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ABSTRACT

In this paper, a new classification model which combines the discriminant
analysis and the data envelopment analysis and bases on on the multicriteria
decision making is developed. Our suggested model utilizes the relative efficiency
concept of the data envelopment analysis in predicting group membership of units.
The study is supported with an application which examines a few selected socio-
economic indicators of some member and candidate countries of European Union.
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COK KRITERLI KARAR VERME ACISINDAN VERiI ZARFLAMA ANALIZI iLE
DISKIRIMINANT ANALIZiNIiN BIRLESTIRILMESI: YENI BIR MODEL

OZET

Bu ¢aligmada ¢ok kriterli karar vermeye dayali olarak, Diskriminant Analizi ile
Veri Zarflama Analizi tekniklerinin birlestirildigi yeni bir siniflama modeli
gelistirilmistir. Onerilen bu model, birimlerin grup iiyeliklerinin belirlenmesinde
Veri Zarflama Analizi teknigindeki goreli etkinlik kavramindan yararlanmaktadir.
Calisma, Avrupa Birligine iiye ve iiye olmayan iilkelerin seg¢ilmis bazi sosyo-
ekonomik gostergelerini inceleyen bir uygulama ile desteklenmistir.

Anahtar Kelimeler: Siiflandirma, Diskiriminant Analizi, Veri Zarflama Analizi,

¢ok kriterli karar verme, etkinlik

1. GIRIiS

Diskriminant Analizi (DA), birimlerin gozlenen nitelik
skorlarma goére uygun smiflarina atanmasi islemi ile
ugrasir. Diskiriminant Analizini uygulamanm temel
amaglarindan biri smiflandirilmasi istenen birimlerin grup
tiyeligini kestirmektir. Birimleri iki ya da daha fazla gruba
siniflandirmak igin en ¢ok kullanilan istatistiksel yontem,
Fisher’in gelistirdigi yontemdir. Fisher (1), iki ya da daha
fazla gruptan gozlenmis birimleri gruplardan birine
siiflandirmak i¢in degiskenler iizerinden tanimlanacak
dogrusal  fonksiyonlar1  Onermistir. Bu  dogrusal
fonksiyonlar, gruplar arasi farkliligt maksimum yapacak
sekilde alinirlar. Dogrusal programlama teknikleri hi¢ bir
varsayim gerektirmeyen parametrik olmayan yontemler
iken istatistiksel DA yontemleri verinin normal dagildigini
varsayarlar.

Dogrusal programlama teknikleri ile siniflandirma
probleminin incelenmesi ilk defa Fred ve Glover (2, 3)
tarafindan  yapilmistir. Fred ve Glover, sapmalar
toplaminin minimizasyonuna dayanan bir smiflandirma
modeli 6nermislerdir. Bajgier ve Hill (4) smiflandirma
probleminde, dogrusal programlama teknikleri ile
istatistiksel tekniklerin deneysel bir karsilagtirmasini
vermistir. Bu caligmalardan sonra, sapmalar toplaminin
minimizasyonuna, yanlis smiflandirilmis  birimlerin

1. INTRODUCTION

Discriminant Analysis (DA) deals with the problem of
classifying objects into their groups based on the observed
variable scores of these objects. One of the basic aims of
applying Discriminant Analysis is to predict group
membership of the objects which we want to classify.
Fisher’s Linear Discriminant Method is an important
statistical approach to solve two or multiple group
discriminant problem. Fisher (1) recommended linear
function approach which is defined on variables for
classifying observed scores of objects in to the their
appropriate groups. These linear functions are established
in such a way that the variation between groups is
maximized. Recently, instead of the solving DA problem
with these statistical methods, many new efficient Linear
Programming (LP) approaches have been studied. In
statistical DA the data is assumed to have normal
distributions, whereas LP methods are non-parametric
and make no distributional assumptions.

Firstly, Fred and Glover suggested the LP approach to
classification problems in DA (2, 3) Fred and Glover
suggested a classification model which bases on
minimizing the sum of deviations. It has been given by
Bajgier and Hill (4) an experimental comparison of
between statistical DA and LP approaches to the
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sayisinin minimizasyonuna ve gruplar arasi uzakliklarin
maksimizasyonu gibi siniflandirma kriterlerine dayali bir
cok teknik gelistirilmistir (5, 6, 7).

Veri Zarflama Analizi (VZA) ile Dogrusal
Diskiriminant Analizini inceleyen ilk ¢alismalar Retzlaff-
Roberts (8) tarafindan verilmistir. Bu ¢aligmalarda DA ve
VZA ’nm benzerlik ve farkliliklart tartigilmig ve her iki
tekniginde uygulandigi veri seti problemlerinin 6zellikleri
tanimlanmustir.  Suoyeshi (9,10) ¢alismalarinda her iki
teknigi de Hedef programlama isiginda incelemis ve iki
asamadan olusan yeni bir siniflandirma modeli onermistir.
Suoyeshi ’nin ¢aligmalar iki gruba da ait olan birimleri
(kesisme durumu) belirleme ve dogrusal olmayan kisitlar
da igeren farkli bir bakis agisidir. Retzlaff-Roberts ’in
VZA ‘daki etkinlik kisitlarma dayali kurdugu modeli
genel bir etkinlik kavramini yansitmaktadir. Yani birimler
icin elde edilen smiflandirma skorlari, VZA kisitlarin
iceren fakat sapmalar toplammin  minimizasyonu
modelinden elde edilmistir (11). Onerdigimiz model, her
birimin smiflandirma skorlarin1 kendi etkinlik skorlar1 ile
iliskilendiren ve sapmalar toplaminin minimizasyonunu da
garanti eden bir siniflandirma modelidir.

