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BOLUM 1

TURKIYE'DE iPOTEKLI KONUT SATISLARI:
EKONOMIiK BELIiRLEYICiLER, EGILIMLER VE
POLITIKA ANALIZI

1. ALI MUTI

Giris
Konut piyasasi, ekonomilerin ana gostergelerinden birini
olusturmakta; hanehalki refahini, bankacilik ve finans sektorlerinin
sagligin1 ve genel makroekonomik dengeleri dogrudan etkileyen
stratejik bir sektdr olma oOzelligi gostermektedir. Gelismekte olan

iilkelerde konut finansmani sisteminin etkinligi, bireylerin barinma
hakkina erisimini belirleyen kritik bir faktor olarak 6ne ¢ikmaktadir.

Tiirkiye'de konut piyasasi, 2000'li yillarin bagindan itibaren
onemli doniisiimler gecirmistir. Bu silirecte mortgage sisteminin
yasal altyapisinin olusturulmasi (5582 sayili Konut Finansmani
Kanunu, 2007), kentsel doniisiim projeleri ve demografik dinamikler
konut talebini sekillendiren baslica sebepler olmustur. Bununla
birlikte, faiz oranlarindaki dalgalanmalar, enflasyon ve doviz kuru
baskilar1 piyasanin seyrini belirleyen en miihim makroekonomik
kisitlar arasinda yer almaktadir.

! Dr, Tapu ve Kadastro Genel Miidiirliigii- Yakutiye Tapu Miidiirliigii, Orcid: 0000-

0003-0254-8419
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Bu caligmanin temel amaci, Tiirkiye'de ipotekli konut
satislarinin tarihsel seyrini aragtirmak, 2013-2025 yillar1 arasindaki
satiglart incelemek ve politika Onerileri gelistirmektir. Calismada
Tiirkiye Istatistik Kurumu (TUIK) verileri ve ilgili akademik
literatiirden yararlanilmistur.

Literatiir Taramasi

Konut Piyasas1 ve Makroekonomik Degiskenler

Konut piyasast ile makroekonomik degiskenler arasindaki
iligki, iktisat yazininda genis bir sekilde yer bulmaktadir. Karadas ve
Salihoglu (2020) yapmus olduklar1 ¢alismada Tiirkiye’deki konut
fiyatlarindaki degisime sebep olan makroekonomik faktorleri
incelemislerdir. Konut kredilerine uygulanan faiz oranlari, konut
kredisi hacmi, reel doviz kuru ve tiiketici fiyat endeksi konut
fiyatlarim1 negatif yonde, sanayi iiretim endeksi ise pozitif yonde
etkiledigini tespit etmislerdir.

Canbay ve Mercan (2020) Tiirkiye’de konut fiyatlari,
bliyime ve makroekonomik degiskenler arasindaki iligkiyi
arastirmiglardir. Calismada 2010Q1-2019Q2 dénemi ¢eyrek verileri
kullanilarak, Granger nedensellik analizi bulgular1 neticesinde: faiz
oranlarindan kredi hacmine, kredi hacminden de konut fiyatlar1 ve
tiikketici fiyat endeksine dogru kisa ve uzun dénemde nedensellik
iliskileri oldugu, ayrica kisa déonemde faiz oranlari ile biiylimeye
dogru nedensellik iligkisinin oldugu tespit edilmistir.

Diger bir c¢alismada konut fiyatlar1 ve makroekonomik
faktorler arasindaki iliski incelenmistir. Bulgularda Konut fiyat
endeksi ile yillik kredi faiz orani, yillik kisisel harcanabilir gelir ve
gayrisafi yurti¢ci hasila arasinda pozitif yonlii istatistiksel olarak
anlamli bir iligki elde edilirken, istihdam ve niifus ile negatif yonlii
bir iligki oldugu tespit edilmistir (Cankaya, 2013)



Giuliodori (2004), Demary (2010) ve Bjornland ile Jacobsen
(2010) calismalari, para politikasinin konut piyasasi lizerindeki
yansimalarin1 ¢esitli iilkeler i¢in incelemis ve faiz oranlarindaki
degisimlerin konut talebini Onemli Olciide etkiledigini ortaya
koymustur.

Tirkiye 6zelinde yapilan ¢alismalarda Durkaya ve Yamak
(2004) Tiirkiye konut piyasasini talep yonlii olarak incelemis ve
konut talebi ile kisi basina diisen gelir arasinda pozitif ve giiclii
iliskiler oldugu tespit edilmistir. Oztiirk ve Fitdz (2009) ise konut
piyasasinin belirleyicilerini ampirik yontemlerle ele almistir.

Ozgim (2022) Tiirkiye’deki konut satis1 ile TCMB politika
faiz oran1 ve konut fiyat endeksi arasindaki iligkinin analizini
yapmustir. Sanli ve Peker (2023) ise enflasyon, kur, faiz ve gelirin
konut satislarna etkisini Tiirkiye Orneginde analiz etmistir. Bu
calismada elde edilen bulgular: UFE ve kurlar konut satiglarini
pozitif yonde, konut kredi faiz oranlar1 ise konut satislarin1 negatif
yonde etkiledigi tespit edilmistir.

Mortgage Sistemleri ve Kredi Erisimi

Konut finansmani sistemlerinin etkinligi, literatiirde
mortgage piyasasinin derinligi ve erisilebilirligi ¢ergevesinde
degerlendirilmektedir. Gelismis iilkelerde konut kredilerinin gayri
safi yurt i¢i hasilaya orani yiizde ellinin lizerinde seyrederken (Helgi
Library, 2025), Tiirkiye'de bu oran 2025 yil1 itibartyla %2 nin altinda
seyrederek (Finansal Istikrar Raporu, 2025) oldukca diisiik
seviyelerde kalmaktadir. Bu durum, yapisal arz kisitlari, yiiksek faiz
ortami1 ve gelir yetersizligi gibi faktorlerin bir yansimasi olarak
degerlendirilmektedir.

Torun, Topgu ve Varol (2024) tarafindan gerceklestirilen ve
2013 ocak-2024 subat donemini kapsayan ¢alismada, konut kredisi
faiz oranlar1 ile konut satislar1 arasinda ¢ift yonlii ve konut
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satiglarindan altin fiyatlarina ve nominal déviz kuruna dogru tek
yonlii nedensellik iligkisi tespit edilmistir.

Veri ve Yontem

Calismada kullanilan veriler, Tiirkiye Istatistik Kurumu
(TUIK) tarafindan kamuya acik platformda paylasilan bilgilerden
elde edilmistir. Veriler 2013-2025 yillar1 arasimni kapsamaktadir.
Tiirkiye’de toplam konut satiglar1 ve ipotekli konut satislar (ilk el ve
ikinci el) kullanilmistir. Analitik ¢erceve olarak donemsel
kargilastirma yOntemi benimsenmistir. Grafik ve tablolarin
olusturulmasinda Microsoft Excel programi da kullanilmistir.
Sayilarak iki boyutlu tablolarda 6zetlenebilen 6zellikler i¢in bulgular
say1 ve ylizdelik oran olarak hesaplanmis ve istatistiki olarak
yorumlanmustir.

Bulgular
Tablo 1. Yillara Gore Konut Satig Sayilart (2013-2025)

ipotekli
Satis ipotekli | ipotekli | ipotekli
Yil | Toplam Satis | (Adet) | Pay (%) ik El | ikinci El | Diger Satis

2013 1.226.989 490.200 40% 225.043 265.157 736.789

2014 1.240.914 419.094 34% 191.831 227.263 821.820

2015 1.349.322 456.703 34% 206.882 249.821 892.619

2016 1.417.035 472.521 33% 214.973 257.548 944.514

2017 1.493.086 497.989 33% 221.818 276.171 995.097

2018 1.468.238 293.386 20% 135.398 157.988 | 1.174.852

2019 1.439.063 356.525 25% 123.830 | 232.695 | 1.082.538

2020 1.608.300 606.892 38% 198.430 408.462 | 1.001.408

2021 1.609.561 314.766 20% 88.873 225.893 | 1.294.795
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2022 1.625.774 304.432 19% 90.953 213.479 | 1.321.342

2023 1.330.135 190.840 14% 60.481 130.359 | 1.139.295

2024 1.549.760 166.635 11% 41.089 125.546 | 1.383.125

2025 1.760.292 248.020 14% 61.398 186.622 | 1.512.272
Kaynak: TUIK

Tablo 1'de 2013'te toplam konut satislarinin %40" ipotekli
gerceklesirken, bu oran siirekli diiserek 2024'te 9%10,8'e gerilemistir.
En kritik diigtis 2018'de yasanmistir (yiiksek faiz ortamiyla %20'ye
indi). 2020'de COVID-19 donemi tesvikleriyle konut satislari
606.892 adede ulasarak zirveye ¢ikmig, ardindan tekrar gerileme
trendine girmistir. 2025 yilinda hafif bir toparlanma sergiledigi
goriilmektedir.

Toplam konut satiglar1 2013'teki 1.226 milyondan 2025'te
1.760 milyona c¢ikarak yaklasik %43 biiyiimiistiir. Ancak bu
biiytimenin i¢inde ipotekli satislarin pay1 dramatik bi¢gimde erimistir.
2013'te her 10 konuttan 4'i ipotekli satilirken, 2024'te bu oran 10'da
I'e dismiistir (%10,8). 2025'te %14,1'e hafif toparlansa da tarihi
ortalamanin ¢ok altinda oldugu goriilmektedir.

Grafik 1. Ipotekli Satislarin Toplam Satislarin I¢indeki Pay1 (%)
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Grafik 1°de ipotekli satiglarin toplam konut satiglari igindeki
paylart gosterilmistir. En dikkat ¢ekici kirilma noktalar1 sunlardir:
2018'de faiz oranlarinin sert yiikselmesiyle ipotekli konut satis pay1
%20'ye gerilemistir. 2020'de pandemi donemi diisiik faiz
politikasiyla %37,7 ile artis yoniinde 6nemli bir degisim yasanmis,
ancak daha sonraki yillarda bu artis devam etmedigi i¢in bu yila 6zgii
bir degisim sergilemistir. 2021 sonrasinda ise hem faiz artislart hem
de yiikselen konut fiyatlar1 ipotekli satiglar1 kalici olarak baskiladigi
goriilmektedir.

Grafik 2. ipotekli ve Diger Konut Satislar1 Grafigi (Adet)
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Grafik 2’de ipotekli konut satiglar1 ve diger satiglar grafigi
gosterilmistir. Grafikte 2020 yilinda (COVID-19 donemi) 606.892
adet konut ipotekli olarak satilmistir. 2013-2025 yillar1 analiz
edildiginde, konut satislar1 igerisinde en yiiksek satis adedi 2020
yilinda gergeklestigi goriilmektedir.
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Tablo 2. Ipotekli Konut Satislar1 Igerisinde 1k El ve ikinci El Satis

Sayilari
Yil ipotekli Satis | ipotekli ilk E1 | Oran | ipotekli ikinci | Oran
(Adet) El

2013 490.200 225.043 0,46 265.157 0,54
2014 419.094 191.831 0,46 227.263 0,54
2015 456.703 206.882 0,45 249.821 0,55
2016 472.521 214.973 0,45 257.548 0,55
2017 497.989 221.818 0,45 276.171 0,55
2018 293.386 135.398 0,46 157.988 0,54
2019 356.525 123.830 0,35 232.695 0,65
2020 606.892 198.430 0,33 408.462 0,67
2021 314.766 88.873 0,28 225.893 0,72
2022 304.432 90.953 0,30 213.479 0,70
2023 190.840 60.481 0,32 130.359 0,68
2024 166.635 41.089 0,25 125.546 0,75
2025 248.020 61.398 0,25 186.622 0,75

Kaynak: TUIK

Tablo 2’de ipotekli konut satiglarinda ilk el ve ikinci el konut
dengesi de dikkat gekici goriilmiistiir. Oyle ki 2013'te ipotekli ilk el
konut satislart %46 oraninda iken, son yillarda bu oranin oldukca
distiigli ve ipotekli konut satiglarinin %25’ini ilk el konutlar
olusturdugu goriilmektedir. Yani, son yillarda ipotekli konut
satiglarinin agirlikli olarak ikinci el konutlardan olustugu goze
carpmaktadir. Yeni konut fiyatlarinin yiiksek olmasi alicilari ikinci
el piyasasina yonlendirdigi gozlemlenmistir.

TURKIYE'DE iPOTEKLI KONUT PIYASASININ TARIHSEL
SEYRI

Mortgage Sisteminin Kurulusu ve Erken Donem (2007-2012)

7



Tiirkiye'de mortgage sisteminin yasal dayanagi 2007 yilinda
yurlirliige giren 5582 sayili Konut Finansmani Kanunu ile
baglamigti. Bu diizenlemeyle birinci el ipotek piyasasinda
kullandirilan kredilerin ikinci el ipotek piyasalarinda uygun
kosullarda yeniden finanse edilmesi amaclanmistir. Ayrica ikinci el
ipotek piyasasinin Tiirkiye’de heniiz etkin ¢alismasi yapilamamis
olsa da, birinci el ipotek piyasalarinda kullandirilan kredilerin hacmi
artis gostermis ve Mart 2023 itibariyla 357,4 milyar TL toplam
bakiyeye erismistir (Konut Politikalari, 2023: 23).

