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Foreword Onsoz

Editér Notu
Degerli Okuyucular ve Meslektaglarim,

Tiirkiye Istatistik Kurumu tarafindan 2001 yilindan bu yana hakemli olarak yiiriitilmekte
olan "[statistik Arastirma Dergisi" ile istatistiki aragtirmalarin niteliginin yiikseltilmesi,
kuramsal ve uygulama alamindaki aragtrmacilar arasinda iletigimin ortak caligma ve
yaymlarla giiclenmesi saglanmaya ¢aligilmaktadir.

2004 yili basindan bu yana biiyiik bir 6zveriyle yiiritmeye ¢aligtigim editorliik gorevimden
kendi istefimle; difer degerli meslektaglarima bu ulvi gérevde bulunmalarina firsat tanimak
igin, aynliyorum. Kavramsal, kuramsal ve uygulamal galigmalar olmak iizere toplam bes adet
caligmayr siz deferli okuyucularimizla paylagtifimmz Dergimizin bu sayisi benim
editirliifiinii yaptifim son sayidir. Bu vesileyle Dergimiz ile ilgili baz1 gériiglerimi sizlerle
paylagmak istiyorum.

Oncelikle belirtmeliyim ki; Istatistik Arastirma Dergisi Ulkemizde istatistik alaninda
yvayimlanan, {iiniversitelerin dogrudan denetiminde olmayan, kuruldufundan bu yana
yasatilabilmig tek bilimsel dergidir.

Bu derginin sayilannin iiretilmesi asamasinda Tiirkiye Istatistik Kurumu yéneticilerinin
herhangi bir gekilde baskilan olmamaktadir, Dergimizde, Tiirkge ve Ingilizce olmak fizere iki
dilde kuramsal ve uygulama icerikli makaleler yayimlanmaktadir. Iste bu ézelliklerinden
dolay1 bu derginin yasatilmasi ve desteklenmesi gerektigine inanmaktayim. Dergimizin
istatistik bilimininin degigik alanlarinda ¢aligma yapanlarca siirekli olarak talep edilen ve
izlenen bir yayin orgam olabilmesi igin;

1. Dergi igin istatistik alminda en az doktora derecesi ve en az 10 y1l deneyimi olan editor
dahil beg kigiden olugan bir Editorler Kurulu’nun olugturulmas,

2. Editorler Kuruluca dergi yayin politikasinin yeniden gbzden gegirilmesi,

3. Editorler Kurulu iiyelerinin, dergiye makale ginderebilecek kurum ve kuruluglara Dergi
hakkinda sozlii ve yazih aydinlatici bilgilerin iletilmesi ve makale gonderilmesi igin
ilgililerin tegvik edilmesi igini kendilerine misyon edinmelerinin saglanmas,

4. Derginin uluslararasi kurum veya kuruluglarca tamnmasi, tanitilmasi ve ilgili endekslerde

taranmasi igin yapilmasi gerekenlerin 6ncelikle saptanmasi ve bunun derginin en 6nemli
vizyonu olmasinin saglanmasi,

5. Dergiye hizmet edenler i¢in, miimkiin oldufu takdirde, bir 6diil sisteminin olugturulmasi,

6. Her yilin sonunda, ilgili alanda birikimi olan bilim insanlarindan olugan bir jiiri tarafindan
o y1l i¢ginde Dergide yaymlanmug en iyi makalenin belirlenmesi ve bu makalenin yazarina
veya yazarlarina bir 6diil verilmesi,

7. Derginin zamamnda yaymmlanmas: i¢in gereken ¢abamin hem Kurul iiyelerince hem de
hakemlerce gdsterilmesi ve makale sahibi/sahiplerince de zamaminda geri doniigleri
yapmalarinin saglanmas i¢in onlemlerin alinmasi,

Fran III
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Onsoz Foreword

8. Dergide, kurumlarda ve kuruluslarda (devlet veya ozel sektér kuruluslarinda) istatistigin
belirli bir alaninda gergek verilerin kullamlarak yapilan uygulamah Ozgiin galigmalarin,
belirli bir sayfa siirlamasiyla, genis dzetinin yayimlanmasimin saglanmasi (belki bu tiir
galigmalar igin Dergide ayr béliimiiniin aynimasi),

9. Dergi editdriiniin Ulkemiz diginda daha iyi taninmas: igin temaslarda bulunmak iizere yurt
disindaki ve yurt igindeki bilimsel toplantilara katilabilmesi igin TUIK tarafindan maddi
olarak desteklenmesinin saglanmas1

gibi diizenlemelerin yapilmasmin yerinde olacagi kanaatini tagtyorum,

Uzun siiredir Dergimizin editorliigiini, glicim ve sartlar elverdigince yiiriitmege ¢aligtim. Bu
gorevimde bana destek olan basta su an gérevde olan TUIK Bagkam Saym Birol
AYDEMIR’e ve bu siire iginde daha 6nce gorev yapmis bagkanlara bana vermis olduklan
destek ve ilgi i¢in, Dergi Sekreteryasinda basta sevgili 6grencim Efitim ve Aragtirma Merkezi
Miidiirii Buket AKGUN’e ve ekibindeki elemanlarma, Derginin gene benimle birlikte ¢ok
emegi gegmig editor yardimcmmz sevgili 6grencim Dog. Dr. Ozlem ILK’e ve son olarak,
Derginin bu sayisinin ve simdiye kadar yayinlanmig sayilarinin gerceklestirilmesinde emegi
gegen, bagta Dergimizde yaymnlanmasi1 amaciyla makalelerini gonderen (yaymnlanmasa bile)
tiim aragtirmacilara, katkilariyla hi¢ bir karsilik beklemeksizin bizlere yardimei olan tiim
hakemlerimize ve TUIK’in tiim degerli ¢alisanlarina hepimizin adina tegekkiir etmeyi bir borg
biliyorum.

Yeni gorev alacak kigilerc simdiden baganlar dileyerek, igerigi ve kalitesi daha zengin
Dergimizin yeni sayilariyla bizleri bulusturmalan dilefiyle hepinize saygilarimi sunuyorum.
Saglicakla kaln.

Prof. Dr. Fetih YILDIRIM
Dergi Editorii

v T
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Aim, Target, Principles Amag, Kapsam, Ilkeler

AMAC VE KAPSAM

“Istatistik Arastrma Dergisi (IAD)”, istatistik aragtrmalarn niteliginin yiikseltilmesi, istatistik
yontem ve uygulamalarnmn geligtirilmesi, literatiirde yer alan ¢aligmalarin tartigitlmasi, istatistik
uygulamalanyla ilgili anket c¢aligmalannin ele ahnmasi, kuramsal ve uygulama alanindaki
aragtirmacilar arasinda iletigimin ortak ¢aligma ve yaymnlarla gii¢lendirilmesi amaciyla, yayimlanan
hakemli bir dergidir.

“Jstatistik Aragtirma Dergisi “nin kapsammda yer alan tematik konular asagida &zet olarak verilmigtir:

* Bankacilik, Finans, Sigortacilik, Aktierya ve Risk Yonetimi; Bayesci Istatistik; Benzetim
Teknikleri; Bilgi Sistemleri; Biyoistatistik; Bulanik Teori; Demografi; Deney Tasarimi ve Varyans
Analizi; Ekonometri; Genel Sayimlar ve Degerlendirmeleri; Istatistik EBitimi; Istatistik Etigi; Istatistik
Kurami; Istatistiksel Kalite Kontrolii; Kamuoyu ve Piyasa Aragtirmalan; Klinik Denemeler;
Miihendislikte Istatistik Uygulamalari; Olasilik ve Stokastik Siiregler; Optimizasyon; Ornekleme ve
Aragtirma Tasarimlar;; Parametrik Olmayan [statistiksel Yontemler; Resmi Istatistikler; Toplum
Bilimlerinde Istatistik; Veri Analizi ve Modelleme; Veri Madenciligi; Veri Yénetimi ve Karar Destek
Sistemleri; Verimlilikte Istatistiksel Yaklagimlar; Yonetsel Siireglerde Performans Analizi; Yoneylem
Aragtirmasi; Zaman Serileri; Diger Istatistiksel Yontemler gibi istatistifin her dalinda yeni bilgi
iiretimine yénelik tiim aragtirmalar,

Makale Dili ve Genel Kurallar

* Bu yaymmn 5846 Sayili Fikir ve Sanat Eserleri Kanunu’na gore her hakki Tiirkiye Istatistik
Kurumu Bagkanlifi’na aittir. Gergek veya tlizel kigiler tarafindan izinsiz go@altilamaz ve
dagitilamaz.

* Makale taslaklart WORD yazim dilinde, Times New Roman yazi tipinde, 12 punto biiyiikliikte,
satirlar arasinda bir satir bogluk birakilarak yazilmal, gekil ve grafikler JPG dosyalan olarak
hazirlanmalidar,

* A4 sayfa boyutunda; soldan 3,5 cm, safdan, yukarnidan ve agagidan 2,5 cm bogluk birakilmalidir.

*  Ana biéliim baghklarinin tiimii biiyiik harf, 12 punto biiyiikliikte, koyu, ortali ve Arap rakamlan ile
numaralandirilarak; alt béliim baghklarinda ise sadece kelimelerin bag harfleri bilyiik digerleri
kiigiik harfle, 12 punto biiyiikliikte, koyu, sola dayali ve ana boliim baglhifina endeksli olarak Arap
rakamlarn ile numaralandirilarak yazilmalidir,

* Makale taslafi yaziminda, okuyucunun, ¢aligmanin her agamasimi anlama ve degerlendirmesine
olanak verecek bir anlatim ve plana uyulmalidir.

* Anlatim olabildigince sade, anlagmlabilir, 6z ve kisa olmahdir. Gereksiz tekrarlardan,
desteklenmemis ifadelerden ve konu ile dogrudan iligkisi clmayan agiklamalardan kagimilmalidar,

* Yazimda ¢ok genel ifadeler kullamlmamalidir. Yarg: veya kesinlik igeren ifadeler mutlaka
verilere/ referanslara dayandiriimalidr.

*  Araghrmaciy/araghrmacilar tarafindan probleme, hangi kuramsal/kavramsal agidan yaklagildigi,
gerekgeleri ile birlikte belirtilmelidir.

¢ Kullamlan aragtirma y6nteminin segilme gerekgesi agiklanmalidir. Biitlin veri toplama araglarinin
gecerliligi ve giivenilirlii belirtilmelidir.

*  Aragtirma sonucunda elde edilen veriler bir biitiinliik i¢inde sunulmalidir.

s  Sadece ¢lde edilen verilere dayanan sonuglar sunulmalidir.

* Sonuglarin yorumlari, varsa, literatiirdeki diger kaynaklarla desteklenerek, degerlendirilmelidir.

* Yararlamlan kaynaklar, caligmamin kapsamim yansitacak zenginlik ve yeterlikte olmalidar,

* Tiirkge ve Ingilizce 6zetler; galismanin amaci, yéntemi, kapsamm ve temel bulgulanim igermelidir.

Fran IX
TUIK, istatistik Arastirma Dergisi, Aralik 2013
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Amac, Kapsam, Ilkeler Aim, Target, Principles

AIM AND SCOPE

“Journal of Statistical Research (JSR}” is a refereed journal published with the aim to raise the quality
of statistical rescarches, improve the statistical methodology and applications, discuss the studies
included in literature, consider survey studies regarding the statistical application, and strengthen the
communication between researchers in the field of theory and application by joint studies and
publications.

The contents of the “Journal of Statistical Research” are summarized below:

* Researches aimed at producing new knowledge in every field of statistics such as Banking, Finance,
Insurance Trade, Actuarial and Risk Management; Bayesian Statistics; Biostatistics; Clinic Tests; Data
Analysis and Modeling; Data Management and Decision Support Systems; Data Mining;
Demography; Econometrics; Experimental Design and Variance Analysis; Fuzzy Theory; General
Census and Evaluation; Information Systems; Non-Parametric Statistical Methods; Official Statistics;
Operational Research; Optimization; Sampling and Research Designs; Performance Analysis in
Managerial Process; Probability and Stochastic Processes; Public Opinion and Market Researches;
Statistical Applications in Engincering; Statistical Approaches in Efficiency; Statistical Ethics;
Statistical Quality Control; Statistical Training; Statistics in Social Science; Statistics Theory;
Simulation Techniques; Time Series; Other Statistical Methods.

Article Language and General Rules

¢ Turkish Statistical Institute reserves all the rights of this publication. Unauthorized duplication and
distribution of this publication is prohibited under Law No: 5846.

¢ Article drafts should be prepared in WORD, using Times New Roman font, in 12 point size, with a
blank line in between lines. Figures and tables should be prepared as JPG files.

* On A4 paper size; margins should be set as: left 3,5 cm; right, top and bottom 2,5 cm.

* Titles of the main sections should be all capitalized, in 12 point size, bold, centered and numbered
with Arabic numerals; only the first letter of the words in the titles of the subsections should be
capitalized, with 12 point size, bold, left justified and numbered with Arabic numerals indexed to the
titles of the main sections.

* In article draft writing, writer should follow such a plan that reader should be able to understand
and evaluate all the steps of the study.

* Narration should be as plain as possible, as well as comprehensible, compact and short.
Unnecessary repetitions, unsupported declarations and explanations that are not in direct relation to the
topic should be avoided.

* (eneral statements should be avoided in writing. Statements that include judgment or facts must be
supported by data/references.

* It should be stated, with justifications, from which theoretical/conceptual aspect the
researcher/researchers have approached the problem.

* The reason of choosing the research methodology that is used should be explained. The validity and
reliability of all the data collection tools should be presented.

¢ Data obtained as the result of the research should be presented in unity.

* Results that only rely on the obtained data should be presented.

* The interpretation of the results should be supported and evaluated by the other resources, if any, in
the literature.

¢ Used resources should be in good wealth and proficiency that reflect the scope of the study.

* Turkish and English abstracts should include the goal, methodology, scope and main findings of the
study.

TUIK, istatistik Arastirma Dergisi, Aralik 2013
TurkStat, Journal of Statistical Research, December 2013
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FARKLI CALISMA OLCEKLERINDE SUC OLUSUMUNA ETKI
EDEN DEGISKENLERIN MEKANSAL ISTATISTIK
YONTEMIYLE KARSILASTIRILMASI

Ozlem DALAN" Vahap TECIM™

OZET

20. yiizyildan bu yana sug¢larin olusma nedenlerini anlamak ile ilgili bir¢ok
calisma yapilmigtir. Ilerleyen yillarda da cografi konumun sucu anlama
konusunda ¢ok onemli bir katkist oldugu tespit edilmistir. Boylece
arastirmacilar ¢aliyma alanlarinda suga etki eden faktorleri belirlerken
mekansal faktorleri de arastirmalarina dahil etmislerdir. Farkli bélgelerde
gergeklestirilen ¢aliymalarda sugu etkileyen faktorlerin konuma gore de
farkhihk gésterdigi sonucuna ulagmislardir. Ancak su¢u etkileyen faktorler
sadece konuma gore degil aymi konuma iligkin yapilacak arastirmanin
Olcegine gore de degisiklik gostermektedir. Izmir'in merkez ilcelerini
kapsayan alanda ger¢eklestirilen bu ¢alisma ile sadece c¢alisma dlgegi
degistirilerek suca etki eden degiskenler tespit edilmistir. Bolgesel ve yerel
olgek  karsilastirilarak  gerceklestirilen ¢alismada mekansal istatistik
yontemlerinden yararlanilarak hwrsizhk  su¢unun  olusmasmi  agiklayan
faktorlerin degisiklik gosterdigi saptanmistir. Elde edilen arastirma sonuglari
su¢ onleme ¢alismalarima karar destek olusturacak gegerli bulgular
icermektedir.

Anahtar Kelimeler: Cografi Bilgi Sistemleri, Karar destek, Mekansal analiz, Mekansal istatistik,
Sug¢ 6nleme.

1. GIiRiS

Toplum igerisinde birlikte yasamanin dezavantaji olarak ortaya ¢ikan sug¢ olusumu
birgok arastirmacinin bu alanda c¢aligsmalar yapmasina neden olmustur. Su¢ Onleme
caligmalar1 da bunlarin bir ¢esididir. Sugu 6nlemenin en basarili yolu onu ortaya ¢ikaran
nedenleri tespit etmek ve tekrar olusmasini engellemektir. Bu yiizden sugun
olugsmasinda rol oynadigi diisliniilen sosyal, kiiltiirel, ekonomik ve/veya mekansal
birgok faktor giinlimiize kadar gercgeklestirilen sayisiz arastirmaya konu olmustur
(Yavuz ve Tecim, 2011).

Oyle ki suglarin konumsal olarak nerede olustugunun bilinmesi bile tek basina suglarin
olusma nedenini anlamak i¢in 6nemlidir. Bu kapsamda incelendiginde su¢ Onleme
caligmalarinda "cografi konum"un 6nemi 1930'lu yillarda Shaw ve McKay tarafindan
"Chicago School"da olusturulan pinmaps (meydana gelen sucglarin lokasyonlarinin
harita {izerine raptiyelerle isaretlenmesi) ile anlasilmistir (Chainey ve Ratcliffe, 2005).
Ilerleyen yillarda da suglarin olusmasina etki eden degisken sayilari arttirilarak birgok
farkli lokasyonda suglarin olusma nedenleri arastirilmaktadir.

Demografik, sosyal, kiiltiirel, ekonomik ve/veya fiziksel ¢evre faktorleri kullanilarak
gerceklestirilen arastirmalardan elde edilen sonuglar Tablo 1°de 6zetlenmistir.

*Arastirma Gorevlisi, Dokuz Eyliil Universitesi, iktisadi ve Idari Bilimler Fakiiltesi Yonetim Bilisim
Sistemleri Bolimi, e-posta: ozlem.dalan(@deu.edu.tr

“Profesor, Dokuz Eyliil Universitesi, iktisadi ve Idari Bilimler Fakiiltesi Yonetim Bilisim Sistemleri
Boliimii, e-posta: vahap.tecim@deu.edu.tr

TUIK, istatistik Arastirma Dergisi, Aralik 2013
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Ozlem DALAN, Vahap TECIM

Tablo 1. Ge¢mis yillarda gerceklestirilen arastirma sonuclari

Aragtirmacilar
Strano, 2004
Gillespie vd., 2009
Gorr ve Olligschlaeger, 1994
Olligschlaeger, 1997
Cahill ve Mulligan, 2003
Ceccato vd., 2002
Gruenewald vd., 2006
Schmid, 1960
Ackerman, 1998
Cozens, 2002
Malczewski ve Poetz, 2005
Ergiin ve Yirmibesoglu, 2005
Newman, 1972
Murray vd., 2001
Ayhan, 2007
Anderson ve Anderson, 1984
Cohn, 1990
Field, 1992
Salleh vd., 2012

Degiskenler

Suglularin
karakteristik | X | X
ozellikleri

Psikolojik
Karakteristik

Fakirlik X X[ X|X|X
Issizlik X X[ X| X

Diisiik gelir X | X
Ev
sahipliligi

Ekonomik

Egitim
diizeyi

Sosyal cevre

Niifus
yogunlugu

Demografik | Kiiltiirel

Yas X X
Gog X X

Ticaret alani
varligi

Sehir
merkezinden X
uzaklik
Bina
formlari
Toplu
ulagim durak X | X
sayist
Bina
cevresel X X
ozellikleri
Ortam
sicakligt

Sosyal

Mekansal

Fiziksel ¢evre

Riizgar

Yagmur

Zaman-mekan

Yiizey
sicakligi

X R <

Incelenen ¢alismalarin birgogunda arastirmacilarmsug olusumunu aciklamak igin tek bir
degisken kiimesi igerisindeki farkli degiskenleri kullandiklari goriilmektedir.Buna
ragmen gerceklestirilen herbir calismanin farkli bulgular icerdigi gézlemlenmektedir.
Ornegin; sosyal gevre verileri ile gerceklestirilen arastirmalarda Schmid (1960) sug
olusumunu etkileyen faktorleri ekonomik ve kiiltiirel degiskenler ile agiklarken Ceccate
vd., (2006) ekonomik, demografik ve sosyal degiskenler ile agiklamaktadir. Bunun
yaninda farkli degisken kiimeleri kullanilarak gergeklestirilen calismalar da
bulunmaktadir. Ornegin; farkli bulgular elde etmelerine ragmen Olligschlaeger (1997)
ve Cozens (2002) su¢ olusumunu sosyal ¢evre faktorlerini fiziksel ¢evre faktorleri ile
birlikte ele alarak agiklamaktadir. Farkli yillar ve farkli lokasyonlarda elde edilen bu
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bulgular, bir ¢alisma alaninda sucun ortaya c¢ikmasinda etkili oldugu tespit edilen
faktorlerin bir baska ¢alisma alani i¢in anlamli olamayacagi seklinde yorumlanmaktadir
(Yavuz ve Tecim, 2013).

Bu dogrultuda sucglarin olugma nedenlerinin i{ilkeden iilkeye, bdlgeden bdlgeye,
kiiltiirden kiiltiire, bolgenin sosyal ve ekonomik yapisina gore degiskenlik gosterebildigi
kanisina varilmistir (Aksoy, 2004). Ancak gergeklestirilen ¢aligmalar incelendiginde
arastirmalarda kullanilan c¢alisma alanmi biiyiikliiklerinin ve Olceklerinin ayni olmadigi
gorilmektedir. Openshaw (1984) bu durumu su¢ olusumunu anlama caligmalarinda
farklh alansal biiyiikliiklerin kullanilmasinin arastirma sonuglarina etki ettigi seklinde
aciklamistir. Bunun yaninda arastirmalarda kullanilan ¢alisma 6l¢eklerindeki farkliligin
arastirma sonuglarina etki edip etmedigi bilinmemektedir. Bu ¢alisma ile hi¢bir alansal
ve konumsal farkin olugmasina imkan vermeksizin aymi ¢alisma alaninda bolgesel ve
yerel olmak iizere iki farkli calisma oOlgegi kullanilarak sadece Olgek etkisi ile sug
olusumuna etki eden degiskenlerin farklilik gosterip gostermedigi arastirilmaktadir.

Sonug olarak Izmir ilinin merkez ilgelerini kapsayan alanda gergeklestirilen calisma ile
su¢ olusumuna etki eden faktorlerin sadece farkli calisma alanlarina gore degil
caligmada kullanilan O6lgege gore de degiskenlik gosterdigi tespit edilmistir. Bu
durumun tespit edilmesiyle su¢ dnleme ¢aligmalar1 yiiriiten emniyet teskilatlarindaki {ist
diizey yoneticilerin aragtirmalarinda sadece alansal farkliliklar1 degil 6lgek etkisini de
g6z oniinde bulundurmalar1 gerektigine iliskin kararlar1 destekleyecek gecerli bir sistem
olusturulmustur.