2. DISKIRIMINANT ANALIZI

Dogrusal programlama yontemleri ile dogrusal
diskiriminant fonksiyonunun belirlenmesi, ilk olarak Fred
ve Glover (3) tarafindan ileri siirlilmiistiir. Dogrusal

programlama ile K degiskenli bir siuflama problemi
incelendiginde, istatistiksel DA’ ya benzer olarak X ; G,
ve @, gruplarindan alinmis 7 tane bireyden olusan bir
ornegin degisken degerlerini gosteren (nx p) boyutlu bir

matrisi gostermektedir. Bu durumda X3 1. bireyin

j.degisken degerini gosterir. Ikili simiflandirmada en ¢ok

kullanilan ve sapmalar toplaminin minimizasyonuna
dayanan dogrusal programlama modeli (MSD-Minimum
Sum of Distance) asagida verilmistir (3,5).

MSD
minZd,
i=1
k
Zw/.xvfdlﬁc ieG,
j=1
k
Zw/.x‘/er,.Zc ieG,
j=1
d 20 ,i=12,...,n

[1]
w, C kisitsiz.

di dis sapma degiskeni, yanlis siniflandirilan bir birimin

kendi grubu disinda bulundugu uzakliktir. ¢ kesme degeri
(kritik deger, esik deger) W ile beraber iki grubu ayiran
bir hiperdiizlem tanimlar. Herhangi bir 6rnegin ayirma
skoru i - C 'ye esit ya da kiigiikse 1. Gruba (G,),
J7y

J=1

diger durumda 2. Gruba (G, ) simflandirilir.

Bu model (w=0, ¢=0) elde edilmesi gibi anlamsiz
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classification problems. Later on these studies, many LP
approaches based on the classification criteria such as,
sum of the deviations, minimizing the
sum of misclassified objects and maximizing the distance

minimizing the

of intra groups have been developed (5, 6, 7).

Firstly, Retzlaff-Roberts (8) proposed a study relating
DA and DEA to one another. In these studies, It has been
discussed the similarities and the dissimilarites of both DA
and DEA, and defined the properties of data set problems
Suoyeshi (9,10)
addressed both of the DA and DEA method in view of
goal programming, and proposed a new classification
model which involves two phases. Suoyeshi’s approach

for applying these two methods.

has a different point of view which determines

overlapping objects in the groups, and involves nonlinear
constaints. Retzlaff-Roberts approach which is based on
a concept of
approach.
Classification scores obtained for each objects can be
obtained by a model involving DEA constraints and
Our proposed
classification model ensures that classification scores for
each objects are related to their efficiency scores, and is

efficiency model constraints reflects
common efficiency in DEA in

that

minimizing the sum of deviations (11).

considered as minimizing the sum of deviations.

2. DISCRIMINANT ANALYSIS

Firstly, Fred and Glover suggested the LP approach
to the classification problems in DA (3). In considering a

classification problem with K variables for two groups

by LP methods like as statistical DA method, let X
denote the matrix of dimension nxp representing

values of known sample of n objects from the G, and G, .

Hence xl.j denote the value of ;. wvariable for the I.

object in the sample. The minimization of the sums of
induvidual deviations model (MSD ) can be formulated as

follows (3,5).
MSD

0
min Z d,
i=1

k
Zw/.xi/ -d <c ieG
=

k
Zw/.xi/ +d,2c ieG,
=]

d>0,i=12...,n

(1]

W, C unrestricted variables.

where di is known to as the external deviation variable

representing the amount by which the object

misclassified; W are defined as variables for weights and
C is the cut-off value (critical value, threshold value),
which together with W, defines a hyperplane that
attempts to separate the two groups. Any object will be
classified into group 1 (G,) if its classification score

k

7y
=

is less than or equal to C, otherwise it will be
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sonuglar verebilir. Anlamli sonuglar elde edebilmek igin
kiigiik bir & pozitif sayisina ya da bir normalizasyon
kisit1 ayarlamasina ihtiyag duyulur. & pozitif sayisi
modele ilave edilerek [1] modeli [2] olarak yeniden
yazilabilir (11).

n
minZdi
i=1

k
Zw/.x,./.—d[ <c-¢ ie(

J=1

k
ijxl.j.+di2c ieG,
Jj=1

d20,i=12,...,n
w, C kisitsiz 2]

En bilinen yaklasim, anlamsiz sonuglardan kaginmak
icin modele bir normalizasyon kisiti eklenmesini Onerir.
Bu normalizasyon kisitinin kurulmasi i¢in bir ¢ok farkli
yol Onerilmistir. Glover (12) tarafindan verilen
Diskiriminant analizi ig¢in dogrusal programlama
formiilasyonunda kullanilan normalizasyon kisitli model;
[3]°de verilmistir.