S6z konusu donemde ABD kaynakl1 kiiresel mali kriz (2008-
2009) konut piyasasini olumsuz etkilemis ve etkisi kisa siirede
kiiresel ¢apta hissedilmistir. Bir iilkede konut piyasasinin ekonomik
gostergelerle yakin iliskisi bulunmasi, iilke ekonomileri i¢in 6nem
arz ettigi goriilmektedir (Muti ve Dursun, 2022:370).

Biiyiime ve Kirillganhk Donemi (2013-2019)

2013 yilindan sonra Tiirkiye ekonomisinde siklikla yasanan
doviz kuru soklari, insaat maliyetlerinin 6nemli 6l¢iide yiikselmesine
neden olmus ve konut satislarinda belirgin dalgalanmalara yol
acmistir. 2018-2019 doneminde yiiksek faiz oranlar1 ve zayiflayan
tiiketici giiveni, ipotekli konut satiglarinda 6nemli bir diisiise neden
olmustur. Kamu bankalarmin 2019 yili agustos ayinda konut kredi
faizlerini 6nemli Ol¢iide indirmesiyle birlikte piyasada kismi bir
canlanma gozlemlenmistir.

Pandemi Donemi ve Diisiik Faiz Ortam (2020-2021)

2020 y1li Tiirkiye ipotekli konut piyasasinda rekor diizeylerin
yasandig1 bir donem olmustur. TCMB'nin faiz indirim politikas1
cercevesinde konut kredisi faizlerinin yiizde birden diisiik aylik
diizeylere gerilmesi, ipotekli konut satiglarini ciddi bi¢imde
artirmigstir. 2020 yilinda 606.892 adet ipotekli konut satis1 yapilarak
2013-2025 yillar arasinda en yiiksek sayiya ulagmistir. COVID-19
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salginiyla birlikte konut talebinde yasanan hizlanma ve fiyatlarin
yiikselecegine dair beklentiler, bu artis1 daha da giiglendirmistir.

TUIK verilerine gore 2020 yilinda toplam konut satiglari
onceki yila gore yaklasik yiizde on iki oraninda artis kaydetmistir.
Diisiik faiz ortami, hem ilk kez konut satin alanlar hem de yatirim
amacli  konut edinmek isteyenler agisindan finansmani
kolaylastirmis; bu durum onemli fiyat artiglarin1 da beraberinde
getirmistir.

Yiiksek Enflasyon ve Sikilastirma Donemi (2022-2024)

2022 yilinda Tirkiye'de enflasyon Tiiketici Fiyatlar
Endeksi'nde yiizde 64 seviyelerinin {izerine ¢ikmis; ardindan hayata
gecirilen parasal sikilagtirma politikalar1 kapsaminda TCMB faizleri
hizla artirmaya baglamistir. Konut kredisi faiz oranlari, 2024 yilinda
ortalama yiizde kirk iki diizeyine ulasarak tarihi zirveye ¢ikmistir.
Bu gelisme, ipotekli konut satiglarini derinden olumsuz etkilemistir.

TUIK verilerine gore 2024 yilinda gerceklesen ipotekli konut
satiglari, bir onceki yila kiyasla yaklasik ylizde on {li¢ azalarak toplam
166.635 adede gerilemistir. Toplam 1.549.760 konut satis1 i¢inde
ipotekli satiglarin payr yalmizca yaklasik yiizde on bir diizeyinde
kalarak 2013-2025 doneminin en diigiik oranimi yansitmistir. Bu
oran, geligmis iilkelerle kiyaslandiginda oldukga diisiik bir seviyeyi
ifade etmektedir.

FAiZ ORANLARI VE IPOTEKLI KONUT SATISLARI
ILiSKiSi

Faiz oranlari ile ipotekli konut satiglar1 arasindaki ters yonlii
iliski, Tiirkiye O6zelinde son derece belirgin bir bigimde kendini
gostermektedir. TCMB politika faizinin diisiik seyrettigi donemlerde
ipotekli satislar hiz kazanirken, sikilagtirma donemlerinde satiglar
hizla gerilemektedir.



Konut kredisi faiz oranlari dogrudan bor¢lanma maliyetlerini ve
konut maliyetini etkiledigi i¢in, konut talebi ve konut satislarini
etkilemektedir (Kilci, 2019)

Literatiir bulgular1 da bu iligkiyi destekler niteliktedir. Torun,
Topgu ve Varol (2024) konut kredisi faiz oranlar ile ipotekli konut
satiglar1 arasindaki ¢ift yonlii nedensellik iligkisini ampirik olarak
dogrulamistir. S6z konusu ¢alismada doviz kuru ve altin fiyatlari ile
satiglar arasindaki tek yonlii nedensellik iligkisinin varlig1 da ortaya
konmus; bu bulgu, Tiirkiye konut piyasasinin giiclii yatirim
boyutuna isaret etmektedir.

Konut kredi faiz oranlari ile konut talebi arasinda negatif bir
iliski bulundugu (Cinar, 2022), yine kisa donemde konut kredisi faiz
oranlarinin konut fiyatlari iizerinde negatif bir etki oldugu (Kolcu ve
Yamak, 2018). Konut talebi ve faiz oranlar1 arasinda negatif yonlii
bir iliskinin bulundugu tespit edilmistir (Islamoglu ve Bulus 2018).

IPOTEKLI KONUT SATISLARININ BOLGESEL DAGILIMI

2024 yili verilerine gore Tiirkiye genelinde ipotekli konut
satiglarinda Istanbul 35.716 adet ile birinci sirada yer almakta; bunu
22.830 adet ile Ankara ve 11.019 adet ile Izmir izlemektedir. En
diistik ipotekli konut satislarinin gerceklestigi kentler ise sirasiyla
Hakkari (27 adet), Bayburt (48 adet) ve Ardahan (66 adet) illeridir.

Biiyiiksehirler konut satislarinda agirlikli paya sahip olmakla
birlikte, hem yiiksek fiyat diizeyleri hem de artan finansman
maliyetleri bu sehirlerde ipotekli satislarin toplam i¢indeki payini
giderek baski altina almaktadir. Ozellikle Istanbul'da ortalama konut
fiyatlarinin ytiksekligi, standart ipotekli finansman modellerini genis
kesimler i¢in erisilemez kilmaktadir.

Bati illerinin aksine, i¢ ve dogu bolgelerindeki iller hem
konut fiyatlar1 hem de toplam satis hacimleri agisindan belirgin
bicimde daha diisiik seviyelerdedir. Kirsal ve gorece az gelismis
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bolgelerde ipotekli konut finansmanina erisim oldukca sinirl
kalmakta; bu durum, bolgeler arasi derin yapisal esitsizliklere zemin
hazirlamaktadir.

2025 YILI GELISMELERi VE GORUNUM

2025 il itibariyla TCMB'min faiz indirim siirecine
baslamas1 ve konut kredisi faizlerinin yiizde kirk seviyelerinde
seyretmesiyle ipotekli konut satiglarinda kismi bir toparlanma
gbzlemlenmistir.

2025 yilinda ipotekli konut satislarinin bir 6nceki yila gore
ylizde 49’luk bir artis kaydettigi dikkat c¢ekmektedir. Bununla
birlikte, s6z konusu satiglarin toplam konut satislari i¢indeki payinin
hala istenilen diizeyin gerisinde kaldigr da goriilmektedir. Konut
kredisi faiz oranlarinin ylizde yirmi bandina gerilemesi halinde
ipotekli satiglarda daha belirgin bir canlanmanin yasanabilecegi
diistiniilmektedir.

2025 yilinda Tiirkiye genelinde 248.020 adet ipotekli konut
satis1 gerceklesmistir. Bu sayi ile bir 6nceki yila gore yiizde on tigliik
bir artis yasanmustir. Istanbul, Ankara, Izmir, Bursa ve Antalya
ipotekli konut satis hacmiyle 6ne ¢ikan bes il olma o6zelligini
gostermistir.

POLITIKA ONERILERI

Tiirkiye'de ipotekli konut piyasasinin saglikli isleyisi ve
sirdiiriilebilir  biliylimesi i¢in birbirini tamamlayan politika
adimlarina ihtiya¢ duyulmaktadir.

Birinci olarak, faiz oranlarinin istikrarli ve 6ngoriilebilir bir
zeminde kademeli olarak indirilmesi, ipotekli konut talebinin
giiclenmesine katki saglayacaktir. Konut kredisi erisilebilirliginin
artirllmasi, son yillarda daralan talebin yeniden genislemesi
acisindan hayati 6nem tasimaktadir.
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Ikinci olarak, ilk kez konut sahibi olmak isteyenler i¢in 6zgiin
destekleme programlarinin hayata gecirilmesi biiyiilk Onem
tasimaktadir. Kamu bankalar1 araciliiyla sunulacak siibvansiyonlu
faiz uygulamalar1 ya da vergisel tesvik mekanizmalari, bu kesimin
erisimini kolaylastirabilecektir. Ozellikle orta ve diisiik gelir gruplari
icin destek saglanmasi gerektigi diisiiniilmektedir.

Ugiincii  olarak, degisken faizli mortgage ({iriinlerinin
artirlmas1 faydali olabilir. Tiirkiye'de degisken faizli konut
finansman1 sozlesmelerinde tiiketici fiyat endeksi esas alinmakla
birlikte, faiz indirim donemlerinden alicilarin ger¢ek anlamda
yararlanabilmesi i¢in iirlin ¢esitliliginin artirilmasi gerekmektedir.

Doérdiincti  olarak, konut arzinin artirilmasina yonelik
politikalara agirlik verilmesi 6nem arz etmektedir. Ipotekli satislarin
yapisal olarak giiclendirilmesi, tek basma finansman kosullarinin
tyilestirilmesiyle miimkiin olmayacaktir. Uygun fiyath konut arzinin
gelistirilmesi, sektdriin dengeli biiylimesi agisindan zorunlu bir
tamamlayici unsurdur.

Besinci olarak, uzun vadeli konut finansmani araclarinin
giiclendirilmesi gereklidir. Konut finansmaninda varliga dayal
menkul kiymet piyasasinin derinlestirilmesi, bankalarin uzun vadeli
sabit faizli liriin sunma kapasitesini artiracak ve piyasanin istikrarli
isleyisine katki saglayacaktir.

SONUC

Bu calismada Tiirkiye'de ipotekli konut satislarinin tarihsel
seyri ve ekonomik belirleyicileri incelenmis; makroekonomik
kirilganliklarin konut finansman piyasas: lizerindeki derin etkileri
ortaya konmustur.

Temel bulgular birka¢ onemli noktada yogunlagmaktadir.
Konut kredisi faiz oranlari, ipotekli konut satislarinin en giicli
belirleyicisi olma o6zelligini siirdiirmektedir. Faiz oranlarindaki
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belirgin yiikselis, ipotekli satiglarin toplam konut satiglart igindeki
paymni tarihi diisiikk diizeylere c¢ekmistir. 2024 yilinda bu oran
yaklagik yiizde on bir diizeyine gerilemis olup, gelismis konut
finansmanit sistemleriyle dogrudan karsilastirildiginda oldukca
siirlt kalmaktadir. Bunun yani sira konut piyasasi belirgin bi¢imde
yatirim giidiimlii bir yap1 sergilemekte; alicilarin konutu bir yatirim
araci olarak tercih etme egilimi, enflasyon ve doviz kuru baskilarinin
yogun oldugu donemlerde 6zellikle one ¢ikmaktadir. Ote yandan,
bolgesel esitsizlikler derinligini korumakta; biiyiik metropoller ile
kiigiik sehirler ve kirsal alanlar arasindaki konut finansmani
erisimindeki ugcurum agilmaya devam etmektedir.

Tiirkiye'de gayrimenkul piyasasinin biliylimeye devam
ettigini gostermektedir. Ancak bu biliylimenin giderek artan oranda
nakit/diger finansman kaynaklariyla gerceklestigi ortaya ¢ikmustir.
Yiiksek faiz ortami nedeniyle konut alimlarinda banka kredisine
erisim oldukca zor hale gelmistir. Bu durum hem orta gelirli alicilari
piyasadan dislamakta hem de piyasanin nakit sahiplerine ve
kurumsal yatirimcilara yonelmesine neden olmaktadir. 2025'teki
kismi toparlanma (%14,1) faiz politikasindaki olasi gevsemenin
etkisiyle aciklanabilecegi, ancak siirdiiriilebilirligi hususunda
belirsizligin devam ettigi sdylenebilir.

