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POLITUS TURKIYE PANORAMASI
Secimlere Gidetken Hangi Se¢cmen Ne

Hissediyor ve Neyt Konusuyor
2023 CUMHURBASKANLIGI SECIMLERI

Giris

Bu rapor Cumhurbaskanhgi Secimi surecine dair se¢gmen egilimleri ve 6zellikleri hakkinda 2023 yili
verilerden derlenen zamansal ve cografi analizler sunmaktadir.

Bulgular Twitter'dan elde edilen iceriklerin yapay zeka yontemleri ile islenmesi sonucunda elde
edilmistir. Analizlerin zaman aralgi hafta seviyesi, cografi birimi ise il seviyesidir.

Raporda yer alan segmen parametreleri su sekildedir:
> Duygu dinyasi

> Siyasi konular

> Ideolojik egilimler

Hakkimizda

Politus Analytics, Avrupa Arastirma Konseyi tarafindan desteklenen ve Kog Universitesi biinyesinde
yartttlen Politus Projesi kapsaminda faaliyet yuriutmektedir. Proje kamuoyundaki trendleri otomatik
olarak oOlcmek icin yapay zeka ve bilyuk veri yontemlerini kullanan bir veri platformu
olusturmaktadir.

Platform, Turkiye'deki temel siyaset, toplum ve piyasa egilimleri hakkinda temsili, ylksek frekansli,
gercek zamanl ve cografi detayli panel veriler saglamaktadir. Politus Analytics, sosyal medyadaki
dijital izleri dogal dil isleme, ag analizi ve derin 6grenme yontemleri ile otomatik olarak analiz ederek
tiketici ve segmen egilimlerinin, ideolojilerin, inanglarin ve degerlerin, toplumsal giindemde énem
verilen konularin degisimi gibi kamuoyu dinamikleri hakkinda 6lgiimler yapmaktadir. Bu 6lgimler,
cografi olarak konumlandiriimistir. Boylece veritabani bdlgesel ve ulusal dizeyde analizlere izin
verirken yas, cinsiyet gibi temel demografik degiskenlere gore de ayristirma olanagi saglar.

Politus Analytics, sosyal medya platformlarindan topladigi verileri etik ve veri mahremiyeti acisindan
uyumlu yapay zeka yontemleri ile incelemektedir.
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Yontem

Rapordaki bulgular Twitter API yardimiyla toplanan kullanici ve igerik bilgilerinin uygun Dogal
Dil isleme ve Derin Ogrenme teknikleriyle islenmesi sonucu elde edilmistir. Politus
Analytics'in veritabaninda an itibariyla toplamda 310 milyon tweet yer almakta ve bu sayi her
gecen giin artmaktadir. ilgili veriler GDPR ve KVKK kapsamindaki etik ve hukuki sinirlar
cercevesinde muhafaza edilmektedir.

Makine dgrenmesi modellerinin girdisi olan veriler, alanlarinda uzman sosyal bilimcilerin
destegi ile olusturulmaktadir. Uzmanlar, kavramlar ile ilgili detayll tanim rehberleri
olusturduktan sonra, tweet’ler bu rehberlere gére en az iki isaretleyici tarafindan isaretlenir.
isaretleyicilerin ortak ya da farkli olarak isaretledigi tim tweet'ler tekrar uzmanlar tarafindan
gelistirilen kavramsallastirmalar kapsaminda degerlendirilerek son haline getirilir. Bu
kavramsallastirmalar Gizerine ¢ok detaylica ¢alisiilmasi sayesinde yapay zeka modelleri nadir
rastlanan zor kavramlari dahi ayirt edebilecek sekilde egitilmistir.

Ayrica Politus Analytics sonuglari, resmi veriler veya konu bazinda yapiimis diger anketler ile
korelasyon degerlendiriimesi yapildiktan sonra yayinlanmaktadir.

Duygu endeksleri, bir metnin genel duygusal tonunu yansitan oélgutlerdir. Oncelikle, duygu
analizi araclari ile tweet’lerin icerdigi duygu belirlenerek her hafta icin bu tweet'lerin ortalama
duygu puani hesaplanir. Bu vesileyle, yalnizca Twitter kamuoyunun duygusal degisimini
degil, ayni zamanda konusulan konularin duygular ile baglantili olarak degerlendirilebildigi
endeksler haftalik olarak takip edilebilmektedir.

Veri olusturulmast ile ilgili arastirma sireci ve is akis grafigi asagida yer almaktadir.