min hyd, + Y hd, —kB, =Y k.,
j=1

=

M=

wx; —d,—d, +p,+ B, =c jeG,

wyx, +d,+d, - B, - B, =c jeG,

2mny(By—dy)+n, Y (B, —d)+n Y (B,—d,)=1

<Gy JGy

dyod, B, 5,20 L i=12, .. .n

W, C kisitsiz [3]
d/. dis sapma degiskeni, yanlis siniflandirilan bir birimin
kendi grubu disinda bulundugu uzakligi ve B, i¢ sapma

degiskeni ise kendi grubu igerisinde bulunan dogru
siiflandirilmis bir birimin kendi grubuna olan uzakligidir.
Bu iki sapma degiskeni, drneklerin gruplarin disinda ya da
icinde oldugunun bir biiyiikliigiinii (derecesini) yansitir.
d, ve [, siasiyla, maksimum dis ve minimum ig

sapmay1 temsil eder. h, Ve k, ise sapmalara karsi atanan

aguliklardir. Boylelikle; i¢ sapmalar maksimize dis
sapmalar minimize edilmeye c¢alisilir. Bu modelin
dezavantaji ise parametre degerlerinin belirlenmesinin
zorlugu yaninda ¢ok karmagik olmasidir (8,11).

Hedef Programlama 1s18inda  Suoyeshi’  nin
siniflandirmay1 iki asamada yapan modeli (DEA-DA) ise
asagidaki gibi verilebilir (9).

classified into group 2 (G,).

This model may give the trivial solution
(w=0, ¢=0) which is meaningless. In order to obtain

meaningful optimal solution to the model [1], a small
positive number & or a normalization constraint
condition is often needed. When the small positive number
& 1is introduced into model [1], the model can then be
rewritten as model [2], (11).

n
min z d,
i=l

k
Zijij—d. <c-¢ ie(

i
J=1

k
2wjx0,+d,,2c ieG,
j=1

d>0,i=12,...,n
W, C unrestricted variables [2]

Most common approach to avoid trivial solution is to
append a normalization constraint to the model [1]. There
are several different ways to construct a normalization
constraint as given. The general formulation of LP for DA
with the normalization constraint given by Glover (12) is
given in model [3].

min hd,+ > hd,—kB,—> kB,
j=1

Jj=1

>wx,—dy—d, +f,+ B, =c jeq,
i=1

Dowx,+dy+d,— - B, =c jeG,
i=1

2n1nz(ﬁ0_d0)+n22(ﬁ/ —d/)+l’l1 Z(ﬂ,’_d/):l

JjeG, JjeG,

dy,d;,p,p;20 , i=12,...,n
W, C unrestricted variables. [3]

where dj_ and B stand fort the external and the internal
J

deviation variables, respectively, which refer to
magnitudes by which the samples lie outside or inside
their groups. d, and [, represent the maximum external

and the minimum internal deviations, respectively. 5 and
J
k. are weights assigned to corresponding deviations.
J

Thus, external deviations are maximized and internal
deviations are minimized. The disadvantage of this model
in addition to diffuculty of determining the parameter
values, should be very complex (8,11).

In view of the goal programming Suoyeshi’s DEA-DA
model which tries to classify objects in two stage can be
given as follow (11).
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min 3 57+ s;

JeG Jj€G,

k

.o .
Za,z,j+sj—sj—d jeG,
i=1

k
Za,z”Jrsl*.—s_;:d—n jeq, (4]

i=1

T >
$;,8; 2 0,
a,, d serbest, 7 ¢ok kiigiik pozitif bir say1

ilk asamada bu model ¢oziildiikten sonra 0‘: ve aylrma

degeri 4 bulunur. ikinci asamada ise,

k
ZQ;ZI,Zd Jjeg@G,
i=l

k

. . .
Za,,zl.].<d jeG,
i=1

kriterleri ile de bireyler uygun gruplarma simiflandirilir.

Hem sapmalar toplamimim minimizasyonuna hem de
Veri Zarflama Analizine dayanan, Retzlaff-Roberts’ in tek
asamali siniflandirma modeli (R-R) ise asagidaki gibi
formiile edilebilir (8).

n
min z d ;
j=1

Z\V:uryrj—Tivixij—djSO jeG,
r=1 i=1

ZuryK/—TZvixy+deO jeG, (5]
r=1 i=1

Z( u,,y,j)zn
1

J=1

u, v, d; 20

burada, I 6nceden belirlenen herhangi bir pozitif sayidir.

3. VERi ZARFLAMA ANALIZI

Veri Zarflama Analizi ilk olarak Charnes, Cooper ve
Rhodes (13) tarafindan, {rettikleri mal veya hizmet
acisindan birbirlerine benzer ekonomik KVB (Karar
Verme Birimi) ’lerinin goreli etkinliklerinin o6lgiilmesi
amaci ile gelistirilmis olan parametrik olmayan bir etkinlik
yontemidir. Bu yontemin sahip oldugu ozellikleri kisaca
Ozetlersek; her KVB’deki etkinsizlik miktarmi ve
kaynaklarini tanimlayabilmesi, her bir KVB’nin etkinlik
degeri digerlerine gore hesaplandigindan hesaplanan
etkinliklerin goreli etkinlikler olmast ve degiskenler
iizerinde herhangi bir fonksiyonel varsayim One
siirmemesidir (13).

Farrell (13)’in fikirlerini gelistiren Charnes, Cooper ve
Rhodes tek bir ¢iktinin tek bir girdiye oranlanmasiyla elde
edilen etkinlik degerini, ¢oklu ¢iktilarin ¢oklu girdilere

min ZS; + Z s;

JeG JeG,

k

R ;
Za[z[/+s/—sj—d jegG,
i1

k
Zaizﬁ+s;—s;:d—7] jeG, [4]

i=1

-
S;,8; 2 0,
a,, d unrestricted variables and , 7 very small positive number

In the first stage, after the solution to this model, we
can find out a: values and 4 cut off value. Then, in the

second stage, we should solve the following formulation.

k
Za:zijzd* jegG,
i=1

k

. . .
Zaizij<d jeG,
i=1

and after the solution to this formulation, objects can be

classified in to group 1 ( G1 ) and group 2.