2. YONTEM

Aymi c¢aligma alam igerisinde su¢ olusumuna etki eden faktorlerin g¢aligmanin 6lcegi
degistirildiginde farklilik gosterip gostermeyeceginin belirlenebilmesi i¢in farkli veri
kaynaklarindan yogun veriler elde edilmistir. Verilerin bolgesel ve yerel olarak
belirlenen calisma  Olgeklerinin  her ikisinde de kullanilabilecek sekilde
diizenlenebilmesi i¢in Sekil 1'de goriildiigl gibi bir yontem izlenmistir.

Sekil 1. Cahismanin yontemi
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Olgek farkhiliginin su¢ olusumunu etkileyen faktorlerin degisiminin incelendigi
calismada toplanan verilerin harita {izerinde mekansal olarak konumlandirilmasi
gerekmektedir. Bu kapsamda ya veri igerisinde konumsal bilgilerin bulunmasi ya da
konumsal bilgiye sahip olan diger verilerle iliskileri kurularak mekansal veriye
dontstiirtilmeleri gerekmektedir. Boylece farkli formatlara sahip olan veriler ¢alisma
icin olusturulan ortak bir mekansal veri tabanina aktarilabilmektedir. Ayn1 veri tabani
icerisinde yer alan veriler igerisinden bagimli ve bagimsiz degiskenlerin belirlenmesiyle
bolgesel ve yerel dlgekler i¢cin ayr1 ayri gerceklestirilen mekansal istatistik yontemiyle
calisma alanm igerisinde sugun olusumunda etkili olan faktorler belirlenmektedir. Bu
kapsamda; ¢alisma yonteminde kullanilan adimlar Tablo 2'de agiklanmuistir.

Tablo 2. Calisma yonteminde kullanilan adimlar

Adimlar Aciklama

Sug lokasyonlari ve gergeklesme zamanlari ile ilgili bilgilerin mekansal olarak
diizenlendigi mekansal veridir.

Belirli zaman ve lokasyonda meydana gelen sugun olusumunu etkileyen faktorlerin
belirlenebilmesi i¢in literatiir ¢alismasindan elde edilen sonuglara gore derlenen ve
bagimsiz degiskenler kiimesini olugturan mekansal veridir.

Mekansal veriler (sug verileri ve su¢ olusumunu etkileyen faktor verileri) igerisindeki

Sug verileri

Sug olusumuna etki
eden faktor verileri

Sorgulama bilgilerin ¢alismada dogru bir sekilde kullanilmasini saglamak amactyla kullanilan
mekansal istatistik yontemidir.

Cografi olarak Bagimsiz degiskenler kiimesi igerisinden adimsal degisken se¢imi yontemi kullanilarak

agirliklandirilmisg degiskenlerin su¢ olusumunu etkileme olasiliklarinin konumsal olarak degisiminin

regresyon gosterilmesini saglayan mekansal istatistik yontemidir.

Cesitli veri kaynaklarindan kagit ortamda elde edilen ve mekansal veri tabanina
Mekansal veri transferi | aktarilan sug verileri ve su¢ olusumunu etkileyen faktor verilerinin harita iizerinde
konumsal olarak gorsellestirilebilmesi i¢in kullanilan bir yontemdir.

Harita Mekansal veri ve mekansal istatistik sonuglarinin gérsellestirildigi ortamdir.

2.1 Kitle ve Orneklem

Calisma Izmir ilinin yiizél¢iimii olarak %52'sini olusturan ve bircok sehirsel faaliyeti
birarada barindiran 21 merkez ilgesinde gergeklestirilmistir. Emniyet teskilatlar
tarafindan bilisim, ekonomik, narkotik, cinsel, siddet, trafik, sahis aleyhine islenen, mal
aleyhine islenen ve diger suclar olmak iizere dokuz grupta siniflandirilan suglardan
giinlik faaliyetlerden en ¢ok etkilenen sug¢ tiirii olan mal aleyhine islenen suclar
simifinda yer alan farkli tiirdeki hirsizlik suglari c¢alismanin arastirma konusunu
olusturmaktadir.

Calismanin  bagimli  degiskenini olusturan hirsizik  verileri Izmir Emniyet
Midiirliigii'nden Salleh vd., (2012) tarafindan hirsizlik suglarinin en ¢ok goriildiigli ay
olarak belirlenen Agustos aymi kapsayacak sekilde elde edilmistir. 2010 yili Agustos
ayinda meydana gelen toplam 1.344 adet hirsizlik verisi sugun islendigi tarih, saat ve
gergeklestigi konum bilgileri ile elde edilmistir. Calismanin bagimsiz degiskenlerini
olusturan zaman-mekan, mekansal ve sosyo-kiiltiirel veriler Sekil 2'de gosterildigi gibi
farkli veri kaynaklarindan belirlenen her iki ¢aligma 6lgegine uyarlanabilecek formatta
elde edilmistir.
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Sekil 2. Calisma verileri

Bu kapsamda hem zaman hem mekana gore farklilik gOsteren meteoroloji verileri,
bolgenin sosyal yapisini ortaya koyan go¢ ve yas grubu, kiiltiirel yapisini ortaya koyan
egitim durumu, demografik yapisini ortaya koyan niifus ile ¢evresel faktorleri ortaya
koyan donati alanlarina iligikin konum bilgileri elde edilmistir.

Zaman-mekan verileri ¢aligma alani smir igerisinde yer alan toplam 6 adet klimatik
meteoroloji istasyonu tarafindan kaydedilen ve MGM (2012)'den elde edilen bilgilere
gore sicaklik ve rlizgar hiz1 verilerinde kritik degisimlerin meydana geldigi zaman
dilimlerinde (sabah, aksam, gece) elde edilen toplam 558 adet veriden olugmaktadir.

Sosyo-kiiltiirel veriler Tiirkiye Istatistik Kurumu (TUIK)’ndan ilge bazinda elde edilen
gb¢, egitim durumu ve yas gruplar verileri ile bu ilgelere ait 749 mahalleye iliskin
niifus verilerinden olusmaktadir.

Cevresel faktor verileri izmir Biiyiiksehir Belediyesi (IBB)'nden elde edilen koordinatli
toplam 10.536 adet donati verisinden olugsmaktadir. Bu verilerden ¢aligsma ile ilgili 641'i
egitim tesisi, 470'1 dini tesis, 5.904'i otobiis duraklari, 59'u giivenlik birimleri, 377'si
bankalar ve 526's1 ticaret alanlarindan olusan toplam 7.508 adet veri kullanilmistir.

Elde edilen veriler mekansal veri tabani igerisine aktarilmis ve mekansal istatistik
yontemi kullanilarak bagimsiz degiskenler kiimesi igerisinden her adimda denklemde
olmayan bir baska bagimsiz degiskenin secilerek bolgesel ve yerel dl¢eklerde hirsizlik
sucunu etkileme olasiligi 6l¢tilmiistiir.

2.2 Veri Toplama Yontemi

Caligmada hirsizlik sugunu etkileyen faktorlerin belirlenen iki farkli ¢alisma 6lgeginde
yaratacagi degisimi Olgebilmek icin bolgesel dlgek olarak ilge smirlari kullanilirken
yerel dlgek olarak ayni ¢aligma alaninin 400x400 metrelik hiicrelere boliinmesiyle elde
edilen gridler kullanilmistir. Grid biiyiikligli belirlenirken Sekil 3'te gosterildigi gibi
cevresel faktdr nokta verilerine ¢izilen tampon bdlge (buffer) analizinden
yararlanilmigtir. Buna gore; baslangic icin 50 metre ¢apinda tampon bolgeler
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olusturulmustur. Olusturulan tampon bdlgenin tiim sug¢ lokasyonlarimi kapsayabilmesi
icin tampon bodlge cap1 ayni aralikta arttirillarak denemelere devam edilmistir. Sonug
olarak, hirsizlik suglarmin meydana geldigi lokasyonun cevresel faktor verilerine
yliriime mesafesi olarak da tabir edilen 400 metre ¢apindaki alanda gerceklesmis oldugu
tespit edilmistir. Bu nedenle ¢alisma alanina uygulanan grid biiyiiklikleri 400 m’
olarak secilmis olup ¢alisma alanimi kapsayan toplam 35.785 adet grid hiicresi elde
edilmistir.

Cevresel faktor nokta verileri

Sekil 3. Grid biiyiikliigii secimi

Kurumlardan elde edilen verilerin her iki 6lgekte de kullanilabilmesi i¢in mekansal veri
doniistimleri gergeklestirilmistir. Bu kapsamda hirsizlik verileri, tablo bilgisi igerisinde
yer alan koordinat bilgileri kullanilarak Cografi Bilgi Sistemleri (CBS) teknolojileri
vasitasiyla sayisallagtirilmistir. Aynm1 zamanda meteoroloji verileri ile ortiisecek sekilde
suglarin gerceklesme saati 8'er saatlik zaman dilimlerine gore sabah (04:00-12:00),
aksam (12:00-20:00) ve gece (20:00-04:00) olarak gruplandirimistir. Bu
siniflandirmaya gore gergeklesen suglar bolgesel ve yerel dlgeklerde kullanilmak tizere
mekansal veri tabanina aktarilmistir.

Birbirlerinden uzak konumlarda yer alan meteoroloji istasyonlarindan elde edilen
verilerin belirlenen her iki calisma Ol¢eginde kullanilabilmesi icin meteoroloji
istasyonlar1 arasinda siirekliligi bulunan bir yiizey olusturulmas: gerekmektedir.
Brunsdon vd. (2001)’ne gore birbirinden ayrik konumlanmis olan nokta verileri i¢in
sirekli bir yilizey olusturabilmenin en iyi yolu noktalar arasinda enterpolasyon
uygulamaktir. Bu kapsamda klimatik istasyonlardan elde edilen sicaklik ve riizgar hizi
verilerinin enterpolasyonu Agustos ay1 igerisindeki zaman dilimlerine (sabah, aksam,
gece) gore ayr1 ayri

Zi = (1)
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esitligiyle hesaplanmistir (Shepard, 1968). Esitlikte yer alan Z; i lokasyonundaki
sicaklik/riizgar hizi, Z; beklenen j lokasyonundaki sicaklik/rlizgar hzi, d;; i den jye
olan uzaklik, k enterpolasyon kuvveti (k=2)'dir. Enterpolasyon ile hesaplanan yiizeyin
ciktist Sekil 4(a)'da goriildiigii gibi raster haritadan olusmaktadir. Raster haritada yer
alan herbir piksel degerinin bolgesel ve yerel dlgeklerde kullanilabilmesi i¢in yerel
Olcekte grid hiicrelerinin merkezleri kullanilarak toplam 35.785 adet (Sekil 4(b)),
bolgesel olcekte ise ilge sinirlar icerisinde kalacak sekilde rastgele yerlestirme yontemi
kullanilarak 1.000 adet nokta iiretilmistir (Sekil 4(c)). Boylelikle herbir pikselin
icerisinde kalan noktalara ilgili pikseldeki sicaklik ve riizgar hizi degerleri atanmigtir
(Sekil 4(d)). Yerel olgekte tiretilen noktalara atanan degerler grid hiicre degeri olarak
aynen kullanilirken (Sekil 4(e)), bolgesel Olcekte iiretilen noktalara atanan degerlerin
ortalamalar1 hesaplanarak bu degerler, igerisinde yer aldigi ilge sinirina atanmistir (Sekil

4(D).

() () M

Sekil 4. Meteoroloji verilerine uygulanan enterpolasyon yontemi

Niifus yogunlugunu hesaplayabilmek icin bolgesel olgekte ilge niifuslari ile ilgelerin
ylizolglimii bilgilerinden yararlanilirken yerel 6l¢ekte ise bina basma diisen niifus ile
0.16 km? lik sabit degere sahip olan grid yiizélgiimii kullamilmustir. Niifus bilgileri ilge
ve mahalle bazinda TUIK'den elde edilmistir. Bélgesel dlcekte ilge niifuslar1 yogunluk
hesabma oldugu gibi dahil edilmistir. Yerel ol¢ekte ise bina basma diisen niifusun
hesaplanmasinda kullanilmistir.

Bina bagma diisen niifus; daire sayisi, kat yiiksekligi ve hanehalki sayilarmin
birbirleriyle c¢arpilmasi sonucu elde edilmektedir. Bu kapsamda 2010 yilina ait arazi
kullanim haritalar1 kullanilarak konut alanlar1 vektorel haritalar {izerinde tespit
edilmigtir. Farkli kullanim tiirlerini (garaj, depo, vb.) konut grubundan ayirmak ve
yiizeyde kag m” alan isgal ettiklerine gore konutlarin her katta sahip olduklari daire
sayilarin1 hesaplamak amaciyla Tablo 3'te goriildiigii gibi bir siniflama yapilmistir.
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Tablo 3. Konutlarin isgal ettikleri yiizeylere gore daire sayilar

Apartmandaki daire sayis1  Isgal yiizeyleri (m?) Bina sayis1
Miistemilat (depo) <60 117,340
Tek daire 60 — 200 360,950
Iki daire 200 - 300 28,249
Ug daire 300 — 400 8,681
Dort daire 400 — 550 5,712

Daire sayilarina gore siniflandirilan konut verilerine vektdrel haritada yer alan kat
yiiksekligi bilgileri eklenmistir. Sayisal olarak bilinmeyen hanehalk: sayisi ise mahalle
ve bina basina diisen ortalama niifusun ortalamasi tizerinden hesaplanmistir (Ural vd.,
2011). Buna goére mahallelerin ortalama niifus yogunlugu 100 m®de 0,26 kisi,
konutlarin ise 3,49 olarak hesaplanmistir. Hesaplanan bu iki degerin ortalamasini
aldigimizda ortaya ¢ikan "2" degeri hanehalk: sayisi olarak kullanilmistir. Boylece bina
basina diisen niifusun hesaplanmasinda, toplam mahalle niifusu ile karsilastirildiginda
%96,7 oraninda dogru sonug¢ elde edilmistir (mevcut mahalle niifusu 3.479.507,
hesaplanan bina niifusu 3.364.476).

Elde edilen bina niifusu iizerinden bina bazinda gdg, yas grubu ve egitim durumu
¢ikarsamalar1 gerceklestirilmistir. TUIK (2008)’den elde edilen bilgilere gére hirsizlik
suclarindan hiikiim giyen kisilerin 18-35 yas arasi ilkokul mezunu erkek niifustan
olugmasi dolayistyla yas grubu ve egitim durumu verileri bu kapsamda incelenmistir.

Cevresel faktorler bolgesel Olcekte sugun islendigi lokasyona olan uzakliklariyla
degerlendirilmistir. Yerel Olcekte ise herbir grid hiicresine olan mesafeleriyle
degerlendirilmistir. Ayn1 zamanda bolgesel olgekte ilge sinirt igerisinde kalan toplam
donatilar ile yerel 6lgekte herbir grid hiicresi icerisinde kalan toplam donati degerleri
hesaplanmustir.

2.3 Veri Analizi

Diizenlenerek mekansal veri tabanina aktarilan tim bagimsiz degiskenlerin bolgesel ve
yerel Olceklerde calisma alaninda meydana gelen hirsizlik suglarmin olugsmasini
etkileme diizeyleri geleneksel istatistik yOntemlerine kiyasla mekansal iliskileri
modelleyebilme yetenegine sahip olan mekansal istatistik yontemleriyle hesaplanmigtir
(Fotheringham vd., 2002) .

Bagiml degisken ile karsilagtirildiginda ¢ok biiyiik degerlere sahip olan sosyo-kiiltiirel
ve mekansal degiskenlere normalizasyon islemi uygulanmistir. Bolge hakkinda fikir
vermesi acgisindan sosyo-kiiltiirel degiskenler (goc, yas, egitim);

x bélgesindeki miktar

2

oranina gore normalize edilirken niifus yogunlugu ve c¢evresel faktorlere (donati
sayilar) iligkin degigkenler;

x bélgesindeki niifus

x bolgesindeki miktar

A3)

¢alisma alani toplam degeri

orani kullanilarak normalize edilmistir.
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Bolgesel ve yerel 6lgeklerde regresyona dahil edilen niifus yogunlugu, egitim durumu
(ilkokul mezunu erkek sayisi), yas grubu (18-35 yas aras1 erkek niifusu), goeg, sicaklik,
riizgar hizi, donati sayilar1 ve herbir donatiya olan mesafelere iliskin agiklayici
istatistikler Tablo 4'de verilmistir.

Tablo 4. Bagimsiz degiskenlere ilisikin agiklayic istatistikler (bolgesel dlgekte n= 21, yerel dl¢ekte

n=35.785)
Bolgesel Olcekte Yerel Olcekte
Degisken Adi . Standart . varyan  Standart
min max varyans min max
sapma s sapma
Niifus yogunlugu 0,002 0,306 0,006 0,08 0 2,681 0,016 0,13
Egitim durumu 0,007 0,027 2,765¢ 0,01 0 2,571 0,016 0,13
Yas grubu 0,101 0,522 0,160 0,09 0 4,252 0,017 0,13
Gog 0,138 7,29 2,08 1,44 0 1,151 0,001 0,02
Ortalama sicaklik 2,30 3,10 0,004 0,06 2,750 3,120 0,004 0,06
Ort. riizgar hiz1 (km) 1,180 3,323 0,192 0,44 0,963 3,460 0,251 0,50
Donati sayisi 0,001 0,147 0,002 0,04 0 1,247 0,001 0,03
Durak sayisi 0,002 0,111 0,001 0,03 0 0,675 0,000 0,02
Dini tesis sayist 0,001 0,291 0,005 0,07 0 1,702 0,001 0,03
Ticaret sayist 0,001 0,350 0,007 0,09 0 1,711 0,002 0,04
Egitim tesisi sayis1 0,001 0,222 0,004 0,06 0 1,404 0,001 0,03
Giivenlik birimi sayist 0,002 0,397 0,008 0,09 0 3,390 0,005 0,07
Banka say1st 0,001 0,416 0,009 0,09 0 4,775 0,004 0,07
Donatiya olan mesafe 0 0,774 0,027 0,16 0,001 0,199 0,001 0,03
Duraga olan mesafe 0,004 0,221 0,005 0,07 0,001 0,199 0,001 0,03
Dini tesise olan mesafe 0,001 0,160 0,003 0,06 0,001 0,458 0,011 0,11
Ticarete olan mesafe 0,002 0,184 0,004 0,06 0,001 0,447 0,012 0,11
Egitim tesisine olan mesafe 0 0,725 0,023 0,15 0,001 0,448 0,010 0,10
Giivenlik birimine olan mesafe 0,002 0,149 0,003 0,05 0,001 0,500 0,013 0,11
Bankaya olan mesafe 0,002 0,163 0,003 0,05 0 0,477 0,013 0,11

Niifus yogunlugu Izmir’in merkez ilgelerinde korfezin yer aldigi i¢ kesimlerde
maksimum seviyelere sahip iken korfezden uzaklastik¢a ve ¢eperlere dogru gidildik¢e
azalmaktadir. Niifus yogunlugunun minumum oldugu alanlar sayfiye yerleri ile tarim
faaliyetlerinin yiiriitiildiigii ilin ¢eperlerini olusturan kuzey, giiney ve dogu bolgelerinde
goriilmektedir. Turizm faaliyetlerinin de yuritiildiigii Foga, Urla, Seferihisar gibi denize
k1y1s1 bulunan ilgelerde ilkokul mezunu erkek sayisi az iken sehirsel faaliyetlerin daha
yogun bir sekilde gerceklestirildigi Konak, Bayrakli, Karabaglar, Bornova ve Buca
ilgelerinde bu say1 artmaktadir. 18-35 yas arasindaki geng erkek niifus ve go¢ durumu
icin de giinliik ve sehirsel faaliyetlerin yogun gerceklestirildigi ilgeler ve bu ilgelerin
ceperlerinde yer alan diger ilgeler maksimum ve maksimuma yakin degerlere sahiptir.
Calisma alani igerisinde yer alan donat1 sayilar i¢ kesimlerden ¢eperle dogru azalirken
donatilara olan mesafeler ¢eperlere dogru artis gostermektedir.

Bu degerlendirmelerin hirsizlik suglarinin olusmasini etkileme diizeylerini mekansal
olarak inceleyebilmek amaciyla cografi olarak agirliklandirilmis regresyon yontemi
caligma alaninda en kiigiik kareler yontemiyle birlikte uygulanmistir. Bolgesel ve yerel
Olceklerde bagimli ve bagimsiz degiskenler arasindaki mekansal iligkiler

Yi = Bo(uy, vi) + Xk Bre (i, vi) Xy + & (4)
esitligiyle hesaplanmistir. Buna gore; y; bagimhi degisken olan hirsizlik sayisinin her
ilge/grid hiicresi igerisindeki i. gézlem degeri, B, sabit, 5 k degiskeninin tahminleme
parametresi, Xx;, i. goOzlem igin k. degiskenin kovaryasyon degeri, (u;, v;)
i lokasyonunun koordinat1 ve &; hata terimidir.

Meteoroloji ve hirsizlik verileri igin belirlenen zaman dilimleri kullanilarak sabah,
aksam ve gece gergeklesen suglarin olusumunda etkili olan faktérler bolgesel ve yerel
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Olcekler icin ayr1 ayr1 hesaplanmistir. Her iki Olgekte sabah gergeklesen suglarin
bagimsiz degiskenlerle olan mekansal iligkisinin tespit edildigi harita Sekil 5°te
gosterilmistir.

(a) (b)

Sekil 5. Bolgesel ve yerel olceklerde sabah gerceklesen hirsizlik suclarina uygulanan cografi olarak
agirhklandirilmis regresyon yonteminin ¢ikt: haritasi

Buna gore; bolgesel dlgekte sabah saatlerinde gerceklesen suclarin demografik, sosyo-
kiiltiirel ¢cevre 6zelliklerinin tiimii ve mekansal faktorlerden toplu ulasim ve egitim tesisi
varligi ile %94 oraninda agiklanabilecegi saptanmistir (Sekil 5(a)). Korfezin ¢evresinde
yer alan ilgelerde diger bolgelere kiyasla daha biiyiik egitim tesislerinin bulunmasi
(tiniversite kampiisleri) ve alansal biiyiikliik dolayisiyla toplu ulagim duraklarinin
birbirlerinden uzak konumlar1 standart sapmanin bu alanlarda + 2,5 arasinda degisiklik
goOstermesine yol agmaktadir. Aym1 zaman diliminde ve aymi konumsal ¢ergeve ile
sinirlandirilmis ¢alisma alaninda yerel 6l¢ek kullanilarak gergeklestirilen mekansal
analiz sonucuna gore; bolgesel Olgekte belirlenen faktorler kullamilarak suglarin
aciklanamayacagi tespit edilmistir. Bunun yaninda analiz igerisine niifus yogunlugu,
egitim tesislerinden olan mesafe ile dini ve egitim tesisi sayilar1 dahil edilerek yerel
Olcekte suglarin %50 oraninda agiklanabilecegi saptanmistir. Yerel 6l¢ekte hesaplanan
analiz sonuglarinin diisiik olmasi uygulanan mekansal analizlerde hem yerel hem
bolgesel olgeklerde kullanilabilecek verilerin yer almasindan kaynaklanmaktadir.