Tiirkiye'nin demografik yapist ve kentlesme egilimleri,
onlimiizdeki déonemde konut talebinin gii¢lii seyrini siirdiirecegine
isaret etmektedir. Siirdiiriilebilir enflasyon kontrolii ve istikrarl faiz
politikalartyla desteklenen bir ortamda, ipotekli konut satiglarinin
giclii bir toparlanma siirecine girmesi beklenmektedir. Bu
baglamda, konut finansmanina erisimi kolaylastiracak yapisal
reformlarin ve etkin politika araglarinin hayata gecirilmesi biiyiik
Onem tasimaktadir.
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A STATISTICAL ANA?Y<¥ OF INITIAL PUBLIC
OFFERINGS ON BORSA ISTANBUL

CANSU TOSUN GAVCAR!
ERDOGAN GAVCAR?

NUSRET KARA?

1. INTRODUCTION
The main objective of this study is to analyze the

performance of the companies that went public on Borsa Istanbul
between 2021 and 2024, as well as certain statistical characteristics
of the IPO process.

The world’s first stock exchange is located in Cavdarhisar,
Kiitahya. On the stone blocks of Aizanoi, which was used as a food
market (Macellum) at the end of the 2nd century AD, there is also a
copy of the price regulations issued by the Roman Emperor
Diocletian in AD 301 to combat inflation. These inscriptions
announced the sale prices of all goods sold in the imperial markets.
In this respect, Aizanoi is considered one of the first stock exchange
buildings in the World (Kiitahya Ticaret Borsas1;2021)

Public offerings began with the establishment of stock
exchanges. An IPO is the first time a company offers its shares to
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investors on the stock exchange. Through this process, the company
ceases to be a private entity and becomes a publicly traded company.

An IPO involves a company offering its shares to investors
in order to raise financing and begin trading on the stock exchange.
In this way, the company raises capital from a broad base of
investors. The main purposes of public offerings are capital raising,
providing liquidity, enhancing recognition and prestige, and
advancing institutionalization.

IPOs involve five important stages: preparation, application
to the Capital Markets Board, CMB publication, book-building
(demand collection), and trading on the stock exchange. Public
offerings can be conducted through capital increases, share sales by
existing shareholders, or a combination of both.

Investment instruments are financial tools preferred by
individuals to allocate their savings and generate income over time.
Different investment instruments can be selected based on one’s
objectives, risk appetite, and maturity preferences. The most
common investment instruments are:

1. Time and Demand Deposit Accounts
. Stocks (Equities)

. Bonds and Bills

. Real Estate Investments

. Gold and Other Precious Metals
. Foreign Exchange (FX)

. Investment Funds

. Cryptocurrencies

. Individual Pension System

The Istanbul Stock Exchange was established on December
26, 1985, and became operational in Istanbul on January 3, 1986. In
2013, the Istanbul Gold Exchange and the Futures and Options
Exchange were merged and renamed Borsa Istanbul. The BIST 500,
100, 50, and 30 indices are used as benchmarks.

O 0 13 N L B W DN
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As of 2024, the main markets on Borsa Istanbul are divided
into six categories: 1. Star Market, 2. Main Market, 3. Sub-Market,
4. Watchlist Market, 5. Emerging Companies Market, and 6.
Qualified Investor Trading Market.

By the end of 2024, the number of individual equity investors
on Borsa Istanbul had reached 6.8 million, with a total trading
volume of TL 34.3 trillion. A record daily trading volume of TL
276.2 billion was set on May 21, 2024. At the end of 2024, the total
market capitalization of the companies listed on Borsa Istanbul was
recorded at TL 13.42 trillion (Borsa Istanbul;2024)

Unlu analyzed the long-term price performance of banking
sector stocks that were offered to the public for the first time in
Turkey (Unlu; 2006). Using data from ten banks that went public on
Borsa Istanbul between 1990 and 1995, the performance of these
stocks over one-, two-, and three-year periods was analyzed using
the Ritter methodology (Ritter; 1991). The findings show that
banking sector stocks delivered negative returns below the market
average in the first two years following the IPO but outperformed
the market in the third year. Regression analyses revealed that
variables such as IPO method, first-day returns, free float ratio, bank
age, and asset size influenced long-term performance. It was argued
that short-term negative performance weakened perceptions of IPOs
in the sector, whereas long-term positive performance could have a
favorable impact on investor confidence.

Kiiclikkocaoglu and Alagéz conducted a comparative
examination of the fixed price and price range methods of public
offerings on the Istanbul Stock Exchange (ISE) in Turkey
(Kucukkocaoglu and Alagoz; 2009). The aim of the study was to
determine which method provides more efficient pricing and is less
prone to underpricing. Using data from 178 IPOs between 1993 and
2005, the authors evaluated the factors influencing firms’ method
preferences using a logit model and analyzed the variables causing

first-day underpricing through regression analysis. The findings
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reveal that average first-day underpricing was 7.13% for the fixed
price method and 10.61% for the price range method, and that market
returns, the time between the determination of the IPO price and the
trading day, and firm size were influential on this difference. The
study further indicates that firms in Turkey tend to time their IPOs
during periods of high market returns, and although both methods
offer short-term gains to investors, they exhibit poor long-term
performance.

Celik aims to analyze the effects of initial public offerings
(IPOs) on the operating performance of firms listed on Borsa
Istanbul (Celik; 2016). The study examines financial performance
indicators such as asset turnover, operating profit margin, net profit
margin, return on equity, and return on assets for 56 non-financial
firms that conducted IPOs between 2002 and 2011. The Wilcoxon
Signed Rank test was used to evaluate changes in performance. The
findings show that firms’ operating performance declined
significantly, particularly in the second year following the PO, and
these declines were statistically significant. Although partial
recovery was observed in the third year, none of the performance
indicators returned to pre-IPO levels. The results are consistent with
many studies in the literature and suggest that [POs may have a
negative impact on firms’ long-term operating performance.

2. MATERIALS AND METHODS
In this study, 180 companies that went public on Borsa

Istanbul between 2021 and 2024 were considered as the material. In
this way, the IPO data of the companies were obtained by
individually analyzing the Capital Markets Board (CMB) bulletins.
Accordingly, the number of shares (lots) offered to the public, IPO
prices, the number of applicants (domestic individual and
institutional, foreign individual and institutional, company
employees, large investor applications), and the distribution method
were evaluated.

--20--



To assess the obtained data, the distribution of the data was
examined using the Kolmogorov-Smirnov and Shapiro-Wilk tests,
and it was found that the data were not normally distributed since P
< 0.05. The results of these tests are as follows:

Table 1. Normal Distribution Tests of the Data

Kolmogorov-Smirnov* Shapiro-Wilk

Data Statistic df Sig. Statistic df Sig.
offered lots ,226 28 ,001 ,648 28 ,000
dom _ind ap ,225 28 ,001 ,790 28 ,000
plications

dom ind all ,259 28 ,000 ,603 28 ,000
ocations

dom ind pe ,434 28 ,000 ,391 28 ,000
rcentage

dom _inst_ap ,316 28 ,000 ,447 28 ,000
plications

dom _inst all ,409 28 ,000 ,258 28 ,000
ocations

dom inst pe ,430 28 ,000 ,375 28 ,000
rcentage

for ind appl ,256 28 ,000 ,780 28 ,000
ications

for_ind_allo ,204 28 ,004 ,722 28 ,000
cations

for ind perc ,399 28 ,000 ,390 28 ,000
entage

for inst app ,339 28 ,000 ,735 28 ,000
lications

for_inst allo ,470 28 ,000 ,307 28 ,000
cations

for_inst per ,419 28 ,000 251 28 ,000
centage

Because the data were not normally distributed, the necessary
analyses were conducted using non-parametric tests, including the
Chi-Square test, Mann-Whitney U test, and Kruskal-Wallis test.

2.1.Results
A total of 216 companies were publicly offered between

2015 and 2024, 83.2% of which took place in the last four years.
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Table 2. Number and Percentage Distribution of IPOs by Year

Years Number of Companies | Percentage (%)
Publicly Offered
2015 6 2,77
2016 2 0,92
2017 3 1,38
2018 11 5,09
2019 6 2,77
2020 8 3,70
2021 52 24,07
2022 38 17,59
2023 56 25,92
2024 34 15,74

Source: Prepared based on data from CMB Bulletins.

The highest number of IPOs was recorded in 2023, with 56
companies going public. The number of listed companies in various
countries is presented in Table 3.

Table 3. Number of Listed Companies in Selected Countries as of End-

2024
Countries Stock Exchanges Number of
Listed Com.
China Shanghai, Shenzhen, Beijing 5363
India NSE,  2.482 (NSE) +2.800 5282
BSE  (BSE)
United NYSE+ 2200+ 5510
States Nasdagq 3.310
Japan Japan Exchange Group 3937
Canada | TMX Group (TSX, TSXV) 3375
Hong Kong Hong Kong Exchanges and 2610
Clearing
South Korea | Korea Exchange 2578
Australia ASX Australian Securities 2002
United London Stock Exchange 1908
Kingdom
Spain BME Spanish Exchanges 775
Tiirkiye Borsa Istanbul >33
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Source: Compiled from China.org.cn for China, Investopedia for India, and the
World Federation of Exchanges (WFE) for the other countries. (China.org.cn.
;2024, Investopedia; 2025, World Federation of Exchanges; 2025)

As of the end of 2024, China ranked first by country with
5,363 companies traded on the stock exchange, followed by India,
the USA, Japan, and Canada. The number of companies listed on
Borsa Istanbul is 535.

The IPO prices of the 180 companies publicly offered on
Borsa Istanbul range from as low as 1.10 TL to 135.00 TL. The total
number of lots offered varies between 280,000 and 1,173,405,000
lots.

Two different methods, equal distribution or proportional
distribution, were used when the shares were offered to the public.
The equal distribution method (equal share allocation) is generally
used to protect small investors. The proportional distribution method
allocates shares to everyone in proportion to the amount they
requested. The data related to these are presented in the table below.

Table 4. Public Offering Methods of Shares

Public Offering Method Number of IPOS Percentage
(%)
Equal Distribution 140 77,8
Proportional Distribution 40 22,2
Total 180 100,0

According to the table, 77.8% of the companies conducted
their public offerings using the equal distribution method, while
22.2% used the proportional distribution method.

Table 5. Number of Distribution Methods by Year

Public Offering Years Total
Method 2021 2022 2023 2024

Equal Distribution 33 21 52 34 140
Proportional 19 17 4 0 40
Distribution

Total 52 38 56 34 180
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As shown in Table 5, in recent years, the use of proportional
distribution has decreased, while equal distribution has increased.
This shift has encouraged investors to trade more actively on the
stock exchange. The distribution method has varied over the years.

There were six different categories of participation in public
offerings: domestic individual investors, domestic institutional
investors, foreign individual investors, foreign institutional
investors, applications by company employees, and high-volume
applications.

Table 6. Number of Public Offering Applications, Allocated Lots, and
Percentage Distribution

Subscription Type Number of Numbers
Allocated
Ins.
Domestic Individual Subscription 180 764-4943543
Domestic Individual Allocation 180 1760000-797915400
Domestic Individual Allocation% 180 12,24-99,99
Domestic Institutional Subscription 180 5-1143
Domestic Institutional Allocation 180 35-375000000
Domestic Institutional Allocation% 180 0,01-83,43
Foreign Retail Subscription 57 33-6462
Foreign Retail Allocation 57 7514-373583
Foreign Retail Allocation% 57 0,02-1,67
Foreign Institutional Subscription 91 1-187
Foreign Institutional Allocation 91 7-170185351
Foreign Institutional Allocation% 91 0,01-89,00
Employee Offering Participation 41 15-20439
Employee Allocation 41 54113-102618943
Employee Allocation% 41 0,37-58,64
High Demand Subscription 15 1057-17785
High Demand Allocation 15 2250000-32356486
High Demand Allocation% 15 13,70-60,79

According to the table, while domestic individual and institutional
investors participated in all public offerings, foreign individual
applications were submitted to 57 companies, and foreign institutional
applications were submitted to 91 companies.

--24--



The number of applications by individual investors ranged from
764 t0 4,943,543, while the number of allocated lots ranged from 1,760,000
to 797,915,400. For domestic institutional investors, the number of
applications ranged from 5 to 1,143, and the number of allocated lots
ranged from 35 to 375,000,000.

According to the Chi-Square test, the public offering applications
of domestic individual investors do not vary based on the share price or the
total number of shares offered. In contrast, the applications of domestic
institutional investors vary depending on the total number of shares offered
but not on the offering price.

The Mann-Whitney U test was used to examine whether there was
a significant difference between equal and proportional distribution. The
statistically significant results are provided in Table 7.