Retzlaff-Roberts’ one- phased model which is based on
minimizing of the sum of deviations and the DEA can be
as follows (8):

n
min Zd ;
Jj=1

Zv:u,,yrj.—Tivixif—djSO jeG,
r=1 i=1

Zl:ury,j—TZl:v[.xlj-rdeO jeG, (5]

Z[ ‘ u,yrj}=n
1

j=1 \Ur=

u, v, d; 20

where, T is a any predetermined positive number.
3. DATA ENVELOPMENT ANALYSIS

DEA, non parametric method of evaluating relative
efficiencies for groups of similar units in point of view of
the produced product and service, was introduced by
Charnes, Cooper and Rhodes (13). The summary of the
main characteristics of DEA method are to be able to
identify the sources and the level of inefficiency for each
DMU and their evaluated efficiencies are relative
efficiencies since the level of efficiency of each DMU is
obtained with respect to the other units, and making no
assumptions on the variables (13).

Charnes, Cooper and Rhodes who developed Farrel’s
(13) idea extended the single-output/input ratio measure of
efficiency to the multiple output / input measure of
efficiency. Then the relative efficiency of any DMU is
calculated by forming the ratio of a weighted sum of
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oranlanmasina genisletmislerdir. Bu sayede her bir KVB
icin yapay bir ¢iktt ve yapay bir girdi bulunmakta ve bu
yapay c¢iktt ve girdiler vasitasiyla KVB’lerin etkinlik
degerleri bulunabilmektedir. Burada agirliklar, etkinlik
degerlerini 1’den biiyiik yapmayacak sekilde segilirler.

Veri Zarflama Analizinde etkinlik Olgiimiinde
kullanilan gesitli modeller vardir ve bu modeller etkinligin
ciktilarin agirlikli toplaminin, girdilerin agirlikli toplamina
orani olarak Ol¢iildiigli oran modelinden tiiretilir (13).
x; (=12, ...,m) ve y (r=12,...,) olarak
J.omegin (birimin) . girdisini ve 7. ¢iktism

tanimlamak  lizere oran formu

tanimlanabilir:

s n
max z Uy, z ViXio
= i1

asagidaki  gibi

s n ' [6]
Zu,‘y,/. Zv,.xil.sl j=12,...n
r=1 i=1
u,,v, 20
Etkinligi olgiilen KVB’nin agilhiklhh girdi toplamu

(iv[xm) 1’e esitlenir ise CCR modeli olarak bilinen
i=1

temel etkinlik modeli elde edilmis olur.

S
max Z u"yi’()

r=1

S m
Dty = D vy <0
r=1 i=1
m
Zvixm =1
i=1

u,v, 20

=12, ... .n [7]

i=1,2,....m ; r=12,...,8

Bu model ile KVB’lerin etkinligi ol¢iiliirken modelin
her KVB icin yani 7 defa ¢oziilmesi gerekmektedir.
Optimal amag fonksiyonu ilgili KVB’nin etkinlik skorunu

vermektedir. Her bir KVB igin farkli #%,,V, agirhk

kiimesi secilecektir. Bu sayede optimal agirlik seti her
KVB igin bir diizlem tanimlar. Etkinlik skoru 1’e esit olan
her KVB etkin olarak degerlendirilir. Etkinlik skoru 1’in
altinda olan her birim de etkin olmayan olarak
degerlendirilecektir.

VZA’ da degiskenlerin girdi ve ¢ikt1 olarak ayrilmasi
gerekir. Degiskenlerin, girdi ve ¢ikti olarak ayrilmasi
birim iizerindeki etkilerine baglidir. Retzlaff-Roberts, girdi
ve ¢ikt1 degiskenleri yerine birimler iizerinde pozitif ve
negatif etkili degiskenler kavramimi kullanmay: uygun
buldu. Artis1 birimin daha iyi olarak degerlendirilmesini
saglayan degiskenlerin pozitif etkili, tersine diisiisii birimin
daha iyi olarak degerlendirilmesini saglayan degiskenlerin
ise negatif etkili olarak alinmasin1 6nermistir (8,11).

outputs to a weighted sum of inputs, where the weights for
both outputs and inputs are to be selected in a manner that
calculates efficiency measure of each DMU subject to the
constraint that no DMU can have relative efficiency score
grater than unity.

In DEA there are many models which can be used to
measure of efficiency, and these models are derived from
the ratio models in which yhe weighted sum of efficiency
outputs are measured as the ratio to the weighted sum of
inputs (13). Considering as n units each of which has m
inputs denoted by Xx; (i=1,2,...,m) and s outputs

denoted by Vv, (r=12,....5), the mathematical

programming problem of ratio form can be given as
follows:

s m
max Sy, / S,
r=1 i=1

iu,yrj ivixij <1 j=L2,....n
r=1 i=1

u,v, 20

(6]

If the sum of weighted inputs of DMU whose

efficiency is measured is made equal to 1 (i.e iv_ . =D,
i=1

then the CCR model is obtained as follows.