Aksam ve gece gerceklesen suglara neden olan faktorlere iliskin arastirma sonuglari
Tablo 5’te 6zetlenmistir.

Buna gore; bolgesel olgekte aksam gerceklesen suglarin %80 oraninda mekansal
faktorlerden ticaret, banka, dini tesis sayilar1 ile yas ve niifus yogunlugundan
kaynaklandigi belirlenmistir. Gece gergeklesen suglarin ise %91 oraninda niifus
yogunlugu, yas grubu, toplam donati sayisi, giivenlik sayist ve riizgar hizi bilgileri
kullanilarak agiklanabilecegi saptanmistir. Yerel dlgekte aksam gergeklesen suglarin %
65 oraninda niifus yogunlugu, egitim tesislerine ve toplu ulasim duraklarina olan mesafe
ile egitim tesisi ve toplu ulasim durak sayilar1 faktorleri ile agiklanabilecegi tespit
edilmistir. Gece gergeklesen suclarin ise %55 oraninda 18-35 yag arasi erkek niifusu,
ticaret ve giivenlik birimlerine olan mesafe ile toplu ulasim durak sayilar1 faktorleri ile
aciklanabilecegi tespit edilmistir.
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Tablo 5. Bagimhi-Bagimsiz degisken iliskisi

Degisken Degisken Adi Bolgesel Ol¢ek Yerel Ol¢ek
Grubu sabah aksam gece sabah aksam gece
=
K
2 Niifus yogunlugu X X X X X
£
a
E
% Egitim durumu X
¥
= Yas grubu X X X X
-
&
2 Gog
£ E Ortalama sicaklik
£3
N Ort. riizgar hiz1 (km) X
Donati sayist X
Durak sayist X X X
Dini tesis sayist X X
Ticaret say1st X
Egitim tesisi say1s1 X X X
_ Giivenlik birimi say1s1 X
g Banka sayisi X
E] Donatiya olan mesafe
§ Duraga olan mesafe X X
Dini tesise olan mesafe
Ticarete olan mesafe X
Egitim tesisine olan mesafe X X
Giivenlik birimine olan
X
mesafe

Bankaya olan mesafe

3. BULGULAR

Ayni lokasyona iliskin iki farkli ¢galisma Slgeginde gergeklestirilen mekansal istatistiksel
analiz sonuc¢larimi karsilagtirabilmek i¢in her iki ¢alisma 6lgeginde de kullanilabilecek
Ozellige sahip verilerin farkli veri kaynaklarindan elde edilmesi gerekmektedir. Bu
kapsamda elde edilen sosyal, kiiltiirel, demografik, zaman-mekan ve fiziksel ¢evreye
iligkin verilerin biiyiik ¢ogunlugu kurumlardan tablo formatinda temin edilmistir. {zmir
Biiyiiksehir Belediyesi’nden elde edilen koordinath ilge sinirlari verileri ile 6znitelik
verileri igerisinde koordinat bilgileri bulunan hirsizlik verilerinden yola ¢ikilarak tiim
veriler CBS teknolojileri vasitasiyla koordinatlandirilmistir. Koordinatlandirma islemi
tamamlanan veriler arasindaki mekansal iliskileri 6l¢ebilmek i¢in tiim veriler mekansal
bir veri tabanina aktarilmistir.

Mekansal olarak birbirlerine yakin lokasyonda bulunan nesnelerin birbirinden uzak
olanlara gore daha ¢ok benzerlik gosterdigi bilindiginden veriler arasindaki etkilesim
incelenirken mekansal istatistik yontemlerinden yararlanilmistir. Dogrusal bir regresyon
denklemi ile birlikte tiim degiskenler hakkinda genel bir model sunan en kiigiik kareler
yontemi uygulanarak cografi olarak agirliklandirilmis regresyon analizinde pozitif ya da
negatif etki yaratan degiskenler tespit edilmistir. Buradan elde edilen bilgilerle kurulan
cografi olarak agirliklandirilmis regresyon modeli ile bolgesel ve yerel Olgeklerde
hirsizliklarin olugsmasina etki eden faktorler belirlenmistir. Buna gore bolgesel dlcekte
hirsizlik  suglarinin  olusmasinda agirlikli olarak demografik ve sosyo-kiiltiirel
ozelliklerin etkisi oldugu ancak bunlarin mekansal faktorlerle desteklendigi
goriilmektedir. Yerel Olgekte ise bolgesel dlgege kiyasla mekansal ve zaman-mekan
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faaliyetlerinin sucun olusmasinda sosyo-kiiltiirel faaliyetlere gére daha etkin oldugu
sonucuna ulasilmistir.

4. TARTISMA ve SONUC

Su¢ olusumuna neden olan faktorlerin aragtirildigi ¢alismalarda aragtirma bulgularinin
birbirinden farkli sonuglar iiretmesi bu tiir caligmalarin gergeklestirildigi alana 6zgii
sonuglar verdigi seklinde degerlendirilmektedir. Arastirmacilar kendi c¢aligma
alanlarinda sugun olugsmasinda etkili oldugunu tespit ettikleri faktorlerin bir baska
caligma alani i¢in anlamli sonu¢ vermemesini de bu duruma baglamaktadirlar. Ancak bu
degerlendirme yapilirken gergeklestirilen ¢aligmalarda kullanilan alansal biiyiikliik ve
6lgek farkliliklarinin gézard: edildigi goriilmektedir. Gergeklestirilen arastirma ile aym
caligma alaninda iki farkli ¢aligma Olgegi kullanilarak hirsizlik suguna etki eden
faktorler karsilagtirilmistir. Bolgesel ve yerel oOlgek olarak tespit edilen caligma
Olceklerinde gercgeklestirilen arastirma sonucuna gore ayni caligma alant sinirt
kullanilmasina karsin hirsizik sucunun olusmasini etkileyen faktorler farklilik
gostermigtir. Dolayisiyla su¢ olusumunu anlama ¢alismalarinda farkli lokasyonlarin ve
farkli alansal biiyiikliiklerin kullanilmasinin aragtirma sonuglarina etki ettigi goriisiine
ek olarak ¢aligmada kullanilan dlgege gore de degiskenlik gosterdigi tespit edilmistir.

Ayni zamanda arastirmacilar su¢ olusumunu etkileyen faktorleri belirlerken genellikle
tek bir faktor grubunu (sosyal c¢evre, fiziksel c¢evre, vb.) kullanarak c¢alismalarini
gerceklestirmektedir. Oysa ki gergeklestirilen ¢aligma ile goriillmektedir ki bolgesel
Olcekte meydana gelen suglarda sosyal ¢evrenin yaninda fiziksel ¢evre faktorlerinin de
katkis1 bulunmatadir. Ayni sekilde yerel olgekte de fiziksel ¢evrenin yaninda sosyal
cevrenin katkisi tespit edilmistir. Burada 6nemli olan aragtirmanin gergeklestirilecegi
caligma Glgegine uygun olarak bu verilerin elde edilmesidir.

Sonug olarak; su¢ 6nleme ¢alismalarinin yiiriitiilmesinde énemli rol oynayan arastirma
sonuglarinin emniyet teskilatlarindaki {ist diizey yoneticiler tarafindan alinacak
mekansal kararlar1 destekleyecek gegerli bir sistem olusturulmustur.

NOT: Calisma Dokuz Eyliil Universitesi Fen Bilimleri Enstitiisii Cografi Bilgi
Sistemleri Anabilim Dali doktora tez calismasindan fiiretilmistir. Calisma esnasinda
ylriitiilen tim islemler ArcGIS 9.3 yazilimi ile gergeklestirilmistir. Grid islemi igin
ArcGIS 9.x versiyonlari iizerinde ¢alisabilen Hawth's Tools (v3.27) kullanilmistir.
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COMPARISON OF VARIABLES AFFECTING ON CRIME
OCCURANCES AT DIFFERENT SCALES BY USING A SPATIAL
STATISTICS METHOD

ABSTRACT

Many studies have been focused on understanding the occurance of the
crimes since 20th century. Following years, the geographical location have
been identified as having a very important contribution in understanding the
crime. Thus, researchers have also included the spatial factors in their
working field while determining the influencing factors on crime. Studies
have concluded that these factors also vary according to the location of the
study in different regions. However, the factors affecting the crime are
changed not only by the location but they also changed according to the
scale of the research of the same study area. In this study, the factors
influencing crime are identified by changing the scale of the study area that
covers the central district of Izmir. The study established the differences of
the identified variables which affected on robbery events at the comparison
of regional and local scales of the same study area by using spatial statistical
methods. The results of the research has current findings to support decisions
on crime prevention studies.

Keywords: Crime prevention, Decision support, Geographical Information Systems, Spatial
analysis, Spatial statistics.
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PERFORMANCE COMPARISONS OF MODEL SELECTION
CRITERIA: AIC, BIC, ICOMP AND WOLD’S FOR PLSR

Ozlem GURUNLU ALMA*
ABSTRACT

Partial least squares regression (PLSR) is a statistical method of modeling
relationships between Yy response variable and Xy, explanatory

variables which is particularly well suited to analyzing when explanatory
variables are highly correlated. In partial least square part, some model
selection criteria are used to obtain the latent variables which are the most
relevant variables describing the response variables. In typical approach to
select the numbers of latent variables are Akaike information criterion (AIC)
and Wold’s R criterion.

In this study, we are interested in the performance of Bayesian Information
Criterion (BIC) and Information Complexity Criterion (ICOMP) criteria
besides the traditional methods AIC and Wold’s R criteria as the model
selection criteria for partial least squares regression when the number of
observations are higher than predictor variables. Performances of AIC, BIC,
ICOMP and Wold’s R criteria were compared by real life data and
simulation study. Simulation results were obtained from different sample
sizes, different number of predictor variables and different number of
response variables. The simulation results demonstrate that the BIC and
ICOMP model selection methods are more effective than AIC and Wold’s R
criteria selecting of latent variables for known PLSR models.

Keywords: AIC, BIC and ICOMP information criteria, K-fold cross-validation, Model selection,
Partial least squares regression, Wold’s R criterion.

1. INTRODUCTION

The partial least squares regression is a generalization of multiple linear regression
analysis. It was developed by Herman Wold (1966) as an econometric technique but
became popular as a tool to analyze data from chemical applications. PLSR is also used
in multivariate statistical data analysis (Geladi and Kowalski, 1986; Wold, 1982). It is
useful when the predictor variables are highly correlated and/or the number of
dependent variables is greater than or equal to the number of observations (Wold,
1982). This success has led to the development of extensions methods of PLSR with
objectives other than simple multivariate linear regression. A statistical overview of
PLSR can be found in Geladi and Kowalski (1986), Wold et al. (2001), and Abdi and
Salkind (2007).

The PLSR’s goal is to predict or analyze a set of response variables from a set of
independent variables or predictors. This prediction is achieved by extracting from the
predictors a set of orthogonal factors called latentvariables which have the best
predictive power. Associations are established with latent factors extracted from
predictor variables that maximize the explained variance in the response variables.
These latent factors are defined as linear combinations constructed between predictor

*Assistant Professor Dr., Department of Statistics, Faculty of Sciences, Mugla Sitki Kogman University,
48000 Mugla, Turkey, e-mail: ozlem.gurunlu@gmail.com
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and response variables, such that the original multidimensionality is reduced to a lower
number of orthogonal factors to detect the structure in the relationships between
predictor variables and between these latent factors and the response variables (Abdi
and Salkind, 2007; Helland, 1990; Wold, 1982). Although as many latent variables as
min(N,K) can be calculated, where N is the sample size and K is number of explanatory
variables, it is conjectured that the lower order latent variables are associated with
process noise and should be excluded from the model. Therefore to remove the noise, a
criterion is required for selecting the number of latent variables to include in the PLSR
model (Li et al., 2002).

Various approacheshave been proposed in the literature for model order selection
methods, including Final Prediction Error criterion (FPE), Multiple Correlation

Coefficient (R”), Adjusted Multiple Correlation Coefficient (R2), Normalized
Residuals Sum of Squares (NRSS), Mallow’s Statistics (C,), Predicted Error of Sum of

Squares (PRESS), Wold’s R criterion, Akaike Information Criterion (AIC), Bayesian
Information Criterion (BIC) and Information Complexity Criterion (ICOMP). A review
of these model order selection criteria can be found in Haber and Unbenhauen (1990);
Bozdogan (2000); Li et al. (2002); Clark and Troskie (2006). To evaluate the
performance of the different criteria, simulated models allow the underlying structures
of the models to be known (Bedrick and Tsai, 1994; Eastment and Krzanowski, 1982).
Practical case studies as described in Bozdogan (2000), Myung (2000), Li et al. (2002),
and Clark and Troskie (2006).

The PLSR creates latent variables for both explanatory and response variables using
different algorithms. As well as the standard NIPALS, SIMPLS and Kernel algorithms,
many different algorithms have been proposed to compute PLSR parameters such as
IVS-PLS, PoLiSh, UVE-PLS, GA-PLS, and etc (Jouan-Rimbaud Bouveresse and
Rutledge, 2009).

In this paper, the subset of latent variables that best fit the data is sequentially
determined. Firstly, the latent variables are extracted using partial least squares
algorithm, secondly, the number of latent variables can be consistently estimated using
information criterion. The performance of information criterion is considered with the
generation of experimental data. We have shown the behaviour of AIC, BIC, ICOMP
and Wold’s R criteria for different sample sizes and different dimension of PLSR
models by simulation study.

The article is organized as follows. Section 2 includes the PLSR algorithm and
describes how to obtain the latent variables. Section 3 gives summary information about
the model selection criteria which are AIC, BIC, ICOMP and Wold’s R criteria. In
Section 4, real life data and simulation models are described, and the simulation results
are given. This section focuses on the empirical results which showthe performance of
information criteria for various configurations of data sets. Finally a summary of
simulation results and conclusions are given in section 5.

2. PARTIAL LEAST SQUARES REGRESSION MODEL

The objective of all linear PLSR algorithm is to project the data down onto a number of
latent variables(t, andu, ), and then to develop a regression model between latent

TUIK, Istatistik Arastirma Dergisi, Aralik 2013
TurkStat, Journal of Statistical Research, December 2013



Performance Comparisons of Model Selection KEKKR icin Model Segme Kriterlerinin Performans
Criteria: AIC, BIC, ICOMP and Wold’s R for PLSR Kargilastirmalari: AIC, BIC, ICOMP ve Wold's R

variables. It uses both the variation of X and Y to construct latent variables. The
intension of PLSR is to form components that capture most of the information in the X
variables, which is useful for predicting response variables, while reducing the
dimensionality of the regression problem by using fewer components than the number
of X variables (Garthwaite, 1994).

Xk represents the data matrix of N observation units on K explanatory variables and
Y., the data matrix of N observation units on M response variables.
t, and u, (a=1,...,A)are latent variables, where A is the number of the latent variables,
and then a regression model between latent variables is written as follows:

u, =b,t +e, a=1,..., A (1)

where e, is vector of errors and b, is an unknown parameter estimated by

b,=(t't,)'t\u,. The latent variables are computed by t, =X,w, and u, =Y,q,, where
both w, andq, have unit length and are determined by maximizing the covariance
betweent, andu,.

X, =X, -t,p, where X, =X and p, =Xt /(t;t,) and Y,,, =Y, —b,t,q, whereY, =Y.

Letting G, =b,t, be prediction of u,, the matrices X and Y can be decomposed as the
following (Li et al., 2002):

A A
X=> t,p,+E, and Y=) id,q,+F, )
a=1

a=1

where E and F are the residuals of X and Y after extracting the first “a” pairs of latent
variables.

3. ESTIMATING NUMBER OF LATENT VARIABLES USING INFORMATION
CRITERION

The problem of estimating the true error of hypothesis using different adjustable
parameters in order to choose the best one is known as model selection (Hastie et al.,
2001). The necessity of introducing the concept of model evaluation has been
recognized as one of the important technical areas, and the problem is posed on the
choice of the best approximating model among a class of competing models by a
suitable model evaluation criterion given a data set. Model evaluation criteria are
defined as figures of merit, or performance measures, for competing models (Bozdogan,
2000). In this section a number of criteria for PLSR model selection can be briefly
summarized for multivariate regression models. In PLSR model, the information criteria

used to find the number of latent variables and T, .MV @a1,).a was used instead of

X, Y,M.Z, K 1et T, be a matrix of latent variables, and V(a,T,) is the sum of squared
residuals.

. 1 M N N
V(a,T,) = n_}ianZ(Yik ~Y;)’ 3)

k=1 i=l
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| M N ,
V(a,T,) = min— Y. — T, b, 4
(@T,) = mi MN;;( k ~ Tiabuc) ©)

Selection of the number of latent variables to build a representative model is an
important issue in PLSR. The main goal of model selection is to approximate the true
model using candidate models and then retain the model that entails a minimum loss of
information. A metric frequently used by chemometricians for the determination of the
number of latent variables is that of Wold's R criterion, whilst more recently a number
of statisticians have advocated the use of AIC (Li et al., 2002). Generally a good model
has small residuals and few parameters, and then it is preferred, chosen with the
smallest value of information criterion. However, it is well known that different
information theoretic criteria with proper choice of penalty function can be used to
choose the correct model (Kundu and Murali, 1996). Bedrick and Tsai (1994) modified
the AIC criterion which is corrected version of the multivariate AIC for the small
sample case (Bedrick and Tsai, 1994).

AIC and BIC are the two penalized criteria that are based on two different model
selection approaches. AIC is aimed at finding the best approximating model to the
unknown data generating process whilst BIC is designed to identify the true model. AIC
does not depend directly on sample size. Bozdogan (1987) noted that because of this,
AIC lacks certain properties of asymptotic consistency. Although BIC takes a similar
form like AIC, it is derived within a Bayesian framework, reflects sample size and have
properties of asymptotic consistency. For reasonable sample sizes, BIC apply a larger
penalty than AIC, thus other factors being equal it tend to select simpler models than
does AIC. From a Bayesian view point this motivates the adoption of the Bayesian
information criteria. AIC and BIC have been compared theoretically and empirically
(Kuha, 2004; Weakliem, 2004) and examined empirically with respect to theselection of
stock-recruitment relationships (Wang and Liu, 2006; Henry de-Graf, 2010). Although,
AIC, BIC, and Bozdogan information criteria compared theoretically and empirically in
many areas, there has been no empirical comparison for their relative performance in
PLSR modeling context.

3.1 The Akaike Information Criterion
The Akaike information criterion was developed by Akaike (Akaike, 1974). AIC has

played a significant role in solving problems in a wide variety of fields for analyzing
actual data. The AIC i1s defined as,

AIC = —2logL(0)+ 2K, (5)

where 6 is the maximum likelihood estimator of the parameter 6 for an approximating
statistical model Y, L) is the maximized likelihood function, and K is the number of

free parameters in Y. The multivariate version of AIC was given by Bedrick and Tsai
(1994),

MAIC = N(log‘i‘+M)+ 2d[MK + M(M +1)/2], (6)
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where d=N/[N—(K+M+1)] and £ is the maximum likelihood estimator of X. This is
the corrected version of the multivariate AIC for the small sample case. When the
sample size is large, d value can be equal to one, thus equation (6) may be further
simplified. Also, Bozdogan (2000) derived a score information theoretic criteria under
the multivariate normal assumption for the multivariate regression model which are
given as follows,

AIC = NM log(27) + Nlog‘ﬁ‘ +NM + 2[MK + M(M +1)/2] (7)

Since 1974, AIC has been modified in many ways. For example, many model selection
criteria including CAIC, CAICF (Bozdogan, 1987), GAC (Torr, 1998), GAIC
(Kanatani, 2002) and MAIC (Boyer et al., 1994) are derived from AIC.

3.2 The Bayesian Information Criterion

The Bayesian Information Criterion is an information criterion based on Bayesian
method proposed by Schwarz (1978), has recently been applied to the selection of
models. BIC is shown as,

BIC =—2log L(6) + K log(N), (8)

where 6 is the maximum likelihood estimator of the parameter © for an approximating
model M, L(é) is the maximized likelihood function, and K is the number of the

estimated parameters. The multivariate version of BIC was given by Bedrick and Tsai
(1994). It is shown as follows,

log(N). )

BIC = Nlog ‘ﬁ‘ + [%(MJFD}

BIC favourizes more parsimonious models than AIC due to its penalization. AIC, but
not BIC, is biased in the following sense: if the true model belongs to the family M.,

the probability that AIC chooses the true model does not tend to one when the number
of observations goes to infinity. AIC and BIC have similar formulas but originates from
different theories and there is no rationale to use simultaneously AIC and BIC: AIC is
an approximation of the Kullback-Leibler divergence between the true model and the
estimated one, while BIC comes from a bayesian choice based on the maximisation of
the posterior probability of the model, given the data (Saporta, 2008).

3.3 The Information Complexity Criterion

The development of ICOMP has been motivated partly by AIC, and partly by
information complexity concepts and indices. In contrast to AIC, the new procedure
ICOMP is based on the structural complexity of an element or set of random vectors via
a generalization of the information based covariance complexity index. I[COMP inverse
Fisher information matrix (ICOMP(IFIM)) is shown as for multiple regression
(Bozdogan, 2000; Bozdogan, 2004),
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ICOMP(IFIM) = N log(2 1) + Nlog(6?) + N + C, (F ' (§)), (10)

where 67 is the estimated variance of regression model, and K explanatory variables in
regression model. Bozdogan (2000) introduced ICOMP (IFIM) information theoretic
criterion for the multivariate regression model, and it is also used when there is
multicollinearity in regression model. It is shown as follows,

ICOMP = NM log(27) + Nlog‘i‘ +NM +2C, (F (§)). (11)

The complexity measure Cl(la’l(é)) is given by,

< r -1 1 <2 o 2 A
rEuXX)™ )+ () +2chj

<A MM+K) ]
C,(F'(0) = lo
1 (F7(8) > g MM 1K) a2
—l(M+K+1)10g‘2‘—Mlog‘(X’X)"‘—Mlog(Z).
2 2 2
3.4 Wold’s R Criterion

Wold’s R criterion is based on cross validation which can be calculated from the
Predicted Residual Sum of Squares (PRESS) values, and it can be explained as follows:

:PRESS(aH) ’ (13)

PRESS(a)
where PRESS(a) denotes the PRESS after including the first a latent variables. Wold’s
R criterion terminates when R is greater than unity or a given threshold and hence A=a
(Li et al., 2002). PRESS is a measure of how well the use of the fitted values for a
subset model can predict the observed responses of a dependent variable, and its value
for the i™ observation is calculated as follows:

PRESS:Zn:(yi ~9) s (14)
i=1

where the notation V.. is used for the fitted value. By the first subscript i, it is shown

i)
that it is a predicted value for the i case and by the second subscript (i), it is shown that
i"™ case is omitted when the regression function was fitted. The smaller PRESS value
shows that it is the best model to predict. In some situations PRESS should reach a
minimum and start to rise again. To avoid building a model that is either overfit or
underfit, the number of components where the PRESS value reaches a minimum would
be the obvious choice for the best model. While the minimum of the PRESS may be the
best choice for predicting the particular set of samples, most likely it is not the optimum
choice for predicting all unknown samples in the future. That is, the optimum number of
factors was determined rather than the selection of the model, which yields a minimum
in PRESS; the model selected is the one with the fewest number of factors such that
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PRESS for that model is not significantly greater than the minimum PRESS (Niazi and
Azizi, 2008). A solution to this problem has been suggested in which the PRESS values
for all previous factors are compared to the PRESS value at the minimum.

