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I- TURKIYE CUMHURIYETi BASBAKANLIK DEVLET iSTATISTiK ENSTITUSU (DIE), 1988

Devlet istatistik Enstitiisii (DIE) Baskani olarak goreve basladigim 1988 yilinda, Ankara’da
bulunan Universitelerimizin Istatistik, Matematik, Ekonomi, Bilgisayar B&limlerini ziyaret
ederek, Devlet istatistik Enstitiisii ile (iniversitelerimizin bolimleri arasinda giiclii, bilimsel bir
etkilesim kurma cabasinda oldum. Bu kapsamda, Devlet istatistik Enstitiisii calismalarinin
bilimsel dizeyini, uluslararasi standartlara getirmeyi amacglamaktaydi.

O donemde, hedef olarak bes yil icerisinde diinyanin bilimsel nitelikte en yiliksek diizeyde olan
ilk 10 resmi istatistik kurumu arasinda olmasini bir strateji hedefi olarak belirlemistim.
Gergeklesme olasiliginin gii¢ oldugunu biliyordum. Galisma azmini yogunlastirmayi amaglayan
ve olmasi gereken (normativ) bir hedefi secisim bilingliydi.

Ankara’da bulunan Universitelerimizin, istatistik, Ekonomi ve Matematik Bélimiilerine
yaptigim ziyaretlerin sonucunda, Prof. Dr. Yalcin Tuncer, Prof. Dr. Omer Gebizlioglu (ODTU,
Ankara Universitesi), Prof. Dr. Oztas Ayhan, Prof. Dr. Haluk Kasnakoglu, Prof. Dr. Zehra
Kasnakoglu ve Prof. Dr. Haluk Erlat (ODTU), Prof. Dr. Tosun Terzioglu (ODTU, Matematik
Bolimii), Prof. Dr. Ziya Aktas (ODTU, Bilgisayar Boliimii), Prof. Dr. Fahrettin Arslan (Ankara
Universitesi), Prof. Dr. Ercan Uygur’a (Siyasal Bilgiler Fakiiltesi), Devlet istatik Enstitiisi’'nde yar
zamanliolarak ¢alismalarinin, kurum icin bir onur olacagini, bu hususu latfedip bir kamu gorevi
olarak degerlendirmelerini istirham ettim. Kabul ettikleri i¢in, her zaman kendilerine minnet
duydum. Bu ¢ok degerli hocalarimizla, Devlet istatistik Enstitiisii’niin dzveri ve biyiik azimle
calisan mensuplari arasinda ¢cok mispet bir etkilesim gerceklesti.

Bu sunumda, Prof. Dr. Oztas Ayhan hocamizin, Tirkiye Cumhuriyeti Basbakanlik Devlet
istatistik Enstitiisi’nde yapmis oldugu cok énemli katkilarin, timiinii kapsamayan, érnekler
sunulmustur. Prof. Dr. Oztas Ayhan hocamiz 1990 — 1993 yillari arasinda Devlet istatistik
Enstitlisii Bagskan Danismanligi gérevinde bulundu.



Il - PROF. DR. OZTAS AYHAN HOCAMIZIN DANISMANLIK VE YONETiIM GOREVLERI

ENSTITU BASKANLIK DANISMANI (1990 — 1993)

Oztas Ayhan hocamiz, Enstitii Baskanligi’nin kendisinden talep ettigi teknik ve metodoloji
konularinda danismanlik yapmis ve konu ile ilgili raporlar hazirlayarak Enstitli Baskanligina
sunmustur. Bu goérevini blyik bir sorumluluk, etkinlik ve basari ile slirdlirmUstir. Bu dénem
icerisinde, DIE Baskani adina belirli komitelerde baskanlik ve lyelik yapmis ve bu sistem
kapsaminda ilgili daire baskanlariyla yakin temas igerisinde ¢alismistir.

Hocamiz, “1991 Genel Tarim Sayimi Komitesi Bagkani” olarak Tiirkiye Genel Tarim Sayimini
yonetti. Bu sayimda, Glkemizdeki tim koyler arastirma kapsamina alinarak, kdy genel bilgi
anketi uygulandi. Daha sonra Ulke dizeyinde olasilik 6rneklemesi ile segilen 6rnek hanelerde
(tarimsal isletmelerde) isletme dizeyinde tarimsal bilgiler yine anket yoluyla elde edildi.
Komite baskani olarak Oztas Ayhan hocamiz, Prof. Dr. Haluk Kasnakoglu, Prof. Dr. Yalcin Tuncer
ve DIE mensuplarinin cok degerli katkilari ile bu sayimi gergeklestirmislerdir.

“1990 Genel Niifus Sayim Komitesi iiyesi” olarak calisti, ve “Nifus Sayiminin Cevap
Giivenilirligi Arastirmasini iilke kapsaminda basariyla yonetti”. Ulke diizeyinde temsili 6rnege
dayanan bu arastirmada Nifus sayimina verilen cevaplarin giivenilirligi degerlendirilmistir. Bu
konuda gelistirilen glvenilirlik endeksleri hesaplanmistir. Bu arastirma Ulkemizde benzer
konuda yapilan ikinci arastirmadir. Arastirma sonuclari ise DIE yayini olarak iki dilde basilmistir.

Oztas hocamiz “Tarim istatistikleri Komitesinin Baskani” olarak tarim istatistikleri konusunda
metodoloji olarak yapilan son gelismeleri resmi istatistik uygulamalarina aktarma olanagi
bulmustur. Buna ek olarak, kendisinden istirham ettigim “Veri Toplama Tekniklerini
Gelistirme Komitesini” kurmus ve bu konuda Enstitiiniin ATIT Dairesi uzmanlarini yeni
gelismeler konusunda bilgilendirmistir.

Bunlara ek olarak, “1992 Genel Sanayi ve is Yerleri Sayimi komitesine” iiye olarak katkida
bulunmustur. Genel Sanayi ve is Yerleri Sayimi’nda ilk kez tiim soru kagitlarinda sektérlerin
yapilarini daha iyi yorumlamaya ve daha etkin analiz yapilmasina olanak saglamak icin, madde
ayrintisinda, bilgi derlenmesinde 6nci rol oynamis, bu bilgilerin girdi ¢ikti (Input—Output)
hesaplamalarinda ve Milli Gelir Calismalarinda kullanilabilecek diizeyde teminine buyik
katkilari olmustur.

“1994 Hane Halki Gelir ve Tiiketim Harcamalari Arastirmasi (Anketi)” hazirlik calismalarina da
komite Uyesi olarak katilmistir. Bu arastirmanin planlama asamasinda metodolojiye dnemli
katma deger saglamistir.

Enstitide calstigi donemde, Profesér Yalgin Tuncer hocamizla birlikte hizmet igi egitim,
arastirma ve sayim metodolojileri, komite calismalari ile Enstitli Bagkani adina 6nemli sayim ve
arastirmalarin yapilmasini saglayarak resmi istatistiklerin gelismesine katkida bulunmustur. Bu
stireg icerisinde Devlet istatistik Enstitiisii yeni bir yapilanma ve gelisme yaklasimi igerisine
girmistir. Bu uygulama, Universitede Uretilen kuramsal bilgi ve yontemlerin uygulama
alanlarinda nasil degerlendirildiginin en somut 6rneklerinden birisidir.



TEKNIK iSLER DAIRESI BASKAN V. (1991 — 1993)

«  Oztas Ayhan hocamiz kendisinden istirham ettigim, Teknik isler Dairesi Baskanligi gérevini cok
basarili bir sekilde gerceklestirmistir. Kendisinin sorumlu oldugu, “Yayin Subesi”, Matbaa
Subesi” ve “Kiitiiphane Subesinin” calismalarini esgiidim ve Devlet istatistik Enstitiisi
optimali kapsaminda yoénetmistir. Ozellikle, DIE Baskanhigi adina resmi olarak cevaplamasi
gereken bilgi ve yayin taleplerinin klasérler dolusu yazismalarini inceleyerek ve onaylayarak
¢ok Ozverili bir calisma gergeklestirmistir.

lll- ARASTIRMA SEMPOZYUMU’NUN BASLATILMASI

1988 strateji ve belirlenen hedeflerimiz kapsaminda, 1990 yilinda baslatmis oldugum “Ulusal istatistik,
Matematik, Ekonometri Sempozyumu” giinimiizde halen Ulusal istatistik Arastirma Sempozyumu
olarak devam etmektedir. 1990’ da baslatilan bu sempozyumlarda Prof. Dr. Yal¢in Tuncer ve Prof. Dr.
Oztas Ayhan hocalarimizin katkilari cok dnemli olmustur.

SEMPOZYUM BILDIRILER KITABININ BASIMI

e “Ulusal istatistik, Matematik, Ekonometri Sempozyumu”nda sunulan bildirilerin, bilimsel bir
hakemlik sirecinden gecirilerek basilmasi ve istatistikgilerin kullanimina sunulmasi
calismalarinda, Hocalarimizin 6zverili, cok degerli katkilarini minnetle belirtmek isterim.

IV - UYGULAMALI iSTATIiSTiK YUKSEK LiSANS PROGRAMI’NA KATKILARI

 statistik Egitim Merkezi'nin gelistirilmesi ve hizmet ici en Ust bilimsel diizeyde merkezin
kurulmasi calismalarina katkida bulunmuslardir. Bu kapsamda, ¢ok nitelikli bir lisanststi egitim
programinin gelistirilmesini Prof. Dr. Yalgin Tuncer hocamiz ile saglamiglardir. Egitim, ingilizce
yapilmaktaydi, bu lisansiistl egitimin, Hocalarimiz tarafindan diizenlenen program kitapgigi
ekte aynen sunulmustur. Bu egitim programlarina, Devlet istatistik Enstitiisii ve DIE disindan
adaylarin miiracaat ederek sinava girme olanaklari saglanmis ve basarili olanlar o dénemde
istatistik ve resmi istatistikler kapsaminda uluslararasi diizeyde bir egitim almislardir.

» Devlet istatistik Enstitiisi istatistik Egitim Merkezi'nde, Prof. Dr. Y.Tuncer ,Prof. Dr. O. Ayhan
ve diger hocalardan olusan DIE Baskanlik Danismanlarinin katkilari ile “Temel istatistik”,
“Ornekleme ve Arastirma Metodlar”, Bilgisayar Veri Sistemleri ve Analizi”, “Ekonometri” ve
“Demografi” disiplinlerini iceren “Lisansustii Uygulamali istatistik” programlari ingilizce olarak
gelistirilmistir. Devlet istatistik Enstitlisii istatistik Egitim Merkezi'nin hizmetici egitim
programindaki dersler Tirkge verilmekteydi.

V - DEVLET iSTATISTiK ENSTITUSU UZMANLIK VE UZMAN YARDIMCILIGI SINAV KOMiSYONU
UYELIGI
« Devlet istatistik Enstitiisii calisanlarinin teknik ve metodoloiji altyapilarini giiglendirmek amaci

ile belirli, cok iyi diizenlenmis ve hakkaniyetli sinavlara gereksinim duyulmaktaydi. Bu sinavlari
yapan komitenin koordinasyonuna degerli Hocamizin katkilari olmustur.



VI- TUBITAK TARAFINDAN VERILEN DEVLET iSTATISTiK ENSTITUSU VE HiZMET MADALYASI

« TUBITAK’ta 1993 yilinda yapilan bir térenle degerli Prof. Dr. Oztas Ayhan hocamiza Devlet
istatistik Enstitiisii Hizmet Madalyasi verilmistir. Kendisini kutluyoruz.

* 4 Agustos 1988 — 24 Aralik 1994 tarihleri arasinda T.C Basbakanlik Devlet istatistik Enstitiisii
baskanhgini yapmanin biyik bir onur oldugu bilinciyle, tiim bu donemde, ¢ok degerli 6zverili
katkilari, emekleri gecen Prof. Dr. Oztas Ayhan hocamiza, tiim hocalarimiza, Devlet istatistik
Enstitlisi’'nin bliylk azimle galisan mensuplarina en derin minnet duygularimi sunarim.

«  Turkiye Cumhuriyeti Bagbakanlik Devlet istatistik Enstitiisii calismalari kapsaminda bir bélimii
belirtilen cok &nemli calismalarin yani sira “Uluslararasi istatistik Enstitiisi” (ISI) “Resmi
istatistikler Uluslararasi Konferansi”, Devlet istatistik Enstitiisi’nde yapilmis, “ISI Diinya
Konferansi”nin 1993’te Tiirkiye’de yapilmasi resmen onaylanmis ve 1997’de istanbul’da
gerceklestirilmistir.

* Prof. Lawrence R. Klein yonetiminde “Project Link Model System Ekonometri Uluslararasi
Sempozyumu” 1991’de Devlet istatistik Enstitiisi’nde gergeklesti.

* 1988 — 1994 yillari arasinda Prof. René Thom (Matematik Fields Madalyasi), Prof. Lawrence R.
Klein (1980 iktisat Nobel Odiilii), Prof. Edmond Malinvaud (Uluslararasi istatistik Dernegi
Baskanlig, Uluslararasi Ekonomi Dernegi Baskanligi, Fransa istatistik Enstitiisi Baskanlig
gorevlerinde bulunmustur), Prof. Dr. Tuncer Bulutay, OECD Bilgisayar Direktord Dr. Allen
Stewart, Birlesmis Milletler istatistik Baskani Dr. Herman Habermann ve diinya diizeyinde ¢ok
degerli bilim insanlari Enstitimize seref verip, blylik katkilarda bulunmuslardir.

Prof. Dr. Oztas Ayhan hocamiza, tiim diger hocalarimiza ve biiyiik ¢abalarini esirgemeyen Devlet
istatistik Enstitiisi degerli mensuplarina ve son olarak belirttigim uluslararasi c¢ok sayida
faaliyetlerimizin sinirli bir kismini kapsayan, bu dénemin, tiim bu ¢alismalarinda emegi gecen llkemiz
ve Ulkemizde misafir olan bilim insanlarina, bu vesileyle minnet duygularimi derin saygilarimla arz
etmeyi gorev biliyorum.

EK: TURKIYE CUMHURIYETi BASBAKANLIK DEVLET iSTATISTIK ENSTITUSU 1990 YILI LISANSUSTU
EGiTiM PROGRAMI
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STATE INSTITUTE OF STATISTICS
POST-GRADUATE STUDY PROGRAMS
IN APPLIED STATISTICS

1. INTRODUCTION

The State Institute of Statistics (SIS) conducts special post-graduate study pro-
grams in applied statistics. The programs are designed to train personnel te collect,
process and analyze statistical data for use in public and private agencies. The me-
dium of instruction of these programs is English.

All programs are full-year academic engagements consisting of classroom
and laboratory sessions and field applications. A special emphasis is placed upon
computer applications in each area of concern. The programns are offered in the fol-
lowing areas of concentration:

- Sampling and Survey Designs

- Computer Data Systems and Analysis
- Econometrics

- Demography

_ The post-gradute study programs for these areas are so designed as to provide
basic skills and knowledge in each specific area.