S
max Y,

r=l1

Zuryr/—ZVixéjﬁo j=12,....n (7]
r=1 i=1
Zvixm =1
i=1
u,v, 20 i=L2,....m ;r=12,....s

While it hase been measured efficiency of DMUs by
this model, it is necessary to solve model 7 -times for
each DMU. The optimum value of objective function
gives the efficiency score of the interested DMU in the

model. It will be selected different set of weights ,.,V;

for each DMU. Therefore, the set of optimum weight
identifies a hyperplane for each DMU. Any DMU whose
efficiency score equals to one is defined as efficient,
otherwise inefficient.

It is necessary to seperate the variables as input and
output in DEA. This seperation depends on their effects
related to DMU. Instead of input and output variables,
Retzlaff-Roberts  appropriated to using the concept of
positive effect variables and negative effect variables on
units. Any factor whose increase (while others are held
costant) leads to unit considered better or more efficient is
defined as positive. On the contrary, any factor whose
decrease (while others are held costant) leads to unit
considered better or more efficient is defined as negative
8,11).
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4. DISKIRIMINANT ANALiZIi VE VERI
ZARFLAMA ANALIZININ
BIiRLESTIRILMESI

VZA, KVB’lerin goreli etkinliklerinin 6l¢iilmesi amact
ile gelistirilmis olan parametrik olmayan bir etkinlik
yontemidir. DA ve VZA dogrusal programlama
kullanilarak bir grup benzer birim ya da gozlemin
performanslarini hesaplama yontemleri olarak
diistiniilebilir. Bir gruba ait olam ayirt etmek i¢in her iki
yontem de bir takim agirlik faktorlerini kullanirlar. DA’ da
her bir birimin hangi grubun {iiyesi oldugu baslangigta
bilinirken, iki grup arasinda en iyi ayirimi saglayan faktor
agirliklart ve esik degerleri arastirilir. Genelde VZA iki
grubu siniflama teknigi olarak bilinmekle birlikte,
birimleri etkin olmayan ve VZA-etkin olan olarak iki
gruba ayirir. VZA’ da baglangicta birimlerin hangi gruba
ait olduklar1 bilinmezken, iki grubu ayiran esik degeri
bilinir; etkinlik skoru 1’in altinda olan birim etkin
olmayan olarak degerlendirilirken, digerleri VZA-etkin
olarak degerlendirilir.

Bir Diskiriminant analizi probleminde 71 tane girdi
degiskeni ve S tane cikt1 degiskeni siniflama degiskenleri
olarak gbéz Oniine almsin. x, (i=1,2,...,m) Ve

v, (r=12,....) ile j.&ornegin (birimin) I. girdisini

ve 7. ciktisin1 gosterelim. Veri Zarflama Analizinin
avantajlarindan biri ¢oklu ¢ikt1 ve ¢oklu girdileri
kullanabilmesidir. Siniflama kriteri olarak ¢oklu girdiler
ve ¢oklu c¢iktilar iizerinden tanimlanan etkinlik kavrami
kullanildiginda 1 degeri (kesme degeri, esik deger) iki
grubu birbirinden ayirabilir:

s m
max 3y, S,
r=l i=1

Zuryrf Zvixif 21 jeg,

= i

Zluryrf/;vixif <l jeg,
u,v,20 j=12,...,n

Bu model dogrusal programlamaya doniistiiriildiigiinde
[9] ile verilen modele ulastlir.

S
max ) u,y,

r=1

S m
Zury,j —ZVixl.j >0 jegG
r=1 i=1

S

m
Zuryrj— vx; <0 jeG,
i=1

r=1

ivixiu =1 j=L2,...n
i=1

u,v, 20 i=L2,....m ; r=L2,...,

Yanlis siniflandirma oraninin 6l¢iisii olan ; dis sapma
J

degiskenleri alinarak, bu dis sapmalar toplamimin
minimizasyonu kriterinin yukaridaki modele eklenmesiyle
asagidaki ¢ok kriterli karar modeli elde edilir.
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4. COMBINING DISCRIMINANT ANALYSIS
AND DATA ENVELOPMENT ANALYSIS

DA and DEA can be considered as methods to
calculate the performance of fort he purpose of
measuring the DMU’s by using LP. In order to distinguish
the members of a group, each method uses some factor
weights. In DA it is initialy known which group each unit
is a member of, and a set of factor weights and threshold
value are sought which produce the best possible
seperation of two groups. While DEA is not generally
thought of as a two-group classification technique, it does
classify units into the two groups inefficient and DEA-
efficient. In DEA it is not initally known to which group
units belong, but threshold that seperates the two groups is
known, an efficiency score below 1 categorizes a unit as
inefficient and others are deemed DEA-efficient.

Consider a DA problem, whose classification attributes
consist of 7 input attributes and S output attributes. We

denote x (i=1,2,...,m)and y (r=12,...,5) asthe

values of the . input and 7. output attributes of the J.

sample. One of the advantages of DEA is its capability of
dealing with multiple inputs and multiple outputs. When
the efficiency of multiple inputs and multiple outputs is
used as the classification criterion, it is naturally hoped
that there can exist an efficiency cut of value 1 (threshold,
boundary value) that separates two groups.