Table 7. Analysis of the Differences Between Equal and Proportional

Distribution
Variables p-value
Offering Price 0,013
Number of Offered Lots 0,027
Domestic Individual Applications 0,001
Domestic Individual Allocations 0,024
Foreign Individual Applications 0,005

According to the table, while there is a difference between
equal and proportional distribution, no significant differences were
found among the other variables. Under equal distribution, the
offering price, number of lots offered, domestic individual
applications, domestic individual allocations, and foreign individual
applications are higher compared to proportional distribution.

The Kruskal-Wallis test was used to analyze whether there
were differences among the variables across years. The significant
findings are presented in Table 8.

Table 8. Differences Among Variables Across Years

Variables Kruskal- p-value
Wallis H
Vallue
Offering Price 50.000 0.001
Number of Offered Lots 11.253 0.010
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Domestic Individual Applications 116.616 0.001
Domestic Individual Allocations 26.260 0.001
Domestic Institutional Applications 18.933 0.001
Foreign Individual Applications 41.271 0.001
Foreign Individual Allocation (%) 24.826 0.001
Allocation to Company Employees (%) 8.320 0.040

According to the table, there are statistically significant
differences across years for 8 wvariables, while no significant
differences were found for the other variables.

There is a significant difference over the years in terms of
offering price and the number of lots offered. As the years
progressed, both offering prices and the number of lots offered
increased. While there is no significant difference between 2021 and
2022 regarding domestic individual applications, differences are
observed compared to the other years. The highest number of
applications was recorded in 2023, with a decrease observed in 2024
compared to 2023.

Regarding domestic individual allocations, there is no difference
between 2021 and 2022. The lowest allocation was recorded in 2022.
For domestic institutional applications, the lowest number of
applications occurred in 2022, while the highest was in 2023. In
terms of the percentage of foreign individual allocations, the lowest
percentage was recorded in 2022, and the highest in 2021.

3. DISCUSSION AND CONCLUSION

In this study, the IPO processes of 180 companies that went
public on Borsa Istanbul between 2021 and 2024 were analyzed
using various statistical methods. Based on the findings, it was
observed that there has been a significant increase in the number of
public offerings in Turkey over the past four years. The fact that
83.2% of the total 216 IPOs took place during this period indicates
that Borsa Istanbul has become more attractive to investors and that
the capital markets have expanded.
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According to the analysis results, the majority of the companies
(77.8%) carried out their public offerings using the equal distribution
method. Particularly in 2023 and 2024, proportional distribution was
almost entirely abandoned in favor of equal distribution, which
facilitated greater participation of small investors in the system. This
shift contributed to the expansion of the investor base.

It was determined that the highest number of applications and
allocations in public offerings came from domestic individual
investors. The participation of foreign investors was observed to be
more limited. Significant differences were found between
distribution methods and offering price, number of lots, and
application volumes. Equal distribution generally resulted in higher
application numbers and lower offering prices.

In the year-based analyses, it was observed that offering prices
and the number of lots offered increased, with the number of
individual and institutional applications peaking in 2023. In 2024,
there was a partial decline in this intensity. Additionally, significant
statistical differences were identified in some variables across years.

In conclusion, the increase in public offerings on Borsa Istanbul
in recent years indicates that the capital markets have developed and
investor interest has grown. However, the decline in small investor
interest in [POs in 2024 compared to 2023 is also thought-provoking.
For example, in 2023, one IPO company hit the upper price limit for
58 consecutive sessions and the lower price limit 16 times, while
other companies reached the upper limit 23, 15, 12, and 11 times,
respectively. In some cases, however, the stock price fell below the
offering price, causing losses for investors. For example, the price of
a share offered at 49.18 TL dropped to 30 TL, while another declined
from 57.15 TL to 40.52 TL.

The change in distribution methods indicates that the aim has
been to protect small investors. In the coming periods, the inclusion
of more foreign investors in the process and a more balanced
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planning of offering processes will contribute to the further
deepening of the capital markets.
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Machine Learning—Based Prediction of Post—Capital
Increase Stock Price Meyaggnts Using Fundamental
Analysis: Evidence from Borsa istanbul

flyas Akin Akyigit'
Sara Naghibzadeh®

Introduction

Modern financial markets are considered among the most
complex economic systems, as they are influenced by massive
volumes of structured and unstructured data (Fang & Zhang, 2016)
In these markets, investor decision-making is no longer based solely
on traditional analytical approaches; rather, the speed of information
processing, Big Data analytics, and the ability to identify hidden
patterns have become key factors in forecasting market behavior. In
this context, emerging markets such as Borsa Istanbul provide a
suitable environment for the application of artificial intelligence and
machine learning techniques due to their higher volatility, strong
sensitivity to news, and the presence of information asymmetry
(Atak, 2023).

One of the most important sources of information in the
Turkish capital market is Kamuyu Aydinlatma Platformu (KAP),
through which publicly traded companies disclose financial
information, managerial decisions, and strategic
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announcements(Arikan & Yetgin, 2023) . Among these disclosures,
capital increase announcements are of particular importance because
such events often lead to sudden changes in investor expectations
and significant fluctuations in stock prices (D’ Augusta & Prencipe,
2024). In many cases, market reactions to these announcements
extend beyond the scope of traditional financial analysis and are
influenced by behavioral factors, forward-looking expectations, and
market liquidity structures (C. Li et al., 2023).

In classical financial literature, the Random Walk Theory and
the Efficient Market Hypothesis (EMH) argue that financial asset
prices instantaneously reflect all available information; therefore,
accurately predicting future market movements is theoretically
impossible (NUNES, 2025). However, contemporary studies have
demonstrated that financial markets, particularly emerging markets,
do not always operate under perfect efficiency, and certain
informational events may create detectable patterns and temporary
anomalies in stock returns. Events such as capital increases, financial
disclosures, and corporate announcements are examples of such
anomalies that can be analyzed through data-driven approaches
(Roeder et al., 2022).

Within this framework, the Event Study methodology has
emerged as one of the most widely used approaches in financial
analysis for examining market reactions to specific events (El1 Ghoul
et al., 2022). By measuring abnormal returns around the event date,
this method evaluates the impact of new information on market
behavior. Despite its extensive application in financial studies, most
traditional Event Study research has been limited to the statistical
analysis of abnormal returns and has lacked the capability to
algorithmically predict future price movements (Nisar & Yeung,
2018).

Simultaneously with the rapid advancement of artificial

intelligence technologies, the use of machine learning and deep
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learning algorithms in financial forecasting has increased
significantly (Paramesha et al., 2024). Among these approaches,
Long Short-Term Memory (LSTM) networks have become one of
the most effective architectures for financial time-series analysis due
to their ability to capture long-term temporal dependencies and
model nonlinear structures (Siami-Namini et al., 2019). LSTM
models can identify hidden relationships among price data, trading
volume, and fundamental variables, thereby analyzing market
behavioral patterns more effectively than classical methods(Song et
al., 2020).

Despite substantial progress in deep learning—based financial
prediction, the majority of existing studies have focused primarily
on price-based or technical indicators while largely neglecting the
simultaneous integration of fundamental and event-driven data
(Almusned et al., 2026). Although fundamental ratios such as the
Price-to-Earnings (P/E) ratio and the Price-to-Book (P/B) ratio
provide valuable information regarding firms’ financial conditions
and investor expectations, the integration of these variables with
Kamuyu Aydinlatma Platformu (KAP) disclosures has received
limited attention in the literature. This issue highlights an important
research gap in Al-driven financial market analysis (Guragain,
2024).

Accordingly, the primary objective of this study is to develop
a hybrid framework based on fundamental analysis, event-driven
data, and an LSTM deep learning architecture to predict the direction
of stock price movements following capital increase announcements
in Borsa Istanbul (Chen et al., 2024). In this regard, data from A1l
Yenilenebilir Enerji, Hedef Girisim Sermayesi, and imas Makine,
which announced capital increase processes through Kamuyu
Aydinlatma Platformu (KAP) during May 2026, were analyzed. By
combining financial time-series data, fundamental ratios, and
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probabilistic classification mechanisms, the proposed model aims to
generate algorithmic “Buy,” “Sell,” and “Hold” signals.

The primary contribution of this research lies in the
integration of fundamental analysis with event-driven deep learning
models. This approach may contribute to a better understanding of
emerging market behavior, reduce the limitations of traditional
financial models, and support the development of Al-based financial
decision support systems. Furthermore, the findings of this study
may provide a foundation for future research in Natural Language
Processing (NLP), financial sentiment analysis, and intelligent
algorithmic trading systems.

Methodology And Algorithmic Framework

This study was designed to identify and model price
anomalies resulting from capital increase announcements in Borsa
Istanbul through a comprehensive machine learning and financial
data analysis framework. The overall structure of the research was
developed as a data-driven pipeline that sequentially performs data
collection, data integration, preprocessing, feature extraction, deep
learning—based modeling, and trading signal generation.

The primary objective of this framework is to integrate
fundamental analysis data with financial time-series and event-
driven information in order to predict the direction of stock price
movements following capital increase announcements published on
Kamuyu Aydinlatma Platformu (KAP). The proposed architecture
consists of four main components:

1. Big Data management and financial data integration,
2. Data preprocessing and normalization,
3. LSTM-based deep learning modeling,

4. Algorithmic decision-making and trading signal generation.
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As illustrated in Figure 1, the proposed framework follows a
sequential data-driven pipeline consisting of four major stages:
financial big data integration, data preprocessing and normalization,
LSTM-based deep learning modeling, and algorithmic decision-
making for trading signal generation. The architecture demonstrates
how event-driven financial disclosures, market time-series data, and
fundamental analysis indicators are integrated into a unified
predictive system for forecasting stock price movements after capital
increase announcements.

Figure 1. Overall Framework of the Proposed Methodology
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Furthermore, the main innovation of this methodology lies in
the simultaneous integration of fundamental data, time-series data,
and financial event information within a unified deep learning
framework. Unlike many previous studies that focused solely on
price-based indicators, this research incorporates both fundamental
analysis variables and Kamuyu Aydinlatma Platformu (KAP)
disclosures into the deep learning model to achieve a more accurate
representation of market decision-making dynamics.

Big Data Management and SQL-Based Data Integration

To construct the dataset used in this study, high-frequency financial

data including real-time stock prices, trading volume, and
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fundamental indicators related to A1 Yenilenebilir Enerji, Hedef
Girisim Sermayesi, and Imas Makine were collected. These
companies announced their capital increase decisions through
Kamuyu Aydinlatma Platformu (KAP) during May 2026. Market
data were extracted at one-minute intervals in order to capture short-
term market reactions surrounding event disclosures.

The final dataset consists of historical financial records covering the
period between January 2025 and May 2026. After removing
incomplete observations and non-trading periods, more than 150,000
time-series records were retained for model training and evaluation.
The dataset includes price-based variables, trading activity
indicators, and fundamental financial ratios, resulting in a total of 12
financial features extracted for each time interval.

To prevent data leakage in the time-series structure, the dataset was
divided chronologically (Liu et al., 2022). The first 80% of the
observations were used as the training set, while the remaining 20%
were allocated to the test set. In addition, a sliding window approach
with a sequence length of 60 time steps was employed to generate
sequential input data for the deep learning model(M. Wang et al.,
2023). Accordingly, the model analyzes the previous 60 minutes of
market behavior to predict future stock price movements.

Considering the large volume of financial data and the necessity for
rapid processing, a T-SQL (Transact-SQL)-based database
architecture was designed. The SQL-based structure not only
improved data retrieval and processing speed but also enabled
simultaneous integration of price data, fundamental indicators, and
event-driven information. Within this framework, stock price tables,
trading volume records, Kamuyu Aydinlatma Platformu (KAP)
event dates, and financial ratio datasets were merged through SQL
Join operations to generate the final input table for the machine
learning model.
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To integrate price-based and fundamental variables, the database
architecture was designed so that real-time stock prices, trading
volumes, and financial ratios could be extracted from independent
tables and consolidated into a unified central dataset. Furthermore,
the target variable was generated using the SQL window function
LAG() in order to determine the direction of price movement relative
to the previous time interval. In this structure, if the current stock
price was higher than the previous interval, the target class was
assigned a value of 1 (bullish movement); otherwise, it was labeled
as 0 (non-bullish movement).

A simplified representation of the SQL-based data integration
architecture is illustrated in Figure 2, while the structure of the final
machine learning dataset is presented in Table 1.

An example of the SQL query logic used in this study is provided
below:
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L0 SQL

SELECT
p.Timestamp,
p.ClosePrice,
p.Volume,
f.PE_Ratio,
f.PB_Ratio,

CASE
WHEN p.ClosePrice >
LAG(p.ClosePrice) OVER (ORDER BY p.Timestamp)
THEN 1
ELSE @
END AS Target

FROM PriceData p

JOIN FinancialRatios f

ON p.StockCode = f.S5tockCode

WHERE p.StockCode IN ('ALYEN', 'HDFGS', 'IMASM');

Table 1. Presents a Sample Structure of the Final Dataset Used in
the Machine Learning Model.