Participants can choose any one of the above areas or combine any two of
these as Major and Minor areas at a ratio of three to two.

The aim of all the programs is o firm training in both Statistical Theory and Ap-
plications. All programs require a mathematical background at an introductory
level in standard Caleulus and Linear Algebra. Those who have a deficiency in this
area can take mathematical courses subject to the approval of the academic ad-
visor in charge. Each participant is assigned an academic advisor who is respon-
sible for arranging a curriculum of courses designed for individual need:;

2. OBJECTIVES AND CURRICULUM

The objectives of all programs are to provide theoretical and practical training
for persons in statistical organizations or statistical units of public and private
agencies responsible for data collection and processing operations: The programs
offered are also beneficial for those who are engaged in research activities and
statistical analyses.



The training is carried out through classroom and laboratory sessions, work-
shops, field exercises and group projects. To provide a general framework for the
main practical applications, both theory and principles are presented. However,
the major emphasis is on practice.

A typical curriculum for each program is designed as in Table-1. Course de-
scriptions and further explanations are given in Sections 7 and 9 below.

3. GENERAL REGULATIONS

All programs require two-semesters of formal training. A semester consists of
approximetaly 12-14 academic weeks, an academic week being made up of five
daily training periods. A daily training period in turn is composed of a total of six
hours of classroom and laboratory sessions, workshops, field exercises and presen-
tations of projects. Courses are evaluated in terms of credit hours, which are de-
fined as the sum of the weekly theoretical sessions and one half of the weekly appli-
cation hours {i.e., laboratory sessions, workshops, field exercises and presentations
of group projects). Hence, in terms of credit hours, formal training must consist of at
least a total of 50 credit hours per year.

A specific calendar of activities may vary slightly each academic year. How-
ever, the formal training generally takes place within a period that ranges from Oc-
tober of one calender year to June of the next.

4. GRADUATION REQUIREMENTS

Following the successful completion of at least a 50 credit-hour course load,
each participant is required to prepare and defend a thesis. Upon the successful
defence of a thesis, the participant is awarded «a certificate.

Successful completion of the prescribed course load means that the participant
receives at least a (C) average on the whole and a minimum of (D) in each course.
Letter grading corresponds to the following numerical grading:

Points Letter Grade
90-100 A (Excellent)
80-89 B (Good)

- 70-79 C (Average)
60-69 7D (Poor)
00-59 F (Failure)

Within the first month of the second semester of the formal training, each par-
ticipant is required to choose a thesis topic with a thesis supervisor under
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whom the thesis will be prepared. The thesis topic is to be approved by an ad hoc
graduate committee composed of the thesis supervisor and at least two more ex-
perts in the area concerned.

The participant has to complete the preparation and defence of the thesis

* within one year following enrollment for the training program. The thesis defence

and the thesis itself have to be evaluated by a thesis examination cominittee com-
posed of 2 - 4 experts in addition to the supervisor.

5. PROGRAM FINANCE

Training program fees are charged to participants or their sponsoring
agencies. Participation costs other than the program fees consist of travel and sub-
sistence expenses. These latter expenses are also expected to be covered by par-
ticipants themselves or their sponsors. Program fees include SIS course fees and
other fees paid to agencies outside SIS.

SIS does not offer fellowship funds. Therefore, participants and/or their spon-
sors are expected to meet all related expenses through their own resources. How-
ever, there is a limited number of tuition grants to be given to foreign participants
from developing countries. The grants are given on a competitive basis.

6. QUALIFICATIONS FOR PARTICIPATION

The SIS Post-Graduate Study Programs in Applied Statistics are primarily
designed for statisticians or research workers who have some working experience
in statistical organizations or for the future personnel of such organizations. The
educational background of these participants may vary, but all are required to
have university or other higher-education degrees. Formal university education in
Mathematics, Statistics, Economics or other Social and Administrative Sciences is
desirable. Participants who want to enroll directly for the basic statistical program
required for all SIS Applied Statistical Training Programs must have at least one-
year standard caleulus and one semester linear algebra background. Participants
without this background will be required to make up for their deficiencies.

The minimum required English knowledge of participants must be equivalent
to a TOEFL score of 450 or 75 points to be received in the SIS proficiency exam. SIS
does not offer deficiency courses in English.

7. COURSE DESCRIPTIONS
7.1. STATISTICS

Probability: Random experiments/ Outcome space and event space/ Prob-
ability as a normalized measure on dn event space/ Independence and con-
ditional probabilities/ Measurable functions and random variables/ Convergence
modeés in probability theory/ Probability distributions and their characterizations.
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Theory of Statistics: Sampling/ Sampling distributions / Basic limit theorems/ Fun-
damentals of estimation: Uniformly minimum risk estimators, uniformly minimum
variance estimators/ Bayes estimators, minimax estimators, maximum likelihood
and least squares estimators/ Fundamentals of hypotheses testing: Neyman-
Pearson Theorem, monotone likelihood ratios, similar tests, likelihood ratio tests,
simultaneous inference techniques such as union-intersection principle and
Bonferroni inequality.

Statistical Design of Experiments: Fundamentals of statistical design and analysis
of comparative experiments/ Bandomization, replication, experimental error,
blocking and confounding/ Analysis of variance, response levels, orthogonal com-
posite design, rotatable designs, fractional factorial experiments, incomplete block
design and mixed models.

Time Series Analysis: Autocovaricnce and autocorrelation functions/
Stationarity/ General linear process/ Stationary models: AR, MA, ARMA/

Nonstationary models: ARIMA/ F orecasting/ Model identification/ Estimation/

Diagnostic checks/ Seasonal models/ Multivariate time series.

Data Analysis: Exploratory data analysis techniques: stem and leaf displays,
boxplots, letter—value displays, x-y plotting, resistant line, smoothing data, coded
tables, median polish, computer graphics, roctograms, eic.

Nonparametrics: Ranks and order statistics/ Randomness, independence and
symmetry hypotheses / Nonparametric tests of such hypotheses/ Tests of location
and scale: sign, median/ Wilcoxon tests/ Nonparametric measures of association
and related tests: Kendall's tau and Spearman'’s tho/ Nonparametric goodness-
of-fit tests: Kolmogrov-Simirnov and Chi-square tests.

Regression Analysis: General linear model of full-rank and less-than-full ramk/
Concepts of product-mement, multiple and partial correlations / General theorems
governing simple and multiple regression models/ Related estimation cnd hypoth-
eses testing discussions. .

7.2. SAMPLING AND SURVEY DESIGNS

Survey Sampling Techniques: Methods of survey sampling: Probability sampling
methods, simple random sampling, stratified element sampling, systematic sam-
pling, equal-sized cluster sampling, unequal-sized cluster sampling, ratio esti-
mation, probability proportional-to-size selection, and multistage sampling.

Survey’ Research Methods: Survey research methods used in social research/
Basic methods in survey research/ Methods of data collection/ Questionnaire de-
sxgntmd construction/ Questionnaire wording and order effects/ Data scaling
techniques/ Organization and administration of fieldwork/ Survey errors.
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Design of Sample Surveys: Basic methods/ Planning of sample surveys/ Basic
survey designs/ Design of field application/ Specitic survey designs.

Nonsampling Errors and Quality Control in Censuses and Surveys: Types and
components of nonsampling errors. Types of nonobservation errors (noncoverage,

nonresponse) and observation errors (memory, response, processing). Statistical .

modeling of nonsampling errors / Statistical quality control/ Methodologies and in-
dices for response reliability.

Variance Estimation in Sample Surveys: Variance estimation techniques for linear
statistics for sample designs such as simple randorn, stratified element, systematic
and equal size clusters/ Variance estimation for such nonlinear statistics as ratios
and correlation coefficients and for complex sample designs/ Methods of variance
estimation for random groups, half sample replication, jacknife and bootstrap.

Workshop in Sampling Techniques: Stratification techniques/ Controlled selec-
tion/ Segmenting and listing/ Small domains and rare items/ Fertility surveys/
Sampling establishments/ Retaining units/ Observational units of variable sizes/
Computation of sampling errors.

Longitudinal Survey Design: Repeated cross-section designs/ Types of survey de-
signs/ Panel designs/ Sample designs over time/ Repeated studies/ Designs for
periodic samples/ Panel effects/ Split-panel designs/ Weighting procedures/
Combining overlapping samples.

7.3. COMPUTER DATA SYSTEMS AND ANALYSIS

Computer Organization: Number representation/ Binary arithmetic units/ Mem-
ory devices/ Basic computer hardware organization/ Microprocessors / Operating
Cycles: Introduction and theiruse/ Input and output devices and /O operations.

Introduction to Computers and Information Processing I: Computers and infor-
mation technology/ Evaluation of computers/ Basic components of a computer:
Computer hardware organization, central processing unit, memory, input/output,
secondary storage, software concepts, compilers/interpreters, operating systems,
editors, programming languages, system software, quxiliary memory devices, file
organization and processing / Flowcharting and structured programing in BASIC,
variables, simple BASIC statements, looping, subprogramming in BASIC.

Introduction to Computers and Information Processing 1I: An overview of PC
software packages and Disk Operating System/ Word processing and graphics/
Spreadsheet concepts/ Database management/ Query processing and report
generation/ Use of PC's in data communications/ Distributed processing and
networking.



Structured Analysis and Design of Information Systems: Fundamental concepts/
Information systems life cycles/ Classical approach/ Structured approach/ Struc-
tured tools: Hierarchy charts and HIPO, data flow diagrams, SADT, structure
charts, Warnier/Orr diagrams, Jackson's notation, entity-relationship model, non-
graphical tools. Information systems development methodologies, functional de-
composition  methodologies, data-oriented  methodologies,  prescriptive
methodologies.

Fundamentals of Structured Programing: Machine, assembly and high level
languages/ Data representation/ Integers, reals, characters, problem solving and
algorithm development/ Program structures/ Introduction to PASCAL.

7.4. ECONOMETRICS

Microeconomic Theory: Theory of the firm/ Theory of the consumer/ Market equi-
librium/ Market imperfections/ Welfare economics/ Introduction to general equi-
librium theory/ Introduction to game theory/ Introduction to uncertainty/
Applications.

Macroeconomic Theory: Basic nonstochastic macro models: Classical, Keynesian,
Tobin's dynamic aggregative models/ Inflation and unemployment: Philips curve,
expectations and Okun law, monetarist inflation models/ Open economy macro
analysis: Balance of payments and Keynesian analysis, money, capital flows and
monetary approach. :

Monetary Theory and Policy: Concepts and their measurement/ National in-
come/ Financial system/ Money supply analysis/ Demand for money/ Interest
rate determination/ Money and income determination/ Money in macro models/

Inflation. '

Econometrics: Simple regression/ Multiple regression/ Multicollinearity/ Re-
gression on dummy variables/ Heteroscedasticity/ Autocorrelation/ Simul-
taneous equation models. .

International Trade: The Law of comparative advantage/ International equilib-
rium/ Hecksher-Ohlin model/ Growth and trade/ Theory of tariffs/ Domestic dis-
tortions and noneconomic objectives/ Customs unions.

Economic Statistics: National income accounting/ Input-Output/ Price and quan-
tity indices/ Business, households and agricultural establishments/ Time series/
Collection of economic data.

7.5. DEMOGRAPHY:

Population Dynamics: Determinants and consequences of population trends/ His-
* tory of world population development/ Factors of the rate of population growth/

6



Population growth controls/ Theories of human population/ Demographic tran-
sition/ Migration.

Techniques of Demographic Analysis: Methods of fertility and mortality analysis/
Types and sources of demographic data/ Techniques of data standardization/
Precision and errors/ Life table construction/ Use of abridged and model life
tables/ Estimation of fertility and mortality.

Inference from Incomplete Data: Incomplete data/ Indirect methods for estimation
of fertility and mortality/ Pregnancy history techniques/ Brass techniques/ Infer-
ence from incomplete data.

Demographic Data Collection Methods: Methods to measure population change/
Data collection basis for single round surveys, multiround surveys, dual record sys-
tem/ Demographic surveys/ Family health surveys/ Contraceptive prevalence
survevys.

Package Programs and Computer Applications: Computer programs for demog-
raphic analysis. Purposes of the subroutines. Installation and operation/ Special
programs such as MORTPAC, MCPDA, BRASF and BRAMS. Brass and Brass type
estimates (i.e., Sullivan, Trussel and Feeney), P/F ratios and other statistics.

Population and Housing Census Methodologies: Concepts in population and its
evaluation/ Knowledge of map design, map construction and map reproduction
methods/ Methodology in use of maps for censuses/ Use of area methods in popu-
lation and housing censuses/ Enumeration techniques/ Blocking and segmenting
methodologies/ Methods of fieldwork allocation and administration/ Methods of
tabulation and analysis.

8. FACULTY

Ziya AKTAS, Professor of Computer Science, METU
Ph. D.: Lehigh University, USA
M.S.: METU
B.S.: METU

Oztag AYHAN, Associate Professor of Statistics, METU
Ph. D.: University of Wales, UK
" M.S.: University of Aberdeen, UK
B.S.: University of Istanbul

Haluk ERLAT, Professor of Econometrics, METU
Ph. D.: University of Pennsylvania, USA
M.A - University of Pennsylvania, USA
B.A.: University of Ankara
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Orhan GUVENEN, Professor of Econometrics,
Bilkent University, onleave from University of Paris IX
President, State Institute of Statistics
Ph. D., M.S.: University of Paris I, France
B.S.: University of Istanbul

Haluk KASNAKOGLU, Professor of Economics, METU
Ph. D.: University of Wisconsin, USA
M.S.: METU
B.S.: METU

Zohra KASNAKOGLU, Associate Professor of Econometrics, METU
Ph. D.: University of Wisconsin, USA
M.S.: METU
B.S.: METU

Tosun TERZIOGLU, Professor of Mathematics, METU
Dr. Phil.nat. : Goethe University, Germany
B.S.: University of Newcastle upon Tyne, UK

Mehmet R. TOLUN, Assistant Professor of Computer Science, METU
Ph. D.: University of Kent at Canterbury. UK
M.S.: University of Kent at Canterbury, UK
B.S.: University of Kent at Canterbury, UK

Yalgin TUNCER, Professor of Statistics, METU
Ph. D.: University of Pittsburgh, USA
M.S.: University of Pittsburgh, USA
B.S.: University of Ankara

Ercan UYGUR, Professor of Econometrics, University of Ankara
Ph. D.: University of East Anglia, UK
M.S.: University of Warwick, U.K.
B.S.: METU :

9. FURTHER INFORMATION
Further information can be obtained by writing to:

Director of Training Programs -
The President's Office

State Institute of Statistics
Necatibey Cad. 114

06100 Ankara

TURKEY



TABLE I: CURRI‘C‘ULA

FIRST SEMESTER
(Common for all programs)

A. Statistics

Core Courses:

- Probability
- Theory of statistics
- Data analysis

Electives: (two of the following)

- Design of experiments
- Time series analysis

- Nonparametrics

- Regression analysis

SECOND SEMESTER

(Any of B, C,Dand E below &)

