf yf)loa_’.[Ju,._.__‘]i (1.3.6)
)

Similarly

HY1X=x)

%

=“ZZf\,(x y)logf" Y (1.3.7)
- S x)

Here H(X) shows the entropy in the marginal

probability distribution of X.
H(X,Y) measures the entropy of the Jomt distribution

H(X/Y = yl measures that of ‘the

—
‘,_ykj.

whereas

conditional distribution of X given the event {Y
1.4 Entropy and Statistical Independence

It is important to note that when the variables X and Y
are independent, the joint probability distribition is the
product of two marginal probability distributions. It
follows that in case of independence of two random
variables;

H(X/Y) =H(X) and H(Y/X) =H(Y)

Both of which mean that the occurrence of one of the

two independent events { X 1 or{}’ ,V,} do not

give any information about the entropy of the
probability distribution of the other.

Besides it is possible to set up some relationships
between different entropy types by probability rules.

For example it is easy to show that
HOGY)=HOY)HHEOY) or  HIX,Y)=HXO)+H(Y/X)
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vere, it is interesting to note that the joint entropy
might be viewed as the sum of a marginal type of
entropy and a conditional type of entropy.

4.5 A Measure of Mutual Information

The average amount of information conveyed by the
random variable Y about X was suggested by C. E.

- N e atile]
Snafion. il Zolingd as
P

TR

PX=x.¥=Yy) (1.5.1)
¥ lagspmmenr
L P(X = x)P(Y =)

DB LES L

Here the random variables are hoth discrete. For
continuous cases the above definition may be adapted
easily by replacing summation operators with
inlegration operators. If X and Y are independent itis

evident that P( X X, ¥ .)J} ';) P(X - x’)F(Y i _,V i}

for all y, and ) If thisis the situation, then
I{(X,Y)=0 which means that if the random variables are
independent the average amount of information given

by one random variable about the other is zero. It
should be noted that /(X,Y)=0

While the mutual information gquantities may become

negative for some pairs of events {X‘"")C,-}

and{r y } in 8. By direct application of the defining

equations it can be shown that

10X, Y)=HOOFH(Y)-H(X, Y) (1.5.2)
or
106 Y)=H(X)-H(X/Y) (1.5.3)
or
I(X,Y)=H(Y)-H(Y/X) (1.5.4)

Thus two concepts, namely, entropy and mutual
informalion are related to each other.”

Some applications of the entropy theary can be found
in communication theory in electrical engineering. In
statistical theory, as mentioned above, entropy
calculations might be useful while analyzing the
dependencies of random variables. When the
variable(s) are qualitative neither the arithmetic mean
can be used ag a measure of central tendency nor can
the variance be used as a measure of variability of a
distribution. In such circumstances, the mode (as a
measure of central tendency) and the entropy (as a
measure of variation) can be helpful.

2 Gini index

Gini coefficient is a measure of inequality proposed by
Corrado Gini and is generally used to measure income
inequality. Gini coefficient is between 0 and 1, where 0
corresponds with perfect equality (where everyone has
lhe same income) and 1 corresponds with perfect
Inequality (where one person has all the income, and
everyone else has zero income).The Gini index is the
Gini coefficient expressed in percentage form, and is
qual to the Gini coefficient multiplied by 100.

4 Reza. EM: “An Introduction to Information Theary™. Dover
Publicapgns

Gini coefficient

1009

Perfect dirinbution ine
sometuues called 45 degree hne -

Cutilative shiare

of meome
earhied

P ~ Lotenz curve

The cumulative shate of people 100%

from lower wcoms

Figure 2.1: Graphical representation of the Gini coefficient’

The Gini coeflicient is calculated as a ratio of the areas
on the Lorenz curve diagram. If the area between the
line of perfect equality and Lorenz curve is A, and the
area underneath the Lorenz curve is B, then the Gini
coefficient is A/(A+B). The Gini coefficient is often
calculated with the more practical Brown Formula;

G= 1-‘2(,\’,, X)) (2.1
=1

G:Gini coefficient

X, cumulated proportion of the population variable,

fork=0,..,n, with Xy =0, X, =1

Y. cumulated proportion of the income variable,

fork =0,...,n, with Y, =0, Y, =1

It has been shown that the sample Gini coefficients
defined above need to be multiplied by #/ (%~ 1lin
order to become unbiased estimators for lhe
population coefficients

By similar reasoning an uncertainty within a probability
distribution can be analyzed approximately. Consider a
discrete random variable X which takes the wvatues. .