Stock Timestam Close Volume P/E P/B Target
Code P Price Ratio Ratio g
A1YEN 2026-05-11 4520 10,500 12.50  2.10 0
10:00
A1YEN 2026-05-11 4550 15200 1250  2.10 1
10:01
HDFGS 202160'.%%'” 1210 5,000 840  1.50 1
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IMASM 202160'.%%'“ 88.00 22,000 1520  3.40 0

As shown in Table 1, the variables Close Price and Volume represent
short-term market dynamics, whereas the fundamental ratios P/E and
P/B provide information regarding company valuation and investor
expectations. The Target variable specifies the direction of the next-
period price movement and is used as the classification label during
the model training process.

In this study, the Price-to-Earnings (P/E) ratio and Price-to-Book
(P/B) ratio were selected as key fundamental financial indicators.
These ratios are among the most widely used metrics in fundamental
analysis and play a critical role in evaluating firm valuation. The P/E
ratio reflects investor expectations regarding future profitability
growth, whereas the P/B ratio represents the relationship between a
company’s market valuation and its book value (Ghaeli, 2016).

Feature selection was conducted based on financial interpretability
and findings from previous studies on emerging market prediction
models (Mutinda & Yong, 2026). The objective of this stage was to
create a hybrid feature set capable of simultaneously representing
both short-term market behavior and long-term firm valuation
characteristics. Moreover, integrating Kamuyu Aydinlatma
Platformu (KAP)-based event data with financial indicators enables
the proposed model to analyze market reactions to capital increase
announcements more effectively and identify hidden behavioral
patterns among investors.

Data Preprocessing and Normalization

Real-world financial datasets generally contain noise, missing

values, and temporal inconsistencies (AlSalehy & Bailey, 2025) .In

data extracted from financial APIs, missing observations (NaN
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values), trading interruptions, time gaps outside market hours, and
short-term extreme fluctuations are frequently encountered (Mettu,
2025). Such issues may negatively affect the learning process of
deep learning models and reduce prediction performance.

To preserve the temporal integrity of the dataset, an initial data-
cleaning procedure was performed using the Pandas library in
Python. Missing values were replaced using the Forward-Fill
method in order to maintain the continuity of the time series. In
addition, non-trading periods, including public holidays, nighttime
intervals, and weekends, were removed so that only active market
data were included in the training process.

During the labeling stage, if the stock price increased by more than
2% following a capital increase announcement, the corresponding
observation was assigned to the “Bullish” class (Class 1).
Conversely, if the price change remained below this threshold or
exhibited a downward movement, the observation was categorized
as the “Non-Bullish” class (Class 0). This threshold was selected to
reduce short-term market noise and prevent the model from
becoming overly sensitive to minor price fluctuations.

After the data-cleaning phase, all extracted features were subjected
to a normalization process. Financial variables generally operate on
different numerical scales. For example, trading volume may be
represented in millions of units, whereas financial ratios such as the
Price-to-Earnings (P/E) ratio or Price-to-Book (P/B) ratio usually
have considerably smaller values. Such scale differences may
dominate the gradient descent optimization process and reduce
training stability.

Therefore, the Min-Max Scaling method was applied to transform
all features into the range of [0,1]. This normalization technique
ensures that all variables are represented on a unified scale, thereby
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improving the stability and convergence performance of the neural
network during training.

X—=Xmin

(1)

Xnorm =
Xmax—Xmin

In this equation 1, Xrepresents the original feature value,
Xmindenotes the minimum observed value of the feature, and
Xmaxrepresents the maximum observed value within the dataset.

The preprocessing and normalization stages play a critical role in
improving the robustness and generalization capability of the
proposed LSTM-based architecture (Rathnayake et al., 2021). By
eliminating noisy observations and standardizing feature
distributions, the model becomes more capable of identifying
meaningful temporal and fundamental patterns associated with
capital increase announcements in Borsa Istanbul.

Hybrid Deep Learning Architecture Based on LSTM

To model temporal dependencies and analyze market behavior
before and after capital increase announcements, Long Short-Term
Memory (LSTM) networks were employed in this study. LSTM
networks are among the most advanced deep learning architectures
for time-series analysis and are specifically designed to capture long-
term dependencies in sequential data (Lindemann et al., 2021).

Financial markets exhibit non-stationary, nonlinear, and time-
dependent characteristic (Vinogradov et al., 2023) . Therefore,
traditional models such as Linear Regression or ARIMA often fail to
capture the complex relationships among financial variables (Z. Li
et al., 2020). By utilizing memory cells and control gates, including
input, forget, and output gates, the LSTM architecture is capable of
preserving important information over long time intervals while
filtering out irrelevant noise. This capability enables the network to
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identify hidden market patterns more effectively than conventional
statistical approaches.

In the proposed framework, the deep learning architecture consists
of two consecutive LSTM layers, two Dropout layers, and a final
Dense layer for binary classification. The first LSTM layer is
responsible for extracting primary temporal patterns from the
financial time series, whereas the second LSTM layer models more
complex dependencies and long-term market memory. To reduce the
risk of overfitting and improve model generalization, a Dropout
layer with a rate of 0.2 was applied after each LSTM layer. Finally,
the Dense layer with a Sigmoid activation function generates the
probability of upward or downward stock price movement. The
overall architecture of the proposed model is illustrated in Figure 3.

To implement the proposed architecture, the TensorFlow/Keras
framework in Python was utilized. The model was designed using a
Sequential structure so that the temporal data could be processed
progressively through memory-based layers. A simplified
implementation of the proposed model architecture is presented in
Figure 4.

In this architecture, the parameter units=64 specifies the number of
neurons in each LSTM layer. The use of return_sequences=True in
the first LSTM layer ensures that the entire extracted sequence is
transferred to the subsequent LSTM layer, allowing the model to
analyze more complex temporal dependencies. In contrast, the
second LSTM layer is configured with return sequences=False,
meaning that only the final output sequence is forwarded directly to
the classification layer.

The Dropout layers with a rate of 0.2 were employed to reduce
overfitting and prevent the network from memorizing noisy financial
fluctuations. This regularization strategy randomly deactivates a
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subset of neurons during each training iteration, thereby improving
the robustness and generalization capability of the model on real-
world financial data.

The training process was conducted using the Adam optimizer with
a learning rate of 0.001. Adam is one of the most widely used
optimization algorithms in deep learning architectures because of its
high convergence speed and successful performance in financial
time-series problems. In addition, the Binary Crossentropy loss
function was selected since the objective of the model is to predict
the probability of observations belonging to bullish or bearish
classes. The Binary Crossentropy loss function is presented in
Equation (2).

Loss = =4 1 [vilog @) + (1= ydlog 1 =991 (@)

where y;represents the actual class label and y;denotes the predicted
probability generated by the model.

The model was trained for 50 epochs with a batch size of 32. To
control overfitting, the validation loss was continuously monitored
during the training process in addition to the use of Dropout layers.
The simultaneous stabilization of both training and validation losses
indicated that the model was able to learn meaningful market
patterns without memorizing random fluctuations.

The most important hyperparameters of the proposed architecture
are summarized in Table 2.

Table 2. Hyperparameters of the Proposed LSTM Architecture

PARAMETER VALUE
OPTIMIZER ‘ Adam

LEARNING RATE ‘ 0.001
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BATCH SIZE 32

EPOCHS 50
LSTM UNITS 64
DROPOUT RATE 0.2
LOSS FUNCTION Binary Crossentropy

SEQUENCE LENGTH | 60

OUTPUT ACTIVATION | Sigmoid

As shown in Table 2, the proposed architecture combines sequential
memory mechanisms with regularization techniques to improve
predictive stability in high-frequency financial datasets.

In financial literature, LSTM architectures are widely utilized for
stock price prediction, volatility analysis, and algorithmic trading
because of their ability to process high-frequency data, preserve
market memory, and model nonlinear structures (Aliyu et al., 2024).
In this study, the proposed architecture was employed to predict
stock price direction following capital increase announcements
published through Kamuyu Aydinlatma Platformu (KAP).
Furthermore, the integration of fundamental indicators and event-
driven data with the LSTM architecture enabled the model to
identify complex relationships among investor behavior, company
valuation, and market reactions to capital increase announcements
more effectively.

Algorithmic Decision-Making Mechanism

In the output layer of the proposed model, the Sigmoid activation
function was employed to transform the network output into a
probabilistic value within the range of 0 to 1(Pratiwi et al., 2020).
This probability value represents the confidence level of the model
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regarding the upward or downward movement of stock prices
following capital increase announcements. The mathematical
representation of the Sigmoid activation function is presented in
Equation (3).

1
1+e™*

o(x) =

3)

Based on the probabilistic output of the neural network, a threshold-
based decision-making mechanism was designed. The primary
objective of this system is to convert the raw output of the deep
learning model into interpretable trading signals for investors. The
threshold values were determined empirically according to the
volatile characteristics of the market in order to reduce the
probability of generating false trading signals under noisy market
conditions.

The algorithmic decision strategy was defined as follows:

o If the predicted probability exceeds 0.60, the model
anticipates an upward price movement and the stock is
classified as a “Buy Signal.”

o If the predicted probability is lower than 0.40, the system
predicts selling pressure or a downward movement, and the
stock 1is classified as a “Sell/Avoid Signal.”

o If the predicted probability falls between 0.40 and 0.60, the
market condition is considered an “Uncertainty Zone,” and
the algorithm refrains from taking any trading position.

The use of an uncertainty zone helps reduce false signals and
prevents participation in high-risk trades under highly noisy market
conditions (Kochliaridis et al., 2023). This approach is particularly
important in volatile emerging markets such as Borsa Istanbul,
where investor behavior is often influenced by news announcements,



short-term market sentiment, and information asymmetry (Atak,
2023b).

The overall decision-making mechanism of the proposed framework
is illustrated in Figure 5. As shown in the figure, the probabilistic
outputs generated by the LSTM-based architecture are transformed
into interpretable trading decisions through a threshold-based
filtering process.

Ultimately, the proposed framework presents a hybrid forecasting
system based on fundamental indicators, event-driven financial data,
and deep learning networks (Du et al., 2025). This architecture can
serve as a foundational infrastructure for the development of
intelligent financial decision-support systems and algorithmic
trading applications in emerging financial markets (Zhao & Saeed,
2022).

Findings and Model Performance Evaluation

The hybrid deep learning model based on the LSTM architecture
developed in this study was trained using structured datasets related
to capital increase announcements issued by the companies Al
Yenilenebilir Enerji, Hedef Girisim Sermayesi, and imas Makine.
The datasets were collected through the Kamuyu Aydinlatma
Platformu (KAP) and included stock price data, trading volume, and
fundamental financial indicators. The model training process was
conducted over 50 epochs, and the behavior of the loss function as
well as the classification performance of the model were evaluated
throughout the learning process, as illustrated in Figure 2.
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Figure 2. Training and Validation Loss Curves of the Proposed
LSTM Model
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To analyze the learning dynamics of the network, the variations in
Training Loss and Validation Loss were examined based on the
Binary Crossentropy cost function. During the initial stages of
training, significant fluctuations in the loss values were observed due
to the highly noisy nature of financial markets and the volatility of
time-series data (Idrees et al., 2019). However, as the training
process progressed, both curves gradually converged within a stable
range. This behavior indicates that the model was able to learn the
structural patterns of the market without memorizing random noise.

The simultaneous stabilization of the training and validation curves
demonstrates that the use of Dropout layers and chronological data
splitting successfully prevented overfitting (H. Li et al., 2024). As a
result, the model was capable of learning not only the training data
but also the broader behavioral characteristics of the market.

--45--



Figure 3. Confusion Matrix for Stock Price Movement Prediction
After Capital Increase Announcements
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To further evaluate the classification performance, a Confusion
Matrix was generated using 200 test samples, as illustrated in Figure
3 The results showed that the model correctly identified 67 bullish
movements as True Positives (TP) and 37 bearish movements as
True Negatives (TN). In contrast, 54 samples were incorrectly
classified as bullish signals (False Positives — FP), while 42 bullish
movements were incorrectly predicted as bearish trends (False
Negatives — FN).

These findings suggest that the market reaction to capital increase
announcements does not follow a completely random structure and
that certain aspects of investor behavior can be analyzed through
deep learning models. In fact, the integration of fundamental
indicators with event-driven data enabled the model to identify a
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portion of the pricing anomalies emerging after Kamuyu Aydinlatma
Platformu (KAP) announcements.

Statistical Performance Metrics

To quantitatively evaluate the model performance, standard
classification metrics including Accuracy, Precision, Recall, and F1-
Score were calculated. These metrics were derived from the values
obtained from the confusion matrix (TP=67, TN=37, FP=54,
FN=42).

The Accuracy metric indicates the overall proportion of correct

predictions generated by the model.

TP +TN 67 +37
TP+TN+FP+FN 200

Accuracy = = 52.0%

The results demonstrate that the overall accuracy of the model is
52.0%. Although this value may initially appear modest, even slight
improvements above random behavior can be economically
meaningful in highly noisy financial markets that are often close to
stochastic behavior.