4. REAL LIFE DATA EXAMPLE, DESIGN OF SIMULATION STUDY AND
RESULTS

In this paper, real life data are used and a simulation study is conducted to gain a better
understanding of AIC, BIC, ICOMP, and Wold’s R criteria performances for PLSR
model selection; in fact it is a designed experimental simulation study for choosing
thetrue latent variables. The experiment has various characteristics of the simulation
models, in order to quantify the expected performance of information criteria. In the
next subsection, the steps of data generation and performance results of criteria to PLSR
model selection are shown by means of a simulation study. Additionaly, in order to
select model number of components to be retained in the final model, k-fold cross
validation in kernel PLSR algorithm is used (Kohavi, 1995).

4.1 Real Life Data Example

Performances of AIC, BIC, ICOMP and Wold’s R criteria have been tested considering
a real life dataset: the Body Fat Measurement. This data set has been used by Bozdogan
(2004) for subset selection of best predictors using Genetic Algorithms. In this data set,
it is determined that the best subset predictors of y=Percent body fat from Siria (1956)
equation, using k=13 predictors are x;=Age (years), x;=Weight(lbs), x;=Height
(inches), x4=Neck circumference (cm), xs=Chest circumference(cm), xe=Abdomen 2
circumference (cm), x7=Hip circumference (cm), xg=Thigh circumference (cm),
x9=Knee circumference (cm), x;0=Ankle circumference (cm), x;;=Biceps (extended)
circumference (cm), X;, = Forearm circumference (cm), x;3 =Wrist circumference (cm).
The data contain the estimates of the percentage of body fat determined by underwater
weighing and various body circumference measurements for n = 252 men. This is a
good example to illustrate the versatility and utility of our approach using multiple
regression analysis with GA. This data set is maintained by Dr. Roger W. Johnson of
the Department of Mathematics & Computer Science at South Dakota School of Mines
and Technology'. A variety of popular health books suggest that the readers assess their
health, at least in part, by estimating their percentage of body fat. In Bailey (1994), for
instance, the reader can estimate body fat from tables using their age and various skin-
fold measurements obtained by using a caliper. Other texts give predictive equations for
body fat using body circumference measurements (e.g. abdominal circumference)
and/or skin-fold measurements. See, for instance, Behnke and Wilmore (1974);
Wilmore (1976); or Katch and Mc Ardle (1977).Percentage of body fat for an individual
can be estimated once body density has been determined. Siria (1956) assumes that the
body consists of two components-lean body tissue and fat tissue.

Letting,
D = Body Density (gm/cm’) D = 1/[(A/a) + (B/b)]
A = proportion of lean body tissue
B = proportion of fat tissue (A+B=1) B = (1/D)*[ab/(a-b)] - [b/(a-b)].

'E-mail: rwjohnso@silver.sdsmt.edu, and web address: http://silver.sdsmt.edu/~rwjohnso
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a = density of lean body tissue (gm/cm’)
b = density of fat tissue (gm/cm’)

Using the estimates a=1.10gm/cm’ and b=0.90 gm/cm’ (Katch and McArdle, 1977) or
Wilmore (1976), we come up with Siri's equation:

Percentage of Body Fat (i.e. 100*B) =495/D - 450.

Volume, and hence body density, can be accurately measured by a variety of ways. The
technique of underwater weighing computes body volume as the difference between
body weight measured in air and weight measured during water submersion. In other
words, body volume is equal to the loss of weight inwater with the appropriate
temperature correction for the water's density (Katch and McArdle, 1977). Using this
technique,

Body Density = WA/[(WA-WW)/c.f. - LV]

where, WA=Weight in air (kg), WW=Weight in water (kg), c.f.=Water correction factor
(=1 at 39.2 deg F as one-gram of water occupies exactly one cm’ at this temperature,
=.997 at 76-78 deg F), LV=Residual Lung Volume (liters) (Katch and McArdle, 1977).
Other methods of determining body volume are given in Behnke and Wilmore (1974).

For this data set, PLSR model is established using Minitab package program tool, and
validation technique is selected as k-fold cross validation, k=5. Then, the results of

model selection and validation are as follows:

Table 1. Model selection and validation for percent body fat

Number of Relativecumulativevariance Sum of R-Square PRESS R-Sq (pred)
latentvariables of components squareerror
1 0.59 0.039 0.56 0.041 0.54
2 0.70 0.012 0.86 0.015 0.83
3 0.75 0.004 0.95 0.005 0.93
4 0.81 0.002 0.96 0.003 0.96
5 0.84 0.002 0.97 0.002 0.97
6 0.87 0.002 0.97 0.002 0.97
7 0.002 0.97 0.002 0.97
8 0.002 0.97 0.002 0.97
9 0.002 0.97 0.002 0.97
10 0.002 0.97 0.002 0.97

As seen from the results in Table 1, the number of latent variable is 6, and Figure 1
shows the model selection plot.
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Figure 1. Partial least squares regression model selection plot

This data set is used to compare the performance of model selection criteria AIC, BIC,
ICOMP and Wold’sR. For this data set, AIC, BIC and ICOMP find the optimal number
of components (6) whereas Wold’s R finds it as 7.

4.2 Design of Simulation Study

In this subsection, simulation experiments are performed to evaluate the performance
comparisons of AIC, BIC, ICOMP, and Wold’s R criteria. The framework for the
simulation models are based on the study of Naes and Martens (1985), Li and et al.
(2002). It is extended in this paper to the situation where there exist multiple response
variables and different number of explanatory variables. In the simulation study, the
multivariate regression models arefirst developed from which data aregenerated, and
then model selection criteria areapplied. The resulting models arethen compared with
the true models and finally an evaluation of the different criteria for PLSR model
selection ismade through a comparison of the success rate as to which the true model is
selected (Bedrick and Tsai, 1994; Li et al., 2002).

The X and Y block data, with sample size N, aregenerated as:

K

X=>r&+E, (15)
i=1
A A y

Y=3 0 ty=3 rm +F (16)
i=1 i=1

where E and r. are generated from mutually independent normal variables. It is noted
that var(r)t+var(e;) is the largest eigenvalue of cov(X). Wy is generated from a
multivariate normal distribution, F is a noise matrix, and Z is constructed as z;=r,+f;,,
f, are generated as independent normal variables. {&} and {m,.}are normalized

orthogonal vector series, and r, are mutually independent random variables.

Comparing equation (2), with equations (15) and (16), it can be calculated that latent
variable t,, loading vectors p; and q; obtained from PLSR algorithm are approximately
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equal to r;, {&} and {n,,} i=(L...,A"), respectively. The Y-block data,Y of the
response variables then essentially depends on r;, 1= 1,..,A"), plus noise. This means

that the theoretical value of the number of latent variable is equal to A" (Li et. al.
2002).

To carry out simulations run, it is proceeded on different simulation models and a fixed
number of blocks for k-fold cross-validation in kernel algorithm; k is selected as 5. The
dimensions of explanatory variables are extended as Nx5, Nx8, Nx10, Nx15,and Nx20.
The dimensions of response variables matrix, Y, are chosen as Nx3, Nx4, Nx5,and
sample sizes are selected as N=50, 100, 250, 500, 1000. For each of the combinations of
parameters in Table 2, 10000 data sets are generated taking into account the dimension
of partial least squares regression models and sample sizes, so that 25x10000 data sets
are generated.

Table 2. The elements of experimental data sets

Number of The dimension of The dimensions of Sample sizes
latent variables response variables explanatory variables
matrix
5%3! Yy X s N={50, 100, 250, 500, 1000}
8*4 Yius X N={50, 100, 250, 500, 1000}
10*4 Y X o N={50, 100, 250, 500, 1000}
15%5 Yy Xuis N={50, 100, 250, 500, 1000}
20%5 Yyos Xz N={50, 100, 250, 500, 1000}

'5%3 shows that the number of predictor variables is 5, and these variables are reduced to number 3 for the number
of latent variables.

Then these data sets are applied to AIC, BIC, ICOMP, and Wold’s R criteria.
Explanatory data matrix, X, isgenerated from equation (15), and Y, isgenerated from
equation (16). Generation of X and Y data matrices are just explained for 5*3 which is
shownin Table 3, and the other data matrices are given in Appendix. The components of

X and Y datamatrices are given in Table 3 (i=[l,..,A’], A" =3).

Table 3. The components values of X and Y matrices for 5*3

E=e,,....e;]~ N(0,0.02)
1, ~ N(0,15), 1, ~ N(0,7.5), 1, ~ N(0,3)
3 g€, =[0.6247 0.5635 0.4472 02871  0.0989]'
g, =[0.5635 0.0989 -0.4472 -0.6247 -0.2871]'
&, =[0.4472 -0.4472 -0.4472 0.4472  0.4472]'
f f, ~ N(0,0.5), f, ~ N(0,0.25), f, ~ N(0,0.1)
n. M, =[0.7887 0.5774 0.2113]
N, =[0.5774 -0.5774 -0.5774]'
Ny, =[0.2113 -0.5774  0.7887]"
v 0.00010 0.00006 0.00006
w=| 0.00006 0.00010 0.00006
0.00006 0.00006 0.00010

e ] Hz
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The variance inflation factor (VIF) values for 5*3 design matrix shows that there
ismulticollinearity (Table 4).The VIF values are calculated by Minitab package
program. Table 5 shows the relative cumulative variances by the five latent variables for
the X and Y blocks, averaged over 10000 simulation experiments. It can be seen from
the first two rows of Table 5 that on average, for A" =3, first three latent variables
capture 100% and 98% of the variances in the X and Y data sets, respectively. This
verifies the theoretical value of the number of latent variables A" =3.

Table 4. The VIF values for 5*3. (N=100, k=5)
X] XZ X} X4 XS

VIF  67.6 238.0 142.0 72.3 42.8

Table 5. Relative cumulative variances of X and Y for 5*3. (N=100, k=5)

True Model Blocks Number of Latent Variables
1 2 3 4 5
A*=3 X-block 0.55 0.89 1.00 1.00 1.00

Y-block 0.71 0.84 0.98 098 098

4.3 Results of Simulation Study and Performance Comparison of Model Selection
Criteria

In this study, we compare the performance of model selection criteria by using the
percentage of success which shows the precision in finding the number of latent
variables by model selection criteria. We also compute performances of all criteria for
Li et. al. (2002) data when dimension to reduction PLSR model is 6*4, and the results
are shown in Table 6. As seen from the results, AIC, BIC, ICOMP methods provide the
best selection of the number of latent variables.

Table 6. Comparison of the percentages of the selected number of latent variables for 6*4

N AIC BIC ICOMP MAIC Wold's R
100 100 100 100 84.07 47.6"
1000 100 100 100 75.8" 490"

* MAIC and Wold’s R results are taken from Li et al. study (2002).

All results of the simulations for various sample sizes and dimensions are given in
Table 7 and these are obtained by 10000 replications. It illustrates the ability of AIC,
BIC, ICOMP, and Wold’s R criteria in selecting latent variables for all situations.

Table 7. Percentages of performance comparison for each criterion

AIC BIC ICOMP Wolds R

N S0 100 250 500 1000 S0 100 250 S00 1000 S0 100 250 S00 1000 S0 100 250 500 1000

543 100 100 100 99 100 | 100 100 100 99 100} 100 100 100 99 1005:60 5% 53 50 49

8*4 100 100 100 100 100 | 100 100 100 100 100 ©9 100 100 100 100 29 20 11 3 13
10%4 39 88 87 73 51 57 28 91 81 64 61 88 91 81 67 47 41 54 43 32
15*5 45 35 24 24 23 37 35 27 34 27 50 35 26 30 26 i 47 45 47 43 41
20*5 63 59 358 35 43 59 59 64 63 581 67 62 64 63 58 46 47 45 43 42
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As it can be seen from Table 7, for all experimental data sets, almost AIC, BIC, and
ICOMP criteria have similar performances except Wold’s R criterion. It has the lowest
success rate compared to other criteria. For(p*a)<(8*4), AIC, BIC, and ICOMP
criteria perform better than the Wold’s R criterion. When (p*a)> (8*4) the success
rates of AIC, BIC, ICOMP and Wold’s R criteria decrease as the sample sizes and the
dimensions of models increase. Overall ICOMP criterion provides the best selection
ofthe number of latent variables among AIC, BIC, and Wold’s R criteria.

These comparisons of performances are graphically presented in Figure 2(a)-(e) and
Figure 3(a)-(f).
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Figure 2. (a)-(d) Performance comparison of each model selection criterion for various
dimension of models and sample sizes. (e¢) The average success rate of model selection criterion
for various sample sizes

As can be seen from Figure 2 (a)-(f), there is dependency among dimension of the
PLSR models, sample sizes and model selection criteria. AIC, BIC, and ICOMP truly
estimate the latent variables of the underlying known PLSR models for the dimension
5*3 and the dimension 8*4. When the sample sizes increase and the dimension of PLSR
models isconstant, these criteria have a slight tendency to over-fit their PLSR models.
The simulation results show that BIC and ICOMP criteria achieved selecting the true
number of latent variables with such a rate of approximately eighty percent for all
design matrices. Generally it can be said that, when N and the dimension of PLSR
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models increases, PLS creates a model with a high number of latent variables, which is

statistically significant.

While the dimensions of the PLSR model change and the sample size is constant,
variation in the criteria of performances is shown in Figure 3 (a)-(f).
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Figure 3. (a)-(e) Performance comparison of each model selection criterion for various
dimensions of models for each sample size. (f) The average success rate of model selection
criterion for various sample sizes

In each experiment all model selection criteria is applied to test how well they can
identify the true known PLSR model. Figure 3(a)-(f) show the success rate of each
criterion in identifying the true model. Since the performance of every criterion can be
affected by the sample sizes and the dimension of PLSR models, the performances of
AIC, BIC, and ICOMP criteria in general show a similar characteristic. Especially,
when the dimension of models is smaller than (p*a)<(10*4), AIC, BIC, and ICOMP
criteria have acceptable performance and almost more accurately select the latent
variables than the Wold’s R criterion for all dimensions. As shown in Figure 3 (a)-(e),
Wold’s R criterion does not work well for any sample size and dimension. BIC and
ICOMP criteria perform quite well, and in general select the true number of latent
variables for known PLSR models.
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Results depicted in Figure 3(a)-(e) clearly show that there is a significant reduction in
the performances of AIC, BIC, and ICOMP criteria as the dimensions of the PLSR
model increase. However, the performance of the Wold’s R criterion almost stays the
same but it is never satisfactory. In order to provide anoverall measure of success, the
average success rate is calculated and shown in Figure 2(f) and Figure 3(f) for various
sample sizes. It can be seen from this figure that on the average AIC, BIC, and ICOMP
criteria out perform Wold’s R criterion, and BIC and ICOMP criteria success rates are
higher than the AIC and Wold’s R criteria.

5. CONCLUSION

The major contribution of this paper is that this study evaluating the performances of
AIC, BIC, ICOMP, and Wold’s R criteria for model selection in PLSR, where the
number of observations is typically much larger than the number of predictor variables.
The aim of the analysis is to extract latent variables with respect to their partial
contribution to total variance to build representative models of PLSR. Given this
ranking to the latent variables, AIC, BIC, ICOMP, and Wold’s R criteria are used to
determine a consistent estimate of the dimension of the model. In a real life data set
AIC, BIC, ICOMP criteria truly find the number of latent variables. It seems that AIC,
BIC and ICOMP criteria are considerably better in choosing the right model when these
are applied to our data set.

A simulation study is undertaken to compare the performances of AIC, BIC, ICOMP,
and Wold’s R criteria. Synthetic data are generated for different number of sample sizes
and different dimensions of PLSR models. The simulation studies results clearly show
much improved performances of BIC and ICOMP criteria in comparison to AIC and
Wold’s R criteria methods. The AIC, BIC, and ICOMP criteria properly finds latent
variables for (p*a) < (10*4), for all sample sizes except the Wold’s R criterion. It is
seen from Table 7 that there is a dependency between dimension and sample size of the
PLSR models and the success rates of the model selection criteria except for the Wold’s
R criterion.

In conclusion, these experiments showed that BIC and ICOMP criteria are considerably
better than the traditional methods (AIC and Wold’s R criteria) in choosing the right
model when it is applied to our experimental set of synthetic data. An important point to
make is that there is a big difference between the performances of AIC, BIC, ICOMP
for different number of observations and the dimensions of PLSR models. Thus, one
should select the sample size and the dimensions of the experiment in advance
depending on the success rates of the criteria given in this study.
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KEKKR ICIN MODEL SECME KRiTERLERININ PERFORMANS
KARSILASTIRMALARI: AIC, BIC, ICOMP ve WOLD'S R

OZET

Kismi en kiigiik kareler regresyonu (KEKKR), ¢oklu baglantinin oldugu
durumlarda, yanit degiskeni YNXM ile aciklayict degiskenler XNXK

arasinda modelleme yapabilen istatistiksel bir yontemdir. Kismi en kii¢iik
kareler boliimiinde, yanit degiskenini en iyi aciklayabilecek gizli (latent)
degiskenlerin elde edilmesi icin bazi model se¢me kriterleri uygulanir. Gizli
degiskenlerin seciminde kullanilan genel yaklasimlar Akaike bilgi kriteri
(AIC) ve Wold’s R kriteridir.

Bu ¢alismada, gézlem sayisimin agiklayict degisken sayisindan fazla oldugu
durumlarda, geleneksel yontemler AIC ve Wold’s R’a ek olarak Bayes bilgi
kriteri (BIC) ve Bilgi karmasiklik kriteri de (ICOMP) KEKKR i¢in model
se¢me kriterleri olarak incelenmigstir. AIC, BIC, ICOMP ve Wold’s R model
se¢me kriterlerinin performanslart gergek veri ornegi ve benzetim ¢alismasi
yoluyla karsilagtirilmigtir. Benzetim ¢alismasi sonuglari, farkli orneklem
biiyiikliikleri, farkll sayida agiklayici degisken ve yanit degiskeninin oldugu
durumlarda elde edilmistir. Yapilan benzetim ¢alismast sonuglariBIC ve
ICOMP model se¢me kriterlerinin KEKKR modelleri igin, gizli degiskenin
seciminde diger model se¢me kriterlerinden (AICveWold’s R) ¢ok daha
etkili olduklarini ve daha dogru sayida gizli degisken segimi yaptiklarini
gostermistir.