Xy XX, With probabilities £ (xx ). /(xS (x,)
correspondingly.

v

are chosen

Suppose the values x;,x:,..,,xﬂ

among X X X, Such that xlj is the X value
whose probability is the smallest, y. is the X value

whose probability is the second smallest;...; xrf isthe X

value whose probability is the largest. Suppose also that
after this ordering, the cumulative probabilities are

“ The extensions to the cases in which there are more than two
variables can be realized directly. For a formal proof of the equations
above see Khinchin (Mathematical Foundations of the Information
Theory: Dover Publications, New York 1957)

* httpzmathwaorld.wolfram.com/GiniCoefTicient.html

Xp XX,

the means {or the midpoints) of each group.

" If the data is grouped then can be taken as

813



Il a graph displaying the relationship between X’ and
I(X'Y is obtained a similar reasoning might be

made. If all {/\ : \.L events take place with equal

probability, the maximum uncertainty is met. If there
are n groups (or if the random variable X takes n

ditferent values) with equal probability, the graph
obtained is as fof}o_\._f@:__

woalorre !
v imar §
LG NGy
: - . ‘.
i F W r == -- —; - B
. i
i !
' S~ ST T T T T 1 3h
N P ; |
i T e R 1
- . 1
H - 5 K 1 4 | b
i ! i"\' R =i PSSR R R e s g
L P ¢ :
| L 7L 2 ! e
{ d L T r Tore
! v, Vi \ groups
?

Figure 2.2: Diagram for the Calculation of the Degree of Gini type
of Heterogeneity of a Distribution

in this diagram, the maximum area formed under the

curve is the area of the triangle and is equal to 0}5);"'

this situation corresponds to the maximum disorder

(entropy). If any one of the {X “X.‘} event in S takes the

probability 1, then the area under such a curve is equal to

0. Thus for specific X values, the magnitude of minimum
disorder (which is equal to 0) and the magnilude of

maximum disorder {which is equal to 0,5.76,,') can be

determined by calculating the area under the curve

obtained. This area may be approximated by the formula
nF G Y+ F )]

Area Z i .“._AEL__ __..__.'_x_‘L:_'..:}.

; X x ] (2.2)

v

where S (x' )0 and y' =0

3 Muitivariate Classification Techniques

An important task of all scientific studies is the
ciassification of the phenomena being studied.
Classification models are used to categorize an object on
the basis of a profile of characteristics. Let z: px1 denote
a vector of observed attributes of an object or individual,
and suppose it is known that z is an observation from
exactly one of the mutually exclusive populations

12 K. The problem is to discriminate among the
populations; that is, a decision must be made as to which
population z belongs.

" This formula is obtained by summing the areas of triangle and
trapezoids under the curve in the figure above.
Everit.B.S.:G.Dunn, Applied Muitivariate Data Analysis,
Amold Publishers. Second Fdition. 2001, ppl23
Press. S Applied  Multivanate Analysis Using Bayestan and
Frequentist Mcthods ol Inference. Dover Publications. Second Edition..
2003, ppiYo.
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There is a wvast literature on classification ang
discrimination.  In order to classify z into one of the
populations, Fisher (1936) suggested as a basis for
classification decisions the use ol a discriminant function
linear in the components of z. Other bases for
classification have included likelihood ratio  tests,
information theory and Bayesian techniques. Only two of
the general techniques will be applied in this paper.
Discriminant analysis is used in situations where the
clusters are known a priori, The aim of discriminant
analysis is to classify an observation, or severa
observations, into these known groups. For instance, in
credit scoring, a bank knows from past experience that
there are good customers (who repay their loan without
any problems) and bad customers (who showed
di_culties in repaying their loan). When a new customer
asks for a loan, the bank has to decide whether or not 1o
give the loan. The past records of the bank provide two
data sets: multivariate observations xi on the two
categories of customers (including for example age,
salary, marital status, the amount of the loan, etc.). The
new customer is a new observation x with the same
variables. The discrimination rule has to classify the
customer into one of the twec existing groups and the
discriminant analysis _should evaluate the risk of g
possible bad decision.

Cluster analysis is a technique used for combining
observations into groups or clusters such that each group
is homogeneous and each group should be different from
other groups with respect to the same characteristics. As
a special case, we apply the two step cluster analysis
procedure. This technique is based on the assumption
that the variables are independent; a joint multinomial -
normal distribution can be placed on categorical and
continuous variables.

4. Application.

In the empirical part of this study, the customers of a
certain banking institution will be classified in terms of
their multivariate credibility data .(according to credit
scores of customers) The customers grouped under
one exireme will be the “good” ones, while the ones
grouped at the other extreme will be specified as the
“bad” ones. After such classifications are realized under
different grouping techniques, the success of each
grouping technique will be evaluated by using
hamogeneity (or heterogeneity) -measyres  such as
entropy, Gini index or similar measures. The samgle
size is n=1422,

Each customer has the following entries: Age, gender,
customer type, salary. net monthly income, car
ownership, other credit card ownership, and employment
type. There are three quantitative variables used in this
analysis: age, salary and net monthly income.