Precision measures the proportion of generated buy signals that
actually resulted in upward price movements.

TP

= frd 0,
TP+ FP 67+ 54 55:3%

Precision =

The Precision value of 55.3% indicates that the proposed model
produced trading signals with higher quality compared to random
prediction. This metric is particularly important in algorithmic
trading systems because reducing false signals can significantly
decrease the risk of unsuccessful trades.

Recall evaluates the model’s ability to identify actual bullish market
trends.
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TP

= — 0
TP+ FN 67+ 42 61.4%

Recall =

The Recall value of 61.4% suggests that the model achieved a
relatively effective performance in detecting market growth
opportunities and successfully captured a considerable portion of
positive market reactions following capital increase announcements.

The F1-Score represents the harmonic mean of Precision and Recall
and evaluates the balance between these two metrics.
Precision X Recall

Precision + Recall >8.2%

The F1-Score of 58.2% indicates that the model achieved a balanced
trade-off between identifying genuine bullish trends and minimizing
false trading signals.

In financial literature, stock markets are generally considered highly
noisy, nonlinear, and strongly influenced by investor behavior, which
aligns closely with the Random Walk Theory. According to this
perspective, models relying solely on price-based information
typically achieve performance levels close to random prediction,
usually around 50% accuracy. In such environments, even limited
improvements in classification metrics may possess both statistical
and economic significance.

In this study, the proposed hybrid framework, which integrates
fundamental indicators such as the P/E and P/B ratios with Kamuyu
Aydinlatma Platformu (KAP) event-driven data and an LSTM-based
architecture, improved the Precision metric to 55.3% and the F1-
Score to 58.2%. These findings indicate that capital increase
announcements published through the Kamuyu Aydinlatma
Platformu (KAP) can generate identifiable and partially predictable
anomalies in the market(Ozyesil & Tembelo, 2025).
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Although the predictive performance metrics remain moderate, this
outcome is consistent with the stochastic and highly noisy nature of
financial markets (Nabar & Shroff, 2023). In algorithmic trading
environments, even small predictive advantages above random
behavior may provide economically meaningful trading
opportunities when applied consistently over large numbers of
transactions (Cooper et al., 2023). Therefore, the proposed
framework should be interpreted as a probabilistic decision-support
system rather than a deterministic price prediction model.

Conclusion and Discussion

In this study, the effects of announcements published in markets
characterized by high information asymmetry, such as Borsa
Istanbul, were analyzed through an artificial intelligence—based
algorithmic framework. Within this context, the impact of
announcements published through the Kamuyu Aydinlatma
Platformu (KAP) on stock prices was investigated (Atak, 2023a).

While traditional Event Study approaches generally analyze price
changes only at the moment of the event occurrence, the hybrid
LSTM architecture developed in this research is capable of learning
the relationship between event-driven information and fundamental
analysis ratios, ultimately generating predictive “Buy/Sell/Hold”
signals for investors(Song et al., 2020) .

The findings demonstrate that machine learning algorithms achieve
improved capability in identifying market anomalies when they are
not limited solely to price-based data and are instead combined with
fundamental and event-driven information (Jahan et al., 2024). This
suggests that Kamuyu Aydinlatma Platformu (KAP) announcements
may function as a source of partially predictable behavioral patterns
in the market.
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Although the predictive performance metrics of the proposed model
remain moderate, this outcome is consistent with the highly
stochastic, nonlinear, and noisy structure of financial markets
(Khattak et al., 2023). In emerging markets such as Borsa Istanbul,
even limited improvements over random prediction may possess
both statistical and economic significance (Kazak et al., 2025).
Therefore, the primary objective of the proposed framework is not
deterministic market prediction, but rather the identification of
probabilistic behavioral patterns and the generation of decision-
support signals for algorithmic trading systems.

For future studies, it is recommended that, in addition to numerical
financial variables, the textual content of announcements published
through the Kamuyu Aydinlatma Platformu (KAP) should also be
analyzed using Natural Language Processing (NLP) and Sentiment
Analysis techniques and incorporated into the model as an additional
analytical layer. Such an approach may contribute to reducing Type
I and Type II errors, improving overall model accuracy, and
enhancing predictive performance.

Natural Language Processing (NLP) is considered one of the most
significant subfields of artificial intelligence, enabling the analysis
and interpretation of textual data. In financial markets, an enormous
volume of information is published in textual form, including official
corporate disclosures, economic news, analytical reports, social
media content, and public market announcements. These textual
datasets may exert a direct influence on investor behavior and stock
price volatility (Dimlo et al., 2024).

In recent years, the integration of NLP with machine learning and

deep learning models has attracted substantial attention in financial

market forecasting. Techniques such as Sentiment Analysis,

keyword extraction, and Transformer-based language models are

capable of identifying positive or negative tones in financial news
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and estimating their potential influence on market trends (Khalil et
al., 2021).

Although the primary focus of the present study was on numerical
financial indicators and fundamental analysis ratios, future research
may extend the proposed framework by incorporating the textual
analysis of announcements published through the Kamuyu
Aydinlatma Platformu (KAP) using NLP techniques. The addition of
this textual layer may reduce prediction errors and improve the
accuracy of algorithmic decision-making systems (A. Wang et al.,
2024).
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BOLUM 4

MERKEZI YONETIM BORC STOKUNUN
GELISiMi

FiKRET KARTAL!

Giris

Kamu kesiminin, vergi ve vergi dis1 gelirleri ile
karsilayamadig tiiketim ve yatirim harcamalari i¢in borglanmasi
olagan bir durumdur. Denk biitce hedefi dile getirilmekle birlikte
uygulamada biitce ag11 yaygindir. Geligmis iilkeler de dahil olmak
iizere kiiresel bazda yiiksek kamu kesimi bor¢luluk oranlar dikkat
cekmektedir. Ulkelerin risk yapisinin analizinde kamu kesiminin
biitce agi1g1 ve milli gelire oranla borgluluk diizeyi kullanilan ana
gostergeler arasindadir.

Gelismis ve rezerv paraya sahip olan iilkelerde i¢-dis borg
ayirimi1 dogmamakta ¢iinkii bu tilkeler kendi para birimleri izerinden
bor¢lanma imkanina sahip olmaktadir. Diger yandan, rezerv parasi
olmasa dahi dis ticaret fazlas1 veren iilkelerde de dis bor¢clanma daha
az risk tasimaktadir. Gelismekte olan ve dis agik veren lilkelerde ise
i¢ ve dis borg ayirimi giindeme gelmektedir. Bir iilkenin yurt diginda
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ithrac ettigi tahviller ve yurt digindan aldig1 borglar ifade eden dis
borglar ile yurt iginden temin edilse dahi doviz cinsinden borglar,
cesitli riskler tasiyor olsa da kiiresel finansal kosullarin uygun olmasi
halinde diisiik maliyetli ve uzun vadeli borg¢lanma firsati ortaya
cikabilmektedir. Tasarruf agigr ve dis acigi bulunan iilkelerin
O0demeler dengesine konu finansman kalemi {izerinden dogrudan ve
dolayl1 yatirimlar araciligiyla fon ¢ekmesinin yani sira kredi yoluyla
bor¢lanmas1 da yurt i¢i faaliyetlerin devamliligi ve ekonominin
carklarinin  dénmesi agisindan bir ihtiyagtir. Ornegin, Tiirkiye
biiyiimesinde, iiretiminde, ihracatinda yliksek diizeyde ithal girdi
gereksinimine sahiptir ve bu durum ddviz ihtiyacini ve dolayisiyla
dovizle bor¢lanmay1 zorunlu kilmaktadir. Hazine araciliiyla kamu
kesiminin sadece kamu yatirimlari i¢in degil, 6zel kesimin déviz
ithtiyacini karsilamak i¢in de dis bor¢lanmaya yonelmesi olagan bir
durumdur.

Kamu borcunun miktarinin-diizeyinin yani sira borcun vade
yapisi, ulusal para ve doviz dagilimi, borca konu faizin tiirii (sabit-
degisken) gibi konularda dikkate alinarak borglulukla ilgili
degerlendirmelerde  bulunulmaktadir. Ayrica borcun mutlak
tutarindan ¢ok daha fazla sekilde borcu milli gelir i¢cindeki pay1
onem kazanmaktadir.

Bu calismada, 2018 yilinda meydana gelen kur sokunun
hemen Oncesinden baslanarak merkezi yonetim bor¢ stokundaki
miktar ve profil degisimi analiz edilmekte, 2017-2025 dénemine ait
yil sonu verileri kullanilmaktadir. Bor¢ stokunun ig-dis borg
dagilimi, faiz yapisi, TL ve doviz kompozisyonu ve borcun milli
gelir icindeki pay1 sunularak degerlendirmelerde bulunulmaktadir.

Literatiir Taramasi

Tiirkiye’de kamu bor¢ stokunun yapisi, borcun belirleyicileri
ve iliskide bulundugu degiskenlerle ilgili yapilan baz1 ¢alismalarin
sonuglarina agagida kisaca yer verilmektedir.
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Ulkelerin i¢ ve dis bor¢ kompozisyonu iizerine odaklanan
calismada (Eser & Birinci, 2014: 48-49); risk, maliyet ve
digsalliklarin i¢-dis borg tercihini etkiledigi, gelismekte olan
iilkelerin ekonomik kriz ve doviz kuru riski nedeniyle i¢ borcu tercih
edebildigi, kamunun i¢ bor¢clanmasinda meydana gelen artigin ise
0zel kesim lizerinde dislama etkisi yaratabildigi, cogu gelismekte
olan tiilkede 6zel sektoriin de dis bor¢clanmaya yonelebildigi ifade
edilmistir.

Kamu harcamalarini karsilayacak geliri yaratamayan, yliksek
reel faizle borglanan, siirekli olarak borcunu ¢eviren iilkelerde
borcun alinmasi ile 6denmesi arasindaki donemde kamu borg
yonetiminin 6nem tasidigini belirten ¢alismada (Tiirkal, 2020: 161-
162); kamunun finansal piyasalara erisiminin siireklilik kazanmasi,
bor¢lanma maliyetinin diisiik tutulmasi, bor¢lanma araglarinin
cesitlendirilmesinin bor¢ yoOnetiminin temel unsurlar1 oldugu
aciklanmustir.

1990-2012 doneminde kamu bor¢ yonetiminde meydana
gelen kurumsal doniisiimii inceleyen ¢alismada (Yildiz, 2014: 98-
99); 1990-1994 ve 2005-2012 donemlerinin kamu kesiminin borg
gostergeleri bakimindan olumlu, 1995-2001 doneminin ise olumsuz
bir tablo sergiledigi, 2004 sonrasinda borcun milli gelir i¢indeki
payinda diislis, dis bor¢ payinda gerileme, faiz 6demelerinin milli
gelir ve vergi gelirlerine oraninda azalmanin meydana geldigi ifade
edilmistir.

Covid-19 salgin krizinin kamu borg¢ stokuna etkilerini analiz
eden ¢aligmada (Oskay, 2022: 187-188); salgin nedeniyle uygulanan
geniglemeci politikalarin  biitce acig1t ve kamu borglanmasini
arttirdigi, kisa vadeli, degisken faizli, doviz cinsinden bor¢lanmanin
yiikseldigi, bu durumun faiz ve kur risklerine kars1 kirilganlig
arttirdig: belirtilmistir.
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2000-2021 donemi igin bor¢ stoku da dahil yedi kriter
iizerinden kamu mali performansini analiz eden ¢alismada (Kete,
2023: 48-49); 2001, 2003 ve 2002 yillarinin sirasiyla en kotii skora
sahip, 2011, 2020 ve 2021 yillarinin ise en iyi skora sahip yillar
oldugu, merkezi yonetim net bor¢lanma geregi, genel yonetim borg
stoku, biitceden faiz Odemelerine ayrilan pay bakimindan
stirdiiriilebilir seviyelere ulasildigi, ancak Covid-19 salgin krizi ile
birlikte bu rasyolarin yiikseldigi ifade edilmistir.

Kamu mali performansin1 2003-2024 donemi iizerinden
analiz eden diger bir ¢alismada ise (Demir, 2026: 251-252); 6zellikle
yiikksek biiyiime donemlerinde artan vergi gelirlerinin kamu
bor¢lanmasint kontrol altina aldigi ve bunun mali performansi
yiikselttigi, kamu kesimi borglanma gereginin toplam borg
stokundan daha etkili oldugu, baska bir ifadeyle performansin stok
degil, akim degiskenden etkilendigi belirtilmistir.