Arastirma Siireci ve is Akisi

s & | B & @

Gevrimici Platformlar Data Temizlenmesi isaretieme  AJ Analizi  Cevrimigi Anket

0 - o4

Veri Platformu

Temsiliyet (MRP) Model Egitme ve Tahminleme
Demografi
Duygular «  Cok Katmanl Regresyon Post * NP
Ideoloji ve Degerler Stratifikasyon +  Derin Odrenme
Sektarler (Multi-level Regression with Post * BuyguveDuruy Anaiiz
Konu Kategoriler: Stratification)
Markalar
Egilimler
Oy Verme

Gdérev Onay Oram
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Secmen Duyegular:

2023 CUMHURBASKANLIGI SECIMLERI

Secmen duygularn arasinda adaydan bagimsiz olarak en baskin duygu 6fke olmakla birlikte,
Twitter platformunun yapisi da 6fke duygusunun daha fazla yer almasinda etkilidir; ofkeli
kullanicilar daha fazla tweet atma egilimindedir. Bu nedenle duygular ayri ayri
degerlendirilmis, duygular arasinda bir karsilastirma yapiimamistir. Ofke duygusu konu
bazinda degerlendirildiginde Ulke gindemini mesgul eden 6nemli hukuki davalarin 6fke
duygusunu yukari yonlu etkiledigi gozlemlenmektedir.

6 Subat Kahramanmaras depremi ve sonrasinda 6fke ve Uzintd duygulart en yuksek
seviyedeyken mutlulukta da beklendigi Gzere ciddi bir distus olmustur.

Konu 6zelinde ve haftalik bazda umut ve umutsuzluk duygulari inis ve c¢ikislar icermekle
birlikte, 2023 basindan itibaren umut artarken umutsuzluk disus trendindedir.

Umut

Umut duygusu Erdodan destekgileri arasinda istikrarli bir trend izlerken Kilicdaroglu
destekgileri arasinda yukselme egilimindedir. Umut duygusundaki en belirgin cikis,
Kiligdaroglu'nun adayliginin aciklandigi hafta gerceklesmigtir.

=—Erdogan =-=Kiligdaroglu

Kilicdaroglu adaylik =8
aciklamasi
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Mutluluk

Sec¢menin mutluluk durumunu belirleyen en 6nemli olay, kuskusuz Kahramanmaras merkezli
depremdir. Deprem felaketi, her iki segmen grubunu da benzer sekilde etkilemistir.

==FErdogan =e=Kilicdaroglu
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Minnet

Erdogan destekgilerinin minnet duygusu Kilicdaroglu destekgilerine gore daha ylksek

gorinmektedir.

==Erdodan ==Kiligdaroglu
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Ofke

Depremle birlikte (minnet duygusuna paralel olarak) tim secmenler arasinda ofke
duygusunda bir yukselis yasadigi gézlenmistir. Ancak tim bu sire¢ boyunca Kiligdaroglu
destekcilerinin 6fkesi Erdogan destekgilerinin Gzerinde seyretmekle beraber genel olarak bir
azalma trendinden soz edilebilir.

==Erdogan =-==Kiligdaroglu
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Umutsuzluk

Kiligdaroglu'nun adayhginin aciklandigl hafta ve sonrasinda Kilicdaroglu destekcileri arasinda
oldukca yuksek olan umutsuzluk duygusunun anlamh 6lciide azaldi§i gorilmektedir. Son
haftada Kiligdaroglu destekgileri arasindaki umutsuzluk en disuk seviyesine gerilemigtir.
Erdogan destekcileri arasinda da umutsuzluk acgisindan asagi yonlu bir trend gorulmektedir.

=—Erdogan -=Kilicdaroglu
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Uzuntu

Depremin tim se¢cmenlerde derin bir Gzuntlye yol actigi, Politus verilerine agikca yansimistir.
Uzuntl duygusu acisindan Erdogan ve Kiligdaroglu destekgileri arasinda ciddi bir fark

g6zlemlenmemektedir.

==Erdogan =-==Kilicdarogiu
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‘ Kahramanmaras
Depremi

Kaygi
Ancak, kaygi hissiyatinin, 6zellikle deprem déneminde, Kilicdaroglu destekcileri arasinda daha
yuksek oldugunu gérmekteyiz.

==FErdodan ==Kilicdaroglu
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Korku

Kilicdaroglu destekgileri arasinda korku hissiyatinin, Erdogan destekcilerine gére ¢ok daha inisli
cikish bir trend izledigi ve gorece yiksek oldugu gorulmektedir.

==Erdogan =e=Kiligdaroglu
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Saskinlik

Benzer bir sekilde, Erdogan destekgileri arasinda saskinlik dizeyinin goérece istikrarl
seyrettigini, Kihgdaroglu destekgcilerinin saskinlik duygusunun ise oldukca inis ¢ikisli oldugu

gorulmektedir.
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Konu Bazinda.4nalizler

2023 CUMHURBASKANLIGI SECIMLERI

Ofke & insan Haklari, Adalet ve Ekonomi

Ofke, secmenler arasinda en yogun olarak tespit etti§imiz duygudur. Ozel olarak, adalet
sistemi konusunda duyulan 6fke insan haklari ve ekonomiye gore anlamli derecede
yuksektir. Ekonomi konusunda duyulan 0Ofke, depremle beraber en disik seviyesine
inmisse de, 4 Mart haftasindan itibaren dogrusal bir artis gostermektedir. Son haftada
ekonomi konusundaki 6fke insan haklari konusundaki 6fkenin (izerine g¢ikmistir. insan
haklarl konusunda duyulan ofkenin imamoglu, Kaftancioglu, H.K.G. davasi gibi dava
tarihlerine gore artis egiliminde oldugu g6zlemlenmektedir.
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Glindem Konularinin Zamansal Degisimi