Anahtar Kelimeler: AIC, BIC ve ICOMP bilgi kriterleri, K capraz dogrulama, Kismi en kiiciik
kareler regresyonu, Model se¢cimi, Wold’s R Kriteri.
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APPENDIX

Table 1. The components of X and Y matrix for 8*4

E | E=[e,,...e;]~ N(0,0.01)

L L NN(Oa 1 O)arz NN(O:S),rS NN(O,Z),I'4 NN(O,OS)

& | & =[0.1612 03030 0.4082 0.4642 0.4642 0.4082 0.3030 0.1612]

&, =[0.3030 0.4642 0.4082 0.1612 -0.1612 -0.4082 -0.4642 -0.3030]
&5 =[0.4082 0.4082 0.0000 -0.4082 -0.4082 -0.0000 0.4082 0.4082]
&4 =[0.4642 0.1612 -0.4082 -0.3030 0.3030 0.4082 -0.1612 -0.4642]

f. | f~N(0,0.25), f,~N(0,0.125), f,~N(0,0.05), f,~N(0,0.0125)

N4 =[0.2887 0.5000 0.5774 0.5000]'
N4p =[0.5000 0.5000 0.0000 -0.5000]'
N4z =[0.5774 0.0000 -0.5774 -0.0000]'
N4g =[0.5000 -0.5000 -0.0000 0.5000]

v 0.00010 0.00006 0.00006 0.00006
0.00006 0.00010 0.00006 0.00006
0.00006 0.00006 0.00010 0.00006
0.00006 0.00006 0.00006 0.00010

Table 2. The components of X and Y matrix for 10%4

E | Ee,,...e, ]~ N(0,0.02)

r, 1, ~ N(0,20), r, ~ N(0,10), r, ~ N(0,4), r, ~ N(0,1)

& & =[0.4458 0.4349 0.4132 0.3813 0.3401 0.2904 0.2337 0.1711 0.1044 0.0351]"
&, =[0.4349 0.3401 0.1711 -0.0351 -0.2337 -0.3813 -0.4458 -0.4132 -0.2904 -0.1044]'
&, =[0.4132 0.1711 -0.1711 -0.4132 -0.4132 -0.1711 0.1711 0.4132  0.4132 0.1711]
&, =[0.3813 -0.0351 -0.4132 -0.3401 0.1044 0.4349 0.2904 -0.1711 -0.4458 -0.2337]'

f. | £ ~N(0,0.5), f, ~ N(0,0.25), f, ~ N(0,0.1), f, ~ N(0,0.025)

n,. | n,=[0.6935 05879 03928 0.1379]'
Ny =[0.5879 -0.1379 -0.6935 -0.3928]'
N, =[0.3928 -0.6935 0.1379 0.5879]'
N =[0.1379 -0.3928 0.5879 -0.6935]'

v 0.00010 0.00006 0.00006 0.00006
0.00006 0.00010 0.00006 0.00006
0.00006 0.00006 0.00010 0.00006
0.00006 0.00006 0.00006 0.00010
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Table 3. The components of X and Y matrix for 15*5

KEKKR icin Model Segme Kriterlerinin Performans
Kargilastirmalari: AIC, BIC, ICOMP ve Wold's R

E E=e,,....e;s]~ N(0,0.02)
r 1, ~ N(0,20), 1, ~ N(0,10), t, ~ N(0,5), 1, ~ N(0,3.5), r, ~ N(0,0.8)
&
E10=103646 03607 03527 0.3409 0.3253 0.3062 0.2838 02582 0.2298 0.1989]
Ean.15=10.1658  0.1309 0.0945 0.0571 0.0191]
Exiip =[03607 0.3253 0.2582 0.1658 0.0571 -0.0571 -0.1658 -0.2582 -0.3253 -0.3607]'
Exunns =[-0.3607 -0.3253 -0.2582 -0.1658 -0.0571]'
Eainn =[0.3527 02582 0.0945 -0.0945 -0.2582 -0.3527 -0.3527 -0.2582 -0.0945 0.0945]'
Earas =[0.2582 03527 0.3527 0.2582 0.0945]'
€y =[0.3409  0.1658 -0.0945 -0.3062 -0.3607 -0.2298 0.0191 0.2582 0.3646 0.2838]'
€y =[0.0571  -0.1989 -0.3527 -0.3253 -0.1309]'
Esuo =[0.3253 0.0571 -0.2582 -0.3607 -0.1658 0.1658 0.3607 0.2582 -0.0571 -0.3253]'
Esinis =[-0.3253  -0.0571 0.2582 03607 0.1658]'
f f, ~ N(0,0.05), f, ~ N(0,0.025), f, ~ N(0,0.0125), f, ~ N(0,0.05), f, ~ N(0,0.0125)
n,. | s =[0.6247 0.5635 0.4472 0.2871 0.0989]'
N, =[0.5635 0.0989 -0.4472 -0.6247 -0.2871]'
Mg, =[0.4472 -0.4472 -0.4472 04472 0.4472]'
Ny, =[ 02871 -0.6247 0.4472 0.0989 -0.5635]'
Ns =[ 0.0989 -0.2871 0.4472 -0.5635 0.6247]'
v 0.00010 0.00006 0.00006 0.00006 0.00006
0.00006 0.00010 0.00006 0.00006 0.00006
v =/ 0.00006 0.00006 0.00010 0.00006 0.00006
0.00006 0.00006 0.00006 0.00010 0.00006
0.00006 0.00006 0.00006 0.00006 0.00010
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Table 4. The components of X and Y matrix for 20*5

=

E=le,,...,e, ] ~ N(0,0.02)

r, ~ N(0,30), 1, ~ N(0,20), r, ~ N(0,10), , ~ N(0,6), r, ~ N(0,3)

&1 10)=[0.3160 03140 03102 03044 02967 02872 02759 02629 02483 0.2322
&0 =[0.2147  0.1958 0.1757 0.1545 0.1324 0.1095 0.0858 0.0617 0.0372 0.012
Eanrap =[-0.2483 02872 -03102 -0.3160 -0.3044 -0.2759 -0.2322 -0.1757 -0.1095 -0.
Ear ) =[02759 03160 02629 0.1324 -0.0372 -0.1958 -0.2967 -0.3102 -0.2322 -0.0

Esr.10) =[0-2872 0.0858 -0.1757 -0.3140 -0.2322 0.0124 0.2483 0.3102 0.1545 -0.10
&0 =[-0.2967 -0.2759 -0.0617 0.1958 0.3160 0.2147 -0.0372 -0.2629 -0.3044 -0.

f, ~ N(0,0.4), f, ~ N(0,0.1), f, ~ N(0,0.5), f, ~ N(0,0.02), f, ~ N(0,0.00125)

N5, =[0.4472  0.4472 0.4472 0.4472 0.4472]'

ns, =[0.4472  0.5635 -0.0989 -0.6247 -0.2871]'
Ns; =[ 0.4472  -0.0989 -0.2871 0.5635 -0.6247]'
Ny, =[0.4472  -0.6247 0.5635 -0.2871 -0.0989]'
nss =[0.4472 -0.2871 -0.6247 -0.0989 0.5635]'

0.00010 0.00006 0.00006 0.00006 0.00006
0.00006 0.00010 0.00006 0.00006 0.00006
y =1 0.00006 0.00006 0.00010 0.00006 0.00006
0.00006 0.00006 0.00006 0.00010 0.00006
0.00006 0.00006 0.00006 0.00006 0.00010
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ISTATISTIKTE YENIi EGILIMLER VE YONTEMLER

Fikri AKDENIiZ*
OZET

Bu ¢alismada istatistik disiplininin énemine deginilerek, istatistiksel diisiinme
ve veri analizi kavramlari agiklanmistir. Veriyi bilgiye doniistiirmek icin veri
bilimcilerin yeri vurgulanmistir. Istatistigin gelecegi hakkinda kisaca bilgi
verilmis ve iilkemiz istatistik¢ilerinin uluslararasi yaymn yapmak icin diizeyli
arastirmalara agwrltk vermeleri yoniinde yapilmasi gerekenler verilmistir.

Anahtar Kelimeler: istatistik disiplini, istatistiksel diisiinme, Veri, Veri analizi, Veri bilimci.
1. GIRiS'

Istatistigin gelisimi: Istatistik uzun bir antikiteye fakat kisa bir tarihe sahiptir. Onun
orijini insanligin baslangicina dayanmakla birlikte biiylik pratik 6neminin algilanmasi
¢ok uzun olmayan bir zamana sahiptir. Istatistiksel metodolojinin (ydntembiliminin)
gelisiminde bilgisayarlarin etkisi biiyiktir.

1.1 istatistik Nedir?

Cagdas anlamda istatistik; dogal olaylara dayanan ve gozlemle bulunan verilerin,
bilimsel yontemlerle incelenmesi ve dogru sonug ¢ikarilmasi i¢in kullanilan tekniklerin
tamamudir.

Genel olarak istatistik; gozlemle elde edilen bilgileri diizenleme, analiz etme ve
bunlardan sonu¢ ¢ikarma sanati ve bilimidir.

Istatistik, Ingiltere’de 1834 yilinda Istatistik Derneginin kurulmasindan sonra bir bilim
dali olarak kabul edildi ve insanlarla ilgili olgulari uygun bir sekilde gostermek igin
sayilarla ifade edilebilen genel kurallar olarak diisiiniildii.

Boylece daha onceleri veri anlaminda kullanilan istatistik s6zciigii, veriyi yorumlama ve
kaynag1 ne olursa olsun veriden sonug¢ ¢ikarma anlamini kazanmaya basladi.Kavramlar,
tanimlar ve verinin toplanmasi i¢in ortak yontemleri tartismak iizere farkli iilkelerin
verilerinin karsilastirilabilir olmasi i¢in 1853 te Briiksel’de 26 iilkeden 153 delegenin
katilmiyla ilk kez uluslararasi istatistik kongresi yapilmis (Osmanli Devleti de bu
toplantiya temsilci gondermisti), bunu sonraki yillarda digerleri izlemistir. (Akdeniz ve
Doénmez, 1999) 24 Haziran 1885 yilinda da Uluslararas1 Istatistik  Toplulugu
kurulmustur.

*Prof. Dr., Cag Universitesi, Matematik ve Bilgisayar Boliimii, 33800 Yenice-Tarsus/Mersin, e-posta:
fikri@akdeniz.edu.tr

'Bu calisma 15. Uluslararasi Ekonometri, Yoneylem Arastirmasi ve Istatistik (EYI) Sempozyumunda
panelist olarak goérev alan yazarin 24 Mayis 2014 giinii yaptig1 konusma metnidir. Yazinin amaci genel
istatistik konusunda yazarin okuyucu kitlesi ile diisiindiiklerini paylasmasidir.
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Iginde yasadigimiz yiizyilda bilgi ¢ag1 kavraminin gelistirilmesinde istatistigin rolii ¢ok
onemlidir. Cilinkii her tiirlii ulusal ve uluslararasi, sosyal, ekonomik ve diger gelisme
hedeflerinin belirlenmesi ve bu hedeflerin basariya ulagsmasi giincel ve giivenilir
istatistiksel ¢alismalara dayandirilmasina baglidir.

[statistik, belirsizlik ortaminda, arastirma, tahmin yapma ve karar verme mekanizmalar
gelistiren bir bilim dali olup, ayn1 zamanda diger bilim dallarinin da teknolojisi olarak
kabul edilmektedir. Bu bakis agisi dikkate alindiginda, ozellikle rasgele deney ve
gozleme dayali bilimsel calisma olup da istatistiksel degerlendirmesinin olmayacagi
hi¢bir arastirma diisiiniilemez.

Istatistik¢inin kaygis1 sadece gecmis deneyleri analiz etmek degil ayn1 zamanda yeni
deneyler olusturmak, kaynaklarin verimli ve dogru bir sekilde kullanildigini kontrol
etmek ve sorulan sorulara uygun deneyler yapilmasini saglamaktir.

Karar verirken, bazilari uzman goriisii olabilen, farkli kaynaklardan toplananbir¢ok
parcadan olusan bilginin ve elde bulunan tiim kanitlarin géz {inline alinmasi gerekir. Bu
baglamda asagidaki sorularla karsilasiriz.

Kullanilan bilginin her bir pargast ne derece giivenilir olmaktadir? Bu bilginin
aragtirilan problemle ilgisi ne kadardir? Bilginin farkli pargalar1 birbiriyle tutarlimidir?
Sonuca varmak i¢in, farkli kaynaklardan gelen ve tiimii birbiriyle uyumlu olmayabilen
bilgileri nasil birlestirebiliriz?

Yetersiz bilgilerle karar vererek tiimevarimli sonug ¢ikarma yoluna gidilmemelidir. Bu
durumda “Kuluckadan ¢ikmadan 6nce civcivleri saymayiniz” 6zdeyisini ya da eski bir
Cin atasézii olan “Tahmin etmek ucuzdur, ama yanlis tahmin pahaliya patlar”
0zdeyisini amimsamak uygun diisiiyor. O halde istatistik gercegin arastirilmasinda
kag¢iilmaz bir 6zel aragtir.

1.2 Istatistik; Fizik, Kimya, Biyoloji ya da Matematik gibi Ayr1 Bir Temel Bilim
midir?

Fizikgi 1s1, 151k, elektrik ve devinim kanunlar1 gibi dogal olaylart inceler. Kimyaci,
kimyasal maddeler arasindaki etkilesimleri ve cevherlerin bilesimlerinin analizini yapar.
Biyolog, bitki ve hayvan yasamlarimi inceler. Matematik¢i, verilmis varsayimlara
dayanarak cikardigi 6nermeler iizerinde calisir. Bu bilim dallarmin her biri, kendi
problemlerine ve onlarin ¢6ziimii i¢in kendi yontemlerine sahiptir. Bu 6zellik, onlara
ayr1 bir disiplin olma statiisii vermektedir. Bu anlamda giinlimiizde uygulanan ve
caligilan istatistik ayri  bir temel bilim alan1 midir? Coziimiinii  istatistigin
gergeklestirdigi tam olarak istatistik problemleri var midir?

Istatistik bir temel bilim alani1 degilse diger bilimlerin problemlerinin ¢oziimiinde
uygulanan bir ¢esit sanat, mantik ya da teknoloji midir? Acaba, istatistik iigiiniin bir
kombinasyonu mudur?

1.3 istatistik Neden Bir Bilimdir?

Istatistik bir bilimdir: Bazi temel ilkelerden cikarilan, bircok teknikten olusan bir
zenginlige sahip kimliginin olmasi anlaminda istatistik, bir bilimdir.
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Istatistik bir teknolojidir: istatistiksel yontem bilimi, endiistriyel iiretimdeki kalite
kontrol programlari gibi bir igletim sistemine uygulanabilir olmasit bakimindan bir
teknolojidir.

Istatistiksel yontemler, bireysel ve kurumsal ¢abalarin etkinligini maksimuma
ulastirmada ve belirsizligi azaltarak kabul edilebilir diizeye getirmede kullanilir.

Istatistik bir sanattir: Farkli istatistik¢iler, aym veri ile farkli sonuglara varabilirler.
Sunulan veride, ¢ogu kez var olan istatistiksel araglarlaelde edilebilecek olandan daha
cok bilgi bulunabilir. Istatistik¢inin deneyimi burada énem kazamr. Budurum istatistigi
sanat yapar. Boylece daha genis anlamda, istatistik ayr1 bir bilim dalidir, belki de
disiplinler arasi bir bilim dalidir (Rao, 1989).

2. ISTATISTIK MEZUNLARININ SAHIiP OLMASI GEREKEN OZELLIKLER
NE OLMALIDIR?

Istatistik kurami ve yontemlerinin ¢alismalarda nasil kullanilacagi ve olaylara hangi
acilardan bakilmasi gerektigi lizerinde 6zenle durulmalidir. Birgok bilim insani neden
istatistiksel bir ¢alismaya gerek duyuldugunu bilmemektedir.

Istatistik¢inin basarili olabilmesi igin dzverili, isini bilerek, uygun adimlar izleyerek
ilerlemesi gerekir. Gorevinin bilincinde olan bir istatistik¢i baskalarina yardim edecegi
diistincesi ile dogru adimlar1 kullanarak ve analiz ederek arastirmaya devam eder.
Istatistik¢i olmak isteyen adaylar giiglii bir matematik bilgisine sahip olmanin yaninda
derinlemesine arastirma yapabilen, sabirli ve ayrintilara 6zen gosteren 6zelliklere sahip

bireyler olmalidirlar. Bu nedenle istatistik mezunlarinin sahip olmasi gereken 6zel ve
genel becerileri asagidaki gibi verebiliriz.

2.1 Ozel Beceriler

e Istatistigin dogasim anlamak (galisma alanlarini, sinirlamalarimi ve istatistiksel
aragtirmanin roliinii 6grenmek) ve istatistiksel sonug ¢ikarmak,

e Bilimsel bir konuyu istatistiksel bir soru haline getirmek,
e Genel olarak kullanilan teknikleri ve bunlarla ilgili modelleri anlamak,
e Verideki varyasyonun dogasini tanimak ve model olusturmak,

e Istatistikte kullanilan matematiksel yontemleri bilmek ve bunlar1 uygun
durumlarda gereklidoniistimleri yapmak i¢in kullanabilmek,

o Istatistiksel hesaplamalari yapmak icin istatistik Paket Programlari
kullanabilmek,

e Istatistiksel veriyi algilamak, uygun orneklemi se¢mek ve deneysel tasarimi
olusturmak i¢in grafiksel teknikleri bilmek,

e Veritabani teknolojilerini de iyi bilmek gerekiyor.
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2.2 Genel Beceriler
e Dogru ve tutarh diistinmek,
e Bireysel ve ortaklasa olarak etkili ve {iretken ¢alisma yapabilmek,
e Verilen gorevleri programa uygun olarak bitirmek,

e Acik ve diizenli olarak arastirma sonuglart hakkinda rapor vermek.

3. ULUSLARARASI iSTATISTIiK ENSTITUSU (ISI’NUN GORUSU

Uluslararasi Istatistik Enstitiisii 21 Agustos 1985°teki kurultayinda istatistikgilere gii¢
ve cesaret vermek i¢in meslek etigi ile ilgili bir deklerasyon (duyuru) yaymlamisti. Bu
bildirgede meslek degerleri asagidaki gibi belirtilmisti:

1. TANIMAK VE SAYGI DUYMAK (Gelen veriye giivenmek)

2. PROFESYONELLIK (Sorumluluk, uzmanlik bilgisi, yeterlilik, bilgiye dayal: karar),

3 ACIK SOZLULUK, DOGRULUK ve DURUSTLUK (Bagmmsizlik, objektiflik,
seffaflik, gercekeilik) olarak ayrilmisti.

3.1 Diinya Istatistik Giinii

Birlesmis Milletler Genel Kurulu 64/267 sayili kararname ile 20 Ekim 2010 tarihini
“Resmi istatistiklerdeki basarilarin kutlanmasi” ana temasi altinda hizmet, dogruluk ve
profesyonellik ana ilkeleri goz Oniine almmarak “Diinya istatistik giinii” olarak
kutlanmas: kararlastirilmistir. Uye iilkelerin yan1 sira Birlesmis Milletlere bagh alt
kuruluslar, diger uluslararasi ve bolgesel kuruluslar ile sivil toplum orgiitlerinin de s6z
konusu kutlamaya katilim1 tesvik edilmektedir.

3.2 Neden Diinya Istatistik Giinii?

Diinya istatistik giiniiniin kutlanmas1 ulusal ve uluslararasi diizeyde kiiresel istatistiksel
sistemle verilen hizmeti onaylamis olacaktir. Resmi istatistiklere kamunun giiven
duymas1 ve bilgi sahibi olmalar1 konusunda diisiincenin gii¢lendirilmesine yardimci
olmast umut edilmektedir. Tiim Diinya istatistik¢ileri arasinda ortak bilinci arttirmay1
amaglar.

3.3 Ne Beklenir?

Diinya istatistik gilinlinde, ulusal diizeydeki etkinlikler resmi istatistiklerin roliinii ve
ulusal istatistiksel sistemin pek ¢ok basarisini vurgulayacaktir. Uluslararasi, bolgesel ve
alt-bolgesel organizasyonlar-diger 06zel etkinliklerle birlikte- ulusal etkinliklerle
birbirini tamamlayacaktir.
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4. YENI BiR MESLEK: VERI BiLIMCi
28 Ekim 2012 giinii bir gazetede ¢ikan haberi sizlerle paylagmak istiyorum.
Yazinin bashigi: YENI BIR MESLEK: VERI BILIMCI

Internetteki bilgi ve veri bombardimanina akilli cihazlardan gelenler de eklendikge is
daha da karmasik bir hal aliyor. Tahminlere goére 2020 yilinda, otomobilden ev
aletlerine ve telefonlara kadar yaklasik 50 milyar cihaz veri iiretecek ve birbirileri ile
iletisimde olacaktir. Ileriye yonelik ongoriilerde bulunmak ve karar almak isteyen
sirketler icin bu “veri tsunamisi”’ ni dogru analiz edebilmek kritik 6nem tasiyacak. Bu
durum, adina “veri bilimci” denilebilecek yeni bir meslegi doguruyor. Bunlar, tim
kaynaklardan gelen verileri toplayip analiz edebilecek. Bunlar ¢alistiran sirketler de
onemli avantaj saglayacak.

Tim diinyada biiyiik sirketlere veri ambari, kampanya yonetimi ve biiylik veri
¢Oziimleri sunan bir girket olan TERADATA’ya gore Ornegin, bir perakendeci bu
sayede kar marjim yiizde 60 artirabilecektir. Bugiin bile ABD saglik sektorii, veri
bilimcileri kullanarak yilda 300 milyar dolarlik tasarruf edebilecek durumdadir. Bu
ylizden birkag yil i¢inde veri bilimcilere talep patlayacak ve 2018 de bu alanda 140-190
bin kisilik istthdam a¢ig1 dogabilecektir.

4.1 Veri Analizcileri (Data Analysts) ve Veri Bilimciler (Data Scientists)

"Descriptive Analysis-Tanimlayic1 Analiz" yapan veri analizcilerin, organizasyon
i¢indeki rolleri; varolani raporlama, durumu agiklamakla gorevli kisi olarak tanimlandi.
Tek bir bakis agisiyla, elindeki verilerle yola ¢ikan ve her zaman ayni sonuca ulasabilen
veri analizcilerin rolii, sirketin karar destek siireglerine girdi {iretmekle
sinirltydi. Teknolojinin yardimiyla baglantili oldugumuz diinyada, verinin hareket hizi
inanilmaz diizeydedir. Cok hizl1 veri aktarimi, sirketlerin, durumlart aninda algilayarak
hizl tepki verebilmelerine olanak vermektedir. Internet déneminin baslamasiyla birlikte
artik sadece kurum ig¢inde degil, kurum dis1 ile de yogun bir veri aligverisi var. Veriyi
matematiksel islemler ve istatistiksel yontemlerle sunuma hazirlayan bu bilimcilerin
dogrusal cebir, sayisal analiz ve makina dili gibi alanlarda da g¢aligmalar yapmalari
gerekiyor.

Etkin bir veri analisti olmak i¢in asagidaki teknik becerilere hakim ve beseri niteliklere
sahip olmak gerekir:

- Biiylik veri kiimelerine erisebilme,

- Sorgulama ve secim ile bilgi kasifligi (buluculugu) yapabilme,

- Is ya da uygulama problemlerini ¢dziimleyecek modeller kurma (siniflandirma,
kiimelendirme ve anormal durum belirleme),

- Analitik paketlerde SAP, SPSS ve SSIS gibi yazilim programlari ile veri transferi
yapabilme,

- Veri analizlerini uygulamaya sunmak yani sonuglar1 (bulgular1) gorsellestirmek,

- Kullanicilariniz ile etkin bir iletisim,

- lyi ve giiglii sezgiler,

Biitiin analizlerin 6tesinde mantiksal ¢ézliimlemeleri derinligine anlamaktir.
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Bilgi ¢aginin en degerli madeni veridir. Bu veri madenini islemek ve veriyi bilgiye
doniistirmek icin veri bilimcilere gereksinim duyulmaktadir. Bunlar analitik
diisiinebilme yetenegine sahip kisilerdir. 2000'li yillarin basindan bu yana etkili olan
veri analizi teknolojileri, bu yonde insan kaynaklarimin gelisimini cesaretlendirmisti.
Degisime ayak uydurabilen organizasyonlar, veri analizi teknolojileriyle bir adim 6ne
geeme konusunda is ¢Oziimleyiciliginin Onemini kavrayarak tiim siireglerini ve alt
yapilarini bu teknolojilerin uygulanmasina elverisli hale getirmeye bagladilar.

Google, Facebook, Amazon, Yahoo, Walmart, Facebook, LinkedIn, Twitter gibi oncii
kurumlar biiyiik veriyi yonetmek icin gelistirilen teknolojileri kullanabilecek beceri ve
zekaya sahip insanlarin da en az teknoloji kadar 6nemli olduguna inanmalari
sonucu veri bilimcilerini kullanmaktadirlar.

"Predictive Analysis-Cikarimsal Analiz" yapan veri bilimcilerin organizasyon
icindeki rolleri heniiz tanimli degil. Bununla birlikte veri bilimei farkli veri
kaynaklarindan beslenen biiylik veri yonetimi icin, bir bilim adami gibi hipotezler
kurup, bu hipotezlerin dogrulugunu ya da yanhisligini test etmekicin arastirmalar yapar.
Veri Odakh Uygulamalar” gelistirir. Bu uygulamalarin birka¢ 6nemli karakteristigi
vardir:

e Buuygulamalar veriden faydalanarak ortaya ¢ikar.

e Buuygulamalarin kullanim1 sonucunda yeni veri ortaya cikar.

e Yeni ¢ikan bu veri, uygulamalarin iyilestirilmesi i¢in kullanilir.