Baz1 gelismekte olan tilkelerde siirdiiriilebilirlik ve risk
bakimindan sorunlar igeren dis borcu merkezine alan ve 2002-2022
donemine ait verileri kullanan ¢alismada (Oskay, 2024: 17-18); bes
gosterge tizerinden Tirkiye ve BRICS iilkeleri karsilastirildiginda
dis bor¢ sorununun Tiirkiye’de one ¢iktig1, dis borgta 6zel sektoriin
payt ve kisa vadeli bor¢larin agirliginin Tirkiye’yi kirilgan hale
getirdigi ifade edilmistir. Ayni ¢calismada tiretimde ithal girdi paymin
azaltilmasi, dolarizasyonun hafifletilmesi, yurt i¢i tasarrufun
artirilmasi ve dis borca alternatiflerin gelistirilmesi gibi faktorlerin
bu kirllganligr azaltacag: agiklanmustir.

Kamu borcunun ekonomiye etkisini, kamu bor¢lanmasinda
ana finansman kaynagi olan bankacilik sektoriiniin kredi kanali
iizerinden arastiran ve 2006-2023 donemi verilerini kullanan
caligmada (Kasal, 2024: 867-869); i¢c bor¢ artisinin kisa vadede
dislama etkisi yarattig1 ancak orta vadede devlet destekli kredi
uygulamalarinin bu etkiyi kaldirdigi, kamu bor¢lanma faizindeki

artisin Uretim ve kredi hacmi {izerinde daraltict yonde tesir
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olusturdugu, kamu bor¢lanmasinin diglama etkisinin azaltilmasi i¢in
kisa-uzun vadeli bor¢ dagilimi ve yatirimcr tabanmin
genisletilmesinin 6nem tasidigi belirtilmistir.

Tiirkiye Ekonomi Politikalar1 Aragtirma Vakfi (TEPAV)
blinyesinde kamu borcunu degerlendirmek amaciyla hazirlanan
caligmada (Cangdz, 2022); 2022-2017 doneminde kamu borg
yiikiinlin 6nemli 6l¢iide geriledigi (%67’den %37’ye), 2018 ve
sonrasinda (2022’ye kadar) ise bor¢clanma miktarmin arttigi, doviz
cinsinden i¢ bor¢lanmanin yeniden basladigl, degisken faizli
bor¢larin paymin yiikseldigi, daha riskli bir pozisyonun taginmaya
baslandig1, normalde bor¢ portfdy yapisinin risk seviyesi arttiginda
bor¢lanma maliyetinin diigmesinin gerektigi, ancak 2018 sonrasinda
hem bor¢ portfoyiiniin risklilik seviyesinin hem de bor¢lanma
maliyetinin yiikseldigi, kamu borcuna yonelik olarak 20 yilda elde
edilen kazanimlarin son donemde asindig1 ifade edilmistir.

Veri ve Calismanin Yontemi

Agustos 2018’de meydana gelen kur soku sonrasinda 2020
yilinda salgin krizi meydana gelmis, Eyliil 2021 déneminde diisiik
nominal faiz ve negatif reel faize dayali geleneksel olmayan
ekonomi politikas1 tatbik edilmeye baslanmis, Haziran 2023
sonrasinda ise geleneksel ekonomi politikalarina kademeli gecis
kapsaminda gorece yiiksek faiz oram1 ve degerli TL politikasi
uygulamaya konulmustur. Calismamiz tiim bu gelismeleri igeren
Aralik 2017-Aralik 2025 doneminde merkezi yonetim borg¢ stokunda
meydana gelen degisimleri sunmaktadir. Yillik veriler, yi1l sonu (31
Aralik) biiyiikliiklerine isaret etmektedir.

Hazine ve Maliye Bakanligt merkezi yonetim bor¢ stoku
istatistiklerini; i¢ ve dis borg, TL ve doviz borcu, faiz yapisina gore
borglar (sabit, degisken, TUFE’ye endeksli), enstriimana gore
borglar (bono, tahvil, uluslararas: tahvil, kredi) ve vadeye kalan
ortalama silireye gore borglar olarak yayimlamaktadir. Bu ¢aligmada
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i¢c ve dig borg ile borcun TL-doviz dagilimi ve faiz yapisina konu
veriler kullanilmis, ayrica kilit bir gosterge olan borcun milli gelir
(GSYH) icindeki agirlign  tizerinden  degerlendirmelerde
bulunulmustur.

Hazine ve Maliye Bakanlig1 (2026a), yurt i¢i piyasalarda
ihrag edilen tahvil ve bonolara ait borglari i¢ borg, yurt disinda ihrag
edilen tahviller ve yurt disindan alinan borglar1 dis bor¢ olarak
tanimlamistir. TUFE’ye endeksli bor¢larin yani sira “Degisken faiz
oranlarinda kupon 6deyen senetler” olarak ifade ettigi degisken faizli
borg¢lar da bulunmaktadir. Degisken faizli borglar, piyasada agirlig
olan bir faiz oranina (Hazine ihalelerindeki faiz orani, gosterge tahvil
faizi veya TLREF orani gibi) endekslenmektedir.

Ic ve Dis Bor¢ Stokunun Gelisimi

Olagan kosullarda bir {ilkenin kendi ulusal para biriminden
ve yurt iginden bor¢lanmasi tercih edilebilir iken kiiresel finansman
kosullar1 (diisiik faizli bor¢lanma), tasarruf agigi, cari agik basta
olmak iizere doviz ihtiyaci doguran kosullarin varligi ve yurt
icindeki smirli fonlarin kamu tarafindan cekilmesi halinde 6zel
kesim iizerinde olusacak dislama etkisi gibi nedenlerle dis
bor¢lanma da tercih edilmektedir. Ulusal parada otoritenin ulusal
merkez bankasi olmasi ve doviz borcunun kur riskiyle birlikte
borcun vadesinde yeterli doviz temini veya borcun cevrilebilirligi
gibi riskler tasimasi borglanmada dikkate aliman hususlar
arasindadir.

2017-2025 doéneminin y1l sonu merkezi yonetim ig-dis borg
verileri asagida sunulmaktadir.

2017 y1l sonunda 876 milyar TL'lik toplam bor¢ stokunun
%61°1 i¢ bor¢ stokundan olusurken, bor¢ stoku %1.459 artarak 2025
sonunda 13,6 trilyon TL’ye ulasmis ve borcun %60’ i¢ borglar
meydana getirmistir. Bu donem zarfinda dikkat ¢eken husus kur

sokunu takiben 2019 yilinda i¢ borcun payinin %55’e diismesi, Eyliil
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2021°den itibaren yasanan kriz nedeniyle bu paym 2021-2023
doneminde %48 dolayina gerilemesidir. Dolayisiyla kur artiglarinin
yasandig1 donemlerde doviz borcunun TL karsiliginin artmasi veya
tersten okumayla i¢ borcun doviz karsiliginin azalmasi nedeniyle
doviz borcunun payr %39’lardan %52’ye yiikselmistir. Yiiksek
enflasyon ortaminda 2023 sonrasinda izlenen yiiksek faiz-diisiik kur
politikasinin TL’de yarattigi degerlenmenin de katkisiyla doviz
borcunun pay1 2025 sonunda yeniden %40 dolayina diismiistiir.

I¢ borg stoku iginde sabit faizli borcun payr 2017°de %65,
2025’te %54°diir. Dis borg icinde sabit faizli borcun payr 2017
sonunda %87, 2025 sonunda %82’dir.

Sekil 1 Merkezi Yonetim I¢ ve Dis Bor¢ Stokunun Geligimi

ic ve Dis Bor¢ Stoku (Milyon TL)
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Kaynak: Hazine ve Maliye Bakanhigi (2026b) merkezi yonetim borg stoku
istatistiklerinden derlenmistir.
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TL ve Doviz Bor¢ Stokunun Gelisimi

Gelismekte olan, tasarruf agig1 ve dis a¢ig1 bulunan ve yurt
dis1 piyasalardan kendi para birimi cinsinden bor¢lanamayan iilkeler
acisindan borcun ulusal para ve doviz cinsinden dagilimi kritik
onemdedir. I¢ borclanmanin bir kismmm doviz cinsinden
yapilabilmesi nedeniyle borcun doviz kompozisyonu, i¢-dis borg
ayirimindan farkli bir gériinme sahip olabilmektedir.

Merkezi yonetim bor¢ stokunun TL ve doviz cinsinden
dagilimi asagidaki sekillerde sunulmaktadir. Doviz cinsinden
tutarlarin TL karsiligi verildigi i¢in kur artiglarinda doviz cinsi
bor¢larin TL karsiliginin da arttig1 hatirda tutulmalidir.

Sekil 2 Merkezi Yonetim Borg¢ Stokunun TL-Déviz Dagilimi

TL ve DOviz Bor¢ Stoku (Milyon TL)
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Kaynak: Hazine ve Maliye Bakanhgi (2026b) merkezi yéonetim borg stoku
istatistiklerinden derlenmistir.

2017 yili sonunda merkezi yonetim bor¢ stokunun %39’u

doviz cinsinden iken bu oran 2018 yilindan itibaren yiikselmeye
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baslamis, 2018 sonunda %46, 2019°da %50, 2020°de %56’ya
ulagsmig, 2021°de ise incelenen donemin en yiiksek yil sonu degeri
olan %66 seviyesinde gerceklesmistir. 2018 ve sonrasinda bazi
donemlerde kurlarda keskin artiglarin meydana gelmesi doviz
cinsinden borcun TL karsiligin1 ve dolayisiyla toplam borg igindeki
payimm artirmistir. DOviz cinsinden borcun agirhig 2022 ve 2023
yillarinda %65 dolayinda iken 2024 ve 2025 yillarinda kurlarin
baskilanmasi ve TL’nin degerlenmesinin de katkisiyla bu pay 2024
yilinda %56, 2025 yilinda %53’e diismistiir.

TL borg stoku i¢inde sabit faizli bor¢larin pay1 2017 yilinda
%065 iken 2025 sonunda %59’a gerilemistir. Doviz borcunda sabit
faizli borcun pay1 2017 sonunda %87, 2025 sonunda 71°dir.

Faiz Yapisina Gore Bor¢ Stokunun Gelisimi

Kamu kesimi ekonomik konjonktiire, enflasyon ve faiz
beklentilerine bagli olarak sabit veya degisken faiz {izerinden
bor¢lanabilmektedir. Sabit faizli bor¢lanma, faiz oranlarindaki
beklenmeyen yukar1 yonlii dalgalanmalara karsit bir koruma
saglarken faizin veya referans alinan gostergenin diisiis egiliminde
bulundugu doénemlerde ise degisken faizli bor¢lanma maliyet
avantaji sunabilmektedir. Faiz-kupon O6demesi belirli bir faiz
gostergesine (Hazine ihale faiz oranlari, TLREF gibi) baglh olan
kamu bor¢lanma senetleri degisken faizli olarak adlandirilmakta,
ayrica TUFE’ye endeksli bor¢lanma senetleri ise farkli bir baslikta
siiflandirilmaktadir.

Merkezi yonetim bor¢ stokunun faiz yapisinda 2017-2025
doneminde olusan degisim asagidaki gibidir.
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Sekil 3 Merkezi Yonetim Bor¢ Stokunun Faiz Yapist

Faiz Yapisina Gore Borg¢ Stoku (Milyon TL)
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Kaynak: Hazine ve Maliye Bakanlhigi (2026b) merkezi ydnetim borg stoku
istatistiklerinden derlenmistir.

2025 sonu itibartyla 13,6 trilyon TL'lik toplam merkezi
yonetim bor¢ stokunun 8,9 trilyon TL'lik boliimii sabit faizli
bor¢lardan meydana gelmektedir. 2017-2023 doneminde sabit faizli
borglar %71-75 arasinda bir paya sahip iken 2023 sonrasinda izlenen
dezenflasyonist politika kapsaminda beklenen faiz diisilisiine bagl
olarak 2025 sonunda sabit faizli bor¢larin pay1 %65’e diismiistiir.

Incelenen dénemde borcun %25-35’lik boliimii ise degisken
faizli ve TUFE’ye endeksli bor¢lardan olusmustur. 2017-2019
doneminde toplam bor¢ i¢inde %11-13 paya sahip olan degisken
faizli borglar, 2020 yilindan itibaren artmaya baslamis ve 2021
yilinda %20, 2023 yilinda %22, 2025 yilinda %30’luk pay
edinmistir.
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TUFE’ye endeksli borglar 2017-2020 déneminde takriben
%13’liikk paya sahip iken 2021 yilinda meydana gelen kriz ve
enflasyondaki keskin ylikselise bagli olarak kamu kesimi bu tiir
bor¢lanmadan kagmmustir. TUFE’ye endeksli borglarin payr bu
nedenle bir diisiis egilimine girmis ve 2025 sonunda %35 diizeyine
gerilemistir.

TUFE’ye endeksli devlet tahvillerini edinen ticari bankalar
ciddi bir gelir elde etmis ve agirlikla bu tahvillerin sundugu imkanin
katkistyla 2022 yilinda nominal %364, reel %170’lik net donem kari
artis1 elde etmislerdir (Kartal, 2023: 11).