Asagidaki iki grafik, cesitli konularin ne yogunlukla konusuldugunu ve bunun zaman
icerisindeki degisimini gostermektedir. Barinma ve saglik konularinin agirligi depremle birlikte
ciddi bir artis gosterirken Mart ayinin basindan itibaren oy tercihi ve sec¢im konularina yonelik
ilgide yuksek bir artis yasandigi gorilebilir.

0.45 =s=Sosyal Politika =s=Emek ve Is giicl =s=Egitim ==Saglk ===Barinma
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Hangi ilde Hangi Konular Konusuluyor?

Adalet

Adalet konusunun bahsi, tim bolgelerde benzer bir dagihm gostermektedir. Blyuksehirlerin
adalet konusundan daha ¢ok bahsettigi soylenebilir.

Adalet hakkinda tweet atan kullanicilarin illere gére yogunlugu

quantile

0.e0, 0.70
0.70,0.72
0.72,0.73
0.73,0.74
0.74, 0.79

Barinma

Barinma konusu tahmin edilebilecegi gibi deprem bdlgesinde 6n plana ¢ikmaktadir. Renk
yogunlugunun en yiksek oldugu iller deprem bdlgesi olarak gériinmektedir.

Barinma hakkinda tweet atan kullanicilarin illere gore yogunlugu

jenkscaspall
0.13, 0.17
0.17, 0.18

| @ 0.18, 0.20
« ® 020,023
@® 023032
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D1s isleri

Dis igleri ile alakall konular tlkenin batisindan ziyade orta ve dogu kesimlerinde daha ¢ok
konusulmaktadir.

Dis isleri hakkinda tweet atan kullanicilarin illere gore yogunlugu

jenkscaspall
0.16, 0.19
0.19, 0.20
@® 0.20,0.22
® 022025
0.25, 0.34

Egitim
EQgitim, tim bolgelerimiz icin yogun bir bicimde ilgi gosterilen bir konu olarak karsimiza
¢cikmaktadir.

Egitim hakkinda tweet atan kullanicilarin illere gore yogunlugu

fisherjenks
0.25, 0.26
0.26,0.30
® 0.30,0.33
@® 0.33,035
@® 0.35041
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Ekonomi

Ekonomi de, adalet ve egitim gibi, tim boélgelerimizi benzer sekilde mesgul etmektedir.
Yine buyulksehirlerde Ekonomi konusunda daha ¢ok konusuldugu g6zlemlenebilir.

Ekonomi hakkinda tweet atan kullanicilarin illere gore yogunlugu

quantile
0.21,0.28
0.28, 0.29
@ 0.29,0.30
@& 0.30, 0.32
® 032,037

Ic isleri
ic isleri ve guivenlik konularinin tilkenin dogu ve giineydogusunda daha ¢ok konusuldugdu
sdylenehbilir.

Ic isleri hakkinda tweet atan kullanicilarin illere gére yogunlugu

fisherjenks
0.17,0.20
0.20,0.22
@ 022,035
@® 0.25 027
@® 027,032
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Insan Haklari

insan haklari konusu, daha ¢ok Dogu ve Giineydogu Anadolu bolgelerinde giindem
olmaktadir.

Insan haklari hakkinda tweet atan kullanicilarin illere gére yogunlugu

jenkscaspall
0.26, 0.29
0.29, 0.32

@& 0.32,0.35
® 0.350.39
@® 0.39, 047

Emek ve Is giicii

is ve is gucii konularinin Orta Anadolu'nun dogu kisminda daha ¢ok giindem olmasi kayda
degerdir.

Is ve is glici hakkinda tweet atan kullanicilarin illere gére yogunlugu

jenkscaspall
0.15, 0.20
0.20, 0.23
0.23, 0.24
0.24, 0.26
0.26, 0.33
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Kurt Meselesi

Kart meselesi, Marmara’'nin dogusu, Orta Anadolu, Dogu ve Gineydogu Anadolu
bolgelerinin giindeminde daha ¢ok yer tutmaktadir.

Kurt meselesi hakkinda tweet atan kullanicilarin illere gére yogunlugu

jenkscaspall
0.11, 0.14
0.14, 0.15
& 0.15,0.17
® 017,023
@ 023034

Milli Savunma

Milli savunma ile alakal konular, milliyetci segmenin yogun oldugu Orta Anadolu illerinde en
¢ok konusulmaktadir.

Milli savunma hakkinda tweet atan kullanicilarin illere gére yogunlugu

" fisherjenks
4&«5 29" Ny o ornom
u{i " : ' Is el ® 028035

2 o
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Oy Verme ve Secimler

Secim konusu da, ekonomi, adalet ve egitim gibi, tim tlkeyi benzer sekilde ilgilendiren bir
konu olmakla birlikte biylksehirlerde gorece daha fazla konusulmaktadir.