. Sampling and Survey Designs

Core Courses:

- Design of sample surveys
- Survey sampling techniques
- Survey research methods

Electives (two of the following)

- Nonsampling Errors and Quality Control
in Censuses and Surveys

— Variance estimation in sample survey

- Workshop in sampling techniques

- Longitudinal survey design

. Computer Data Systems and Analysis

Core Courses:

- Computer organization

- Introduction to computers and
information processing I

_ Introduction to computers and
information processing II

Credit points

BEE A
DR T

(4.2)
(4.2)
(4.2)
(4.2)

(4.2)
(4.2)
(4.2)

cranon 1O

cror o on

or o an

gy an



Electives (two of the following)

_ Pundamentals of structured programing o (4P 5
- Structured analysis and design

of information systems (42} 3
— Statistical package programs 42 5
- Data bases (42) 3

D. Econometrics

Core Courses:

- Regression analysis {42y 5 .
- Time series analysis 42 o5
- Econometrics ‘ a5
- Economic statistics - @A 5
Electives (three of the following)
— Microeconomic theory 42 5
— Macroeconomic theory (42 b
- Monetary theory and policy 42 8
- International trade | 42y 5
E. Demography
Core Courses:
- Population dynamics 42y 5
- Techniques of demographic analysis 42 S
- Demographic data collection methods (4.2) 5
_ Electives (two of the following)
- Inference from incomplete data 4.2 5
- Package programs and computer applications - 4,2) o
- Population and housing census methodologies a2) 5

NOTES: (1) The meanings of a, b and ¢ are as follows: -
a: Theoretical hours
b: Recitation hours
¢: Credit hours a+(b/2)

(2) Alternatively, three courses chosen from any one of B.C,D, and E and
two courses from any one of the remaning three areas will provide major and minor
specialization areas. The selected courses in this latter case must be all core
courses.
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Two groups, with an “outlier”

egroup A
egroup B 0 2 4 6 8 0 v
0 2 4 6 8 10 »
H | | :
A
+_ + In a boxplot, an outlier is
usually identified as a point
that exceeds 1.5 times the
interquartile range
With outlier: Without outlier:
Difference in means = 1.81 Difference in means = 1.12

112
1.53
0.29
491
5.46
0.52
0.32
219
1.51
281
2.59
0.77
1.87
11.63

0.83
116
040
1.55
1.42
0.46
047
1.95
0.56
0.59
0.19

P-value of two-group t-test = 0.0630 n.s. P-value of two-group t-test = 0.0420 *




Theoretical cumulative distribu
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Logarithmic transformation fixes it up

P-P plot original data P-P plot log-transformed data
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03 +

Theoretical cumulative distribu

02 +

0.1+

t t t t t t t t
0 02 04 0.6 08 1 0 0.2 04 0.6 08 1

Em pirical cumulative distribution Empirical cumulative distribution

All tests reject normality All tests accept normality

Logarithmic transformation

Difference in means = 0.834 ( %834 =2.30, i.e.130% increase)
P-value of two-group t-test = 0.0356 *

Difference in means = 1.81
P-value of two-group permutation test = 0.0346 * (my estimate)
= 0.0335 * (exact)




What’s an “inlier”?

An inlier is a data observation that lies in the interior of a data
set and is unusual or in error. Because inliers are difficult to
distinguish from the other data values, they are sometimes
difficult to find and - if they are in error - to correct.

For a single variable, the detection of inliers is almost
impossible because we don’t know what the observed data
should have been.

For example, suppose that most of the data of a certain
variable lies in the range -0.4 to 1.0. A value recorded as 0.5
instead of -0.5 could easily go undetected. But a value of 0.5
incorrectly entered as -0.5 might be noticed.

|
T-0.4 -0.3-0.2-01 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

But for multivariate data, detection can be possible using other
concomitant variables.

Using a concomitant variable
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For multivariate data, we can capitalize on the interrelationships
between variables to get estimates of likely values of the data
and compare these to what was actually observed.




European economic indicators, 2011

CPl LUNE NP BOP PRC UN%%

Belgium BE [ 116.03 177 12559 9086 | 67165 16 Six economic

Bulgaria BG | 141.20 7.31 102.39 278 1094.7 3.5 indicators for the 27
CzechRep. CZ | 116.20 488 119.01 2779 26164 0.6 European Union

Denmark DK | 114.20 6.03 8820 11564 79924 0.5 .

Germany DE | 111.60 463 111.30 4994 67746 13 countries in 2011, and

Estonia EE | 135.08 9.71 111.50 1534 2194.1 17 Norway.

Ireland | IE 106.30 1020 111.20 166.5  6525.1 2.0

Greece EL | 122.83 11.30 78.22 764.1 5620.1 6.4 _ :

Spain ES | 116.97 15.79 83.44 2808 4955.8 0.7 CPI=consumer price

France FR | 111.55 6.77 92.60 3371 6828.5 0.9 index (index =100 in

ltaly 1T | 115.00 5.05 87.80 366.2  5996.6 0.5 2005),
Cyprus CY | 116.44 5.14 86.91 10906  5310.3 0.4 -
Latvia LV | 144.47 12.11 110.39 423 19683 3.6 UNE.-unemponment
Lithuania LT | 135.08 11.47 | 11450 774 21306 43 rate in 15-64 age group,
uxembourg LU | 118.19 3.14 85.51 20165  10051.6 3.0 INP=industrial
Hungary HU | 134.66 677 11510 156.2  1954.8 0.1 L _
Malta MT| 117.65 415  101.65 3594 | 33783 0.6 productlon (index =100
Netherlands NL | 111.17 323 103.80  1156.6  6046.0 0.4 in 2005),

Austria AT | 114.10 299  116.80 87.8 70455 15 _

Poland PL | 119.90 628  146.70 748 21242 1.0 BOP=balance of .
Portugal PT | 113.06 9.68 89.30 £13.4 4073.6 0.8 payments (€ /capita),
Romania RO | 142.34 476 131.80 1287 13022 3.2 PRC=private final
Slovenia |SI | 118.33 556 105.40 394 35283 1.8 .

Slovakia SK | 117.17 9.19 156.30 16.0 2515.3 2.1 consumption

Finland FI 114.60 5.92 101.00 -503.7 7198.8 13 expenditure (€ /capita),

Sweden SE | 112.71 610 10050  1079.1 7476.7 23 UNY%=annual change in
UK UK| 12090 6.11 90.36 243 | 6843.9 0.8 = Y

Norway NO | 11330 2.64 86.40 | 33587 | 10921.7 1.4 unemployment rate.

Turkey TR | 161.34 489  126.75 -3288  1869.2 -0.42

Principal components

These are linear combinations of the (standardized) variables that explain the
most variance:

PC1=0.510 CPI + 0.372 UNE + 0.290 INP - 0.363 BOP - 0.620 PRC + 0.021 UN%
explains 37.67% of the variance of the six variables

PC2=-0.170 CPI + 0.336 UNE — 0.534 INP — 0.493 BOP + 0.120 PRC + 0.562 UN%
explains 25.67% of the variance of the six variables

Together they explain 63.33% of the variance (PCs are uncorrelated).

Run the (standardized) values of the six variables for each country
through the above equations to obtain their positions with respect to
the two principal component axes, and then add the six variables to the
plot by regression. This is the PCA biplot. (Shown for 27 European
Union countries only)




PCA biplot

UNE R2

CPI: 63.0%

3 IreIgXBru
PRC Fraedy - UNE:48.2%
ulgaria
o _| Denmark INP 638%
. BOP: 69.2%
Ne?l“ve?fja;:l : %{}Ya
o | CPI PRC: 89.2%
7 Luxembourg Pgllicgkia
Estonia UN%: 46.1%
Significance _ All: 63.3%
of dimensions * | o e
15t: p = 0.006 o
2nd: p = 0.037 -

All others >0.9

-15 -1.0 -0.5 0.0 0.5 1.0

Outlying countries: Where’s Norway?

In this analysis Norway would be what we call a «<supplementary »,
or « passive » point. The « active » points that determined the
principal components are the 27 EU countries. Just like each EU
country is positioned in the biplot, so we can position any
additional country (also, any additional variable).

We just have to compute Norway’s position according to the PC

definitions:
NO

PC1 =0.510 CPI 113.30 -0.70 | PC2=-0.170 CPI
+ 0.372 UNE 2.64 -1.38 + 0.336 UNE
+ 0.290 INP 86.40 -1.05 —0.534 INP
—0.363 BOP 3358.7 4.84 —0.493 BOP
—0.620 PRC 10921.7 2.49 + 0.120 PRC
+ 0.021UN% 1.4 0.73 + 0.562 UN%

= _4.46 = _1.46




PCA biplot
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Outlying countries: Where’s Turkey?

In this analysis Turkey would be what we call a «<supplementary »,
The « active » points that determined the
principal components are the 27 EU countries. Just like each EU
country is positioned in the biplot, so we can position any
additional country (also, any additional variable).

or « passive » point.

We just have to compute Turkey’s position according to the PC

definitions:

PC1 =0.510 CPI
+0.372 UNE
+ 0.290 INP
— 0.363 BOP
—0.620 PRC
+ 0.021UN%

= 3.00

161.34
4.89
126.75
-328.8
1869.2
-0.4

TR

3.8
-0.7
1.1
-0.7
-1.2
0.1

PC2 =-0.170 CPI
+ 0.336 UNE
— 0.534 INP
—0.493 BOP
+0.120 PRC
+ 0.562 UN%

=-1.21
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SVD and low-rank approximation

For B (nxm) of Il “
rank p :
B=UD_ V'

UTU=V'V=I ¢>

i

_ T
B=au,v, +a,u,v, +- +ap“pr

Each nxm matrix ukv_kr is of rank 1 and has sum of

squared elements equal to 1. So B is the weighted sum
of rank 1T matrices of norm 1. Since the singular values
are positive in descending order, one can already get
the feeling that the first component is the most
important and so on...




SVD and low-rank approximation
. [ ]
For B (nxm) of
rank p :
B=UD VT
UU=VV=I > a> >0

X

A

_ T T

is the least-squares rank 2 matrix approximation of
B. This result is usually attributed to Eckart and
Young: “The approximation of one matrix by another
of lower rank”. Psychometrika, 1936; and called the
“Eckart-Young theorem”.

Imputation of missing data using SVD

oY

_ T T

1. Suppose b; (i-th country, j-th variable) is
missing in B.

2. Put a reasonable initial value into bij (e.g.,
based on the J-th variable mean), call this

matrix By

3. Perform the SVD of B and use the two-

dimensional approximation formula to get a
new estimate of b;;.

4. Substitute into B again to get a new B

5. Repeat 3. and 4. until convergence of b;.




Imputation of whole matrix, element by element

= We apply this imputation method to every
element of the data matrix, leaving each out one
at a time, obtaining estimates of each value using
all the other values.

= This strategy is intended to estimate what the
value in the cell should be, based on knowledge
of all the other values in the data matrix. It is
also important that we use only the significant
dimensions corresponding to non-random
relationships in the data.

= Fach estimated value is compared to each
observed value.

= This process identifies both outlying and inlying
data values.

Deviations (observed-imputed)

27 x 6 = 162 cells in the table.
Histogram of deviations:

Observations that are far
away from the central
area of a variable’s
distribution, whereas the
imputed values are more
central, indicate outliers.

Observations that are

H more central whereas the
- imputed values are far
. 1] from the centre, indicate

inliers.




Deviations (observed-imputed)

Value (stand.) Orig. value (stand.) Imput. value Country & variable
-2.79 (-2.63) -7.70 (-0.16) -0.13 Estonia, UN%
-2.64 (0.28) 111.50 (2.92) 161.38 Estonia, INP
-2.33 (-1.09) 85.51 (1.24) 129.63 Luxembourg, INP
—2.26 (-0.33) 117.2 (1.92) 141.0 Slovakia, CPI
-2.19 (-0.71) 4.76 (1.48) 11.67 Romania, UNE
2.34 (2.65) 156.3 (0.31) 112.1 Slovakia, INP
2.49 (-0.24) 118.2 (-2.73) 91.8 Luxembourg, CPI
2.66 (2.79) 15.8 (0.13) 7.4 Spain, UNE
2.97 (2.38) 3.20 (-1.59) -4.81 Romania, UN%

blue outliers

red inliers

PCA biplot
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Discussion

= We have concentrated here on inlying values in a multivariate data set.

*» To identify inliers we have converted them to outliers using the
additional information available.

= A slightly different topic is that of a “multivariate inlier” - this is an
observation vector that lies too close to the mean vector to have been
observed by chance. It’s “too good to be true” that all variables lie
close to the mean (or to a subgroup mean) simultaneously
[interestingly, most literature comes from fraud detection, e.g. in
biomedical research]. Mahalanobis distance often used to compute
distances of observations to means.

= The term “multivariate inlier” is also used in prediction in a multivariate
context. With more and more variables the space of the data expands
and there can be huge “holes” where no data exist, making prediction
for an “inlier” in this part of the space difficult, for example by methods
such as nearest neighbours [chemometric literature, where
spectrometry, chromatography, image analysis, etc.. are used to infer
chemical concentrations, for example].
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the 2008 Turkey Demographic and Health Survey

Data, by taking cl

uster level data into account,

given the weights are conventionally stratum

level.