Bor¢ Stokunun Milli Gelir icindeki Pay1

Bor¢ stokunun miktarindan ¢ok daha fazla sekilde borcun
milli gelirden (GSYH) aldigi pay dikkate alinmaktadir. Cari
fiyatlarla GSYH’daki nominal artig genel olarak enflasyonla
iligkilidir; enflasyondan ¢ok daha genis bir mal-hizmet kaleminin
dikkate alinmasi1 (deflatér) bu durumu degistirmemektedir. Bu
nedenle GSYH’nin reel biiyiimesi, enflasyonu asan bir nominal
bliylimeye tekabiil etmektedir. Merkezi yonetim borg¢ stokunun
takriben yarisinin doviz cinsinden olusmasi ve bu borcun TL
karsiliginin ifade edilmesi nedeniyle bor¢ miktarmin déviz kuruna
bagimlilig1 agiktir. Dolayisiyla cok genel hatlariyla doviz kuru deger
kazandiginda yani enflasyon oranmin altinda arttiginda doviz
cinsinden borcun TL karsilig1 da reel olarak kiictilmektedir. Kur
artisinin nominal GSYH biiylimesini astigi donemlerde ise tersi
durumla karsilasilmaktadir. Dolayistyla kamu borcunun mili gelir
icindeki payinda meydana gelen degisimin yorumlanmasinda daima
doviz cinsinden borcun agirlig ve kur artis orani da gozetilmelidir.

Asagida merkezi yonetim bor¢ stokunun GSYH igindeki
payinda meydana gelen degisim sunulmaktadir.
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Sekil 4 Merkezi Yonetim Bor¢ Stokunun Mili Gelir (GSYH) I¢indeki
Paymmin Geligimi
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Kaynak: Hazine ve Maliye Bakanligi (2026b) merkezi yonetim borg stoku
istatistikleri ve TUIK (2026) cari fiyatlarla GSYH verilerinden yararlanilmistir:

2017 ve 2018 yillarinda merkezi yonetim bor¢ stokunun
GSYH pay1 %28 dolayinda iken bu oran 2019 yilinda %30, 2020°de
%35, 2021°de %37’ye yiikselmistir. Bu artigta ilgili donemlerdeki
kur artiglarinin ve sinirl biiylimenin etkisi bulunmaktadir. 2021-
2023 donemindeki yiiksek biiylime ve 2021 sonundan itibaren
enflasyondaki keskin yiikselis ve enflasyonla miicadelede kurun
baskilanmasina 6nem verilmesinin de katkisiyla bor¢ stokunun milli
gelir pay1 2022 yilinda %26’ya, 2023 yilinda %25’e, 2024’te %21’e
gerilemis, 2025 yilinda ise %22 diizeyinde gergeklesmistir.

I¢ borcun GSYH pay1 2017 sonunda %17 iken, 2020 sonunda
incelenen donemin en iist noktas1 olan %21’e yiikselmis, yiiksek
enflasyon, gorece yiiksek biiylime ve bazi yillardaki negatif reel
faizlerin i¢ borcu eritmesinin de katkisiyla 2022 yilinda %12’ye
gerileyen rasyo 2025 sonunda %13 diir.
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Dis borcun GSYH payr 2017 sonunda %]11 iken kur
artislarinin da etkisiyle 2021 sonunda %19’a yiikselmis, sonraki
donemde genelde degerli TL politikasinin izlenmesi sonucunda
2025’te %9’a gerilemistir.

S6z konusu oranlar Tiirkiye’de kamu borcunun diisiik oranda
oldugunu gostermektedir. Gelismis iilkelerde milli geliri asan
bor¢luluk oranlar1 mevcuttur. Déviz kurunun baskilanmasinin bu
olumlu sonuglarda bir miktar etkisinin oldugu bilinmektedir.

Sonug¢

Biitge agigindan kaynakli olarak olusan bor¢lanma geregi,
kamu kesiminin bor¢luluk diizeyine tesir etmektedir. Kamu
kesiminin tliketim harcamalar1 ve yatirimlar1 milli gelir, istthdam ve
enflasyon iizerinde belirleyicidir. Merkezi yonetim bor¢ stokunun
miktar olarak degisiminin yani sira profilindeki doniisiimde
makroekonomik goriinim ve {lke riski agisindan anahtar
gostergelerdir.

Agustos 2018’de meydana gelen kur sokundan itibaren
Tirkiye, salgin krizi ve Eylil 2021 doneminde baslayan, 2022
yilinda biiyliyen ve sonrasinda farkli derecelerde devam eden bir
krizle karsilagmistir. Bu gelismeleri kapsayan Aralik 2017-Araik
2025 donemini ele alan bu calismada, merkezi yonetim borg
stokunun biiyiikliigli ve yapisinda meydana gelen degisim analiz
edilmektedir. i¢ ve dis borg ile borcun TL-doviz dagilimi ve faiz
yapisina konu verileri kullanan ¢alismada, borcun milli gelir
(GSYH) icindeki agirhigi  lizerinden  degerlendirmelerde
bulunulmustur.

2017 y1l sonunda 876 milyar TL'lik toplam bor¢ stokunun
%61°1 i¢ bor¢ stokundan olusurken, bor¢ miktar1 %1.459 artarak
2025 sonunda 13,6 trilyon TL’ye ulagsmis ve borcun %60’1m1 i¢
bor¢lar meydana getirmistir. Agustos 2018 kur sokunu takiben 2019

yilinda i¢ borcun payr %55’e gerilemis, Eyliil 2021°den itibaren
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yasanan krizle birlikte bu pay 2021-2023 doneminde %48 dolayina
gerilemistir. Kur artiglarinin yasandigi donemlerde déviz borcunun
TL karsiliginin artmasiyla doviz borcunun pay1 %39’lardan %52’ye
yiikselmistir. 2023 sonrasinda izlenen yiiksek faiz-diisiik kur
politikasinin katkisiyla doviz borcunun payr 2025 sonunda %40
dolaymna diismiistiir. I¢ borg¢ stoku iginde sabit faizli borcun pay1
2017°de %65 iken 2025°te %54’°e diismiistiir. D1s borg icinde sabit
faizli borcun pay1 2017 sonunda %87 iken 2025 sonunda %82’ye
gerilemistir.

2018 ve sonrasinda bazi donemlerde kurlarda meydana gelen
keskin artiglar doviz cinsinden borcun toplam borg icindeki payini
artirmistir. 2017 yilinda borg stokunun %39’u doviz cinsinden iken
bu oran 2018 sonunda %46, 2019°da %50, 2020°de %56’ya ulasmis,
2021°de ise incelenen donemin en yiiksek y1l sonu degeri olan %66
seviyesinde gerceklesmistir. TL nin degerlenmesinin de katkisiyla
bu pay 2024 yilinda %56, 2025 yilinda %53’e diismiistiir.

Borcun faiz yapist incelendiginde, 2017-2023 ddneminde
sabit faizli bor¢larin %71-75 arasinda bir paya sahip oldugu, 2023
sonrasinda izlenen dezenflasyonist politika kapsaminda beklenen
faiz disiisiine bagl olarak 2025 sonunda sabit faizli borglarin
paymnin %65’e diistiigii goriilmektedir. incelenen donemde borcun
%25-35lik boliimii degisken faizli ve TUFE’ye endeksli borglardan
olusmustur. 2017-2019 déneminde toplam borg i¢inde %11-13 paya
sahip olan degisken faizli borglar, 2020 yilindan itibaren artmaya
baslamis ve 2025 yilinda %30’luk pay edinmistir. TUFE’ye endeksli
borglar 2017-2020 déneminde takriben %13’°liik paya sahip iken,
enflasyondaki keskin yiikselise bagl olarak, bu pay diisiis egilimine
girmis ve 2025 sonunda %5 diizeyine gerilemistir.

Bor¢ stokunun GSYH icindeki payr degerlendirildiginde,
2017 ve 2018 yillarinda %28 olan borg stokunun GSYH payi, 2019

yilinda %30, 2020°de %35, 2021°de %37’ye yiikselmistir. Bu artista
ilgili donemlerdeki kur artiglarinin ve gorece sinirlt biiyiimenin etkisi



bulunmaktadir. 2021-2023 donemindeki yiiksek biiylime ve 2021
sonundan itibaren enflasyondaki keskin yiikselis, negatif reel faiz ve
baskilanan kurun katkisiyla bor¢ stokunun milli gelir payr 2022
yilinda %26’ya, 2023 yilinda %25’e, 2024°te %21’e gerilemis, 2025
yilinda ise %22 diizeyinde gerceklesmistir. Bu rasyolar, uluslararasi
standartlar ve diger iilkelerin gostergelerine gore olumlu bir
bor¢luluk diizeyine isaret etmektedir.

Merkezi yonetim borg¢ stoku makroekonomik gelismeler ve
yasanan krizlerden dogrudan etkilenmektedir. Kur artiglarinin
yasandig1 kriz donemlerinde dig bor¢ ve doviz cinsinden borglarin
bor¢ stoku ig¢indeki payr artarken, enflasyon ve faiz oranlarinda
diisiise taniklik edilen donemlerde ise i¢ borglar ve degisken faizli-
TL cinsinden borglar artmaktadir. Kamu bor¢ yonetiminde biitce
acig1 ve bor¢lanma gereksinimi ile birlikte borcun kompozisyonu
Onem tasimaktadir.

Kaynakca

Cangoz, M.C. (2022). Devletin borcu i¢in dertlenmeli miyiz?
TEPAV Degerlendirme Notu, No: 202227

Demir, H. 1. (2026). 2003-2024 dénemi Tiirkiye kamu mali
performansinin ¢ok kriterli karar verme (CKKYV) yontemleri ile
degerlendirilmesi. Iktisadi Idari ve Sivasal Arastirmalar Dergisi, 29,
232-258. https://doi.org/10.25204/iktisad. 1814840

Eser, L.Y., & Birinci, N. (2014). I¢c ve dis bor¢ tercihini
etkileyen faktorler. Uluslararast Yonetim Iktisat ve Isletme Dergisi,
10(23), 31-52. https://doi.org/10.17130/ijmeb.2014.10.23.677.

Hazine ve Maliye Bakanligi. (2026a). Merkezi yoOnetim
doviz faiz yapis1 metaverisi, (1 Haziran 2026 tarihinde
https://www.hmb.gov.tr/kamu-finansmani-istatistikleri adresinden
ulasilmistir).

73



Hazine ve Maliye Bakanligi. (2026b). Merkezi yonetim borg
stoku istatistikleri, (7 Haziran 2026 tarihinde
https://www.hmb.gov.tr/kamu-finansmani-istatistikleri ~adresinden
ulasilmigtir).

Kartal, F. (2023). Tiirk bankacilik sektdriinde 2022 il
karliligiin belirleyicileri. Marmara Sosyal Arastirmalar Dergisi,
19, 1-25. https://doi.org/10.58793/marusad.1275226

Kasal, S. (2024). Tiirkiye’de devlet i¢c borcu, kredi piyasasi
ve dislama etkisi. Ekonomi Politika ve Finans Arastirmalari Dergisi,
9(4), 854-876. https://doi.org/10.30784/epfad.1533993

Kete, H. (2023). Tiirkiye’de 2000-2021 déneminde kamu
mali gostergelerinin performans analizi. Kiwrklareli Universitesi
Iktisadi ve Idari Bilimler Fakiiltesi Dergisi, 12(1), 34-54.
https://doi.org/10.53306/klujfeas.1242538

Oskay, C. (2024). Gelismekte olan iilkelerde dis bor¢ sorunu:
Tiirkiye ile BRICS f{ilkelerinin karsilagtirmali bir degerlendirmesi.
Cag  Universitesi Sosyal Bilimler —Dergisi, 21(1), 1-21.
https://izlik.org/JA64AMW46XZ

Oskay, C. (2022). Tiirkiye’de kamu bor¢ stok yapisindaki
degisim ve gelisim: Covid-19 salgin dénemi. Tarsus Universitesi
Iktisadi ve Idari Bilimler Fakiiltesi Dergisi, 3(2), 171-189.
https://doi.org/10.56400/tarsusiibfdergisi.1180190

Tiirkiye Istatistik Kurumu (TUIK). (2026). Dé&nemsel
gayrisafi yurt i¢i hasila istatistikleri, (2 Haziran 2026 tarihinde
https://veriportali.tuik.gov.tr/tr/press/58213 adresinden ulagilmistir).

Tiirkal, H. (2020). Bor¢ yonetimi: Tiirkiye {iizerine bir
inceleme. Akademik Arastirmalar ve Calismalar Dergisi (AKAD),
12(22), 151-163. https://doi.org/10.20990/kilisiibfakademik.704451

Yildiz, F. (2014). Tiirkiye’de 1990-2012 doéneminde kamu

bor¢ yonetimi ve kamu bor¢ yapisindaki degisim {iizerine bir
--74--



inceleme. Sakarya Universitesi Iktisat Dergisi, 3(4), 67-104.
https://izlik.org/JA23CB94D]J

--75--