Oy ve secimler hakkinda tweet atan kullanicilarin illere gére yogunlugu

quantile
0.36, 0.42
0.42, 0.44
@ 044,046
® 046,048
0.48, 0.59

Rejim ve Anayasa

Rejim ve anayasa konulari, se¢im sistemine olan ilgiye paralel bir gérinimdedir.

Rejim ve anayasa hakkinda tweet atan kullanicilarin illere goére yogunlugu

jenkscaspall
0.16, 0.20
0.20, 0.22

’ ® 0.22,0.23
4 @ 0.23,0.24

L @ 024,034
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Saglik

Saglik, Ege ve Akdeniz kiyillarinda daha ¢ok giindem olmaktadir.

Saglik hakkinda tweet atan kullanicilarin illere gore yogunlugu

jenkscaspall
0.45, 0.53

0.53, 0.54
@ 054,055
® 0.55,058
® 058,071

Sosyal Politika

Sosyal politikalar konusundan Orta Anadolu bélgesinde daha fazla bahsedildigi gorilebilir.

Sosyal Politikalar hakkinda tweet atan kullanicilarin illere gore yogunlugu

fisherjenks
0.09, 0.11
0.11, 0.13
@ 0.13,0.15
i @ 0.15 016
® 016,019
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Yolsuzluk

Yolsuzluk konusuna dair ilginin tlkenin batisina dogru bi artis gosterdigi gézlemlenmekle
beraber, konu hakkinda en ¢ok konusulan iller farkli bélgelere dagiimis haldedir.

Yolsuzluk hakkinda tweet atan kullanicilarin illere gére yogunlugu

fisherjenks
0.02, 0.04
0.04, 0.05
@ 0.05,0.06
® 0.06,007
@® 0.07,008
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Ideolojik Egilimier

2023 CUMHURBASKANLIGI SECIMLERI

Asagidaki haritalar, cesitli ideolojik gorislerden secmenlerin hangi sehirlerde daha yogun
oldugunu gostermektedir. S6z konusu ideolojiler sirasiyla muhafazakarlik, liberalizm, Turk
milliyetciligi, kemalizm, islamcilik, feminizm, ve cevreciliktir. Bu ideolojiler arasinda en
yogun sekilde tespit ettigimiz ideoloji Ttrk milliyetciligi olmustur.

Muhafazakarlik

Muhafazakarlarin illere gore yogunlugu

jenkscaspall
0.13, 0.18
0.18,0.22
@ 0.22,026
@® 0.26,0.30
@® 0.30,044

Liberalizm

Liberallerin illere gore yogunlugu

fisherjenks
0.16, 0.20
0.20, 0.23
® 023,026
i @ 0.26,0.32
& @ 032039
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Tiirk Milliyetciligi

Turk milliyetgilerinin illere gore yogunlugu

manuel
0.54, 0.60
0.60, 0.63
@, 0.63,0.70
® 070,075
® 0.75 0.90

Kemalizm

Kemalistlerin illere gore yogunlugu

jenkscaspall
0.23,0.32
0.32,0.39
® 039,042
@® 0.42,046
® 0.46,054
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Islamcilik

Islamcilarin illere gére yogunlugu

Feminizm

Feministlerin illere gore yogunlugu
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Cevrecilik

Cevrecilerin illere gore yogunlugu




Anket Birlestirme

2023 CUMHURBASKANLIGI SEEIMLERI

Hazirlayanlar: Oguz Gurerk, Erdem Yo6ruk, Mehmet Fuat Kina, Sukri Atsizelti

Kritik 2023 Cumhurbaskanligi Secimleri yaklasirken kamuoyu anketlerinin sikligi da
gitgide artiyor. Siyasi partiler tarafindan Cumhurbaskanlgi adayini belirlemede dikkate
alinan kamuoyu anketleri, karar alma sireclerini olumlu ya da olumsuz sekilde
etkileyebiliyor.  Buradaki riskler, anketi dizenleyen kurumlarin  ybntemsel
yaklasimlarindaki hatalardan ve/veya siyasi egilimlerinden ve tarafliligindan
kaynaklaniyor. Turkiye’de secim anketlerine yonelik bir anket birlestirmesi [poll
aggregation] uygulanagelen bir calisma olmamakla beraber, bu tarzda var olan birkag
calisma, anketlerin basit aritmetik ortalamasindan ibaret bir hesaplama yontemi
kullaniyor. Ancak, asagida bahsedilen sorunlardan 6turd, aritmetik ortalama, yaniltic
sonuglara yol agabiliyor.