2008 Turkey Demographic and
Health Survey (TDHS-2008)

Part of the international Demographic and Health
Surveys (DHS) program

Aims to collect data on family planning, fertility,
mother & child health, infant mortality

Fourth DHS carried out in Turkey (after 1993, 1998
and 2003)

Large sample sizes (10,525 completed household
surveys; 7,004 completed individual surveys)

A response rate of 88.4% for households, 80.8% for
individuals



4
? TDHS-2008 sampling design

TDHS-2008 has a weighted, multistage, stratified, clustered
sampling approach

The sample was designed in this fashion because of the
need to provide estimates for a variety of characteristics for
various domains:

® Turkey as a whole;

® Urban and rural areas

® Each of the conventional major five regions of the country,
namely the West, South, Central, North, and East regions

® The 12 NUTS-1 regions, for selected indicators which are based on
sufficient number of observations

® The seven metropolitan cities which are larger than one million
population (Istanbul, Ankara, Izmir, Bursa, Adana, Konya,
Gaziantep)



Stratification

Table B.1 List of strata by region, NUTS 1 region, residence, type and province, Turkey 2008
Stratum  Region  NUTS 1 Region Type Province
1 West istanbul Urban/Metropol istanbul
2 West Istanbul Rural istanbul
3 West West Marmara Urban Edirne, Kirklareli, Tekirdag, Balikesir, Canakkale
4 West West Marmara Rural Edirne, Kirklareli, Tekirdad, Balikesir, Canakkale
5 West Aegean Urban/Metropol izmir
b West Aegean Urban izmir, Aydin, Denizli, Mugla, Manisa . o . .
7 West Aegean Rural Izmir, Aydin, Denizli, Mugla, Manisa St rat|flcat|0n IS
8 Central  Aegean Urban Afyon, Kilitahya, Usak .
] Central  Aegean Rural Afyon, Kiitahya, Usak ge Og ra p h | C’
10 West East Marmara Urban/Metropol Bursa . . .
11 West East Marmara Urban Bursa, Kocaeli, Sakarya, Yalova ta kl ng Statlstlcal
12 West East Marmara Rural Bursa, Kocaeli, Sakarya, Yalova .
13 Central East Marmara Urban Bilecik, Eskigehir, Bolu, Diizce reg| O n S a n d
14 Central East Marmara Rural Bilecik, Eskigehir, Bolu, Diizce
15 Central West Anatolia Urban/Metropol Ankara u rba n/ru ra I
16 Central West Anatolia Urban/Metropaol Konya .
17 Central West Anatolia Urban Ankara, Konya, Karaman
18 Central West Anatolia Rural Ankara, Konya, Karaman Into accou nt'
19 South Mediterranean Urban/Metropol Adana
Antalya, Burdur, Isparta, Adana, icel, Hatay, K. Maras,
20 South Mediterranean Urban Osmaniye .
Antalya, Burdur, Isparta, Adana, icel, Hatay, K. Maras, It a |SO |nVO|\/eS
21 South Mediterranean Rural Osmaniye
Kirsehir, Neysehir, Nigde, Aksaray, Kirikkale, Kayseri, the 7
22 Central Central Anatolia Urban Sivas, Yozgat .
Kirsehir, Nevsehir, Nigde, Aksaray, Kirikkale, Kayseri, metro pOI Itan
23 Central Central Anatolia Rural Sivas, Yozgat
Zonguldak, Bartin, Karabiik, Kastamonu, Sinop, areas.
24 North West Black Sea Urban Samsun
Zonguldak, Bartin, Karabiik, Kastamonu, Sinop,
25 North West Black Sea Rural Samsun
26 Central West Black Sea Urban Cankiri, Amasya, Corum, Tokat
27 Central West Black Sea Rural Cankiri, Amasya, Corum, Tokat 36 Strata a re
28 North East Black Sea Urban Artvin, Ciresun, Gimiishane, Ordu, Rize, Trabzon . .
29 North East Black Sea Rural Artvin, Giresun, Gumiishane, Ordu, Rize, Trabzon defl ned 18] tOta I .
30 East Northeast Anatolia Urban Erzincan, Erzurum, Bayburt, Agri, Kars, Ardahan, 1gdir
31 East MNortheast Anatolia Rural Erzincan, Erzurum, Bayburt, Agri, Kars, Ardahan, 1gdir
Bingdl, Elaz1d, Malatya, Tunceli, Bitlis, Hakkari, Mus,
32 East Central East Anatolia Urban van
Bingdl, Elaz1g, Malatya, Tunceli, Bitlis, Hakkari, Mus,
33 East Central East Anatolia Rural van
34 East Southeast Anatolia Urban/Metropaol Caziantep
Adiyaman, Gaziantep, Kilis, Diyarbakir, Sanliurfa,
35 East Southeast Anatolia Urban Mardin, Siirt, Batman, Sirnak
Adiyaman, Gaziantep, Kilis, Diyarbakir, Sanliurfa,
36 East Southeast Anatolia Rural Mardin, Siirt, Batman, Sirnak



Clustering

Table B 3 Distribution of sample clusters

Number of clusters by region, NUTS 1 Regions and urban-rural residence, Turkey

2003

Urban segments Rural segments

(Population = (Population <
10,000) 10, 000)
Number
(Cluster size= 25 (Cluster size= 15 of
Regional categories HHs) HHs) segments

Region
West 128 44 172
South 52 40 92
Central a0 46 126
North 56 34 90
East 84 70 154
MUTS 1 Regions
Istanbul 45 4 S0
West Marmara 28 16 44
Aegean 30 20 50
East Marmara 34 12 46
West Anatolia 3b 14 50
Mediterranean 52 40 92
Central Anatolia 26 18 34
West Black 5=a 36 22 58
East Black Sea 25 15 46
Mortheast Anatolia 24 20 44
Central East Anatolia 24 20 34
Southeast Anatolia 3b 30 b6
Total 400 234 634

Clustering is
done to
reduce field
costin
terms of
time,
money and
efficiency.

Cluster sizes
are 25in
urban
areas, and
15 in rural
areas.
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Multistage selection

The TDHS-2008 sample was selected in three
stages:

1. Selection of settlements within each strata

2. Selection of blocks within settlements

3. Listing of blocks, followed by the selection of
households within blocks




First stage selection

ae Settlements in Turkey are defined by a 8 digit
code consisting of province, district, sub-district
and village codes.

¢ The first stage selection probability is defined as:

1hi —
M,

Q Where n, is the number of selections (clusters) to
1 be made from strata h, M, is the measure of size
of settlement /in stratum h, and M, is the total

i measure of size in stratum h.
" 4



Second stage selection

TURKSTAT has a list of occupied households if a settlement
is @ municipality (from the National Address Database),
which can be sorted by geographic proximity.

Unfortunately, we do not have “Enumeration Areas”

These addresses are grouped by approximately 100 HHs
called blocks.

The second stage probability of selection is:

bhi
P . = —

Where M, is the total measure of size of all blocks in the
settlement, and b, ;is the block size selected from M,..



Third stage selection

After listing, 25 households are selected from
urban blocks, and 15 households are selected
from rural blocks.

The third stage probability is:

Where b’/ is the number of occupied dwelling units
i found after listing, and m,; is either 15 or 25.



Listing
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FFH o s to ensure that
o = e the blocks were
complete and
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Listing teams
drew maps of
the blocks, as
well as listing
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* Overall probability of selection for a
household

The numerator of the first stage selection cancels

out with the denominator of the second stage,
leaving:

P . nh X bhij X mhi
hi — !

Probability of selection does not differ for
individuals and households, yet all eligible
women are interviewed in the selected
households.
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Weighting: Why is it necessary?

de To compensate for unequal probabilities of selection

— The TDHSs are not self-weighting designs, there is over-
sampling and under-sampling

— Example: The sample size of a region is insufficient to
obtain reliable demographic estimates if the sample is
proportionally allocated — oversampling.

 To compensate for non-respone
— Non-response rates also differ by regions/strata/clusters

¢+ To adjust the sample distribution by key variables so
that it resembles the population

— Not applied in TDHS



Allocation of Sample Households
by 12 NUTS1 Regions: Design vs
Proportional Allocation

NUTS-1 12 REGIONS DESIGN 2008 PROPORTIONAL
1 ISTANBUL-1 1210 2392
2 WEST MARMARA 940 698
3 AEGEAN 1050 2059
4 EAST MARMARA 1030 1256
5 WEST ANATOLIA 1900 1381
6 MEDITERRANEAN 1110 1687
7 CENTRALANATOLIA 920 753
8 WEST BLACK SEA 1230 907
9 EAST BLACK SEA 970 554
10 NORTHEAST ANATOLIA 900 361
11 CENTRAL EAST ANATOLIA 900 528
12 SOUTHEAST ANATOLIA 1350 934

13510 13510




Rescaling weights

Often sample weights add up to either the
total size of the population, or the total
sample size

— Base weights (design weights) intuitavely add up
to the population size

— However, weights may be rescaled to add up to
any given constant, not affecting the statistics
produced:

e The DHS approach is to have the sum of weights equal
to the sample size




A
? Computation of TDHS weights

The weights are calculated as the inverse of

sampling probabilities multiplied by the inverse
of the response rate.

The TDHS sample weight is calculated at the
strata level.

— It corrects for the over/under sampling in the strata.
— |t corrects for the non-response in the strata.

Thus it is calculated as the inverse of the selection

probability multiplied by the inverse of response
rate.



a

Computation of DHS weights, contd.

6' The selection probability of a household in

strata h was:
o w Mp;
Phl = M b.f
h hi

Yet the conventional TDHS sample weight is
calculated by the inverse of this probability,
while ignoring the difference between b,; and
b’,.. This reduces the weight to strata level:

Hh X mhi

TDHS _
P, =~
h




Response rates

Non-response in DHS is defined among eligible households:

— Housing units that were vacant during field work, etc. are not considered to be non-responsive
units

It is calculated as:

C
C+HP +P+R+DNF +PC

Where the denominator consists of Completed, No eligible HH members present,
Postponed, Refused, Dwelling not found and Partially completed.

HRR =

The sample weight for individuals differs from the household weight due to non-
response. Individual response rate is calculated as:

EWC
EWC + EWNH + EWP + EWR + EWPC + EWI + EWO

EWRR =

Where the denomitor consists of Completed, Not at home, Postponed, Refused,
Partially completed, Incapacitated and Other.



Final DHS weights

* The weight is calculated as the inverse of the sampling
fraction for a stratum multiplied by the inverse of the
response rate for that stratum:

1 1 1
W, = X X
" pDHS " HRR, ( EWRRh)

* Then the weights are multiplied by a constant FH such
that the sum of weights are equal to the sample size:

1 1 1
FH X X X =
prﬂs HRRh( EWRRh) "
L

*The difference between household and individual weights
are basically due to non-response.




Table B.4.1. Design weights and nonresponse factors
Design weights and nonresponse factors by strata for the entire TDHS-2008 sample, Turkey 2008
Inverse of
sampling Household Women
Strata _ Region_ MUTS 1 Region Residence fraction level level
1 West istanbul Urban/Metropol 3425414 /1150 1078/789 5594,/506
2 West istanbul Rural EL728/60 47 141 28/26
3 West West Marmara Urban 5834407700 &615/519 346,/314
4  West West Marmara Rural 3925487240 211/1598 112/ 109
5 West Asgean Urban/Metropaol 211625/400 367/318 215/20
& West Aegean Urban 319147250 217/194 147/ 140
7 West Aegean Rural F13302/7240 212205 117109
& Central Aegean Urban 2422277 100 Q579 54/51
% Central Aegean Rural 203272760 Le/55 52/48
10 West East Marmara Urban /Metropol 429416400 36/ 307 243,221
11 West East Marmara Urban e73odd /300 268/246 190/178
12 West East Marmara Rural 2386E6/120 115/112 85/ 76
132 Central East Marmara Urban 2915937150 127114 91/85
14 Central East Marmara Rural 154023760 L0/ /48 3734
15  Central West Anatolia Urban/Metropaol 1123155 /500 4557352 2517222
16 Central West Anatolia Urban/Metropaol 2447147300 2717246 197179
17  Central West Anatolia Urban 238708/ 100 F8/62 44/43
13 Central West Anatolia Rural 240887 /210 1e6/156 114/113
19 South  Mediterransan Urban/Metropaol 364155/400 348/327 247,232
20 South Mediterransan Urban 12442597 /900 J7B/663 SO0,/477
21 South  Mediterransan Rural 712545/600 513/484 331/304
22 Central Central Anatolia Urban 593588/650 LET /500 3593/382
23 Central Central Anatolia Rural 3467647270 2371227 156/152
24 HNorth  West Black Sea Urban 403285/ 700 024/532 378/348
25 HNorth  West Black Sea Rural 3404797240 213/1596 144/135
26 Central West Black Sea Urban 2363827200 186/162 115/107
27  Central West Black Sea Rural 192401 /50 TLiT74 4744
28  Morth East Black Sea Urban A0B0487 700 LL3 /466 340/303
29  Morth East Black Sea Rural 3369037270 1871161 g84,/82
30  East Mortheast Anatolia Urban 2175959 /600 LLE/526 43%/413
31  East Mortheast Anatolia Fural 216966 300 259/256 199/189
32 East Central East Anatolia Urban 3590823 /600 LL2/512 455/426
33 East  Central East Anatolia Rural 273865/300 259/246 236/213
34 East Southeast Anatolia Urban /Mstropol 261066/400 366,340 292275
35  East Southeast Anatolia  Urban 645305 500 453/418 360/326
36 East Southeast Anatolia  Rural 362757 450 402394 I66/342




Table .5 Final | il
Fimal weights by strata, Turkey 2008
Women
Househald  weight in Household
weight in entire weight in half
Strata Region NUTS 1 RBegion Residence entire sample  sample sample
1 'West istanbul Urban/Matropol 262369 291133 257124
2 West istanbul Fural 068643 0,69875 0.67366
3 \West West Marmara Urban 063674 0,66321 064143
4 \West West Marmara Rural 1.12371 1.09141 1.12533
5 West Aegean Urban/ Matropol 1.50971 1.52643 1,48547
& \West Apgean Urban 2.39968 2,38169 2,.34029
7 \West Aegean Rural 1.98153 2.01049 1.98457
& Cenftral Asgean Urban 1.67791 1.87950 207671
5 Central Asgean Rural 222387 227727 217842
10 West East Marmara Urban/Metropol 0.82512 0,85758 0,80678
1T West East Marmara Urban 1.57712 1.59126 1.57091
12 ‘West East Marmara Fural 1.31668 1.391597 1.34748
13 Central East Marmara Urban 1.39618 1.41289 1.42541
14 Central East Marmara Fural 1.72393 1.77331 1,.20068
15 Central West Anatclia Urban/Metropol 1.87195 2,00059 1.52025
16 Central West Anatolia Urban/Metropol 0,57933 0,60268 0,56614
17 Central West Anatolia Urban 1.93609 1.87263 1.91863
18 Central West Anatclia Fural 0. 78693 0,75042 0, 77540
19 South Mediterranean Urban/Metropol 0,62452 0,62859 0,63207
20 South Mediterranean Urban 1.04593 1.03633 105188
21 South Mediterranean Fural 081151 0,83520 0,80854
22 Central Central Anatolia Urban 065580 0.63780 066260
23 Central Central Anatolia Rural 0. 86447 0,83864 085505
24 Morth West Black Sea Urban 0.43566 0,44730 044859
25 Morth ‘West Black Sea Rural 0,99394 1.00215 0,97431
26 Central West Black Sea Urban 0.E7486 0,88878 0,88347
27 Cenftral West Black Sea Fural 1.396E5 1.4103% 1.412759
28 Morth EastBlack Sea Urban 0,33668 0,35710 032952
29 Morth EastBlack Sea Rural 0.,93436 0,94782 0,93244
30 East HNortheast Anatolia Urban 0. 24670 0,24787 0,24306
31 East HMortheast Anatolia Fural 047172 0,46943 047253
32 East Central East Anatolia Urban 0,45275 0,45709 0, 44601
33 East Central East Anatolia Rural 06194 0,64895 0,62095
34 East Southeast Anatolia Urban/Metropol 0,45295 0,45451 045333
35 East Southeast Anatolia Urban 0,920396 0,94357 0,89561
36 East Southeast Anatolia Fural 0. 54855 0,55490 054950




Cluster level approaces to DHS
weights

. Taking TURKSTAT block sizes and listing results into
account and calculating weights as

1 1 (X 1 )
pDHS bh HRRy, EWRR,,
h b’

. Taking both TURKSTAT block sizes and listing results
AND cluster level non-response into account