Farkli kaynaklardan toplanan veri, hi¢ bir zaman tek ve kesin bir sonu¢ vermez. Hatta
varolan sonugclar1 yani, bilgiyi bile sorgulama sans1 verir. Isin en can alic1 noktasi da
burasidir. Farkli sonuglar {iretebilmek. Veri bilimcilerinin yarattigi katma deger, veriyi
gorsel olarak sunabilmek, verileri ayristirabilmek ve organize etmek. Ayni1 zamanda, bu
verileri yorumlayabilmek i¢in gelismis algoritmalar hazirlamak ve bu sekilde islenen
veriler ile is kararlar1 verilmesini saglamaktir. 21. yiizyilin en cazip mesleklerinden biri
olan veri bilimciligi i¢in nasil bir egitim ve alt yap1 gerekiyor. Heniiz veri bilimci
yetistiren bir akademik kurum yok. Agirhikli olarak Bilgisayar, Matematik, Istatistik,
Yonetim ve bilisim sistemleri egitimine sahip olan bu kisiler, ekonomi alaninda da
egitim gérmiis olabiliyor. Donanim, yazilim ve bilisim teknolojisindeki hizli gelismenin
cok 6nem kazandigi giiniimiizde, veri bilimcilerin ne kadar degerli bir insan kaynagi
oldugu konusunda her kesim mutabiktir.

4.2 Veri Bilimi

Sekil 1°de Matematik, Istatistik, Ileri programlama, Gorsellestirme, Bilimsel yontem,
Veri mithendisligi, Alan uzmanligi, Hacker kafa yapisi etkilesimi goriilmektedir.
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Sekil 1. Veri bilimi ve diger alanlarin iliskisi

5. VERI ANALIZINE BAKIS

Simdi veri analizinin nasil yapildigin1 asagidaki izlenen adimlarda gosterilen iligkilerle
inceleyelim:

Ger¢ek yasamdaki problemler

1. Veri toplama: Belirli problemlerin formiillestirilmesi:
a) Deneysel tasarim
b) Tarihsel kayitlar
¢) Orneklem surveyleri

2. Gozlemler (Veri):
a) Kaydedilen dl¢tiimler
b) On bilgi

3. Verinin ¢apraz sorgulanmasi:
a) Sapan degerlerin, hatalarin (6l¢iim hatas1 ve hatali kayit) ayiklanmasi, verinin
uydurma ya da gergek olup olmadig,
b) On bilginin (gegerliliginin)test edilmesi

4. Tan1 koyma (teshis): Model se¢imi ve modelin onaylanmasi
5. Sonug ¢ikarma amagl veri analizi:

a) Hipotez testi

b) Tahmin etme

¢) Karar verme

6. Sonraki arastirma i¢in yol gosterici olma: Yeniden ilk adima dénme

Boylece Veri analizi=Belirli sorular1 yanitlama-+bir arastirmanin yeni asamalari
icin bilgi hazirlamak biciminde 6zetlenebilir (Rao, 1989).
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6. ISTATISTIK MUHENDISLIiGi

Istatistik miihendisligi, var olan bilimi ve istatistik teorisini kullanarak daha biiyiik bir
gelismenin nasil ¢ikarilacagini inceleyen bir disiplindir. Istatistik miihendisligi ile ilgili
olarak Snee ve Hoerl (2010) Sekil 2, Sekil 3 ve Sekil 4 deki gosterimleri verdiler.
Ayrica, istatistik miithendisligini istatistiksel kavramlari, yontemleri ve araglar bilgi
teknolojileri ile birlestirerek en iyi sekilde nasil uygulanacagini ve diger ilgili bilim
dallart i¢in gelistirilmis sonuglari olusturmak bi¢ciminde tanimladilar. Daha genis bilgiye
asagidaki makalelerden ulasilabilir. (Hoerl ve Snee (2010a, 2010b)). Snee ve Hoerl,
(2011); Steiner ve Mckay, (2014)).

[statistik miihendisligini, asagidaki ii¢ sekli inceleyerek aciklamaya calisacagiz.
6.1 Bir Sistem Olarak Istatistik Disiplini
STRATEIJIK: Istatistiksel diisinme

TAKTIK OLARAK: istatistik miihendisligi
OPERASYONEL: istatistiksel yontemler ve araglar

Istatistiksel _ Istatistiksel
teori_ 4 e pratik

Sekil 2. Bir sistem olarak istatistik disiplini
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6.2 Bir Sistem Olarak istatistik Disiplini: Istatistik Miihendisligi

[statistiksel
mithendislik

Sekil 3. Bir sistem olarak istatistik disiplini: Istatistik miihendisligi

Sekil 3’teki yatay elips dilimi istatistiksel teori ile istatistiksel uygulama baglantisim
gostermektedir.

6.3 Bir Sistem Olarak Istatistik Disiplini: Uygulamal istatistik

Uygulamali istatistik, gercek problemlere istatistigin uygulanmasidir. Bu nedenle dikey
dilim istatistiksel diisiinme, istatistik mithendisligi ve istatistiksel yontemleri igerir.

Uygulamali
i istatistik
[ 4 b iskavistiksel
1statistik€@h S . pratik
teori &=

. L

Sekil 4. Bir sistem olarak istatistik disiplini: Uygulamal istatistik
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7. TURKIYEDE ISTATISTIiK BILIMININ GELiSiMi

Ulkemizde dénemin hiikiimetine yardimci olmak {izere gorevli oldugu (1956-1958)
sirada Syracusa Universitesi 0gretim iiyesi Professor William Wasserman (1922-
2007)’m 1958 yilinda TheAmericanStatisticianVol 12 (2), 1958, 16-18 adli dergide
yayinlanmis «The Teaching and Use of Statistics in Turkey» baslikli makalesinden
almt1 ile konuya girmek istiyorum. Wasserman (1958)’nin goriisiine gore “Tirkiye’de
Yonetim birimleri, endiistri ve ¢esitli bilim dallarinda istatistik yontemlerin potansiyeli
heniiz bilinmemektedir. Kiigiik fakat gelisme egilimi gdsteren bir grup insan istatistik
yontemler hakkinda bilgi sahibi ve istatistigi uyguluyorlar. 1953-1958 yillar1 arasinda
baz1 fakiiltelerde istatistik dersleri verilmektedir, digerlerinde yetismis 6gretim iiyesi
olmadigindan istatistik dersi verilememektedir. Tirk egitim sisteminde herhangi bir
yerde istatistikte derece almis birini bulmak miimkiin degildir. Istanbul Universitesi
Iktisat Fakiiltesinde 6grencilerin Olasilik ve Istatistige giris dersleri almaktadirlar.
Ayrica iist smniflarda Ornekleme ve Demografik Istatistik Analizi dersleri de
bulunmaktadir. Ankara Universitesi Siyasal Bilgiler Fakiiltesinde tiim 6grencilerin
aldiklar1 “Ekonomi igin istatistik” dersi vardir. Ankara Universitesi Ziraat Fakiiltesinde
de {i¢clincii simif 6grencileri igin bir yariyillik derste olasilik ve istatistik bilgisine ek
olarak Varyans Analizi ve Deneysel Tasarim dersi verilmektedir. Istanbul Robert
Kolej’de de Istatistige Giris dersi bulunmaktadir. Buralarda ki istatistik dersleri ABD’de
egitim gormiis ogretim elemanlar: tarafindan verilmektedir. Bu tarihte Istanbul Teknik
Universitesi, Ankara Universitesi Fen Fakiiltesi, Istanbul Universitesi Tip Fakiiltesinde
heniiz Istatistik dersi yoktur.

Ulkemizde yarim yiizyil &ncesine kadar ydnetim amaglart igin gereksinim duyulan
verinin toplanmasi ve tablolagtirilmast i¢in bazi kamu kuruluslarinda az sayidaki
caliganin disinda istatistik¢i denilen yetigmis kisiler yoktu.

Giinlimiizde ise istatistik, alinacak kararlarin dogrulugunu desteklemek i¢in kullanilan
biiyiilii bir s6zciik oldu.

21. ylizyilin ilk ¢eyreginde iilkemiz istatistik¢ileri yonetim kadrolarinda, sanayide ve
arastirma organizasyonlarinda calismaya basladilar. Universiteler, istatistigi ayr1 bir
disiplin olarak O0gretmeye basladilar. Son 30 yila damgasini vuran ve ¢agimizda bilgi
cag1 olarak adlandirilan gelismeler istatistigi evrensel bir konusma dili konumuna
getirmistir.

Ulusal diizeydeki bilimsel toplantilarimizda ¢ok degisik alanlara yayilmis bilimsel
caligmalar bulunmaktadir. SCI, SCI-E ve SSCI kapsamindaki ve alan endekslerince
taranan Istatistik dergilerinde 6zellikle 2000 yilindan baslayarak geng istatistik¢ilerin
umut veren katkilar1 olmasina karsin Tirkiye adresli yaymlarimizin yeterli olmadigi
agiktir. Birgok disiplin arasinda Istatistikte Uluslararasi (yalmz Istatistikle ilgili) saygin
hakemli dergilerde yayin sayimizin arttirilmasi i¢in bilimde oncii iilkelerin bilim
insanlarinin yaptiklart gibi kurumlar arasi ve uluslararasit isbirligi ile yayin yapma
¢abalar1 arttirilmalidir.

Istatistik¢giler fen ve miihendislikte oldugu gibi bilimin tiim alanlardaki ilging ve
onemli problemlerle ilgilendiklerinden bu durum istatistige disiplinler aras1 bilim olma
ozelligi kazandirmistir. “ISTATISTIK URETMEK KARANLIGA ISIK GOTURMEK
KADAR KUTSAL BIR GOREVDIR” deyisinin énemini bir daha hatirlamaliy1z..
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8. 15. ULUSLARARASI EKONOMETRI, YONEYLEM ARASTIRMASI VE
ISTATISTIK (15. EYI) SEMPOZYUMU’NUN ISTATISTIK ACISINDAN
DEGERLENDIRILISI

15. EYI Sempozyumu’nda 22 Ekonometri, 17 Yoneylem Arastirmasi, 19 Istatistik
oturumu diizenlenmistir. Istatistik oturumlarinda sunulan bildiriler:

A) OLASILIK TEORISi

B) ISTATISTIK TEORISI ve UYGULAMALI ISTATISTIKSEL ANALiZ

C) ISTATISTIGIN UYGULAMASI (Biyoistatistik (tip alaninda), biyometri
(ziraat alaninda) ve ekonomi alaninda)

olarak li¢ sinifa ayrilabilir. Kisaca asagidaki konular sunulmustur.

e Internet bankaciligi,

Yapisal esitlik modeli,

Mekansallik analizi,

One-way ANOVA analizi,

Saglik gostergelerinin analizi,

Sosyal ag verilerinin olasilik analizi,

Universite 6grencilerinin davrams ve tutum 6lgegi kisilik ve liderlik dzellikleri
analizi,

Bagil degerlendirme sistemi,

Ozgiiven ve mezuniyet analizi,

Siire¢ yetenek analizi,

Ol¢iim hatali regresyon modelleri,

Kur modellemesi,

Ranktransform metodu,

Kredi kartlarinin tasarrufa etkisi,

Tiirkiye de 2023 hedefleri icin istatistigin katkisi,
Gibbs orneklemesi,

Meta analizi ve deneysel tasarim,

Talep tahmininde Bayesci yaklasim,

Sigara igme aligkanliklarinin analizi,

Kanonik korelasyon analizi ve saglikta bir uygulama,
Miize ziyaretci profili ve memnuniyet arastirmasi 6lgek tasarimu,
Faktor analizi uygulamast,

Temel bilesenler analizi ve uygulama,

Kiimeleme analizi ve uygulama,

Kasko sigorta yaptirmada belirleyicilerin analizi,
Rekabet giicii endekslerinin incelenmesi,

Puan ve gol sayilari i¢in Zaman serileri analizi,
Ulkemizde enerji tiiketim analizi,

Uzaktan egitim sisteminde internet tabanli uygulamanin analizi,
Path analizi (Giibre degiskenleri iizerinde),
Istatistiksel siire¢ kontrolii,

Poisson prosesi ile veri analizi,

Iki asamal1 Liu tahmin edici,
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Multicollinearity varken aykirt deger sorunu,

Bulanik regresyon modeli ve uygulama,

Kantil regresyon yontemi ve OECD iilkelerinde beklen yasam siiresi analizi,
Dogrusal olmayan esitsizlik kisitlamali ridge tahmin edicisi,
RobustBayesian regresyon analizi,

Su kirliligi ve yoksulluk {izerine alan ¢aligmasi,

Hava yolu ulagim talebinin tahmini,

Trafik kazalarinin sayisinin modellemesi,

Hibrid sistemler i¢in Bayes¢i yaklagim,

Araclarda ariza dagilim parametrelerinin incelenmesi,

Yapay sinir aglar ile istatistiksel analiz,

Oransal odds modeli ve performans karsilagtirmasi,

Lojistik regresyon ve yapay sinir aglar1 yontemleri ile insan gelisme endeksinin
siiflandirilmasi,

Calisma sermayesinin gida sektoriindeki isletmelerin finansal performansi
tizerindeki etkisi,

Liu tipi tahmin edici i¢in test istatistigi,

Kiime 6rneklemesi,

Gelen turist sayilarinin modellemesi,

Siit Uretiminde modelleme,

Lojistik regresyon modeli (organik gida ve yabanci dil basarisi iizerinde)
uygulama,

EYT ninbibliyometrik analizi,

Bagil degerlendirme sistemi,

Kelime oriintiilerinin analizi,

Ornekleme yontemlerinin irdelenmesi,

[saret levhalarinin trafik isleyisindeki etkisi,

2011 milletvekili se¢cim sonuglarinin analizi,

Yapisal esitlik modelleme ile ONLINE aligverislerde miisteri davranislari,
Is kazalarinin gelecek yillar icin tahmini,

Riizgar hiz1 verilerinin istatistiksel analizi.

15. EYI sempozyum bildiriler kitabi incelendiginde goriilebilecegi gibi sunulan
bildirilerin %85°den fazlas1 (C) simifindadir. Istatistik bilim dalinda uluslararas
yaymlarin artmasi aragtirmalarin (A ya da B) smifinda yer almasi ile miimkiin
olabilmektedir. Ayrica Istatistik bilim dalinda biiyilk cogunlugu sayfa basma iicret
almayan 120 civarinda SCI/SCI-E ya da SSCI kapsaminda yer alan dergi vardir.Bu
dergilerde yayinlanan makalelere yapilan atiflar Web of Science (WOS)’da yer
almaktadir. Bunlara ek olarak alan endekslerinde yer alan hakemli kaliteli dergiler de
vardir. Bu dergilerdeki yayinlar da dahil yaymlanan tiim makalelere yapilan atiflar
GOOGLE AKADEMIK te gériilmektedir. Yurt i¢inde ortak calismalar yapilabildigi
gibi yurt disindan da ortak arastirmayapabilecek bilim insanlariyla iliski kurulabilir.
Gelismis ilkelerin arastirmacilarinin  yaptiklar1  yaymlardan kopmamaya 06zen
gostermeliyiz.
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9. ISTATISTIGIN GELECEGI NEDIiR?

Istatistikgiler, fen ve miihendislikte oldugu gibi bilimin tiim alanlarindaki ilging ve
onemli problemlerle ilgilendiklerinden bu durum istatistige disiplinler arasi bilim olma
ozelligi kazandirmaktadir.

Giliniimiizde istatistik; durmadan {iretilen, arastirilan ve bulunan yeni yontemlerle
gelisen bir bilim dalidir. Istatistik, diger bilim dallarindaki karar verme mantig1 ve
metodolojisine sahiptir. Istatistik¢ilerin diger bilim dallarindaki arastirmacilarla
iligkileri sonucunda bu alanlardaki temel problemlerin formiillestirilmesine katkilariyla
istatistik ilgi ¢ekici bir arastirma konusu olmaya devam edecektir.

Istatistikgiler; bilimsel calismalarda sonu¢ almanin &nemini bilen, degisik bilim
dallarina ve topluma bu alanda yardimc1 olabilecek ve gereksinimlerini karsilayabilecek
uzmanlagmig bireyler olacaktir. Boylece, uzmanlasmis olan bireyler arastirmaci olarak;
sosyal ve giinliikk yasamin problemlerini ¢6zmede, kaynaklarin optimum kullanilmasini
saglayarak ekonomik gelismeye, sanayi {iretiminin arttirilmasina, kisisel ve kurumsal
diizeylerde optimum kararlar alinmasina 6nemli katkilarda bulunabilirler.

Bilim ve teknolojinin hakim oldugu 20. ve 21. yiizyilda istatistige asinaliga gereksinim
duyulacagim Unlii Ingiliz diisiiniirii H. G. Wells (1866-1946) 6nceden gorerek sdyle
demistir: Istatistiksel diisiinme, giin gelecek tipki okur yazar olmak gibi, iyi bir
yurttas olmanin en gerekli 6gelerinden olacaktir.”

Sonug olarak, diizeyli arastirmalarla gelecek icin bilingle bilgi iireterek kalici izler
birakacak bi¢imde bilim diinyasinda yerimizi almaliy1z.

Yazimizi {Uinli Cin disiintiri KuanTzu’nun 6z1i deyisi ile tamamlamak istiyorum. 2600
y1l 6ncesinden diyor ki: “Bir yil sonrasimi diisiiniiyorsan tohum ek, on yil sonrasini
diisiiniiyorsan agac¢ dik; yiiz y1l sonrasim diisiiniiyorsan insan yetistir. Bir kez
iiriin verir ektigin tohum; bir kez diktigin agac on kez iiriin verir; eger insam
egitirsen yiiz kez olur bu iiriin.” Bugiin, en biiyiik yatirim insana yapilan yatirimdir.
Geng bilim insanlarimizin anlamak ve arastirmak hirslarini uzun siire her seyin {istiinde
tutarak, bilimin nabzinin bilimsel dergilerde attifi gercegini unutmayarak,
mutluluklarini orada bulabileceklerine inantyorum. O halde “gelecegin anahtari iyi
bir egitim” oldugundan duyarliligi ve cesareti gelistirilen ve basariy1 yakalamak igin
akl1 ve bilimi kullanan insanlar yetistirmeliyiz.

Tesekkiir: Makaleyi dikkatli bir bicimde degerlendirerek daha iyi olmasini saglayan
hakemlere ve sekilleri ¢izen Yard. Dog¢. Dr. Esra Akdeniz Duran’a tesekkkiirlerimi
sunarim.
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NEW TRENDS AND METHODS IN STATISTICS

ABSTRACT

In this study, statistical thinking and data analysis concepts are explained by
emphasizing the importance of statistics. The role of data scientists
converting data into knowledge is emphasized. In addition, the future of
statistics is discussed and a road map for doing high level research to
publish in international prestigious journals is given for the statisticians in
our country.

Keywords: Data, Data analysis, Data scientist, Statistics discipline, Statistical thinking.
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IMPLEMENTATION OF REGRESSION MODELS FOR
LONGITUDINAL COUNT DATA THROUGH SAS

Giil INAN" Ozlem ILK **

ABSTRACT

In this study, we firstly consider the marginal model and generalized linear
mixed model classes for longitudinal count data and review the Log-Log-
Gamma marginalized multilevel model, which combines the features of
marginal models and generalized linear mixed models. Due to the special
features of these models, implementation of them requires more special
attention. As a consequence, this leads us to use SAS GENMOD procedure
for the marginal model, SAS GLIMMIX procedure for the GLMM, and SAS
NLMIXED procedure for the Log-Log-Gamma marginalized multilevel
model. Since the latter model requires gamma distributed random effects, two
different techniques, namely the probability integral transformation
technique and likelihood reformulation technique , which are originally used
for fitting Gamma Frailty models, are modified and adapted to fit Log-Log-
Gamma marginalized multilevel model within the framework of Proc
NLMIXED. Finally, we conclude the study with the discussion of the results
obtained from the implementation of the models through popular epileptic
seizures data.

Keywords: Epileptic seizure count, Gamma random effects, SAS GENMOD, SAS GLIMMIX, SAS
NLMIXED.

1. INTRODUCTION

In longitudinal studies, measurements from the same subjects over a sequence of time
periods are taken so that changes in measurements over time periods can be observed.
In longitudinal count data (LCD), the response variable of the longitudinal dataset
represents the counts of a total number of a defined event occurring in a given time
interval. Examples from physiological research may include the number of epileptic
seizures of each patient per two-weeks over an eight-week treatment period and the
number of panic attacks for each patient in a week over a one-month psychological
intervention program.

The analysis of longitudinal count data requires more special methods due to the
longitudinal feature of measurements and counting process of responses. The most
important feature of longitudinal data that motivates the statistical analysis is the
association of measurements within a subject since the observations obtained from the
same subject over several time periods are expected to be correlated. On the other hand,
the statistical distribution of the counts is traditionally assumed to be Poisson
distribution (Diggle et al., 2002) and it is well-known that the mean equals to the
variance (equi-dispersion) for the Poisson distribution. However, when the variability of
counts is greater than its expected value under the Poisson model, the phenomenon is

Dr., Orta Dogu Teknik Universitesi, Istatistik Boliimii, Ankara, e-mail: ginan@metu.edu.tr
“Dog. Dr., Orta Dogu Teknik Universitesi, Istatistik Bliimii, Ankara, e-mail: oilk@metu.edu.tr
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called overdispersion. More specifically, extra-Poisson variation occurs (Barron,1992).
Although there are additional features that complicate the statistical analysis, these are
the two that play a significant role in the estimation of regression parameters for the
regression models developed for LCD.

In this sense, this paper aims to summarize the characteristics of the most commonly
used general regression model classes, namely marginal models, random-effects
models, and marginalized multilevel modelsto analyzelongitudinal count data and to
show how these regression models are implemented through SAS, which is not well-
documented in the literature, via the popular epileptic seizures example.On the other
hand, the main contribution of this paper is that it provides the use of two different
techniques to accommodate regression models with gamma distributed random effects
for LCD, where non-gaussian random effects are not allowed within SAS framework.

The development of subsequent sections of this paper is organized as follows: Section 2
gives background information on regression model classes for LCD. Section 3
introduces the popular epileptic seizures example. Section 4 is devoted to the
implementation of these regression models through the epileptic seizure example within
SAS procedures. Section 5 discusses the results and Section 6 concludes the paper.

2. REGRESSION MODELS FOR LONGITUDINAL COUNT DATA

Diggle et al. (2002) classify the models for longitudinal data into three different
regression model classes. These are: i) marginal models, ii) random-effects, and iii)
transition models. In general, these three regression model classes view the association
problem between the repeated measurements of a subject from different perspectives
and this leads the models to differ in the interpretation of the regression parameters. In
this paper, we restrict ourselves to the marginal and random-effects model classes and
reintroduce the Log-Log-Gamma marginalized multilevel models (MMM:s).