Politus Analytics olarak 2023 Cumhurbagskanligi Secimleri’'ne yonelik yapilan anketleri en
isabetli sekilde birlestirebilmek icin istatistiksel bir yontem uyguladik. Bu yontem, anket
sirketlerinin ge¢cmis secimlerdeki hata oranlarini agirliklandirma strecine dahil eden bir
yaklasimi temel aliyor. Gecmis secimlerdeki hata paylari, yukarida bahsedilen iki tipteki
hata payinin (yontemsel ve siyasi) kiimulatif olarak dlgciimtine olanak sagliyor. Bir anketin
tahmini, secim sonucuyla ne kadar ortusuyorsa, o anketi yapanin birlestirmedeki goreli
agirhginin o kadar fazla olmasi gerektigi 6nciliine dayanan bir anket birlestirme yéntemi
oneriyoruz. Ote yandan, anket sirketlerinin 2018 ve 2019 secimlerindeki hata oranlarini
hesaplamaya dahil ederek her bir sirketin uzun bir stirecte genel olarak ne kadar “isabetli”
oldugunun bir endeksini de cikarmis oluyoruz. Bu endeksi de her sirketin 2023
Cumbhurbagkanhgi Secimleri ile ilgili tahminlerini agirhklandirmada kullaniyoruz.

Buna gore nisan ayinin basindan bu yana Muharrem ince'nin oy oranin gittikce azaldigi
goraluyor. Kiligdaroglu ve Erdogan arasindaki fark ise gorece istikrarh bir trend takip
etmekle beraber, ikisinin de oy orani artis gosteriyor. Ote yandan elde ettigimiz sonug, ilk
turda secimi bitirmek icin gereken yuzde elli sinirna iki adayin da erisemedigini isaret
ediyor.
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1 Methods

1.1 Introduction to poll aggregation

Polls serve as accounting devices to monitor vote intentions at a point in time, and ideally, all
survey data should accurately reflect population preferences. Although the central roles of surveys
and sampling are facing some challenges in the twenty-first century with the threats to their accu-
racy from increasing (and differential) nonresponse and major cost pressures, still, they continue to
have essential roles that other sources and methods of information gathering cannot easily replace.
However, we know that polls suffer not only from sampling error', but also from “house effects”:
pollster-specific bias introduced by particular sampling frames, non-transparent weighting formulas,
or political allegiances of the firms involved. Thus, differentiating a potential source of bias in a
measurement of opinion from genuine swings in the political mood is not an easy task.

In this report, we evaluate pre-election polls in Turkey, which are often the subject of heated
debates, from a perspective of survey methodology and introduce a new method of poll aggregation,
which is based on past performance assessments of the pollsters with respect to an accuracy measure
first introduced by Martin et al. (2005). For various reasons (to be briefly explored next), averaging
estimates across surveys can be a useful strategy for mitigating particular types of error. But caution
is merited, as a single unbiased, high-quality survey will frequently outperform an aggregation of
biased, lower-quality results, [9].

1.1.1 Choices in aggregation and common errors in polling

Aggregating polls involves combining the results of multiple polls on a particular topic or race to
get a more accurate prediction of the target, which can be done by taking a simple average of the
polls, or by using sophisticated methods such as Bayesian models, various smoothing algorithms, or
statistical modeling of underlying time-series process when combining different surveys. However,
“attrigin tas urkidttigin kurbagaya degiyor mu” is another topic. Poll aggregation can help reduce
the margin of error and increase the accuracy of predictions given that differences in survey design
and sample size are accounted, which are — as we will see — not possible or accessible in most cases
in Turkey.

In general, large sample surveys will produce more precise estimates than small sample surveys
given all else being equal since a larger sample size allows for a smaller margin of error, which means
that the results are more likely to be representative of the population being studied. However, unlike
sampling error, nonsampling error cannot be reduced simply by conducting more and larger surveys.
Note that margin of error is a statistical concept that is used to indicate the level of uncertainty
associated with a sample estimate, which is calculated based on the assumption that the sample
was selected using random sampling. If the sample was not selected based on a method of random
sampling, then the margin of error is not a valid measure of the uncertainty associated with the
estimate, and in that case, it would be misleading to report a margin of error. So, it is important
to report the limitations of the sample and the method used to select it.

Las well as additional types of error (other than nonresponse) that are not reflected in the usually reported margins

of error: frame, measurement, and specification, etc. as observed in the extensive literature on total survey error. See
[10, 4, 7] for a comprehensive and systematic account of potential sources of bias.



Traditionally, “pollsters are used to minimizing nonsampling error by adjusting for differences
between sample and population. Depending on the goals of the adjustment, various techniques are
used, where the simplest approach is weighting — for instance, people in groups who are less likely
to be included in the set of respondents (because of sample design or nonresponse) are given higher
weights, etc.”, [6]. However, “survey weighting is a mess. It is not always clear how to use weights in
estimating anything more complicated than a simple mean or ratios, and standard errors are tricky
even with simple weighted means”, [5]. What is more, unfortunately, is in fact that survey reporting
practices in Turkey are often opaque in terms of methodology?, [2]. Aydas (2020) documents that
the share of polls with sampling methods unreported makes up about 69% of all publicly available
pre-election polls in Turkey?.