1 1 (X 1 )
PDHS X bh HRRhi EWRRhI
h b’
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? Approach 1: Taking TURKSTAT block

sizes and listing results into account

Country Turkey

Cluster

101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120

SAMPLE HOUSEHOLDS
Probability | Probability Number of [ Number of Weighted Weighted
Number of
of of Number of households | households number of number of
) . Number of households ; ; .
selection | selection clusters ; with a with a households  Normalized households
. . clusters found in the Raw household . .
Stratum ofa of the Design weight .| completed complete | complete ) with a household with a
selected in . stratum . R - weight .

household | cluster in the _ internview in | interview in complete weight complete

. L the stratum (HH9= ) o ) -
within the | within the stratum 142+4+7) the stratum | the cluster intenview in the intenview in
cluster stratum (HH9=1) (HH9=1) cluster the cluster

| N N o o o N

1] 0.271739| 0.001343| 2740.331667 46 46| 1070 789 18 3716.292629 66893.27 2.240740 40.33
1] 0.231481| 0.001343| 3216.911088 46 46 1070 789 20 4362.604390 87252.09 2.630434 52.61]
1] 0.233645| 0.001343| 3187.124874 46| 46 1070 789 22| 4322.209905 95088.62 2.606078 57.33
1] 0.215517| 0.001343| 3455.200798 46| 46| 1070 789 18 4685.760271 84343.68 2.825281 50.86
1] 0.211864| 0.001343| 3514.773226 46 46 1070 789 18| 4766.549241 85797.89 2.873993 51.73
1] 0.231481| 0.001343| 3216.911088 46 46 1070 789 15( 4362.604390 65439.07 2.630434 39.46)
1] 0.225225| 0.001343| 3306.269729 46 46 1070 789 18| 4483.787846 80708.18 2.703502 48.66)
1] 0.227273| 0.001343| 3276.483515 46| 46| 1070 789 17| 4443.393361 75537.69 2.679146 45,55
1] 0.210084| 0.001343| 3544.559439 46| 46 1070 789 16 4806.943727 76911.10 2.898349 46.37,
1] 0.238095| 0.001343| 3127.552447 46 46 1070 789 18 4241.420935 76345.58 2.557367 46.03)
1] 0.225225| 0.001343| 3306.269729 46| 46| 1070 789 17| 4483.787846 76224.39 2.703502 45.96
1] 0.185185| 0.001343| 4021.138860 46| 46| 1070 789 17| 5453.255488 92705.34 3.288043 55.90
1] 0.223214| 0.001343| 3336.055943 46| 46 1070 789 17| 4524.182331 76911.10 2.727858 46.37|
1] 0.208333| 0.001343| 3574.345653 46 46 1070 789 16 4847.338212 77557.41 2.922705 46.76)
1] 0.229358| 0.001343| 3246.697302 46| 46 1070 789 21| 4402.998876 92462.98 2.654790 55.75
1] 0.238095| 0.001343| 3127.552447 46| 46| 1070 789 20 4241.420935 84828.42 2.557367 51.15
1] 0.263158| 0.001343| 2829.690309 46| 46| 1070 789 19 3837.476084 72912.05 2.313808 43.96
1] 0.229358| 0.001343| 3246.697302 46 46 1070 789 16 4402.998876 70447.98 2.654790 42.48)
1] 0.227273| 0.001343| 3276.483515 46 46| 1070 789 23| 4443.393361 102198.05 2.679146 61.62
1] 0.204918| 0.001343| 3633.918081 46| 46| 1070 789 15( 4928.127182 73921.91 2.971417 44,57,
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Approach 2: Taking both TURKSTAT block sizes and
listing results AND cluster level non-response into
account

Country Turkey

Cluster

101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120

SAMPLE HOUSEHOLDS
Probability | Probability Number of [ Number of Weighted Weighted
Number of
of of Number of households | households number of number of
) . Number of households ; ; .
selection | selection clusters ; with a with a households  Normalized households
. . clusters found in the Raw household . .
Stratum ofa of the Design weight .| completed complete | complete ) with a household with a
selected in . stratum . R - weight .

household | cluster in the _ internview in | interview in complete weight complete

. L the stratum (HH9= ) o ) -
within the | within the stratum 142+4+7) the stratum | the cluster intenview in the intenview in
cluster stratum (HH9=1) (HH9=1) cluster the cluster

| N N o o o N

1] 0.271739| 0.001343| 2740.331667 46 46 24 18 18 3653.775557 65767.96 2.199775 39.60
1] 0.231481| 0.001343| 3216.911088 46 46 24 20 20| 3860.293306 77205.87 2.324110 46.48
1] 0.233645| 0.001343| 3187.124874 46| 46 25 22 22 3621.732812 79678.12 2.180483 47.97|
1] 0.215517| 0.001343| 3455.200798 46| 46 25 18 18 4798.889997 86380.02 2.889197 52.01]
1] 0.211864| 0.001343| 3514.773226 46 46 24 18 18| 4686.364301 84354.56 2.821450 50.79
1] 0.231481| 0.001343| 3216.911088 46 46 24 15 15| 5147.057741 77205.87 3.098813 46.48
1] 0.225225| 0.001343| 3306.269729 46 46| 24 18 18 4408.359639 79350.47 2.654076 47.77,
1] 0.227273| 0.001343| 3276.483515 46| 46 25 17 17| 4818.358111 81912.09 2.900918 49.32]
1] 0.210084| 0.001343| 3544.559439 46| 46 21 16 16 4652.234264 74435.75 2.800902 44.81
1] 0.238095| 0.001343| 3127.552447 46 46 24 18 18| 4170.069929 75061.26 2.510613 45.19
1] 0.225225| 0.001343| 3306.269729 46| 46| 25 17 17| 4862.161367 82656.74 2.927290 49.76|
1] 0.185185| 0.001343| 4021.138860 46| 46 22 17 17 5203.826760 88465.05 3.132992 53.26]
1] 0.223214| 0.001343| 3336.055943 46| 46 24 17 17| 4709.726037 80065.34 2.835516 48.20
1] 0.208333| 0.001343| 3574.345653 46 46 24 16 16| 5361.518480 85784.30 3.227931 51.65
1] 0.229358| 0.001343| 3246.697302 46| 46| 25 21 21 3865.115835 81167.43 2.327013 48.87|
1] 0.238095| 0.001343| 3127.552447 46| 46 24 20 20 3753.062936 75061.26 2.259551 45.19
1] 0.263158| 0.001343| 2829.690309 46| 46 24 19 19 3574.345653 67912.57 2.151954 40.89
1] 0.229358| 0.001343| 3246.697302 46 46 24 16 16| 4870.045953 77920.74 2.932037 46.91
1] 0.227273| 0.001343| 3276.483515 46 46| 24 23 23| 3418.939321 78635.60 2.058391 47.34
1] 0.204918| 0.001343| 3633.918081 46| 46 23 15 15 5572.007724 83580.12 3.354657 50.32]




Findings




Selected sample weights - Household

Ratios of new weights to strata

Household weights level weights
Cluster level Cluster with
Strata level|Cluster level| with cluster | Cluster to strata| cluster NR to
Cluster | Stratum (1) (2) level NR (3) (2/1) strata (3/1)
101 1 2.62 2.24 2.20 0.85 0.84
301 3 0.64 0.55 0.67 0.87 1.05
401 4 1.12 0.88 0.82 0.78 0.73
501 5 1.51 1.65 1.57 1.09 1.04
601 6 2.40 2.69 2.40 1.12 1.00
701 7 1.98 0.16 0.15 0.08 0.08
801 8 1.88 1.93 1.89 1.03 1.01
901 9 2.22 2.19 2.15 0.99 0.97
1001 10 0.83 0.91 0.94 1.11 1.14
1101 11 1.58 1.47 1.62 0.94 1.03
1201 12 1.32 1.29 1.37 0.98 1.04
1301 13 1.40 1.64 1.64 1.17 1.17
1401 14 1.72 1.27 1.32 0.74 0.76
1501 15 1.87 0.95 0.78 0.51 0.42
1601 16 0.58 0.57 0.57 0.99 0.98
1701 17 1.94 2.12 2.06 1.09 1.06




Selected sample weights - individual

Ratios of new weights to strata level

Individual weights weights
Cluster level
Cluster level| with cluster |Cluster to strata|Cluster with cluster
Cluster | Stratum |Strata level (1) (2) level NR (3) (2/1) NR to strata (3/1)

101 1 2.91 2.50 3.38 0.86 1.16
301 3 0.66 0.58 0.64 0.88 0.97
401 4 1.09 0.86 0.79 0.79 0.72
501 5 1.53 1.68 1.63 1.10 1.06
601 6 2.38 2.69 2.31 1.13 0.97
701 7 2.01 0.16 0.15 0.08 0.07
801 8 1.88 1.94 1.92 1.03 1.02
901 9 2.28 2.26 2.17 0.99 0.95
1001 10 0.86 0.96 0.97 1.11 1.13
1101 11 1.59 1.50 1.92 0.94 1.20
1201 12 1.39 1.38 1.53 0.99 1.10
1301 13 1.41 1.67 1.94 1.18 1.37
1401 14 1.77 1.31 1.27 0.74 0.71
1601 16 0.60 0.60 0.61 1.00 1.01
1701 17 1.87 2.06 1.97 1.10 1.05




Extreme values

* The maximum weight value found in the original strata level weight was
2.62; and the lowest was 0.25.

* The first adjustment into cluster level weights yielded a maximum
weight value of 4.22; and a minimum of 0.01.

* The second adjustment into cluster level weights with cluster level
non-response yielded a maximum weight value of 12.19; and a
minimum of 0.1.

* The vast majority of extreme values were observed in rural areas. While
urban listing resulted in around 100 HHs per block, rural listing provided a
wide range of results.

* However, the number of extreme values were not as much as to affect
the estimates obtained with them.

We obtained more extreme weights as we used more cluster level
information.




. Age structure of the HH population
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Regional distribution of the HH
population

_ Strata level Cluster level 1 | Cluster level 2

West 41.4 41.4 41.3
South 11.7 11.7 11.6
Central 21.5 21.5 21.6
North 6.5 6.5 6.5

East 18.9 18.9 19.0




#

0

Women’s characteristics

Current age of respondent

Strata level Cluster level 1 Cluster level 2
- Mean 34.45 34.47 34.56
A\ Sum 255,125 255,267 255,933

/4 ‘ Educational attainment

-

~

Strata level Cluster level 1 Cluster level 2

' No educ./Pri. 18.3 18.1 17.7
incomp.

Pri. Comp./Sec. 51.9 51.2 50.6
incomp.

Sec. Comp./high 8.7 8.8 8.8
P incomp.

High school+ 21.1 22.0 22.9



Reproductive health

Strata level Cluster level 1 Cluster level 2
No method 30.65 30.63 30.66
Folkloric method 0.14 0.13 0.12
Traditional 25.41 25.17 25.15
method
Modern method 43.80 44.06 44.06

 The Total Fertility Rate decreases by 0.1 with the 1
cluster level weight, and is the same as the original
with the 2" cluster level weight.

* Mean number of children ever born increases by 0.1
with the 1t adjustment, and increases by 0.3 with the
2dn adjustment, compared to the original.




Limitations

The lack of enumeration areas!
— Blocks are artificially created by TURKSTAT

The denominator of the second stage
selection (M, — Size of i" primary selection
unit in stratum h) made in TURKSTAT is
unavailable to us for 2008, thus we proceed by
assuming it is the same as the numerator of
our first stage selection.



Conclusion

Our findings showed that the results obtained from
three different types of weights produced almost
identical results in terms of some basic variables.

Calculations in terms of selection probabilities are
more precise with cluster level weighting.

However, cluster level weights are more prone to
outliers.

The newest DHS Sampling and Listing Manual (dated
2012) includes cluster level weight calculations

— TDHS-2008 data will be further examined before deciding
for TDHS-2013



Next?

| : -
‘“- Issue of “unlisted” households in rural areas

e Self-representing PSUs

\ g, * Obtaining number of blocks and number of
households for blocks which are created from
National Address Database

Q- Welcome TDHS-2013!
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1. Amag nedir: Bu konugmanin amact Bridge, Lasso ve Ridge

tahmin edicilerini sunmak ve karsilastmaktir. Hangi durumlarda

hang tahmin edicinin daha 1y1 oldugunu belirlemektir,



2. Giris

Halk saglig1 ¢calismalarinda ya da bir¢ok uygulamali bilim
dalinda arastirmacilar, yanit (response) degiskenler ve
aciklayic1 degiskenler arasindaki iliskilerle ilgilenirler. Ornegin
gogiis kanseri c¢alismasinda, niifusta kanser artisindaki
olasiligin hastanin dieti, yasi, boyu ve agirhigt gib1 bazi
potansiyel risk faktorlerine baghh olup olmadigin1 bilmek
Isterler.

Istatistiksel analizlerin amaci, meydana gelen olaya
onemli katkida bulunmasi nedeniyle risk faktorlerini
belirlemektir. Regresyon analizi, olaya risk faktorlerinin
katkida bulunmasinin 6neminde bilgi saglar ve boylece bilimsel

kararlar alarak arastirmacilara yardimci olur.



Coklu lineer regresyon tim istatisttk yontemlerin en ¢ok
kullanilanlarindan  biridir. Veri analizi yapan bir arastirmaci
tarafindan bilim ve teknolojinin hemen hemen her alaninda model
kurmak 1¢in kullanilir. Regresyon katsayilarim tahmin etmek icin
kullamlan ortak yontem en kugiik kareler yontemidir. Bununla
birlikte kullanilan ver1 vektorler1 ortogonal olmadiginda deneyimler
gostermistir ki regresyon katsayilarinin tahmin edilmesinde asagidaki
problemler ortaya ¢ikmaktadir.

(1) Katsayilar mutlak degerce oldukgca biiyiik olma egilimindedir.

(i) Bazi katsayilarin yanlis isaretli olmas1 miimkiindiir.

(i) Korelasyon matrisinin 6z degerlerinden biri veya daha ¢ogu

¢ok kiiciik olacaktir ( Foucart,1999).
Tahmin etmede kullanilan vektorler ortogonalliktan daha ¢ok sapma
gosterdiginde bu tiir giigliiklerin olasilig1 artacaktir. Ayrica tahmin
etmede kullamlan vektorler arasindaki korelasyon yliksek ise yamni
coklu baglanti ( mulcollinearity) varsa en kiigiik kareler yontemi
dogru yargiya varilabilecek sonuglara gotiirmez.



Coklu baglantinin ( ¢coklu iciliski) sonuglari

(1)  En kiiciik kareler tahminleri tahmin edilen parametrelerin gercek
degerlerinden oldukca farklidir.

(1) Tahminlerde yansizlik vardir, tahminlerin mutlak degerleri
oldukca biiyiikk ve varyanslar1 da biiyiik, verideki cok kiiclik
degisiklikle tahmin edilen parametrelerin 1saretler1 degisir.