L
max Sy, S,

r=1 i=1

5 m
Zu,yv ZVixij 21 jeg,
r=1 i=l

s m 8
Zu,y,j/ZVixijSI jegG, 5]
r=1 i=1

u,v,20 j=12,....n
This model can be transformed into an equivalent
linear programmig model, obtained in [9].
max Y,
r=1
Zu,y,j _Z"ing =20 jeG
r=1 i=1 [9]
Zu,y,/. —Zv,.x,.j <0 jeG,
r=1 i=1
Z\),.xm =1 j=L2,...,n
i=1

u,v,20 i=12,....m ;r=1,2,....5

Considering the deviation variable 5 which is a
J

measure of missclassification ratio, we introduce the
external deviation variables and its minimum sum
criterion into the above model, which results in a multi
objective linear programming model shown as follows:
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s
max Z u.y,

r=1
n
min Zd/.
j=1
n

iu,vy,j—ZVixg—dI.ZO JjeG,
=1

i=1

(10]

s n
ZMV,y”.fzv,,qurd/SO jeG,
r=1 i=l

n

ZVIxm:l j=12,...n

i=1

u,,v,.,d/ZO i=L2,....m ; r=12,....s

[10] modeli dis sapmalar toplaminin minimizasyonunu
ile VZA’ da ilgili KVB i¢in agirliklt ¢ikt1 toplamimin
maksimizasyonuna dayali bir siniflandirma modelidir. Bu
modeli CKVZA-DA (Cok Kriterli Veri Zarflama
Analizine dayali  smiflandirma  modeli)  olarak
isimlendirelim. CKVZA-DA modeli, ¢ok kriterli (amagli)
dogrusal programlama modelidir. Cok amagli dogrusal
programlama modellerinin ¢dziimii i¢in ¢ok sayida ¢oziim
yontemi mevcuttur. Stuer’ in Daralan Koni Ydntemi, Cok
Kriterli Simpleks Yontemi, Uzlasik Programlama ve
Hedef Programlama gibi (14). CKVZA-DA ¢ok amacgh
dogrusal programlama modelinin ¢6ziimii icin Oncelikli
Hedef Programlama yontemi kullanilacaktir. Model,
ciktilarin  agirlikli toplammm maksimum yapilmasina
birinci  Oncelik, sapmalar toplammin  minimum
yapilmasma da ikinci oncelik verilerek oncelikli Hedef
programlama teknigi ile ¢oziliir. Yukaridaki modelin
¢Oziimiinden sonra, her birimin siniflandirma skoru elde
edilecektir. Bu skorlar 1 ile karsilagtirilir, eger skor 1° den
biiyiik ise birim 1. Gruba, aksi takdirde 2. Gruba atanir.

Asagidaki hipotetik bir veri alarak, 6nerdigimiz model
ve diger modellerin performansini gostermeye caligalim.

Once iki girdi ve bir ¢ikti degiskeni bakimindan 13
bireyin (ilk alt1 eleman1 birinci grup, digerleri ikinci grup)
onerdigimiz model ve diger modelleri kullanarak
siniflandirma performansini gérelim.

<
max Yy,

r=1
n
min Zdj
Jj=1
n

Zslu,y,,-—Zv,xlj—deO jeG,
r=1 i=1

[10]

m

ZM,y,_/—ZV‘.xij+dj§0 jeG,
r=1 i=1
Zv[xmzl Jj=L2,....n
i=1
u,,v,,dJ.ZO i=1,2,....m ; r=12, ...

The model [10] is a classification model based on both
minimizing sum of external deviations and maximizing
sum of weighted outputs fort he related DMUs. We named
this model as MCDEA-DA (classification model which
bases on multiple criteria data envelopment analysis). The
model MCDEA-DA is a multi criteria (objective) linear
programming model. There are several solution methods
in order to solve the multiple objective linear
programming model as Stuers’s narrowing cone, multiple
criteria simplex method, compromise programming and
goal programming. We used preemtive goal programming
in order to solve the MCDEA-DA multi objective linear
programming model (14). This model can be solved by
preemtive goal programming, where first priority is to
maximize the sum of weighted outputs and second
priority is to minimize the sum of deviation variables.
After the solution to the above model, it will be obtained
the classification score for each unit. These scores are
compared with 1, if it is greater than 1 we assign the unit
to first group, and otherwise to second group.

Let us consider the following a hypothetitical data, and
try to compare the performance of our model and other
models.

Firstly, we attemp to show the classification
performance of our model and of other models for 13
objects with two input variables and one output variable
(first six member of objects denote G1 group, the others
denote G2 group)

Tablel. The values of variables for a hypothetical data and obtained results by 5 methods
Cizelge 1. Hipotetik 6rnege iligskin degisken degerleri ve 5 yontemden elde edilen sonuglar