2.1 Marginal Models

Marginal models directly specify a regression model for the mean response, which

depends only on covariates, using a log-link function. The mean responses, ,uicj, for the

i" subject and j** time related to the covariates as follows:
log(u,) = Xi;B €]

The within-subject association, the association between the repeated measurements of a
subject, is modeled separately, possibly using additional association parameters. The
regression parameters, ’s, in equation (1) describe the effects of covariates on the
population averaged mean response, as in cross-sectional analysis. Their interpretation
is independent of specification of within-subject association model (Fitzmaurice and
Molenberghs, 2008), which makes them more robust compared to the regression models
that will be discussed later.
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2.2 Random-Effects Models

The random-effects models assume that there is a natural heterogeneity between the
subjects due to unmeasured covariates (Diggle et al., 2002). In this sense, regression
parameters randomly varying from one subject to other subject are included into the
regression modeling of the mean response. Contrary to the marginal models, GLMMs
model the mean response and the within-subject association through a single equation
and random effects are viewed as the potential source of within-subject association.

Among the random-effects models, generalized linear mixed models (GLMMSs) are the
most frequently used one for discrete repeated measurements (Molenberghs and
Verbeke, 2005). In GLMMs, the model for the mean response depends both on
covariates and random effects, which enter linearly into the linear predictor via a known
link function. The simplest case of GLMMs is naturally a model with just a random
intercept coefficient.

The formulation of a random-intercept model for LCD can be as follows:

i) Conditional Mean Model: log(,uicj) = XijB + byij
i) Random Intercept Distribution: by;~ MVN (0, C)
iii) Conditional Response Distribution: Yig = (Yij|bo;j) ~ Poisson (,uicj)

Y;j’s are assumed to be conditionally independent given subject-specific random
intercepts,bg; = (bo1i, bo2is -+ -» boin;)" and to have Poisson distribution with conditional
mean, ,ul.cj, depending on both fixed and random effects. The subject-specific random

intercepts, bo; = (bo1is bozis --» boin,)" are assumed to have a multivariate normal
distribution with zero mean and a common within-subject covariance matrix, C.

One of the most important characteristics of GLMMs is that they have the ability to
accommodate complex within-subject association structures for subject-specific random
effects. Weiss (2005) lists a large number of covariance structures and detailed
information on these covariance structure specifications, but among them, most
commonly used ones are unstructured (UN), first order autoregressive (AR(1)), and
compound symmetry (CS).

In GLMMs, the aim is to make inference on individual subjects rather than the
population average; for that reason the fixed effects regression parameters, £’s, in (i)
describe the effects of covariates on an individual’s mean response by controlling for
the random-effects. However, interpretations being dependent on random effects and
being sensitive to within-subject association specifications and robustness of estimates
being dependent on the distribution of the random effects reflect the disadvantages of
GLMMs (Heagerty and Zeger, 2000).

2.3 Log-Log-Gamma Marginalized Multilevel Model

Marginalized multilevel models are proposed by Heagerty and Zeger (2000). These
models combine the features of marginal models and GLMMs with an aim to
compensate the distinctions of these two models. While marginalized multilevel models
take the interpretation and robustness of regression parameters from marginal models,
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they take likelihood-based inference capabilities and flexible within-subject association
specifications from GLMMs (Griswold and Zeger, 2004). Accordingly, Griswold and
Zeger (2004) expand the marginalized multilevel model of Heagerty and Zeger (2000)
for LCD and name this model as Log-Log-Gamma marginalized multilevel model
(MMM).

The formulation of the Log-Log-Gamma MMM which assumes only a subject-specific
intercept coefficient,by;, in the linear predictor, in addition to fixed effects, is as
follows:

. . . M _

1) Marginal Mean Model: log(,ul.j) = X;;B"

ii) Association Model: log(,ul.cj) = Ay + by;

iii) Random Effects Distribution:g;; ~ Gamma(1/6,,6;,) whereb;; = log(g; j)
iv) Conditional Response Distribution: Yi§ = (Yi19ij) ~ Poisson (,ulcj)

It defines a general linear model (GLM) for the marginal mean model in i) and a
nonlinear mixed model (NLMM) for the within-subject association in ii).

Griswold and Zeger (2004) follow the same logic and assume a gamma distribution for
subject-specific random effects and a Poisson distribution for the conditional response
distribution, so that the marginal distribution of responses becomes negative-binomial
distribution, which accommodates overdispersion well (Greenwood and Yule, 1920;
Barron, 1992; Cameron and Trivedi, 1998; Jowaheer and Sutradhar, 2002). Contrary to
GLMMs, subject-specific random effects in Log-Log-Gamma MMM follow a non-
Gaussian distribution, that’s Gamma distribution, and are allowed to enter nonlinearly
into the model.

The log-link function and Poisson-gamma mixing distribution, together with the
connection between marginal mean and conditional mean model, lead to A;j= X;; pM —
log (vij)wherev;; = E(g;j) = 1/6; X 8,(Griswold and Zeger, 2004). Hence, the
conditional mean, ,ul.Cj, can be written in terms of the marginal regression parameters,
BM, such that

ufj = exp(Aij + bU) = exp(Xij,BM - lOg(Uij) + bU) (2)

Since equation (2) includes the marginal regression parameters, B, the estimation of
BM can be performed by fitting the conditional model, ,uiC]., via standard NLMM

techniques. The regression parameters, S, describe the effects of covariates on the
population averaged mean response, over the random effects.

3. EPILEPTIC SEIZURE COUNT DATA

The illustration of model fitting will be through an epileptic seizure count data, which is
publicly availablein R package Mass (Venables and Ripley, 2002). We preferred this
data set since it is the most commonly used one in the literature. This data comes from a
randomized placebo-controlled clinical trial which was conducted by Leppik et al.
(1985). 59 patients with simple or complex partial seizures were participated in the
study and were randomized to receive either the antiepileptic drug progabide or a
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placebo, as an adjuvant to the anti-epileptic standard chemotherapy. Before receiving
treatment, the number of epileptic seizures of each patient over an eight-week period
was recorded as baseline data. After treatment, the number of epileptic seizures of each
patient per two-weeks over an eight-week treatment was also recorded at clinic visits.
Apart from these, age information related to each patient was recorded as well. The
question of interest is whether progabide has an effect in reducing the epileptic seizure
counts or not.

The summary statistics for the epileptic seizure count data are displayed in Table 1. It is
obvious that counts show overdispersion across visits within placebo group, progabide
group, and complete data. When we do not take visits into account, the same case still
continues, and counts exhibit high overdispersion in placebo group, progabide group,
and complete data as an overall.

3.1 Covariates for Regression Models

To relate the covariates to the seizure counts, the covariates those listed in Thailand Vail
(1990) are used. These are:

X,;=logage=The natural logarithm of age in years, log (Age),

X,;=1gbsl=The natural logarithm of %4 of the 8-week baseline counts,log (Base/4),
X3;= trt=Trt is a binary variable taking a value of 1 if progabide, 0 if placebo,

X,;= v4=Visit, is a binary variable taking a value of 1 if visit number is 4, 0 otherwise,
Xs;= int=Interaction of Trt and log (Base/4),

Here, 5, which corresponds to the Trt variable, represent the parameter of interest for
our research question.

Table 1. Summary statistics for epileptic seizure count data

Placebo Progabide Complete
Mean Variance Mean Variance Mean Variance

Mean Mean Mean
Visit 1 9.36 10.98 8.58 38.78 8.95 24.59
Visit 2 8.29 8.04 8.42 16.71 8.36 12.42
Visit 3 8.79 24.50 8.13 23.75 8.44 23.72
Visit 4 7.96 7.31 6.71 18.92 7.31 12.75
Overall 30.79 22.13 31.65 24.76 8.27 18.45

4. FITTING THE REGRESSION MODELS IN SAS
For model fitting of the regression models, SAS (version 9.2) is used.
4.1 Marginal Models

When the responses are discrete, i.e., binary or count, it is hard to estimate regression
parameters of the marginal models by likelihood-based methods (Fitzmaurice and
Molenberghs, 2008). That is because the complete joint distribution of longitudinal
responses requires the specification of two-way associations between the responses and
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in turn, building models for these associations that are consistent with the model for the
mean response in an interpretable manner is difficult in the framework of marginal
models (Lipsitz and Fitzmaurice, 2008).

When distributional assumption on repeated responses is avoided, an estimation method
that is called generalized estimating equation (GEE) is considered. It is developed by
Liang and Zeger (1986) by including additional parameters in the formulation of within-
subject covariance matrix of responses. GEE provides as efficient estimates as
maximum likelihood estimation (MLE), as well as consistent and asymptotically normal
estimates provided that the mean response model is correctly specified. One
disadvantage of GEE is that avoiding defining the complete joint distributions deprive
us of using likelihood-based methods.

4.1.1 SAS GENMOD

SAS procedure that gives the opportunity to fit the GEE to repeated measures data is
Proc GENMOD.

The marginal model equation for the epileptic seizure example can be given by

u = exp (ﬁo + P1 X Xiog (agey T B2 X X, (Basey + B3 X X(rrey + Ba X X(Trt*log(%))
+ Bs X X(Visit4)) )

and the code related to our data and to our research question is given as follows:

procgenmoddata=seizure;

class id;

model count=logagelgbsltrtint v4 /dist=poissonlink=log scale=deviance;
repeated subject=id / type=UN;

run;

The model statement defines the relation between the response variable, count and the
covariates logagelgbsltrtint v4, listed in Section 3. While dist option defines the
distribution of counts, link option refers to the link function used in the model. On the
other hand, scale=deviance enables the scale parameter to be fixed at 1 during
estimation. Subjectthrough repeated statement identifies the subjects in the model and
the variable identifying subjects should also be listed through the class statement.
Finally, type refers to working correlation structure used in the model. SAS GENMOD
allows user different working correlation structure types, such as unstructured,
exchangeable and autoregressive AR (1).

4.2 Random-Intercept Model

When the interest is on the fixed effects regression parameters, s, rather than random
effects in the random-intercept model; the model fitting and inference on f’s, requires
the maximization of the likelihood of the data. This maximization is obtained by
treating random intercepts, b;’s, as if they were nuisance parameters and by integrating
over their distribution (Diggle et al., 2002). In other words, if the i subject’s
contribution to the likelihood of the data is defined as
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L;(BIY; by) =_L nfij(}’ijlﬂ'bij) f(b;|0)| db;,
i j=1

and then, the expression in equation (3)is expected to be maximized

N
L@, b) = | [Live by

= ﬁj; ﬁﬁj(Yijw;bij) f(bil6)| db; ®

j:
where 6 is the vector of parameters for the distribution of b;.

In GLMMs, the distribution of random effects and high-dimensional integration of them
together with a possibly nonlinear link function may cause computational difficulties in
the evaluation of the likelihood and as consequence; closed-form solutions cannot be
provided. In random-intercept models, being normal distribution not conjugate to
Poisson distribution make the implementation of approximation harder.

Molenberghs and Verbeke (2005)divide the approaches toward the evaluation of the
likelihood into three categories according to the frequency of usage and to the
availability in statistical software. These are the approaches based on the approximation
of 1) the integrand, ii) data, and iii) integral itself. While Laplace—type approximations
fall in the first category, penalized quasi-likelihood (PQL) and marginal quasi-
likelihood (MQL) fall in the second category. The numerical integration methods such
as adaptive and nonadaptive Gaussian quadrature fall in the latter category.

In this sense, SAS GLIMMIX procedure has the ability to fit the approximation and
methods mentioned above.

4.2.1 SAS GLIMMIX

SAS GLIMMIX procedure is a built-in SAS procedure and is an appropriate choice for
generalized linear mixed models, in which random effects are restricted to appear
linearly in linear predictor. This procedure is especially recommended for models when
the number of random effects per subject is large (Flom et al., 20006).

The random-intercept model equation for seizure data is given by

u = exp (,30 + ,81 X Xlog (Age) + ,82 X Xlog (Base) + B3 X X(Trt) + ,84_ X X(Trt*log(Base))
4
+ Bs X Xwisie,) + b),

4

and b ~ MV N,(0, C) and C is assumed to be an unstructured within-subject covariance
matrix.
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SAS GLIMMIX code related to our data and to our research question can be given as
follows:

procglimmix data=seizure MAXOPT=500 method=RSPL;
class id;

model count=logage Igbsl trt int v4 /dist=poisson link=log s;
random intercept /subject=id type=UN;

run;

Within the framework of Proc GLIMMIX, the random-intercept model is fitted by using
PQL, based on REML for the linear mixed models. The option for PQL in procglimmix
statement is the “method=RSPL”, which is the default method. dist option through the
model statement specifies the conditional distribution for the response variable given
the random effects to come from any distribution in the exponential family. As in Proc
GENMOD, link specifies the link function. interceptthrough random statement specifies
a random intercept in the model. This procedure allows random effects to have only
normal distribution and offer a straightforward fitting of a wide variety of within-
subject covariance structures such as AR (1), CS and UN through type option.

4.3 The Log-Log-Gamma MMM
4.3.1 SAS NLMIXED

SAS NLMIXED procedure is a built-in SAS procedure and is preferred for the Log-
Log-Gamma MM as in Griswold and Zeger (2004).

Proc NLMIXED is an appropriate choice for nonlinear mixed models, in which random
effects are allowed to enter nonlinearly into the linear predictor of the model. It
specifies the conditional distribution for the response variable given the random effects,
either by standard distributions such as normal, binomial, and Poisson or by general
distributions that can be coded using SAS statements. The only distribution available for
random effects is normal distribution. The way of model specification in Proc
NLMIXED has a high degree of flexibility, compared to other SAS procedures
(Molenberghs and Verbeke, 2005). This advantage enables any non-normal distribution
of interest for random effects to be implemented within the numerical integration
techniques available in Proc NLMIXED via probability integral transformation(PIT)
technique (Nelson et al., 2006) or likelihood reformulation (LR) technique (Liu and Yu,
2008). When the random effects are normally distributed, SAS NLMIXED procedure
does not offer a straightforward option for the specification of any within-subject
covariance structure. But, by the help of its flexibility, it is possible to allow the within-
subject covariance matrix of the random effects to be, for instance, an AR(1), when
specifying the mean and covariance components of the normal distribution
(Molenberghs and Verbeke, 2005). Apart from these, Proc NLMIXED procedure
requires the specification of initial values for all parameters in the model. Initial values
for regression parameters can be obtained by the resulting parameter estimates after
fitting a GLM in SAS.

In this sense, two different techniques, which Nelson et al. (2006) and Liu and Yu
(2008) originally used for fitting Gamma Frailty models, are modified and adapted to fit
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Log-Log-Gamma MMM by accommodating gamma distributed random effects within
the framework of Proc NLMIXED.

1. PIT Technique by Nelson et al. (2006)

To accommodate gamma distributed random effects in Proc NLMIXED, we firstly use
PIT technique proposed by Nelson et al. (2006). Similar to them, a, is assumed to be a
random effect from standard normal distribution, such that a;~ N(0,1), and then by the
use of PIT, it can be shown that @(a;) = u; ~ Unif(0,1) where @(.) is of the standard
normal distribution. Again by the help of PIT, it can also be shown that Fy(g;) =
u; ~ Unif (0,1) where Fg(.) is cumulative distribution function (CDF) of the gamma
distribution of g;, with 8 = (1/6,,60,). For identifiably, 6, will be taken as equal to
6i0on the forthcoming parts of the paper. Then it turns out that g; = Fy'(u;) =
Fy 1(@(ai)) has the gamma distribution of interest, where F, *(.)is the inverse CDF of
gamma distribution. Similarly, i" subject’s contribution to the likelihood of the data can
be defined as in equation (4).

Li(BIY;, b)) = fb l [ [fuGute.by) | rwie| b, )
i j:1
where b; = log(g;).

The expression in equation (5), which is nowwritten in terms of random effects, a;, is
expected to be maximized such that

Lgiva) =| | Lvia

N T
= nf nfij (.Vijlﬁ' Fe_l(@(ai))) ¢(a;)|da;, ®)
i=1 "% |\ j=1

where ¢(.) is the standard normal distribution density function. Nelson et al. (2006)
suggest that the likelihood in equation (5) can be approximated well by the Gaussian
quadrature numerical integration technique. The approximation with Gaussian
quadrature to integrals in equation (4) is achieved such that i subject’s likelihood is
approximated by a weighted sum

L@iva) = [ (] [ (6. R (@) | #tad)| de
a; j=1

Q
Li(BlY; a;) = Z l_Ifij (yi,-lﬂ, Fg‘l(cb(ai))) B (zq)wy,
q=1 \ j=1
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and, thus, the likelihood in equation (5), which is expected to be maximized, turns out

that
N Q m
v =] | D] [ £ (vulh. F (@) (zo)we,

i=1 qg=1 j=1

where z, is quadrature point and indexed by q = 1,...,Q, Q is the order of approximation,
Wq 1s the standard Gauss-Hermite weight. Since the approximations will be more
accurate as Q increases, we use Gaussian quadrature with 30 points like Griswold and
Zeger (2004) and Nelson et al. (2006). The values of z; and w, can be obtained from
tables in Abramowitz and Stegun(1972) (Table 25.10).

The Log-Log-Gamma MMM equation for seizure data is given by

u=exp (‘80 + ﬁl X Xlog (Age) + ﬁZ X Xlog (Base) + ‘83 X X(Trt) + ,84 X X(Trt*log(Base))
4 4
+ Bs X Xwisit,) + b) ,

and b;j = log(gij) ~log — Gamma(1,1) or ePii = gij ~ Gamma(1,1).

SAS NLMIXED code by the help of PIT method that is related to our data and to our
research question can be given as follows:

procnlmixed data=seizure noad fd gpoints=30;

PARMS thetal=1 beta0 m=-2.3492 betal m=0.7722 beta2 m=0.9582 beta3 m=-
1.3299 betad m=-0.1565 betaS5 m=0.5397;

eta_m=beta0_m + betal m*logage + beta2 m*Igbsl + beta3 m*trt + beta4 m*int +
beta5 m*v4;

ui=CDF('Normal',ai);

if (ui >0.9999 ) then ui=0.9999;

gil=quantile(GAMMA',ui,1/thetal ,thetal);

v=1/thetal *thetal;

delta=eta_m-log(v);

eta c=delta + log(gil);

mu_c=exp(eta_c);

Model count ~ Poisson(mu_c¢);

Random ai ~ Normal(0,1) subject=id;

run;

noad in procnlmixed step refers to nonadaptive Gaussian quadrature. Finite difference
approximation with fd is required for the derivative of CDF of normal distribution,
that’s CDF and the derivative of inverse CDF of gamma distribution, that’s quantile.
For that reason fd is there to specify that all derivatives to be computed using finite
difference approximations. fd is equivalent to 100 as default and high fd values
indicates better approximation. qpointsrefers to the number of quadrature points to be
used during evaluation of integrals. PARMS statement allows to set the initial values for
all unknown parameters in the model. The next eight SAS statements are used for
defining Log-Log-Gamma MMM by PIT method. Model statementdefines the response
variable and the form of the distribution of the conditional likelihood. Random
statement declares the distribution of subject-specific random-intercept terms.

TUIK, Istatistik Arastirma Dergisi, Aralik 2013
TurkStat, Journal of Statistical Research, December 2013



Implementation of Regression Models Uzunlamasina Kesikli Veriler igin
for Longitudinal Count Data Through Regresyon Modellerinin SAS ile Uygulanmasi

2. LR Technique by Liu and Yu (2008)

Another approach for accommodating gamma distributed random effects within the
framework of the Proc NLMIXED is proposed by Liu and Yu (2008). This method aims
to transform the formulation of likelihood that is conditional on non-normal random
effects to a likelihood that is conditional on normal random effects in the framework of
Gaussian quadrature. In this sense, they multiply and divide the likelihood in equation
(6) by a standard normal density function,¢ (. )such that

L@ivab) = | |\ [ [r0ui6.by) | reeao|avs, (6)
i j=1
T e |
Lvebo = | gﬁj(yi,-m,bg) Sty P00 db.

L(BIYy b)) = j; lexp tog | [ [ £s(s18.bs) |+ tog (£ bi1))
i j=1

—log(¢(by) | (b)) |db;,

= f lexp (it + 17 = 1 )¢ (b)] db;
by

where [£is the conditional log-likelihood

y n _c Y;;
i : e luij,ug' Y
14 = log | |fij(yi1'|'8’ byy) | = log 1_[ T
g - Yij:
j=1 =
n; i
__ Z exp(leﬁM_IOg(vl])+ bU)+Z)’LJ(XU,3M_IOQ(ULJ)+ bl])
j=1 =

ng
- Z log(y;;")
=1
[Bis the log of the log — Gamma ~ (1/6,,65,)

b exp(by)
6, 6

1 1
12 =1log(f(b:10)) = —9—1109(91) —logrl (9—1) +

and [{is the log of the standard normal distribution
If =log(¢(b)) = —0.5b% + constant.

SAS NLMIXED code by the help of LR technique that is related to our data and to our
research question can be given as follows:
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procnlmixed data=seizure qpoints=30;

PARMS thetal=1 beta0 m=-2.3492 betal m=0.7722 beta2 m=0.9582 beta3 m=-
1.3299 betad m=-0.1565 beta5 m=0.5397;

eta_m=beta0 m + betal m*logage + beta2 m*Igbsl + beta3 m*trt + betad m*int +
betaS m*v4,

v=1/thetal *thetal;

eta c=cta m-log(v)+ b;

mu c=exp(eta c);

expb=exp(b);

fc=fact(count);

loglik=-mu c+count*eta_c-log(fc);

if lastid=1 then do;
IB=-((1/thetal)*log(thetal))-lgamma(l/thetal)+((1/thetal)*b)-((1/thetal)*expb);
1C=-1/2*(b**2);

loglik=loglik+1B-1C;

end;

Model count ~ general(loglik);

Random b ~ Normal(0,1) subject=id;

run;

Contrary to nonadaptive Gaussian quadrature,theadaptive Gaussian quadrature
considers the shape of the likelihood when placing quadrature points and this result in
better approximations (Liu and Yu,2008). For that reason, this technique prefers
adaptive Gaussian quadrature contrary to PIT method which is the default option in
procnlmixed. The next four SAS statements after the PARMS statement are there to
specify the Log-Log-Gamma MMM. Similarly, Model statementshows the response
variable and the form of the distribution of the conditional likelihood but this time
through a general log-likelihood.

Contrary to PIT technique which requires the inverse CDF to have a closed form or to
be available in SAS, LR technique requires that distribution function of the non-normal
random effect to have a closed form or to be available in SAS. Further information on
the description of the SAS NLMIXED and SAS GLIMMIX procedures and their
options can be obtained from SAS (2000).