(111) Siddetli ¢oklu iligki altinda parametre tahminleri kararsiz olma
egilimi gosterecektir. Tahminlerin gegerliligini gormek 1¢in yeni
orneklemler kullanildiginda tahminler siddetle etkilenerek
degisirler.

Bu nedenlerle boyle modeller arastirmacilarin ihtiyaglarma uygun

olmaz. Bu konusmada i¢iliski problemini ve istatistiksel teknik olarak

ozellikle Bridge cezalandirma yontemini inceleyecegiz.



3. Model ve temel bilgiler

y=XfB+s (3.1)
lineer regresyon modelini diisiinelim. Burada, y; nx1 tipinde rastgele
yanitlar vektorii, X ; nxp tipinde tasarim matrisi, 5; px1 tipinde
regresyon parametrelerinin vektorii, s; nx1 tipinde rastgele hatalar

vektorli  e~iid(N(0;0%)) dir. Amacimz (3.1) nolu modeldeki gy
tahmin etmektir. Bunun icin

(y=XB) (y-Xp) =¢"¢ (3.2)
hata kareler toplami kullanilir ve minimum yapan g bulunur. g nin

en kiiciik kareler tahmin edicisi
Pos =(XTX) " Xy (3.3)
Ve

Var( 4. V=(X"x) " &2 (3.4)



Yani herhangi bir lineer yansiz tahmin edict g=Ay icin;

E(f)=p Ve Var( i ) SVar( ﬂ) (3.5)
dir. Bu nedenle 4, .; Gauss-Markov kosullari altinda en 1yi lineer
yansiz tahmin edicidir (BLUE). Yani Var()-Var( 4,5 pozitif semi

definit matristir. Ancak basitlige ragmen yansizlik ve minimum
varyans 4, icin her zaman yeterli degildir.



Gauss—Markov kosullari:

E(g;) =0,

V(e) = 0* < o0,

Yani tiim hatalar aym varyanshdir. '"homoscedasticity'" 6zelligi
vardir.

| #] icin hata teriminin herhangi iki farkh degeri
iliskisiz'"uncorrelated" dagilhmlardan cekilmistir.

cov(g;,g5) =10



1. Regresyon matrisi X tam rankl1 degilse, tahmin edici tek degildir.
Bu durumda hata kareler toplamini minimum yapan pek ¢ok tahmin
edici vardir.

2. Regresyon matrisi X i¢inde yaklasik i¢iliski problemi varsa OLS

tahmin edici yine yansizdir fakat var ﬂAOLs)z(XTX)_1 o2 varyansi biiylik

olur.

Hata kareler ortalamasi (MSE)

MSE = E[(5- 9 (5~ §)] = X {[bias(p) | +Var(f)| = [var(5)}  (3.6)

dir. Ornegin iki agiklayic1 degiskenli basit regresyon problemini

distinelim.

y=ﬁ1Xl+ﬁ2X2+g (37)



Buradaki ¢ ~ N(0;6%) dagilimina sahiptir. Regresorler (agiklayici
degiskenler) arasi1 i1¢iliskinin etkilerini  Ornekte gosterelim.
Genelligi bozmaksizin, 1'x,=0 and x; =0, x{x;=1 V& |x||=1, j=12
ve o%=1 ile regresyon vektorleri x, ve x, ‘yi1 standartlastirtyoruz.

Orneklem korelasyon katsayisi r=x"x, Ve

XTX:(Xfxl &szj:(l rj (3.8)

T T
X, X, Xy X, rl

dir.



Boylelikle Pous :(ﬂ e 2) tahmin edicisinin varyans-kovaryans matrisi

()00 2] 7

(3.9)

ve
1

Var(,@j):l_rz =12 (3.10)

dir. x, ve x, aciklayic1 degiskenleri iliskisiz ise, yani r=0 ISe,

var(g)=1 fakat x ve x, iliskili ise var(j) ¢ok bilyiik olacaktir.

]

Ornegin r=0.95 icin Var(ﬁj)=10.26 dir. r=0.99 i¢in var(3,) =50.25 dir.

Tablo 1 Korelasyon katsayilari ile artan varyans
r 0 | 03] 05095 0.99
Var(ﬁj) 1.00|1.10|1.33|10.26/50.25




Buziilmiis/Daraltilmas  (Shrinkage)

4,
regresyon tanminleri
4. 1 Bridge tahmin ediciler

Regresyon katsayilarini tahmin etmek i¢in cezali en kiiglik kareler ve
cezali likelihood yontemleri son 20 yildir istatistik¢ilerin 1lg1 alanina
girmektedir. x :nxp  p-boyutlu  degiskenlerin  matrisi  olsun,

y:n-boyutlu gozlem vektori olmak tizere Frank ve Friedman (1993)

sabit » >0 i¢in L -normuyla cezal
LB =Y -X B+ AL B (4.1)

amac fonksiyonunu kullanarak (3.1) modelindeki parametrelerin
tahminlerini veren ve “bridge regresyon” denilen tahmin ediciyi
onerdiler.



Ya da esdeger olarak

y>0 Ve Y |g[ <t kisit1 ile m[;n(y—X,B)T(y—X,B) y1
minimum yapan g, degerine bridge regresyon tahmin edici
denir ( Fu 1998). =2 iken ¢ok iyi bilinen Ridge tahmin edici
(Hoerl ve Kennard, 1970), =1 iken LASSO (En Kii¢iik Mutlak

Biiziilme ve Operatdor Se¢cim =Least Absolute Shrinkage and
Selection Operator) tahmin edici adim alir (Tibshirani, 1996).
Sekil 4.1 de t=1 i¢in parametre uzayinda orijin ¢evresinde farkli

sinir ¢izgilerinin sinirladigi bolgeler gosterilmistir. (Fu, 1998)



1) y>2 i¢in |B] +|B,[ <1 2) y=2i¢in g+p<1

3) 7=1i(;in |ﬁ1|+|ﬁ2|31 4) }/<1 lgln |ﬁl|7+|ﬂ2|7§1

gamma > 2 gamma = 2

rﬂ
uy

-1.0 -0.5 0.0 0.5 1.0
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40 05 00 05 10 140 05 00 05 10

gamma = 1 gamma < 1
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-1.0
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4.2 Lasso ve Ridge regresyon tahminleri
LASSO ve Ridge regresyon, tahminleri dengeledigi i¢in “Biiziilme
Modeller1” olarak adlandirilirlar. LASSO ve ridge regresyon farkli
cezalandirma kullanirlar.

y=XpB+¢ lineer regresyon modeli i¢in her bir bilesen

Y. :a+zp:xij,3j +¢,1=1,2,...n (4.2)
olsun. Kabul edelimki (x',y,),i=12,...,n, X' =(x;,%,,...x,)" Ve agiklayici

degiskenler, x, ler standartlastirnlmstir. Yani Z%:O ve Z%:l dir. v,

ler yanmit (response) degiskenleri merkezilestirilmistir. Tibshirani
(1996) LASSO tahminini

Z\,Bj\ <t  kasitlamasi ile (&,ﬁ):argmin(i[yi—a—ixijﬁj] (4.3)

olarak vermistir.



(4.3) denkleminin ¢Oziiminiin hesaplanmasi1 lineer esitsizlik
kisitlamali bir quadratik programlama problemidir. LASSO
regresyon Kkatsayilar1 y’nin bir fonksiyonu olarak yazilamaz.
Kuadratik programlama 1le optimize edilerek ¢oziimii
bulunabilir.

t>0 parametresi, tahminlere uygulanan bliziilmenin miktarimi
kontrol eder. Yukaridaki t>0 ayar (tuning) parametresidir. Tiim t

ler 1¢cin o nin ¢oziimii 4=y dir. Genelligi bozmaksizin y=0
kabul edilir. Bu nedenle « ihmal edilir.

LASSO, OLS tahmin edicisi 2

ols

cOzimiiniin sifira biiziilmesine

neden olur. Bazi katsayilar tam olarak sifira esit olabilir. LASSO

regresyonun amag fonksiyonu

L(ﬁ):i(yi—a—ixﬁﬂj] +/1Li‘,b’j‘—>min (4.4)



LASSO’nun 1ki temel faydasini asagidaki gibi agiklayabiliriz:
Geleneksel tahmin yontemleri ile karsilastirildiginda LASSO nun
onemli avantaj1 parametre tahmini ve degisken sec¢iminin her ikisini
birden esanli olarak yerine getirmesidir.

1) LASSO’da  kullanmilan  diizgiinlestirmenin  (regularization)

yapilmasi otomatik olarak model se¢cimini verecektir.
2) Sayisal olarak uygulanabilir.
Tibshirani ve ark. (2005) J.R.Stat. Soc B 67(1) 91-108 de

Zp:\ﬁj\ssl,i\ﬂj—ﬂj_l\ssz kisitlart ile ,é:argmin{Z(yi_ZXijﬁj)z} Vi

onerdiler. Bu tahmin ediciye “fused Lasso” adim verdiler.



Hoerl ve Kennard (1970a, 1970b) ridge regresyonu oOnerdiler. Bu
yontemde
(Yy=XB)' (y=Xp)

hata kareler toplami

Z‘ﬂj‘zgt
kisitlamasi 1le minimum yapilacaktir. Esdeger olarak  ridge
regresyonun

PRSS(ﬂ)Lfi[yi —ﬁo—ixﬂﬂ,—] W (4.5)

ama¢ fonksiyonu minimize edilecektir



(4.5) fonksiyonu konvekstir ve tek ¢oziime sahiptir. PRSS(p)_Ye

¢cOzum

N

Brag = (XX 21 ) X7y = (142X X)) Boss (4.6)
yanli tahmin edicidir. Buradaki 4, yanlilik/ayar parametresidir. g,

yanl ridge regresyon tahmin edicisi, 4,=0 oldugunda g, tahmin

edicisine  biiziilir. Ridge  regresyonda J-inci  bilesenin

tahmini ﬁ,&j(om dir. j3, nin varyanst A2.> 0 i¢in g, nin
_|_

varyansindan daha kiiguiktiir.
Var(B,) = (X"X + 1) XX (XX + A1) "o (4.7)
<Var(f,) =o*(X"X)"
oldugu gosterilebilir. Model kanonik formda yazildiktan sonra
A =diag(r,,7,,...,n,) olmak lizere

Var(d,,) = (A+ 1) A(A+ A1) o <Var(é

ols

)=0"(A)"



Bu durumda

2771.1R +1R2 S

Var(a >
77](’7] + /)

) j _Var(drdg ) i~

ols

dir.
A, ve 1, parametreleri biiziilme miktarim kontrol eder. Sifir veya

daha biiyiik degerler secilmelidir. Eger 2 parametresi 0 ise; EKK,
LASSO ve Ridge regresyonun sonuglar1 aymdir. Ridge ve LASSO
regresyon PCR (Temel Bilesenler Regresyonu) ve degisken segimine
alternatiftir. Ridge regresyon, regresyon modelindeki tiim x
degiskenlerini  kullanirken, LASSO  regresyon sadece  x

degiskenlerinin bir alt kiimesini kullanir. (Hoerl ve Kennard 1970,
Tibshirani 1996).



Ridge ve LASSO regresyon i¢cin ama¢ fonksiyonlarindaki tek fark,
regresyon katsayilarini farkli cezalandirma yoludur. Ridge regresyon

L, normu (regresyon katsayilarimin  kareleri  toplam) ile
cezalandirilirken, LASSO regresyon L, normu (regresyon

katsayilarinin mutlak deger toplami) ile cezalandirilir.
Ridge regresyonun biiziilme etkisini 6rnek tizerinde gorelim. Iki
aciklayici degiskenli bir lineer regresyon problemini diisiinelim. Ridge

regresyon tahmin edicisinin varyansi (4.6) dan
Var( A (1+4 r Y1 r\(1+4 r\*t
) =\ 144 ro1 r 1+A4

yanlilik terimi ise

Bias(B.y) = E(fBg) — B =(X" X + AN XX = f=-2 (XX +21)*p
Binsch y_(1FA T 1 o\ B AY__[1+a x T B
'as(ﬁrdg)_[ r 1+zj [r 1) ) \B) Tl r 1+a]| | B

MSE (83, ,4,) =Var(5;) +[Bia8(/3’,-)]2

ve

dir.



Tablo 2 7 ayar parametresi, Ridge tahmin edicinin varyans, bias’
ve MSE degerleri

A =0 A=1 =5 =10
r | Var bias® MSE | Var bias" MSE | Var hias® MSE | Var bias® MSE

0 {1000 0 1.000|0250 0250 0500 0.028 0.694 0.722 10.008 0.826 0.834

0511333 0 13330231 0160 0391 |0.026 0592 0.618 |0.008 0.756 0.764

095263 0 5263|0154 0119 0273 10022 0525 0.547 |0.007 0.706 0.713

bias® ve MSE degerleri gercek =@ 1" ile hesaplanmustr.



x Ve x, 1liskisiz ise, yani r=0 IS, 1=1 i¢in Var(g, ,,) =1/ (1+1)* =0.25
A=0 1¢in Var(B,)=1 ‘den daha kiicuktiir. Eger x ve x, iligkili ise,

ornegin r=09 ISe, 2=1 i¢in Var(f, ,,)=0.15, A=0 i¢in Var(8, ,,)=5.26 ‘dan

cok daha kiiciiktiir.

Yukaridaki tabloda 4 ‘ya gore bias® “nin artist gortilmektedir.
(Bias)®, bias(3)=-4/@+i+r) (B=Lp=1 Ozel durumu icin)
hesaplanmustir.  Varyans  degerlerinde 4 arttikca azalma

goriilmektedir. MSE degeri 1se; 2=0" dan 1’¢ giderken azalmakta;

A=1den 5 veya 10’a giderken artmaktadir.



*Knight ve Fu (2000) LASSO tipli tanmin edicilerin asimptotik
ozelliklerini incelemisler.

*Fan ve Li (2001) lineer regresyonda cezali likelthood metodunu
vermisler ve LASSO, Ridge ve Bridge bunun 6zel durumlaridir.
*Huang (2003) LASSO tahmin edicisinin ontahmin hatasini vermis ve
LASSO tahmin ediciyi genellestirmistir.

*Yuan ve Lin (2004) Grup LASSO ‘yu,

*Tibshirani ve Saunders (2005) Birlestirilmis LASSO ‘yu (Fused-
LASSO) onermislerdir.

*Zou ve Hastie (2005) Bridge tahmin edicileri ¢alismis ve buradan
yola ¢ikarak Elastic-Net tahmin edicilerini 6nermislerdir.

*Wang, L1 ve Tsai (2007) Diizeltilmis LASSO Onermis ve bunun i¢in
algoritma vermistir.

Bach (2007) Bootstrap Lasso tahminlerini ‘“Bolasso” adiyla
onermistir.

*Huang, Horowitz ve Shuangge (2008) 0<y<1 ile Bridge regresyonun
asimptotik ozelliklerini ¢alismistir.

*Wang, Song ve Wang (2011) Kismi lineer modelde degisken sec¢imi
ve cezali bridge yaklasimu ile tahmin etme problemini incelediler.