As a first classification method, discriminant analysis
has been performed by using these three variables as
discrimination factors .The following table gives the
code numbers of each variable.

"™ Hardle,W.;Simar,L; Multivariate  Statistical

Analysis.Springer, 2005, pp325

Applied

" Sharma, S.: Applied Multivariate Techniques. John Wiley&Sons.
Inc.,1996, pp183




Tabled.1: The Code Numbe

[lgoud-b‘ad

rs of the Variables

Agood or & bad customer

_ | depending on hisfher credibility

Iy o | Good

l}'éﬂ | Bad

| Custor;mr By which campaign the customers

i typel3) : p s SO i0CiGed in he gorfolo.
r': = . _ —

2 .

3 ADfettee)
{ 4 G {The employees working

: .. jorother group institutitions
5 . ___ | J (Private customers)
R M (Mail Order)

; 7 “ R _I N (Normal) i

s _ . _10(School campaigns)

'8 ... .|R(ShoppingCenter) _ |
o T T ologtive aengements)

_ | Between18-25

4.1 Applying Discriminant Analysis

By using SPSS for Windows 11.5; 870 of the
customers are qualified as "good ones” whereas 552 of
the customers are "bad ones” as given in the Table
4.1.1 below:

Table 4.1.1: The Distribution of Good and Bad Customers

I " Cumulanve
Frequency | Percent | Valid Percent Percent
Valid — COOD 670 517 | 61,2 51,7
BAD 552 388 | 388 100.6
Talal T 1422 100.0 | 100,0

For the good customers and the bad customers the
Gini type of heterogeneity coefficient results are given
in the following table:

Table 4.1.2: Gini Type of Heterogeneity Scores after Classification by
Discriminant Analysis

2 | Between26-33 ]
- Between 34-41

4 | Between 42-49

Fg = _| Between 50-57

6 R Bigger than 57

| Gender(2) B o

I e Male

| Car Ownership{6) _ _ | _ -

| 0700 YTL .
701-1000 YTL

10011800 YTL

.Grouwps b b 2 |38
Good 0,641 | 0,563 0,457 0,824 |
—Bad | 083 | 0614 | 0453 | 08912
Total | 0,64 0,67 0,458 | 09672
Average After 7
classification | 06365 | 05885 | 0455 | 07576
| Groups 5 6 7 8
Good 0,7878 0,621 0,53 0,418
Bad 0,6928 0,71 0,594 0,36
Total 0,9848 0,655 0,56 0,36
Average After
classification 0,7403 0,6655 | 0,562 0,389

Here the group numbers are

1 for age; 2 for gender ;3 forcustomer type ;
4 for salary; 5 for net monthly income; 6 for car
ownership ; 7 for other credit card ownership and 8
for employment type.

Similarly, the entropy/maximum entropy ratios are in
the table below:;

Table 4.1.2: Entropy Type of Heterogeneity Scores after Classification
_by Discrimination Analysis

Employment Type(8) |

f

------ SRR & .

| Entrepreneur

| Student

Retired

[House wife

>rivate seclor employee

e o] 1801-3000 YTL Groups 1] 2 3 | a4
Bigger than3000 YTL. Good 0,876 | 0,339 | 0,763 | 0,961
Bad 0,868 0,511 0,754 0,888
- - Total | 0872 | 0658 | 0,763 R
0-700 YTL Average After
2 701-1000YTL classification 0,872 | 0425 | 0,7585
3 L | .1001-1800 YTL Groups 5 6 7
e 1801-3000 YTL Good 0,944 | 0533 | 0,608
S ___ __|Biggerthan 3000 YTL Bad 0892 | 0741 | 069
Other  Gredit  Card Total 1 0622 | 0,652
 Ownership(7) - Average After '
A _Classification | 0918 | 0637 | 0649 | 0638
&, - Here it should be noted that such a ratio has been
13 Nene proposed because the maximum of the entropy of a

distribution depends on the number of groups. Therefore
it seemed more logical to use a kind of index or a ratio to
compare with the results of Gini coefficients directly,