Therefore, any method of poll aggregation (or a statistical modeling of repeated polling data)
based on unreported polls lacks the scientific foundation on which it can be brought forward. How-
ever, scrutinizing a large number of pre-election polls on the basis of their “predictive accuracy”
with respect to a measure we are to make use of enables us to argue whether pollster-specific biases
and/or political allegiances of the polling firms involved are in fact in effect. Afterwards, we propose
a method of poll aggregation based on the premise that the more predictive accuracy a poll has, the
more its pollster deserve relative weight in the aggregation.

1.2 A measure of accuracy

Here, we rely on a methodology formalised by Martin et al. (2005); and via its generalization by
Arzheimer and Evans (2014), we empirically and systematically study error in election polling, tak-
ing advantage of the fact that polls are typically conducted for each election, and that the election
outcome can be taken to be the ground truth. Accordingly, we then move on to estimating the
magnitude of the polls’ errors, or biases, in the 2018 Turkish presidential election cycle and the
March 2019 municipality elections®.

First, we analyse the measure in its original form. In [8], the magnitude of a poll’s bias is defined
relative to an election outcome, given by the following measure A, which measures the accuracy of
a poll as a predictor of a two-party election result. Specifically,

A =log (1%) , (1)
D

where R/D is the ratio of actual votes for the Republicans and Democrats, respectively, and r/d
is the ratio of support for the two parties in a given pre-election poll.

“It is easily computed and summarized, and it can be used as a dependent variable in multivari-
ate statistical analyses of the nature and extent of biases that affect election forecasts and to identify
their potential sources”, [8]. It is comparable across elections with different outcomes and among
polls that vary in their treatment or numbers of undecided voters because looking at the odds of
the two major parties takes undecided respondents and nonvoters out of the equation consistently,

2In the master’s thesis, Aydag (2020) presents an extensive examination of the reporting practices of pre-election
polls in Turkey for all elections conducted between 2011 and 2019, where the dataset includes 374 polls for 11 elections.

3What may be more surprising is that this is the highest reporting rate, which is from the November 2015 General
Elections, as Aydas (2020) finds, “the polls for the 2019 Istanbul Mayoral Elections have the lowest rate of reporting
sampling method where only 8% of the polls did so”, [2].

4Ankara, Istanbul, and Istanbul (repeated).



while calculating the ratio of the odds focuses on whether the advantage of the winning party was
adequately reflected in the survey [8, 1].

In particular, apart from the expected values of odds ratio other than 1, due to known sam-
pling errors, values that exceed sampling errors can be regarded as real bias affecting the poll. If
the odds ratio is greater than 1, this indicates a poll that favoured the Republican candidate com-
pared to the actual result of the same candidate: the poll referred to an overestimated proportion
of votes to the r—candidate in relation to the actual result. Conversely, an odds ratio less than
1 implies a poll that favoured the Democratic candidate compared to the election votes for that
candidate. Finally, the transformation of the odds ratio by taking the natural logarithm® makes the
measure symmetric around zero (no bias). Thus, the farther the value of the measure is from 0, the
worse the predictive ability of the poll is. On the other hand, when the odds ratio is close (or ex-
actly equal) to 0, it can be said that the pre-election poll accurately predicts the official results [8, 1].

Martin et al. (2005) further shows A’s superiority to earlier measures of poll accuracy [8]. In
its original form, however, A is restricted to two-party systems, and is therefore inapplicable to
the majority of democratic systems [1]. To generalize the approach for a choice between k parties,
Arzheimer and Evans (2014) define p as a vector of proportions py,ps,---px of respondents who
support party ¢ in a given poll, and v as a vector of proportions vy, vs, - - - i of citizens who actually
vote for the respective party, [1]. Depending on the question at hand, (self-declared) nonvoters (or
the undecided) can be either excluded from the analysis following the lead of Martin et al. (2005) or
coded separately as a pseudoparty [1]. Applying this generalized terminology to a two-party race,

eq. (1) becomes
p1 p1
D 1—-v;

From eq. (2), Arzheimer and Evans (2014) gives a straightforward definition of a “party-specific”
measure A} of polling accuracy as follows. For the i th of k parties, A} is

= Ekpi P;

- Y .

Al =log <UP> =log | =5—| forj#i. (3)
1-vi _?:1 Vj

Then, let a be the vector of k party-specific measures of bias A}, A5,..., A} for a pre-election

poll conducted by a pollster. A} retains the interpretation of A, and for the two-party case, the
absolute values of A} and A are identical. Positive values indicate that a poll overestimates support
for party ¢, whereas negative numbers show that the poll is biased against i. If the poll is in perfect
agreement with the result of the actual election, all A’s are zero.

In most cases, however, “a survey sample is treated as a single realization of a random process
that under essentially identical conditions could have produced an infinite number of similar but
slightly different samples” so that it can be considered as a measure of public opinion at a point
in time, revealing vote intentions. Thus, “A and A} are just estimates for the true systematic bias
that results from house effects, social desirability, or real changes in the population after the poll
was taken. As a consequence, the question of the precision (standard error) of these estimates is
crucial”, [1].