5. Lineer Regresyon Modeli ve uygulama

40 gozlemli ve 5 degiskenli

Y =B, + BX + Lo X, + X + B X, + B X + & (6.1)
basit lineer regresyon modelinin simiilasyonunda Bridge tahmin ile

OLS, LASSO ve Ridge’i karsilastiralim. £ ~ N (0,6%) “dir.

Lineer modelin korelasyon matrisi

X, 1.000 0.110 -0.144 0.086 0.066
X, 0110 1.000 -0.315 0.021 0.034
X, —0.144 -0.315 1.000 -0.118 -0.109

0.036 0.021 -0.118 1.000 0.995
0.066 0.034 -0.109 0.995 1.000

e

P



Iciliski tizerinde biiziilmenin etkisini stnamak icin X ‘in korelasyon
matrisinde gosterildigi gibi giicli lineer korelasyonlu X regresyon

matrisi secilir. x, ve x, arasindaki korelasyon katsayisi, p=0.995, cok
biiyiiktiir. X matrisi asagidaki gibi tretilir. Ik olarak N(0,1) standart

normal dagilimli rasgele sayilar ile 40x5 tipinde bir matris iiretilir.
Sonra X ‘in ardisik kolon vektorlerinin ikili korelasyon katsayilari,

U(-11) diizgiin dagilimindan tiretilir. Ardisik kolon vektorlerinin ikili

korelasyon katsayilari, ikinci kolonun bir katinin birinciye eklenmesi

lle elde edilir.

Sabit terim hari¢ regresyon parametrelerini biizmek igin,

X; =~In(x; —ort(x;))/|x; —ort(x)|

ile veri 6lceklenir ve merkezilestirilir.



Buradaki x.; X ‘in j. kolon vektoriidiir.

Dogru (gercek) model O regresyon katsayisini igerdiginde
LASSO Ridge’den daha 1y1 ve dogru model kiigtik fakat sifir olmayan
parametreler icerdiginde de LASSO Ridge‘den daha kotii performans
gosterdiginden; Gercek p degerinin iki kiimesi, 0 katsayili modeldeki
biiziilme etkisini sinamasi 1¢in segilir. Sifir i¢eren ve sifir igermeyen
fakat kiiciik katsayil1 1ki model diisiinelim:

(a) modeli i¢in g, =0 sabit terimi ile g,.=(0,0,05,0,-1)
ve

(b) modeli i¢in 4, =0 sabit terimi ile g, =(05,3, -0,1 25,9) "dir.



Model (a)

Bridge
0.006(0.071)

[Lasso

0.006(0.071)

0.006(0.071)

Ridge

-0.004(0.046)

-0.004(0.046)

-0.011(0.069)

-0.013(0.060)

-0.013(0.060)

-0.018(0.083)

0.457(0.080)

0.457(0.080)

0.469(0.080)

-0.267(0.366)

-0.267(0.366)

-0.394(0.196)

-0.700(0.375)

1.104(0.059)

-0.700(0.375)
1.104(0.059)

-0.585(0.204) |
1.212(0.057)

3 OLS
30=0.0 | 0.006(0.071)
8,=0.0 | 0.004(0.074)
3,=0.0 | -0.007(0.087)
3,=0.5 | 0.495(0.081)
3,=0.0 | 0.009(0.837)
Fs=-1.0 | -1.007(0.843)

VISE | 1.385(0.061)
PSE | 3.178(0.141)

2.482(0.132)

2.482(0.132)

2.745(0.127)




Model (b)

d OLS Bridge Lasso Ridge
30=0.0 | 0.003(0.757) | 0.003(0.757) | 0.003(0.757) 0.003(0.757)
3,=0.5 | 0.353(0.860) | 0.386(0.783) | 0.380(0.791) | 0.440(0.783)
3,=3.0 | 3.018(0.789) | 2.956(0.768) | 2.987(0.773) | 2.913(0.730)
33=-1.0 | -1.007(0.811) | -0.959(0.769) | -0.960(0.779) | -0.983(0.757)
8,=2.5 | 2.248(7.684) | 3.679(4.715) | 3.496(4.877) | 4.909(1.610)
35=9.0 | 9.205(7.326) 1555(4.533‘] 7.910(5.024) | 6.257(1.819) |

MSE | 145.17(5.98) | 129.60(5.50) | 130.16(5.52) | 127.90(5.70)

PSE | 320.30(14.22) | 290.29(12.87) | 292.10(12.90) | 286.42(13.26)

Tablo 5.1: 200 kez tekrarlanan simulasyonla model

karsilastiriimasi



Tablo 5.1; parametre tahminlerini, parantezlerde standart hatalari,
OLS, Bridge, LASSO ve Ridge modellerinin MSE ve PSE lerini

gOsterir. 3, ve 4. ‘min standart hatalari i¢iliski nedeniyle hem (a), hem

de (b) modellerinde goreceli olarak biiyiiktiir.

(a) modelinde; Bridge ve LASSO en kii¢ciik MSE=1.104 degerini
verir. Onlar1t MSE= 1.212 ile RIDGE izler. Iciliski nedeniyle OLS en
bliyiik MSE=1.385 ye sahiptir.

(b) modelinde; En kiicik MSE=127.90 ye sirasiyla,
MSE(Bridge)=129.60, MSE(LASS0O)=130.16 ve MSE(OLS)=145.17
sahiptir. Yukaridaki Ornekte goriiliiyor ki, Bridge regresyon OLS
tahminlerini biizer ve kiiclik varyans, kiicik MSE elde edilir.

Bridge tahmin edici, LASSO ve Ridge tahmin ediciye kiyasla ve

OLS tahmin ediciye gore daha 1y1 performans gosterir.



6. Biiziilme parametresi y mn se¢imi

Ridge ve LASSO’nun performansi OLS’den daha 1y1 olmasina karsin
X ‘de 1¢iliski oldugunda Frank ve Friedman (1993) ve Tibshirani
(1996) baz1 durumlarda LASSO, bazi durumlarda da Ridge
regresyonun LASSO’dan daha 1y1 performans gosterdigine dikkat
cekmiglerdir. Bunu gorebilmek 1¢in bazi sorular sorulmustur: En 1y1

performans 1¢in y ne olmalidir? Optimal y deger1 nasil secilmeli?



/. Bridge Tahmin Edicinin Bicimlendirilmesi

y=>1 verilmisken Bridge regresyonun c¢oOziiminde asagidaki iki

problem dikkate alinir.(Knight ve Fu, 2000)

(P1) y=1 Ve t=0 verilmisken >|| <t kosuluile min RSS

(P2) ,=1 ve 2=0 verilmisken m/;n(RSS +/12|,5,-|y)

Bu problemin ikisi de denktir. Yani 2>0 i¢in t>0 ‘in var olmasi veya
tersi olarak t=0 icin 2=0’m var olmasidir. Iki problem de aym
¢OzUmi Verir.

(P2) problemi >°|p|" ceza ve i ayar parametresi ile cezali regresyon
gibi yorumlamir. (P2) ‘yi diistinirsek, G(f8.X.,y,4.7)=RSS+4i> |5

olsun. Boylece G fonksiyonu minimize edilir. Yani

B:argmﬂinG(ﬂ,X,%ﬂ'?/)

dir



p,=0’da }|p;| fonksiyonu diferansiyellenebilir olmadigindan, g, =0
‘da G ‘nin B, ‘ye gore kismi tiirevini alabiliriz.

ORSS

% Ve  d(B.Ay)=2y|B| sign(B;)

Sj(ﬂixiy):

olsun. S—Gzo alindiginda

]

S,(B,X,Y)+d (B, A.7) =0
(P3)

Sp (B, X,y)+d(B,,4,7)=0

yazilabilir (Fu, 1998) . (P2 )‘nin ¢6ziimii bizi (P3)‘e gotiirecektir.



P3 “Uin nasil ¢ozulduguni gorebilmek i¢in,

y=BX+B6,Xt+¢&

dogrusal regresyon modelin1 diisiinelim. Hata kareler toplamu

RSS => (Y~ X~ Box,)  ‘dir. G fonksiyonunun p, ‘ye gore kismi

turevlerini aldigimizda, P3 “teki gibi

23" X4 (% = %y = B )+ 7| B 7 sian(8) =0

_ZZ Xi2 (yi _/leil _IBZXiZ ) + 17‘:82‘7_1 Sign(ﬂz) =0

\

denklemleri bulunur.
x, V& x, aciklayici degiskenleri iliskisiz ise, yani > xx,=0 Is€, her bir
denklem birbirinden bagimsiz olarak ¢oziliir. x, ve x, iliskili ise, yani

N xx. =20 1se. 1teratif (kademeli) olarak cozilecektir.



8. Ayar parametreleri 2 vet arasindaki iliski

Onceki boliimde (P1) ve (P2) problemlerinin birbirine esdeger
oldugunu i1ddia etmistik. Yani verilmis bir 1>0 i¢in t>0 vardir.
Oyleki (P1) ve (P2) aym c¢6ziimii paylasirlar. Aksi de dogrudur:
verilmig bir t>0 i¢in 2>0 vardir. B u boliimde ortonormal bir 6zel X
matrisi i¢in 42 ve t arasindaki 1liskiyi inceleyecegiz.

Sabit 2>1 i¢in (P1) in simirladigi alan Sekil 1 de gosterildigi gibi
konvekstir. Boylece Bridge tahmin kisitin sinir1 tizerinde elde edilir.
Bu durum sabit 2>0 i¢in t(4)=3|4,(».4)] y1 gerektirir. Ortonormal X

matrisi ile (P3) p bagimsiz denkleme indirgentir.

2, _22 X Yi +ly‘ﬁj‘Y1Sign(ﬂj) (81)

OLS tahmin edicinin j-inci bileseni > x.y, = 4, ; oldugundan Bridge
tahmin edici g=(4.45,.....5,)" asagidaki esitligi saglar:



Bj _ﬁOLS,j "'%/17‘,8] y—lsign(ﬁj)zo (82)

C=fs; V€ ;=51 s =B, Ic, gOsterimlerinin kullanilmastyla |
iizerinden toplam alinarak

YISV Y 8.3
yazilir. Boylece
t(2) :i—zyicfsj(l-sj) (8.4)

elde edilir. J den bagimsiz olarak s, =s Ve ¢. =¢ 6zel durumlart i¢in

t(ﬂ):i—iczs(l—s) (8.5)

bulunur.
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Relation between shrinkage parameters A and ¢ for orthonormal

matrix X.



9. Bridge Tahmin Edicinin Varyansi

y>1 Bridge tahmin edici, (P3) ‘lin tek ¢oziimii oldugundan ve
hemen hemen kuskusuz olarak sifira esit olmadigindan, varyansi
Delta metodu kullanilarak (P3) ‘ten asagidaki gibi elde edilir.

Var(,@)z(XTX +D()] jl X Var (y) X [xTx +D(4)]| Jl (9.1)

Yo Yo

Buradaki y,, ornek uzaydaki herhangi bir belirlenmis noktadir.
Varyans tahmini, g da p| ve Var(y) yerine tahminini koyarak elde

edilir.
F, =S,(8.X,y)+d(B,,4,7) olmak lizere F=(F,F,,..,F,)" olsun.

i=§+2D(ﬂ,7/,/1)

of op

Burada D(ﬂ,ﬂ,y):diag(w‘ﬂj‘y2);/>1 Ve B,#0 j=12,.,p i¢in pozitif

definit bir matristir. O halde

D(B)=dia9(ly (g_l)\ﬁj J
dir




Gauss dagilim icin

oF T OoF .
oF _ _ox ve a,é_ZXTx +2D(ﬂ)
dir. Kapali1 fonksiyon teoremi ile

B _ _(OFEY oF _1 ¢ .y BN V1 (o T
oy [aﬁ,j o 2((x X +D(A),) " (—2XT).

Boylece

Var(,&)=(%’é]|Var(y)(aa€j |

Yo

formilu ile (9.1) bulunur. Asagida 2 6zel durum yazilabilir.

1. OLS regresyon, yani 2=0. D(p) fonksiyonu sifir matrisi olur.
Boylece

Var(,é’)z(XTX)_l X War(y)X (XTx) " .

2. Ridge regresyon, ve =2 dir. 1 birim matris ve D(B)Z/u olmak

uzere
var (B)=(X"X + 1 ) "X Var(y)X (XTX +Aa1)) .

Bu ridge tahmin edicinin varyansidir. (4.7 ) de verilen Var(,érdg) ye

esittir.
LASSO baz1 £, =0oyaptig: i¢in delta metodu uygulanamaz. Buna

ragmen bootstrap ve jackknife metodu (Shao ve Tu 1995) wvaryans

hesaplamada kullanilabilir.



9. Sonuclar

Simulasyon sonuclarina gore, Bridge regresyon EKK
tahminlerini biizer/daraltir; kiiciik varyans ve kii¢ciik MSE elde edilir.

Bridge tahmin edici, LASSO ve Ridge tahmin ediciye kiyasla ve
EKK tahmin ediciye gore daha 1y1 performans gosterir. Gercek g
parametresi 0’1 igerdiginde LASSO Ridge’den daha 1y1, sifir olmayan
fakat kiiciik parametreler 1¢erdiginde 1se Ridge regresyon LASSO’dan
daha 1y1 performans gosterir.
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KESIKLi SANS KARISIMLI YARI-MARKOV SURECLERININ INCELENMESI UZERINE

1. KALAN OMUR ve PARADOKSLARI

“ {X,},n=12,.. dizisi bagimsiz ayn1 dagilima sahip pozitif
degerli rasgele degisken dizisi olsun.
% Bu rasgele degiskenlerin dagilimimi F(t) ile gosterelim. Yani

F(t) = P{X < t} olsun.

T., dizisine yenileme dizisi denir.
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N(t) =min{n = 1:T,, > t},t = 0 (1)

% N(t) siirecine literatirde yenileme siireci denir (Feller

anlaminda).
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% W(t) sirecine {X,} rasgele degiskenler dizisinin olusturdugu

yenileme surecinin kalan omru veya kisaca kalan omiir (residual

waiting time) denir.

% BuW(t)’ nin dagilimini H(t, x) ile gosterelim. Baska bir deyisle
H(t, x) = Fyey(x) = PIW(@) <x};  (3)

olsun.

% H(t,x) dagilim fonksiyonu asagidaki gibi gosterilebilir:
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Fyy(x) = H(t,x) = f |IF(t —s+x)—F(t—s)|U{ds} (4)
0

% Burada U(t) ile N(t) yenileme siirecinin beklenen degeri

gosterilmistir. Yani,

U =E(N®) = ) F'(©)  (5)
=0

% U(t) fonksiyonuna literatiirde yenileme fonksiyonu denir.
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¢ (4) formiiliinden kalan 6mriin olasilik yogunluk fonksiyonunu

asagidaki gibi elde edebiliriz:

fwo(x) = f(t+x) +j f(t+x—5s)U'(s)ds (%)
0
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Ornek 1: X, € Ustel (1) ise, her t >0 icin (*) esitliginden

asagidaki sonuc¢ elde edilir:

fwy(x) = 2e™ = f(x).