5. FINDINGS

Table 2 displays the regression parameter estimates and corresponding standard errors
produced from the models and estimation methods mentioned above through the
epileptic seizure data.

We find that results from four methods are similar except the estimates of regression
parameter,f3,. Large differences are observed in this parameter between the regression
models. It is found that the treatment effect has a statistically significant effect on the
number of seizures count. As the negative sign on fSzindicates, the treatment reduces the
seizure numbers.
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Table 2. Results from the Marginal Model (ProcGenmod), Random-Intercept Model (Proc
GLIMMIX), Log-Log-Gamma MMM by PIT (Proc NLMIXED) and Log-Log-Gamma MMM by

LR (Proc NLMIXED)

Parameter Marginal Model ll\(/lzgl(;le(im—lntercept Il(doh%[_h[;lol)g};([}’?$ma Iﬁoﬁ_hliof;i?ma
Bo -2.5426 (0.9051) -0.8776 (1.1217) -1.1020 ( 0.5663) -0.7594 (1.0863)
By 0.8417 (0.2608) 0.3558 (0.3259) 0.3556 (0.1680) 0.3378 (0.3195)
B, 0.9455 (0.0931) 0.8780 (0.1369) 1.0774 (0.0823) 0.8926 (0.1273)
B, -1.4867 (0.4425) -0.8671 (0.4139) -1.4672 (0.2920) -0.8173 (0.3826)
B, 0.6019 (0.1789) 0.2984 (0.2096) 0.7044 (0.1013) 0.2971 (0.1914)
B -0.1520 (0.0822) -0.1565 (0.0544) -0.1565 (0.0545) -0.1565 (0.0545)

When we compare, the Log-Log-Gamma MMM by PIT and that by the LR method in
terms of computational time, it is observed that LR method with adaptive Gaussian
quadrature with 30 points option reduces the computational time considerably compared
to PIT method with non-adaptive Gaussian quadrature 30 points option. While the
estimation time takes approximately 2 seconds in LR technique, it takes about 22
seconds in PIT technique. This is due to that the LR technique does not need any finite
difference approximation; hence it reduces implementation duration considerably.

6. CONCLUSION

This paper summarizes the marginal and random-effects model classes dealing with
longitudinal count data in the literature and the implementation of longitudinal count
data within SAS. One regression model class that is not mentioned in this paper is the
transition models, but interested reader is kindly invited to read the Diggle et al. (2002).
Diggle et al. (2002) reviews three different models and discusses the models with their
pluses and minuses.

We especially focus on the Log-Log-Gamma marginalized multilevel model, which was
developed by Griswold and Zeger (2004). This model is a likelihood-based model and
offers a GLM for the mean response model, and a nonlinear mixed model for the
within-subject association model. Separation of the model for mean response from that
for within-subject association eases the interpretation of regression parameters of
interest. Moreover, the Log-Log-Gamma MMM specifies a gamma distribution for the
random effects which is conjugate to the Poisson distribution of conditional mean
model. This is a great advantage over normally distributed random effects model since
the Poisson-gamma mixture is able to remedy the overdispersion problem. As Nelson et
al. (2006) stresses, non-normal random effects are taking progressive attention not only
from longitudinal data analysis field, but also from different areas in statistics, and are
more realistic than normally distributed random effects. However, non-normal random
effects within the nonlinear mixed models suffer from the lack of computational
implementation in the literature. In this sense, the main contribution of this paper is to
show how a regression model with gamma distributed random effects, contrary to
normally distributed random effects, can be handled within SAS, where non-Gaussian
random effects are not allowed. We hope that the proposed algorithm would be helpful
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for statisticians who work on models with non-Gaussian random effects and who would
like to implement those models through user-specified algorithms within a standard
software, i.e. SAS.
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UZUNLAMASINA KESIKLI VERILER iCiN REGRESYON
MODELLERININ SAS ILE UYGULANMASI

OZET

Bu calismada, dncelikle, uzunlamasina kesikli veri icin marjinal model ve
genellestirilmis lineer karma model suniflarini ele alacagiz ve sonra marjinal
ve genellestirilmis lineer karma modellerinin ézelliklerini birlestiren, Log-
Log-Gamma marjinallestirilmis ¢ok seviyeli modellerini yeniden gozden
gegirecegiz. Bu modellerin bilgisayar ortamina aktarimast onlarin sahip
oldugu birtakim ozelliklerden dolayi, dikkat gerektirmektedir. Bu nedenden
dolayi, bu durum marjinal modeller i¢cin SAS GENMOD, GLMM i¢in SAS
GLIMMIX ve Log-Log-Gamma marjinallestirilmis ¢ok seviyeli modelleriigin
de SAS NLMIXED prosediiriinii kullanmamiza onciiliik etmektedir. Son
model, gamma dagilimli rassal etkiler icerdiginden, ilk olarak Gamma
Frailty modelleri icin kullanilmis olan iki farkli yontem, isim vermek
gerekirse, olasilik integral déniisiimii ve olabilirlik yeniden formiilasyonu
yontemleri degistirilerek, Log-Log-Gamma marjinallestirilmis ¢ok seviyeli
modelleri icin PROC NLMIXED prosediirii ¢ercevesinde uyarlanmistir. Son
olarak, ¢alismamizi bu modellerin popiiler epilepsi nébet sayisi verisine
uygulanmasindan elde edilen sonuglari tartisarak bitirmekteyiz.

Anahtar Kelimeler: Epilepsi nobet sayisi, Gamma dagihmh rassal etkiler, SAS GENMOD, SAS
GLIMMIX, SAS NLMIXED.
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A K-NEAREST NEIGHBOR BASED APPROACH FOR
DETERMINING THE WEIGHT RESTRICTIONS IN DATA
ENVELOPMENT ANALYSIS

Elvan AKTURK HAYAT® Olcay ALPAY™*

ABSTRACT

Data Envelopment Analysis (DEA), a method commonly used to measure the
efficiency is becoming an increasingly popular management tool. On the
contrary to classical efficiency approaches, the most important advantage of
DEA is that researchers can determine the weight restrictions of input and
output variables. Variable selection and determination of weight restrictions
are important issues in DEA. This work investigates the use of K-nearest
neighbor (KNN) algorithm in the definition of weight restrictions for DEA.
With this purpose a new approach based on KNN is proposed. Applications
are constructed with empirical and real data sets depending on the specific
constraints. Performance scores were calculated for both KNN based
restricted and unrestricted DEA models and the results are interpreted.

Keywords: Data envelopment analysis, Efficiency, K-nearest neighbor, Weight restrictions.

1. INTRODUCTION

Data Envelopment Analysis (DEA) is a nonparametric technique for measuring the
relative efficiency of a set of similar units, usually called the Decision Making Unit
(DMU), which use a variety of identical inputs to produce a variety of identical outputs.
DEA based on Frontier Analysis was introduced by Farrell in 1957, but the recent series
of discussions started with the article by Charnes et al. (Charnes et al., 1978).

DEA provides efficiency score through linear programming when there are multiple
inputs and outputs. One of the most important differences of DEA from the other
efficiency measurement models is allowance to use input-output weights. In recent
years, weight restrictions and value judgments have become one of the major issues in
the DEA literature. The traditional DEA formulation allows for unrestricted model
weights, which may result in inadequate weight values (zero, for instance, implying that
a variable with relevance to the model would not be used for parameter estimation)
(Gongalves et.al., 2013). To deal with this kind of problem, Thompson et al. (1986)
were the first to propose the use of weight restrictions in DEA. Many methods for
estimating restrictions for the DEA weights have been developed by several researchers
in the area, including Charnes et al. (1979); Charnes et al. (1985); Golany (1988);
Thompson et al. (1990); Roll et al. (1991); Thanassoulis et al. (1995); Podinovski and
Athanassopoulos (1998); Thanassoulis and Allen (1998); Podinovski (1999, 2001,
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2004); Zhu (2003); Allen and Thanassoulis (2004). For a detailed review of such
methods, see Allen et al. (1997) and Sarrico and Dyson (2004).

Jahanshahloo et al. used goal programming and Big M method techniques to obtain
feasible weights for DMU’s in 2005. Dimitrov and Sutton (2010) proposed symmetric
weight assignment technique (SWAT) which does not affect feasibility. Mecit and Alp
(2012) used correlation coefficients to determine the weights of inputs and outputs and
also they compared this new method with cross efficiency evaluation model.

In our study, we proposed the use of a weight restriction technique based on the K-
nearest neighbor (KNN) algorithm in order to define variation limits for the DEA model
parameters. The KNN based restricted model is applied to three data sets and the results
are compared with the unrestricted model.

The rest of paper is organized as follows. In the next section, the basic DEA model and
the weight restrictions in DEA, also the proposed approach are briefly explained. In
Section 3, the proposed approach and classical DEA model are applied to three data sets
and the application results are reported. The first two data sets are from Roll et al.’s
(1991) and Beasley’s (1990) studies; the last one is a real data related to Turkey health
system in 2013. Some concluding remarks are given in the final section.

2. METHODOLOGY

2.1 Data Envelopment Analysis

DEA does not require any assumptions about the functional form of the production
function. In the simplest case of a unit having a single input and output, efficiency is
defined as output/input. Charnes, Cooper and Rhodes, who developed Farrell’s idea,
extended the single-output/input ratio measure of efficiency to the multiple output/input
measure of efficiency (Cooper et al., 2000).

The efficiency score in the presence of multiple input and output factors is defined as:

Efficiency = weighted sum of outputs

weighted sum of inputs

The first DEA model was introduced by Charnes et al. in 1978, known as the CCR
model. This model measures the total efficiency under the assumption of constant
returns to scale (CRS).

CCR is a linear program measuring the efficiencies of DMUs with respect to weighted
inputs and outputs (Charnes et al., 1978). The model did not have any restrictions on the
weights of inputs and outputs and found the optimal combination of weights that
maximizes the efficiency score (Cooper et al., 1996).

Assume that there are n» DMUs, each with m inputs and s outputs. The relative
efficiency score of a DMU, is obtained by solving the following proposed model
(Charnes et al., 1994).
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st <1 v (1)

where,
»,; = amount of output k produced by DMU i,
=1,2,.. . o
k 1’2’ oS x;, = amount of input; utilized by DMU i,
B Rt A 9m . . .
_J L2 v, = weight given to output %,
i=12,..,n

u; = weight given to input .

The fractional program shown as (1) can be converted to a linear program as given in

Q).

2

Vil > 0 Vky.

The above problem is run » times in identifying the relative efficiency scores of all the
DMUs. Each DMU selects input and output weights that maximize its efficiency score.
In general, a DMU is considered to be efficient if it obtains a score of 1 and if it has a
score of less than 1, it is implied as inefficient.

The weights given by the DEA model may be inconsistent with prior knowledge or
accepted views on the relative values of the outputs and the inputs. DEA model can
assign lower or higher weights to some inputs and/or outputs than they actually are. The
model can give high weights for some inputs and/or outputs which give the impression
that these attributes are over represented. As a result, the relative efficiency of a DMU
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may not really reflect its performance on the inputs and outputs taken as a whole
(Talaue et al., 2011).

In recent years, many new kinds of methods were proposed for weight restrictions such
as analytic hierarchy process (AHP) and Delphi. A common characteristic of these
approaches is based on specialists’ own experiences and subjective judgment, to
determine each of the indices that will be used to evaluate. The main disadvantage of
this approach is that it is subjective (Allen et al., 1997).

Wong and Beasley (1990) proposed the use of proportions to introduce restrictions in
the virtual inputs and outputs, seeking to make the quantification of value judgments
easier for decision makers. Thus, they could set weights as varying, for instance,
between 10% and 90% of the total contribution of inputs and outputs.

To constitute the weight restrictions in DEA, some methods such as assurance regions
type, cone-ratio and absolute weight restriction were developed. In this research,
assurance regions method is used to determine the weight restrictions.

2.2 KNN Based Algorithm

Many data mining techniques are based on similarity measures between objects.
Measures of similarity may be obtained indirectly from vectors of measurements or
characteristics describing each object (Hand et al., 2001).

The KNN prediction model simply stores the entire data set. As the name implies, to
predict for a new observation, the predictor finds the & observations in the training data
with feature vectors close to the one for which we wish to predict the outcome (Ye,
2003). Many applications of nearest neighbor methods adopt a Euclidean metric.
Euclidean distance between i™ and j™ objects is defined as follows (Hand et al., 2001):

P
d; = \/Z(xik — %)
k=1

The nearest neighbor method has several attractive properties. It is easy to program and
no optimization or training is required. Its classification accuracy can be very good on
some problems, comparing favorably with alternative more unfamiliar methods (Hand
et al., 2001). Also, nearest neighbor methods are very simple and therefore suitable for
extremely large data sets (Felici and Vercellis, 2008). From a theoretical perspective,
the nearest neighbor method is a valuable tool: as the design sample size increases, the
bias of the estimated probability will decrease for fixed k (Hand et al., 2001).

In this study, we present a new algorithm based on KNN to determine the weight
restriction matrices:

Step-0: Each of input/output numbers must be greater than 2.

Step-1: Determine the input and output variables.

Step-2: Construct the distance matrices using KNN for inputs and outputs.

Step-3: Find min and max values of matrices.

Step-4: Compute the decimal scale bandwidths which include all values in distance

matrices.
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Step-5: Determine the weight matrices according to bandwidths (in step-4) and
relative to each other rates of variables.

Step-6: Construct the constraints with assurance regions method and calculate the
efficiencies by DEA.

3. APPLICATION

In this section, three applications are illustrated and DEA is performed using LINDO
(Linear, Interactive, and Discrete Optimizer) program. In the first application, we use
the data of Roll et al. (1991), in the latter we use the data of 52 universities in Beasley
(1990). In the last, we use the selected health statistics data for 12 statistical regions in
Turkey. CCR model is used to calculate the efficiency scores and assurance region
method is used to compose the restrictions obtained from our KNN based approach.
Also, we determine the weight restricted models and compare the efficiencies with
unrestricted models.

Roll et al.’s (1991) data consists of 10 DMUs with 3 inputs and 2 outputs. Table 1
summarizes the input and output variables for DMUSs. The Euclidean distance matrix
and the weight restrictions table for inputs are calculated by proposed KNN based
algorithm. Finally, efficiency scores are calculated with DEA and given in Table 2.
According to Table 2, 4 DMU reached 100% of efficiency in the unrestricted model, but
3 DMU achieved 100% in the proposed model. In unrestricted model, 2 DMU and in
the proposed model 3 DMUs efficiency had less than 70%.

Table 1. Input-output variables (from Roll et. al.’s (1991) study)

DMU Il 12 I3 01 02
1 1.00 0.80 5.40 0.90 7.00
2 1.50 1.00 4.80 1.00 9.50
3 1.20 2.10 5.10 0.80 7.50
4 1.00 0.60 4.20 0.90 9.00
5 1.80 0.50 6.0 0.70 8.00
6 0.70 0.90 5.20 1.00 5.00
7 1.00 0.30 5.00 0.80 7.00
8 1.20 1.50 5.50 0.75 7.50
9 1.40 1.80 5.70 0.65 5.50
10 0.80 0.90 4.50 0.85 9.00

Table 2. Efficiency scores (%) for unrestricted and proposed model

Efficiency (%)

DMU Unrestricted Model Proposed Model
1 84.7 80.1
2 97.2 93.2
3 73.4 68.3
4 100.0 98.2
5 82.9 78.6
6 100.0 100.0
7 100.0 100.0
8 66.0 64.1
9 53.2 49.6
10 100.0 100.0
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In Beasley’s 1990 data set, there were 3 inputs and 8 outputs for 52 DMUs. Kocakog
(2003) used the same data set to determine the constraints for weight restrictions with
analytic hierarchy process (AHP). We determine the weight restricted model and
compare the efficiencies with AHP and unrestricted models. KNN based algorithm is
performed on this data set, and the Euclidean distance matrices and the weight
restriction tables are constructed for inputs and outputs. In Table 3 efficiency scores
computed for 3 models are given. In the unrestricted model, there is no difference
between the 52 DMUs in terms of efficiency. The results obtained from AHP and
proposed models are quite similar. In the AHP model 39" and 41"™ DMU reached 100%
of efficiency, whereas in the proposed model only 39" achieved 100%. Average
efficiency score is 71.52% in the AHP model, 69.65% in the proposed model.

In the last application, the selected health statistics data related to 12 statistical regions
in Turkey consists of 3 inputs and 3 outputs. Physician number (per 100.000), beds
number (per 10.000) and inpatient number (%) were taken as the inputs. Also, operation
number (per 1000), mortality rate and average hospitalization days were taken as the
outputs. Table 4, summarizes the input and output variables for DMUs. Calculated
efficiency scores by without restrictions and proposed model are given in Table 5. In
considering the efficiency scores obtained by each model, the average efficiency score
of unrestricted model and our proposed model is 98.91% and 87.58%, respectively.
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Table 3. Efficiency scores (%) for unrestricted, AHP and proposed models

DMU

Efficiency (%)

Unrestricted Model AHP

Proposed Model

University 1

University 2

University 3

University 4

University 5

University 6

University 7

University 8

University 9

University 10
University 11
University 12
University 13
University 14
University 15
University 16
University 17
University 18
University 19
University 20
University 21
University 22
University 23
University 24
University 25
University 26
University 27
University 28
University 29
University 30
University 31
University 32
University 33
University 34
University 35
University 36
University 37
University 38
University 39
University 40
University 41
University 42
University 43
University 44
University 45
University 46
University 47
University 48
University 49
University 50
University 51
University 52

100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100

65.80
88.23
69.17
65.95
66.47
86.13
63.00
64.37
77.53
62.37
95.41
73.29
70.50
63.09
75.90
59.83
56.58
81.42
68.63
36.05
67.92
68.58
64.70
56.70
58.63
60.24
62.38
78.01
62.18
82.02
89.04
76.68
56.18
74.44
82.23
79.01
66.68
69.33
100.00
68.09
100.00
82.55
74.48
76.40
69.35
52.66
87.84
71.07
78.95
78.37
60.71
74.03

63.19
89.98
71.37
63.51
63.15
88.49
65.04
58.92
74.91
59.26
91.40
71.79
59.22
58.56
70.79
61.02
55.82
83.60
69.25
31.66
59.24
64.76
61.40
54.36
57.38
59.56
61.12
77.58
58.70
82.01
85.02
75.37
44.85
75.10
80.63
75.63
61.87
65.34
100.00
69.48
99.20
86.06
73.68
72.77
67.82
55.15
84.85
72.24
83.64
73.79
62.62
69.72
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Table 4. Input-output variables for statistical regions in Turkey

Inputs QOutputs
#
Regions Physician | # Beds # # Average
g (per (per |Inpatient | Operation | Mortality | hospitalization
100.000) | 10.000) (%) | (per 1000) rate days
Akdeniz 161 23.8 54 66.2 15.5 4.2
Ege 191 274 60 61.2 18.7 4.4
Bat1 Anadolu 274 34.4 53 77.3 16.9 5.0
Giineydogu
Anadolu 124 20.2 63 52.9 11.2 34
Bat1 Karadeniz 156 29.8 67 56.5 18.2 4.9
Istanbul 184 23.4 43 59.6 15.3 5.0
Kuzeydogu
Anadolu 148 29.5 68 56.0 10.7 4.2
Bati1 Marmara 154 27.2 66 48.1 21.3 4.3
Ortadogu
Anadolu 146 27.7 60 53.6 6.4 4.1
Dogu
Karadeniz 160 32.6 64 58.7 19.3 4.7
Dogu
Marmara 160 25.8 61 62.5 18.0 4.2
Orta Anadolu 164 27.6 54 65.2 13.2 3.9

Resource: T.C. Minister of Health, Health Statistics Year Book, 2013

Table 5. Efficiency scores (%) for unrestricted and proposed model

Efficiency (%)
Regions (DMUs) Unrestricted Model Proposed Model
Akdeniz 100 100
Ege 97 80
Bat1 Anadolu 100 70
Giineydogu Anadolu 100 100
Bat1 Karadeniz 100 88
Istanbul 100 81
Kuzeydogu Anadolu 96 89
Bati1 Marmara 100 79
Ortadogu Anadolu 96 86
Dogu Karadeniz 100 89
Dogu Marmara 100 95
Orta Anadolu 98 94
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4. CONCLUSION

In this study, a new approach is proposed for determining the weight restrictions in
DEA without any information or expert opinion about constraints. This approach is
based on using K-nearest neighbor method establishing of constraint conditions and has
several advantages. Firstly, this is a new kind of approach to determine the weight
restrictions; it’s easy to implement as well. Another advantage of this model is that it
does not require expert opinions or value judgments.

Applications are performed to demonstrate the use of the proposed model and
calculated efficiency scores for unrestricted model and the proposed model with using
different data sets. The first data set, which consists of 10 DMUs with 3 inputs and 2
outputs, is obtained by Roll et al. (1991) study. The second data set from Beasley
(1990) consists of 3 inputs and 8 outputs for 52 DMUs. Lastly, in real data application
we used the selected health statistics for 12 DMUs in Turkey. As it can be seen from the
results of application, the efficiency scores obtained from the proposed and restricted
model based on AHP are quite similar. Thus, our proposed model can identify these
restrictions objectively if there is no pre-information about weight restrictions.
Undoubtedly, it cannot be expected to obtain such results in each time and every
application. In a future study the real performance of our model can be evaluated by
using simulation study.
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VERI ZARFLAMA ANALIZINDE AGIRLIK KISITLARININ
BELIRLENMESINDE K-EN YAKIN KOMSULUGA DAYALI
BiR YAKLASIM

OZET

Genellikle etkinlik dlgiimiinde kullamilan Veri Zarflama Analizi (VZA),
popiiler bir yonetim aract olmaya baslamistir. Klasik etkinlik yaklasimlarmin
tersine, VZA'min en énemli avantaji, girdi ve ¢ikti degiskenlerinin agirlik
kasitlarmmi arastirmacilarin belirleyebilmesidir. Degisken se¢imi ve agirlik
kisitlarimin belirlenmesi VZA’ da onemli konulardir. Bu ¢alisma VZA icin
agirlik kisitlarimin tamimlanmasinda K-en yakin komgsuluk algoritmasinin
kullamimint  arastirmaktadir. Bu amacgla K-en yakin komgsuluk temeline
dayanan yeni bir yaklasim énerilmistir. Belirlenen kisitlara bagl olarak
ampirik ve gercek veri setleri ile uygulamalar yapimistir. K-en yakin komsu
temelinde kisith model ve agilik kisitlamasiz VZA modeli i¢cin performans
skorlart hesaplanmuistir ve sonuglar yorumlanmustir.

Anahtar Kelimeler: Agirlik kisitlari, Etkinlik, Veri zarflama analizi, K-en yakin komsuluk.
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