5The natural logarithm is denoted by “log” instead of “In”.



Take, for example, a poll by KONDAS for the Presidential election on June 24, 2018. Then, the

corresponding row vector’” agonpa = (A5ra Alnece Aars. Apem. Akar. Alper.) becomes

(—-0.028 —0.13 0.37 0.076 —-0.24 —0.69) ,

where each coordinate shows a specific bias with respect to the candidates (Erdogan Ince Aksener
Demirtag Karamollaoglu Peringek). For comparision, the traditional poll error for KONDA is found
by subtracting the election outcome from the announced poll numbers, which is

(—0,69 —2,64 2,91 0,6 —0,19 —0,1) .

Whereas A} captures party-specific bias, applied researchers will also be interested in overall
measures of (in)accuracy, so Arzheimer and Evans (2014) therefore propose a composite measure
B, which is simply the average of the absolute values of the individual A;’s, as well as a weighed
alternative measure B,,, which additionally considers the parties’ respective electoral shares v;, [1].

B iz 4]
k

k
By = v x |Aj|
i=1

Taking absolute values before averaging is necessary because positive and negative bias compo-
nents would otherwise cancel each other out. As it can also be used to compare the performance
of individual polling firms, we are to analyze a number of individual-level survey outcomes from a
number of pre-election polls that had been conducted by several different polling firms throughout
various election cycles by making use of different combinations of measures of bias as introduced
above to provide a performance ranking for the pollsters.

Table 1 comprises all the publicly available pre-election polls announced between May 15th and
June 24th, 20188 — ranked according to the B, scores, from better to worse. Table 2 comprises the
poll numbers from which the party-specific biases with respect to measure A} are calculated - in
order of date®.

6conducted between June 9-10, 2018.

"rounding to two significant figures in the scientific notation.

8As there are pollsters that conducted several polls during the period, the table depicts the last poll of those
particular pollsters. The dataset is compiled from [3].

9Calculating similar tables of measures of bias for every contesting party in each election cycle is certainly in-
formative; however, one may want to quantify the extent a pollster is biased, and whether this bias is statistically
significant. Assessing the statistical significance of any differences between sample and population is straightforward
using a goodness of fit test when the sample is in fact a random sample. When it is not, there are no suitable test
statistics for summarizing a poll’s total bias with clear interpretation.



Pollster N Date Erdogan Ince Aksener Demirtas Other By,

ORC 4250 18.06.2018 0,013 —0,076 0,160 0,023 0,314 0,047
A&G 5054 22.06.2018 0,045 —0,081 0,095 0,061 —0,795 0,069
Foresight 500  9.06.2018  —0,063 —0,033 0,082 0,257 —0,611 0,077
GENAR 5000 24.06.2018 —0,035 —0,115 0,026 0,257 0,607 0,084
Argetus 2360 16.06.2018  —0,043 —0,115 0,095 0,091 0,750 0,089
Optimar 2476 17.06.2018  —0,031 —0,135 0,148 0,235 0,380 0,092
SONAR 3000 31.05.2018 —0,163 0,028 0270  —0,016 0,875 0,125
SAROS No 23.06.2018 —0,019 —0,220 0,392 0,278 —0,795 0,139
Mediar 2401 9.06.2018  —0,177 —0,043 0,228 0,222 0,963 0,152
Cezici 1812 17.06.2018  —0,167 —0,081 0,473 0,202 0,169 0,166
Vera 2419  8.06.2018  —0,159 —0,095 0,360 0,378 —0,321 0,174
MAK 5400  4.06.2018  —0,035 —0,321 0,578 0,061 0,952 0,176
TUSIAR 5561 12.06.2018  —0,067 —0,294 0,503 0,160 1,023 0,188
KONDA No 13.06.2018 0,045 —0,376 0,443 0,278 0,169 0,197
Metropoll 2888 10.06.2018  —0,127 —0,228 0,306 0413 0,943 0,204
Konsensus 1880 15.05.2018  —0,179 —0,195 0,774 0,160 —0,321 0,229
REMRES 5674 10.06.2018 —0,353 —0,061 0,560 0,349 1,080 0,286
AKAM No 22.06.2018 —0,316 —0,120 0,666 0,359 0,704 0,290
Piar 2464 20.06.2018  —0,398 —0,180 0,917 0,309 0,914 0,367

Table 1: Publicly available pre-election polls announced between May 15th and June 24th, 2018 —
in the order of By, ’s.