Ornek 2: X,, € Erlang (2; 1) olsun. Bu takdirde,

As 3 1
f(x) = Axe ™ x > 0: U(s) = 74_1 +Ze_2/15

olur.
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** Bunlar (*) esitliginde g6z 6niinde bulundurursak,

2
. —_ —Ax
= lim fyy(x) =7 (1 + Ax)e

¢ Genel durumda (*) formiiliinden yararlanmak cok da kolay
degildir. Bu nedenle t —» o iken kalan Omrin dagilimin

fonksiyonunun limit sekli bulunmustur.
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¢ Smith’ in Anahtar Yenileme Teoremine gore,

olur. Burada m; = E(X,)’ dir.
% (6) formiliindeki limit dagilimini, notasyon kisalig1 i¢in my(x)

ile gosterelim:
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\/

% 1o(x) dagilimina kalan émriin limit dagilim denir.

“* (7) formiiliinden olasilik teorisinin en meshur paradokslarindan
birisi (“kalan omiir paradoksu (residual waiting time’ s paradox)”)
elde edilir.

Ornek 1: X; € Ustel (1) olsun. Bu durumda m,; = 1/4;

F(s) =1—exp(—A4s),s = 0 olur. Bu ifadeleri (7) formiiliinde

yerine koyarsak asagidaki sonug elde edilir:
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X
mo(x) = Af exp(—As)ds =1 —exp(—Ax) = F(x). (8)
0
Yorum: (8) formiiliiniin anlam1 sudur:
> X, ‘ler Ustel dagilima sahip olduklarinda kalan Omriin
(W (t)) dagilimu ile tiim araligin dagilim birbirine esit olur.

» Buise sezgilerimize ters diisen bir sonugtur.
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> Ciinkii W(t), Xy araligmm bir parcasidir ve Oklid
geometrisi agisndan E(W(t)) < E (XN(t)) olmas1 gerekirdi.

Halbuki, bu durumda E(W (¢)) = 1/1 = E(Xy(p )’ dir.
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XN

Not 1: L(t) =t — Tn)-1 Olsun. L(t)’ ye gecen zaman denir
(Feller). Gegen (L (t)) ve kalan (W(t)) zamanlarinin ortak dagilim

t — oo iken asagidaki limit dagilimina yakinsar:
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_ y O
Frowe () = PILE) 2 W () 2y} — mlf (1= F(s))ds.
xX+y

Fiin() = PIL(O) 2 x} —> ~— ["(1 = F(5))ds

! foo(l — F(s))ds

Buradam, = E(X;) = fooo(l — F(S)) ds ° dir.

Fwiey ) = PIW(t) = y} ,

= P{L(t) < x} t—>o<>>n1 fx(l — F(S))ds;
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1
PIW(®) <y} — (1—F(s))ds.

% Gorildigh tizere, L(t) ve W (t) aym dagilima sahip iki rasgele
degiskendir.
< Ogzellikle, X; € Ustel (1) oldugunda L(t) € Ustel (1) ve

W (t) € Ustel (1) olur.
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<+ Dolayisiyla, ayn1 bir Ustel dagilima sahip araligin icine 2 tane
ayn1 parametreli Ustel dagilima sahip aralig yerlestirmis oluyoruz.
Bu ise bir paradokstur.

Not 2: L(t) ve W(t) rasgele degiskenleri Ustel dagilim disinda
hemen hemen her zaman birbirine bagimlidirlar. Bunu 2 ornekle
gosterelim:

Ornek 1: X,, € Ustel (1) olsun.
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= F(s)=P{X,<s}=1—e* ve my=E(X,) =1/2 olur.

1 0.0)
=> — (1—F(s))ds = e 2HY) = g M=ty
My Jx+y
olur.

< Bagka bir deyisle, Fy.we)(%;Y) = Frie)(X)Fy ) (y) olur.
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< Yani, X,, € Ustel (1) olduklarinda gecen dmiir (L(t)) Ile kalan

émiir (W (t)) birbirinden bagimsiz olur.

Ornek 2: X,, € Erlang (2; 1) olsun.
> F(s)=1+ 1+ As)e™™ ve my=E(X,) =2/ olur.

1 ® A
>— | (1-F(s))ds = [1 +—(x+y)]e"1(x+3’)
My Jyty 2




KESIKLi SANS KARISIMLI YARI-MARKOV SURECLERININ INCELENMESI UZERINE

olur.

Diger taraftan, t — oo Iken

FL(t)(x) = mijxoo(l — F(S))ds = (1 + —) e M.

1

Fw(t)(y) = ifoo(l — F(S))ds = (1 + %1) e Y
y

= A
= Frowm (G y) = [1 + > (x + y)] ety

2

_ _ A
= Fue) ) Fy() () — 7 xye );
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oldugu goriiliir.
< Ogzetle, eger X,, € Erlang(2; 1) ise bu takdirde, L(t) ve W (t)
birbirinden bagimli olduklarini gézlemliyoruz.

GECEN OMRUN MOMENTLERI UZERINE

¢ Rogozin (1964) calismasinda kalan Omriin momentleri i¢in

asagidaki sonucu elde etmistir.

- 1
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EW™ = Jim E(Wn(6)) = (nn;nf)lml &)

Burada m,, = E(X{"),n = 1,2, ... dir.

¢ Rogozin’ in bu formiiliinden yararlanarak bir¢ok ilgin¢ sonuca

ulasmak miimkiindir.
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“* Bu sonuc¢larin bazilar1 “Kalan Omiir paradoksu” nu da
desteklemektedir. Bunlarin bazilarini asagidaki 6zel durumlar
biciminde verelim:

Ozel Durum 1: X,, € Gamma (a, 1) olsun. Yani, olasilik yogunluk

fonksiyonu asagidaki sekilde verilsin:

A4 I'(a +n)
a_l _Ax. . — n — .
F(oc)x e " x,a,A>0;m, = E(X{") T

fx(x) =
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[(a+n+1)

E(Wh) = =1,2, ...
W = s Drer o™~ ¥
Buradan
a+ 1
E(W) = 57

elde edilir. Diger taraftan E (X;) = a/A’ dir.

¢ Dolayisiyla,

Sayfa 23
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< Ozetle, @ < 1 oldugunda Gamma dagilimmin kalan dmriiniin
ortalama uzunlugu X,, araliklarinin ortalama uzunluklarindan daha
biiytiktiir. Bu bir paradokstur.

Ozel Durum 2: X;, (a, 1) parametreli Weibull dagilimina sahip
olsun. Bu durumda X; rasgele degiskeninin dagilim fonksiyonu:

Fy(x) =1—exp(Ax%); x > 0; A,a > 0 olur.
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1/a 2/
E(X;) =my =—T{1/a); EX{)=mi=—7T1/a);
Ao Aa
m, m;
E(W) = om, = me my = Cgpmy = CpE(Xy)
m, al(2/a) 1
CF:me:FZ(l/a); a=§13e Cr = 3 olur.
Ozetle, E(W) = 3E(X) - Paradoks!!!

2. YANSITAN BARIYERLI ODULLU YENILEME SURECI
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Teorem 2.1: Baslangi¢ rasgele degiskenler dizisi {(§,,n,)},n =1
asagidaki kosullar saglasin:

) E(§) < +oo, i) E(7) < oo,

ll) 14 aritmetik olmayan rasgele degisken olsun.
“ Bu takdirde, X(t) siireci ergodiktir ve her Ol¢iilebilir sinirl
f(x)(f: [0, +o0) — R) fonksiyonu i¢in asagidaki esitlik, 1 olasilig1 ile

dogrudur:
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T
111_{?0 % f(X(u))du

0
= - j"j" oof( )P {ty > t; X(t) € dv}idtd
“EmOo) ) ) ) et viddm(z)

% Burada m)(z) dagilm {C,}, n=1,2,... Markov zincirinin

ergodik dagilimidir. m
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 Teorem 2.1° den elde edilen Onemli ¢ikarimlardan birisi
asagidaki teorem seklinde 1fade edilebilir.

Teorem 2.2: Her x>0 i¢in X(t) silirecinin ergodik dagilim
fonksiyonu Qx(x) asagidaki gibi yazilabilir:
E (Un (AL — x))

E(U,(AD)

Qx(x) =1-—
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“ Burada, Qx(x) = tlim P{X(t) < x} fonksiyonu X(t) siirecinin

ergodik dagilim fonksiyonu; C rasgele degiskeni 1y (z) dagilimina

sahip bir rasgele degiskendir.

< Uy(z) Ise {ny,n = 1,2, ... } rasgele degiskenler dizisinin iirettigi
yenileme fonksiyonu; E(M(A)) = [” M(Az)dm, (z) * dir. m

X
() =52 Qul) = lim (Y, (0) < )
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Ro(x) = (2/m,) j {joo(l — Fn(u)) du} dv
0 \"%

olsun.

Teorem 2.3: {€,} ve {n,}, n = 1,2, ... baslangic rasgele degiskenler

dizisi asagidaki kosullar1 saglasin:
) E(§) <oo; i) E(ny) > 0; iii) EM?) < oo;

IV) 14, aritmetik olmayan bir rasgele degisken olsun.
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% Bu takdirde, Y, (t) siireci ergodiktir ve onun ergodik dagilim
fonksiyonu (Qy(x)), A — oo iken Ry(x) dagilim fonksiyonuna zayif
yakinsar.

¢ Yani her x > 0 icin

X

}I\I_)IEIO Qv(xX) = Ry(x) = min {fvoo(l — Fn(u)) du} dv
0
| Y

olur. m
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Not 1: Ry(x) dagilimi {n,} rasgele degiskeninin olusturdugu
yenileme strecinin “kalan 6mrunun” limit dagilimina sahip rasgele
degiskenlerin olusturdugu yeni bir yenileme siirecinin “kalan
omriniin” limit dagilimini ifade etmektedir.

Not 2: n,” ler B > 0 parametreli Ustel dagilima sahip olduklarinda

R (%) limit dagilimi da (3 parametreli tistel dagilima doniisiir, yani

Ro(x) =1—eB% x> 0olur.
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Not 3: n,’ ler ikinci mertebeden 3 parametreli Erlang dagilimina
sahip olduklarinda Ry(x) limit dagiliminin asikar sekli asagidaki
gibidir:

e 3 N
X
Rix)=1- (1 + ?) e P x>0.
_ Yy
3. NORMAL MUDAHALELI

ODULLU YENILEME SURECI
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= P

X(t)/ave Qy(y)

Yo (0)
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Teorem 3.1 (Zayif Yakinsama Teoremi). a — c iken, 6/a — 0
kosulu altinda Y, (t) siirecinin dagilim fonksiyonu (QY (y)), 10,1]

araliginda Diizgiin dagilim fonksiyonuna zayif yakinsar, yani her

y € (0,1) icin a — oo iken, Qy(y) — y olur.
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Not: a — oo iken g/a — 0 saglandiginda, Qy(y) — y olduguna
gore, Qy(x)~x/a oldugu ortaya ¢ikar. Buradan asagidaki sonuca
ulasilir.

Teorem 3.2: Teorem 3.1’in kosullar1 altinda, X(t) siirecinin
ergodik dagilimi, a — oo iken, [0, a] araliginda Diizgiin dagilima

denktir, yani Qy(x)~x/a’dir. =
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4. GAMMA MUDAHALELI
ODULLU YENILEME SURECI

LA

[JEET: AT
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W, (t) = @; {n € Gamma(a, 1) = G, 5 (x);

Qw(x) = P{W,(¢) < x}
Teorem 4.1: Baslangi¢ rasgele degiskenler dizisi { (&, 1, ()}, n =

1 1¢in ek olarak asagidaki kosullar saglasin:

1) 0 < E({y) <,2) E(y) >0,3) EMF) < oo,
4) n,, aritmetik olmayan bir rasgele degiskendir.
5) ¢, rasgele degiskeni (a, ), > 0,4 > 0 parametreli gamma

dagilimina sahip olsun.
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% Bu takdirde, @ > 1 i¢in A — 0 iken W, (t) siirecinin ergodik

dagilim fonksiyonu i¢in asagidaki asimptotik agilim yazilabilir:

my
2mya

Qu, () = Ra(x) + 5——(Ga1 () = Ra(2)) A + 0(2),

% Burada my, = E(n¥), k = 1,2; Ry(x) == (1 = o1 (D)) dt;

Gg1(x) = ﬁ Ox t* le~tdt ‘dur.
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Teorem 4.2. Teorem 4.1°1n kosullar1 saglansin. Bu takdirde, her
x = 0 ve a>1icin W(t) siirecinin ergodik dagilim fonksiyonu,

R, (x) dagilim fonksiyonuna yakinsamaktadir:

», Burada
* 1 "
| R,(x) == j (1-Gar(®)dt |
0
1 X
— a—1_,—-t
Gal(x)—r(a) : t* e tdt

)
#—
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5. TUTAN BARIYERLI RASGELE YURUYUS SURECI

X(t)

Y, (t) = — ; px(a) = t11_)rcr>1o E(exp(iaX(t))) ;

¢y(a) = lim E(exp(iaY,(t)))

Teorem 5.1. Ergodik Teoremin kosullar1 saglanmis olsun. Bu
takdirde, Y, (t) siirecinin ergodik dagilimmin karakteristik
fonksiyonu, A — oo iken, asagidaki limit karakteristik fonksiyonuna

(po(a)) yakinsar, A — oo iken;
[ Py () = @o(a) = Pelo) — 1,a # 0 J

iaE({;)
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< Burada @;(a), {jrasgele degiskenin karakteristik fonksiyonu;

E({;) ise ¢;'In beklenen degeridir.
Ispat 5.1:

1 foo S Psyom (—0) — 1
E(N;(AZ;)) + K Py (—o) —1

Z=0

px(a) = dm(z)

0.0)

| €9 @5y, (0N, @€ R\(0)

Z=0

X K
E(N;(AG;) + K

F(0) — F(—2z)
F(0) °

P{(, <z} =7(z) = F(z) = P{n, < z}.
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Onerme 5.1. @, () bir karakteristik fonksiyonudur.
Karakteristik fonksiyonlarinin bire-bir o6zelligine gore (bkz.,

Lukacs), bu o demektir Ki,

pz(a) — 1
iaE((y)

Po(a) =

Ifadesi G(x) dagiliminin karakteristik fonksiyonudur. m
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Teorem 5.2. Y, (t) siirecinin ergodik dagilimi Qy(x), A — oo iken

G(x) dagilimina zayif yakinsar, yani her x > 0 i¢in:
lim Qy(x) = G(x)

olur. Burada
e . )
G(x) = ) Of 1 — nz(z) d(z)
| R

dagilim fonksiyonu, {(,} dizisinin irettigi yenileme siireci i¢in

""Kalan Omriiniin"' limit dagilimidir.
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F(0)-F(-2)
F(0)

Sonug 5.1. Tz (z) = esitligini (8.17)’de yerine yazilirsa

asagidaki 1ifade elde edilir:
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