FLDF MSD CKVZA-DA DEA-DA RR
M| X | N MCDEA-DA
1 1300 | 210 | s06 2.68 1.67 228 3.78 2.78
2 398 252 412 0.67 1.18 3.62 4.96 326
3 | 325 | 264 | 756 112 0.94 3.78 3.64 1.44
4 | 537 | 206 | 612 0.98 0.83 1.46 2.54 1.69
5 | 452 | 390 | 582 224 175 1.57 3.12 3.64
6 | 400 | 512 | 961 3.68 1.87 2.96 2.45 257
71 102 | 64 | 261 -1.67 0.24 0.78 1.57 0.73
8 | 245 | 269 | 476 0.46" 0.67" 0.94 232" 1.24"
9 | 157 | 108 | 206 -0.96 0.34 0.64 1.13 0.88
10| 96 | 190 | 262 -0.78 0.37 0.68 0.96 0.76
11| 189 | 200 | 384 0.12" 0.58" 0.82 123 1.06"
12 76 | 164 | 192 -1.23 0.08 0.45 0.68 0.47
13 | 232 | 168 | 301 0.08" 041 0.57 1.04 0.51
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Burada (*) bireyin yanlis  smiflandirildigin
gostermektedir. Kiigiik boyutlu bu 6rnekte dnerdigimiz
model, diger modellere gore daha iyi bir performans
gostermistir. Ciinki yanlig siniflanan birimi
bulunmamaktadir. Oysa diger modellerde yanlis siniflanan
birimlere rastlanmigtir. Her durumda modellimizin ¢ok
istlin oldugunu sdylemek erkendir. Béyle durumlarda
modellerin ger¢cek performans: simiilasyon ¢aligsmasi
sonucunda ortaya cikarilabilir. Asagida da gercek bir veri

tizerinde biitin modellerin performansini incelemeye
calisalim.
5. UYGULAMA

Bu boliimde Avrupa Birligi tiyesi 15 iilke( G ; 1.grup)

ve birlige iiye olamayan 8 iilkenin (G2§ 2.grup) secilmis
sosyo-ekonomik  gostergeleri  kullanilarak, Fisher’in
gelistirdigi istatistiksel yontem (FLDF), Fred ve Glover’in
geligtirdigi  sapmalar  toplammin  minimizasyonuna
dayanan dogrusal programlama yaklasimi (MSD),
Suoyeshi’ nin DEA-DA modeli, Retzlaff-Roberts’ in (R-
R) modeli ve caligmada onerilen Cok Kriterli VZA
teknigine dayali smiflandirma modeli (CKVZA-DA)
karsilastirilacaktir. Calismada kullanilan degiskenler (15)
ve (16)’ den derlenmistir ve asagida gosterildigi gibidir.

X, : Issizlik orant (%)
X, : Bebek 6liim orani (1000 kisi bagina)
Y, : Kisi basina diisen GSYIH (cari fiyat, $)
Y, : Egitime ayrilan pay ($)
Bolim 3’ te ifade edildigi izere VZA’ da degiskenlerin
girdi-gikt1 veya pozitif etkili-negatif etkili olarak ayrilmasi

gerekir. Burada X, ve X, negatif etkili, }; ve ), ise

pozitif etkili degiskenler olarak alinmistir. Tablo 2,
Avrupa Birligi tiyesi 15 iilke ve birlige liye olamayan 8
iilkeye ait standartlastirilmis degisken degerlerini ve bes
yontemle de elde edilen smiflandirma skorlarini
gostermektedir.
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Here (*) denotes misclassified objects. In this small
dimensional example, our model has a better classification
performance than the other models, because there is no
misclassified objects in our model, but, there are some
misclassified objects in the other models. We do not want
to say that our model is better in all cases. In those cases it
can be revealed the real classification performance of
models by a similation study. For this reason, we try to
investigate the classification performance of all models on
real data in following

5. APPLICATION

In this section, using selected socio-economic variables

for 15 europe union members country (G1 , group 1) and

8 non union members country (G, , group 2) we will

compare the Fisher’s Linear Discriminant Function
(FLDF), Fred ve Glover’s (MSD), Suoyeshi’s DEA-DA
model, Retzlaff-Roberts’ (R-R) model and our suggested
underlying multiple criteria and DEA model (MCDEA-
DA). In this study that we have used variables are
obtained in references (15) and (16) and shown as bellow:

X, : unemployement rate (%)
X, : infant deat rate ( per thousand people)
), : per capita gross national product (current price, $)

), : expenditure on education($)

As is expressed in section 3, it is neccessary that the
variables should be seperated as input-output or positive

efficient and negative efficient variables in DEA . Here X,

X, and ), ), defined respectively, as negative efficient

variables and positive efficient variables. In Table 2, it is
shown the values of standardized variables and
classification scores by using all methods for 15 Europe
union members country and 8 non union members
country.
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Table 2. The values of standardized input and output variables, and the obtained classification scores by using all methods for 15
Europe union members country and 8 non union Europe members country
Cizelge 2. Avrupa Birligine iye 15 iilke ve iye olmayan 8 iilkeye ait standartlastirilmis degisken degerleri ve tiim yontemlerin