Pollster N Date FErdogan Ince Aksener Demirtas Other By,
GENAR 5000 24.06.2018 51,50 28,40 7,60 10,50 2,00 0,084
SAROS No 23.06.2018 51,90 26,30 10,60 10,70 0,50 0,139
A&G 5054 22.06.2018 53,50 29,10 8,10 8,80 0,50 0,069
AKAM No 22.06.2018 44,50 28,30 13,50 11,50 2,20 0,290
Piar 2464  20.06.2018 42,50 27,10 16,70 11,00 2,70 0,367
ORC 4250 18.06.2018 52,70 29,20 8,60 8,50 1,50 0,047
Optimar 2476 17.06.2018 51,60 28,00 8,50 10,30 1,60 0,092
Gezici 1812 17.06.2018 48,20 29,10 11,40 10,00 1,30 0,166
Argetus 2360 16.06.2018 51,30 28,40 8,10 9,90 2,30 0,089
KONDA No 13.06.2018 53,50 23,40 11,10 10,70 1,30 0,197
TUSIAR 5561 12.06.2018 50,70 24,90 11,70 9,70 3,00 0,188
Metropoll 2888 10.06.2018 49,20 26,15 9,82 12,06 2,78 0,204
REMRES 5674 10.06.2018 43,60 29,50 12,30 11,40 3,20 0,286
Mediar 2401  09.06.2018 47,96 29,88 9,15 10,18 2,83 0,077
Foresight 500 09.06.2018 50,80 30,10 8,00 10,50 0,60 0,152
Vera 2419 08.06.2018 48,40 28,80 10,30 11,70 0,80 0,174
MAK 5400 04.06.2018 51,50 24,40 12,50 8,80 2,80 0,176
SONAR 3000 31.05.2018 48,30 31,40 9,50 8,20 2,60 0,125
Konsensus 1880 15.05.2018 47,90 26,80 14,80 9,70 0,80 0,229
Election Result 24.06.2018 52,59 30,64 7,29 8,4 1,08 -

Table 2: Poll numbers as originally reported (other than the B,, column) - in order of date.



1.3 Distribution of B, and candidate-specific biases

Recall that the smaller the realization of the B,, measure, the better the predictive accuracy of the

pollster. What we see below is a presentation for the empirical distribution of the B,,—scores given
in Table 1.

[0,047, 0,097 (0,097, 0,147 (0,147, 0,197] >0,197

Figure 1: Histogram for the B,,—scores in the 2018 Presidential election.

What we have in Figure 2 is the distribution of candidate-specific biases in 2018 Presidential
election. The thin green column in the middle of the figure stands for the perfect agreement between
a poll’s measurement of a candidate’s vote and the election outcome.
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Figure 2: Histogram for the candidate-specific biases.



For instance, we observe a positive bias towards Aksener so consistent as one might call it a
systemic overestimation since an overestimation of this size (> 0.35, of which 10 out of 19 pollsters
measured) affects the (predicted) vote distribution of the rest considerably. Additionally, we see
that the polling firms tended to underestimate vote shares of Erdogan and Ince. One might also be
interested in biases for a particular subset of candidates (namely, for example, Erdogan and Ince)
or for all candidates via the composite measure of bias B,, (as stated previously).

1.4 Related to the graphs: Erdogan vs (?7)

We combine performances of the polling firms in 2019 Municipality elections (based on the usual
measure B,,) with the scores acquired from the 2018 Presidential election in order to calculate
the average weights for the polling firms announcing numbers today so that we can draw a poll
aggregation graph, weighted based on the previous successes of the firms. If a firm is new, that is,
it has never published a measurement for any previous election, then we give that pollster a weight
as high as the lowest one in our sub-sample of pollsters, so that the firm is not punished for only

being new'©.
Municipality | Pollster N Date AK Party CHP Other
SAROS no | 25.03.2019 -0, 141 0,193 | —0,714
Istanbul AREA 3320 | 14.03.2019 —0,024 0,061 | —0,442
ORC no | 24.03.2019 0,040 | —0,063 0,206
AREDA | 9317 | 1.06.2019 0,113 | —0,129 | 0,410
Istanbul KONDA | 3498 | 16.06.2019 0,004 | —0,004 0
(repeat) MetroPoll | 1613 | 15.06.2019 —0,044 0,012 0,701
ORC 4368 | 19.06.2019 0,193 | —0,193 0
SAROS 3000 | 14.06.2019 0,033 | —0,045 0,321
Ankara AREA 2060 | 14.03.2019 —0,045 0,035 0,123
SAROS no | 25.03.2019 —0,081 0,107 | —0,412

Table 3: Candidate-specific biases from the 2019 Municipality elections.

Pollster Avg. By,
KONDA 0,101
MetroPoll 0,118
AREA 0,1
SAROS 0,116
AREDA 0,164
ORC 0,098
Yoneylem 0,204
Sosyo Politik 0,204

Table 4: The average B,’s for the polling firms.
exponentially better.

Do not forget that a score closer to zero is

10Tn this case, the pollsters Yoneylem and Sosyo Politik (as well as other polling organizations unlisted) are given
the lowest weights, which is based on the score of MetroPoll in the 2018 Presidential election since it is MetroPoll
that is the least succesful (amongst our subgroup of pollsters given in Table 4) with respect to the measure By,.
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