The "total” columns of both of the tables show either the
Gini type of coefficients or entropy/max entropy ratios for
the whole observations. This column is added to measure
the differences in entropies or Gini coefficients after the
classification. For example for the first column of the
Table 4.1.2, we can say that for the first variable the Gmni
type of heterogeneity coefficient is 0864 before
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classification. After the classification we obtain two groups
“(good ‘and bad customers) whose heterogeneity
coefficients are 0,641 and 0,63 and their average is
0,6355. So on the average there is a reduction of 0,641-
0,6355 in the heterogeneity.
The first thing to note is that there is a certain parallelism
-between the the information given by the entropy and Gini
type of heterogeneity scores although the scales are
totally different. For example if any one of the coefficient
reflects that there is a reduction in the degree of
heterogeneity after classification the other gives similar
information. So there is no contradiction between the
information one measure gives and the one that the other
gives.
The second thing to note is that, the classification
procedure is not successful to decrease the level of
heterogeneity for all classes.
The third thing to add (may be the most important result of all)
is that the most dramatically reductions in heterogeneity
scores are achieved in two of the three discriminating factors
(namely the salary and net monthly income variables). May be
this result shows the efficiency of such a classification
procedure. Because the most serious reductions in
heterogeneity measures (either by using entropy type of or
Gini type of heterogeneity measures) are observed in these
discriminating factors or classes.
4.2 Applying Cluster Analysis
As a second method of classification, we applied data a
two step cluster analysis by SPSS for Windows 11.5; 663
of the customers are qualified as “good ones" whereas
759 of the customers are “bad ones” as given in the Table
4.2.1 below The results are given below;

Table 4.2.1: The Distribution of Good and Bad Customers

Cumulative
Frequency | Percent | Valid Percent Percent
Valid GOOD
& 663 465 456 45,6
BAD 759 53,4 534 100,0
Total 1422 100,0 100,0

Table 4.2.2: Gini Type of Heterogeneity Scores afler Classification by Cluster
Analysis

Groups 1 2 3 4
Good 0,59 1 0,514 0,93
Bad 0,67 0,68 0,28 0,9
Total 0,64 0,68 0,46 0,97
Average After Classification 0,63 0,84 0,397 | 0,915
Groups 5 6 7 8
Good 0,93 1 0,51 0,39
Bad 0,92 0,83 0,61 0,39
Total 0,98 0,66 0,55 0,38
Average After Classification 0,925 | 0,915 0,56 0,39

Table 4.2.3: Enlropy Type of Heterogeneily Scores after Classification by Cluster Analysis

Groups 1 2 3 4
Good 0,837 1 0,808 0,991
Bad 0,891 0,675 0,476 0,987
Total 0,872 0.412 0,763 1
Average After
Classification 0,864 | 0,8375 0,642 0,989
Groups 5 6 7 8
Good 0,996 1 0,563 0,627
Bad 0,994 0,91 0,722 0,648
Total 1 0,62 0,652 0,648
Average After
Classification 0,995 0,955 0,6425 | 0.6375

From Table 4.2.2; it can be seen that similar results are
obtained in cluster analysis.

For the 4th variable  the Gini type of heterogeneity
coefficient is 0,97 before classification. After the
classification the heterogeneity coefficients for the gooq
and bad groups are 0,93 and 0,90 respectively. Thejr
average is 0,915. So on the average there is g
heterogeneity reduction with a magnitude of 0,055
+(0,97-0,915 =0,055) For the 5th variable  the Gini type
of heterogeneity coefficient is 0,98 before classification,
After the classification we obtfain the scores fort he twg
groups as 0,93 and 0,92. So on the average there is a
reduction of 0,98:0,925 in the heterogeneity

From Table 4.2.3 ; similar results are obtained in cluster
analysis. For the 4th variable the entropy type of
heterogeneity coefficient is 1 before classification. After
the classification we obtain two coefficients as 0,991 ang
0,987 .This means that on the average there is a
reduction of 0,991-0,987 in the heterogeneity for the 5th
variable  the entropy type of heterogeneity coefficient is
1 before classification. We obtain two coefficients fort he
groups as e 0,996 and 0,994 and their average is 0,995,
The reduction in the degree of heterogeneity is 0,005 ( 1-
0,995=0,005 ) Of course this result is not as impressive
as the previous results.

5. CONCLUSION

When the random variable/variables is/are qualitative, it is
impossible to calculate the mean and the variance of any
distribution.. Therefore it is necessary to use entropy as a
measure of dispersion.

While the lower limit of entropy is zero, the upper limit
depends on the number of groups of a distribution. The more
the number of groups, the bigger the entropy. For this reason
we used a measure of heterogeneity by using the ratio
“entropy/maximum entropy”.

As a second measure of heterogeneity, we adopted the
methodology behind Gini index, by redefining the variables.
Again by dividing the area under the curve to the total area
which corresponds to the case of maximum heterogeneity, we
obtained a second kind of heterogeneity index. ’

By applying two classification procedures to the data of a
certain banking institution in Turkey, we aimed to obtain more
homogeneous groups after classification. But since the data at
hand is multivariate, some variables (groups) become more
homogeneous while some others do not. In discrimination
analysis, the discriminatory factors are choesen-to. the, first,
fourth and fifth variables. Therefore the- reduction in
heterogeneity scores due to classification especially for the
fifth and sixth groups seemed meaningful.

The results related to heterogeneity scores of groups
obtained by clustering are-parallel to those of discrimination
analysis although some poor results are obtained.
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