kullanilmasi ile elde edilen siniflandirma skorlari

FLDF| MSD | CKVZA-DA | DEA- | R-R
X X Vi V2 MCDEA-DA | DA

1 | Belgium/Belgika 0504 | 0.147 | 0567 | 0373 | 1641 | 0476 2.346 9.623 | 1.962
2 | Denmark/Danimarka | 0288 | 0220 | 0.764 | 0.975 | 1553 | 0427 4.043 10.762 | 3.712
3 | Germany/Almanya 0506 | 0.123 | 0.604 |o0.578 | 1:827 | 0410 2981 8.632 |3.621
4 Greece/Yunanistan 0.583 | 0.156 0.271 0.373 13121 0514 1.069 4.212 1.968
5 | Spain/ispanya 1 |0135| 0346 |o0602 | 1451 | 0449 1.554 5614 | 1.044
6 | France/Fransa 0.636 | 0.128 | 0557 |o0.722| 0862 | 0434 2.648 6321 |2.762
7 | Ireland/irlanda 0418 | 0.155 | 0546 |o0.722| 0712 | 0517 2215 7826 | 1.672
8 | Italy/italya 0.627 | 0.138 | 0479 | 0590 | 1:492 | 0457 2.116 5621 |3.012
9 | Luxembourg/Liksemburg | 0.138 | 0.120 | 1 0.481 | 1912 ] 0381 6.017 14231 | 4.621
10 | Holland/Hollanda 0225|0134 | 0580 |o0.614 | 1613 | 0444 2.994 8.621 |3.021
11 | Austria/Avusturya 0246 | 0.121 | 0.605 | 0.650 | 1441 | 0.409 3321 8.761 | 2.125
12 | Portugal/Portekiz 0297 | 0.154 | 0259 | 0.698 | 0-09 | 0.513 1.130 4312 | LIT
13 | Finland/Finlandya 0.618 | 0.101 | 0575 | 0903 | 1981 | 0359 3.458 8.625 12912
14 | Sweden 0.457 | 0.087 | 0.632 1 | 2014) 0318 4432 9.968 | 3.962
15 | England/ingiltere 0349 | 0.151 | 0549 | 0.638 | 1332 | 000 2.368 6.764 | 4.621

; 2.104 0.121 1621 | 0264
16 | Turkey/Tiirkiye 0345 | 1 0.068 | 0.204 | 5.721

; 0.859 0302 2.101 | 0528
17 | Estonia/Estonya 0.551 | 0.263 | 0.079 | 0.879 | 0.241

; 1262 0.156 1562 | 0.142
18 | Latvia/Letonya 0.816 | 0.396 | 0.054 | 0.698 | 1.171

; 0.872 0.249 1832 | 0.452
19 | Lithuania/Litvanya 0.729 | 0.271 | 0.062 | 0.650 | 0.146

- | 0473 0.642 2301 | 0.861
20 | Czech. Reb./Cek Cumh. | 0318 | 0.146 | 0.121 | 0.602 | 0.011

-0.01 | 0436 1 2.626 | 1.126
21 | Slovenia/Slovenya 0.405 | 0.133 | 0.218 | 0.506 "

; 1.766 0.092 0.961 | 0.082
22 | Rumania/Romanya 0.340 | 0.563 | 0.037 | 0.433 | 3.421

; 1.283 0.101 1.062 | 0.268
23 | Bulgaria/Bulgaristan 0.832 | 0.409 | 0.031 0.313 | 5.491

* Yanlis siniflandirilmig birimler

misclassified units

Her model ile elde edilen simiflama skorlar1 incelenirse,
FLDF tekniginin dogru smniflandirma oran1 %95, MSD
tekniginin dogru smiflandirma orani %78, Suoyeshi’ nin
DEA-DA modelinin dogru simiflandirma oran1 %100,
Retzlaff-Roberts’ in (R-R) modelinin dogru siniflandirma
orant %95 ve oOnerdigimiz CKVZA-DA ile elde edilen
dogru smiflandirma oraninin ise %100 olarak bulundugu
goriilir. Bu uygulamada CKVZA-DA ile DEA-DA
modellerinin  performanslart  aym1  olmakla birlikte,
siniflandirma skorlar1 oldukga farklidir.

6. SONUC

Bu c¢aligmada, iki gruplu siniflandirma problemi,
sapmalar toplaminin minimizasyonuna dayanan model ile
Veri Zarflama Analizindeki goreli etkinlik kavraminin
birlestirildigi bir smiflandirma modeli ile incelenmistir.
Uygulama olarak segilen veri setinde grup iiyelikleri
onceden bilindiginden (Avrupa Birligi’ ne iiye ve iiye
olmayan iilkeler), caligmada Onerilen model, grup
dyeliklerinin bilindigi durum g6z Oniinde tutularak
uygulanmigtir. Grup iyelikleri bilinmeseydi bile Veri
Zarflama Analizi ile birimler iki gruba ayrilabilirdi.
Uygulama sonuglarindan da goriilecegi ilizere, Onerilen

In considering the classification scores obtained by
each model, the hit ratio of FLDF, MSD, DEA-DA, (R-
R), Suoyeshi’s DEA-DA and our model MCDEA-DA is
respectively %95, %78, %100, %95 and %100. Hit ratio is
the ratio of correctly classified units to the total number of
units to be classified. The classification performance of
Suoyeshi’s DEA-DA and our model MCDEA-DA are the
same but their classification scores are quite different.

6. CONCLUSION

In this study, the classification model for two groups is
examined by means of a classification model which
combines the model minimizing the sum of deviations and
the model utilizing the relative efficiency concept (i.e.
DEA). In the application, since the group memberships
(15 countries of European union and 8 non-union
countries) are known initally, the proposed model of this
study is applied for this case in which the group
memberships are not know, the units could be seperated in
two groups using DEA. As can be seen from the results of
application, our model seperates from the groups
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model iki grubu tam olarak birbirinden ayirmistir.
Kuskusuz her uygulamada boyle bir sonug ile
karsilagilmas1 beklenilemez. Bir simiilasyon caligmasi ile
oOnerilen modelin tam performanst ve diger modellerden
iistiin olup olmadig1 goriilebilir. Bu ileride yapacagimiz
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completely. It provides a good separation from units
(between groups). Undoubtedly It can not be expected to
obtain like this result in each time and every application.
It might have been shown real performance of our model
by using simulation study. As a furher study we will be

caligmalar arasindadir.

interested this dimension.
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