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Geometrik Brownian Hareketi (GBM) ile BIST 30 hisse senetlerinin
gelecek degerlerini tespit etmede, &zellikle ilk otuz gindeki isabet ora-
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edilmistir. Geometrik Brownian Hareketi (GBM) ile tretilen zaman serile-
rinin otoregresif entegre hareketli ortalama mevsimsel ARIMA (SARIMA)
(Gaussian Dagilim) modeli ile daha isabetli dlcimlendigi (12 sirket),

ardindan en iyi asimetri tipi volatilite modelinin sirasiyla EGARCH (11
sirket), GARCH (6 sirket), GJR (1 sirket) oldugu tespit edilmistir.
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Estimation Of The Future Values Of Bist 30 Shares With Geometric
Brownian Motiion And Volatility Analysis With Arima, Sarima, Garch,
Egarch, Gjr Models

Abstract

In determining the future values of BIST 30 stocks with the Geo-
metric Brownian Motion (GBM), it was found that the hit rate in the first
thirty days is quite high, the prediction error increases due to external
shocks as the time gets longer, and the prediction error of stocks with
low variance is lower than the others. Time series produced by Geo-
metric Brownian Movement (GBM) are measured more accurately with
the autoregressive integrated moving average seasonal ARIMA (SARI-
MA) (Gaussian Distribution) model (12 companies), followed by the best
asymmetry type volatility model respectively EGARCH (11 companies),
GARCH (6 company), GJR (1 company).

Key Words: GBM, Volatility, EGARCH, GJR
JEL Classification: G17

1. Giris

Brown hareketi, 1828'de botanikgi Robert Brown tarafindan géz-
lemlenen ve suda asili duran polenin dizensiz hareketine verilen isimdir.
Polenin su molekilleri tarafindan tamponlanmasina atfedilen bu rastgele
hareket, polenin dagilmasi veya yayilmasiyla sonuclanir. Brownian ha-
reketinin uygulama araligi, sispansiyondaki mikroskobik parg¢aciklarin
calismasinin ¢ok &tesine gecmekte ve hisse senedi fiyatlarinin, elektrik
devrelerindeki termal guriltinin, kuyruk ve envanter sistemlerindeki be-
lirli sinirlayici davranislarin analiz edilmesinde, bunun yaninda fizik,
biyoloji, ekonomi ve ydnetim sistemleri gibi farkli uygulama alanlarinda
kullanim imkéni bulmaktadir (Karatzas & Shreve, 1998, s.47).

Bugin “Wall Street'in rassal yurUyisi” olarak bilinen nos-
yon Bachelier'den (1900) dnemli bir destek almis, ancak Holbrook
Working'in (1949) yilinda gelecekteki fiyatlar Gzerine yaptigi Stanford
arastirmasi, rastgele sayi dizileri ile gercek bugday ve hisse senedi fiyat-
larinin zaman profilleri arasindaki benzerlikleri belgelemistir (Bachelier,
2011, s.8). Finans teorisinde, hisse senedi piyasalarinda fiyat sisteminin
evrimini modellemek icin genellikle bir Brownian Hareketi kullanilmis,
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ornegin Black&Scholes modelinde (Black&Scholes, 1973, 5.637-659)
dayanak varligin fiyati P: dinamigi takip etmektedir:

dp.:=p, - (a - dB, + r.dt), (1)

buradaki B bir Brownian Hareketi, a bir volatilite parametresi ve
ise faiz oranidir. Brown hareketinin ortaya ¢ikmasinin ilk gerekgesi dis-
saldir: hem ajanlarin fayda fonksiyonlari hem de firmalarin iretkenligi,
zaman icinde rastgele degisikliklere maruz kalan dissal degiskenlere
baglidir. Bir Brown hareketi olusturmak icin, bu rastgele degisiklikler
sonsuz kicik olmali ve sirekli bir zaman esasina gére gerceklesmelidir:
bu sonsuz ki¢ik degisikliklerin toplaminin, merkezi limit teoreminin sez-
gisel bir sonucu olarak bir tir Brown hareketinde toplanacagdi kolaylikla
anlasilabilir (De Meyer&Saley, 2003, 5.285).

Bununla birlikte, bircok dissal degisim birbirinden bagimsiz olarak
ve tipik olarak birbirini takip etmeyen nitelikte gerceklesmekte ve bu
durum hisse fiyatlarini etkilemektedir. Ornegin bir firma tarafindan yeni
bir Uretim sureci kesfi veya gelecekteki biyime potansiyelini degistire-
bilecek &lcide dnemli bir olay etkisi ile hisse senedi fiyatlarinda ciddi
dalgalanmalar goérilebilmektedir. Bu tir bir degisim sonsuz kicuk ka-
rakterli degildir ve strekli bir zaman temelinde gergeklesmez. Boylesine
biuyik ve dnemli olaylarin, piyasa Gzerinde sok etkisi ile birlikte kesintili
bir gérinim yarathgr gézlemlenmektedir.

Bu makalede, Brownian hareketinin ortaya ¢ikmasi icin i¢csel bir
gerekce saglanarak, gegmis varyans dizeyinin sabit kalmasi kosuluyla,
zamani ileriye surikleyerek BIST 30 hisse senedi fiyatlarinin gelecekteki
degerleri tahmin edilmis, yapilan tahmin dogrulugu analiz edilerek ger-
ceklesmeler ile tahminler arasindaki fark dénemsel olarak ortaya kon-
mustur.

2. Literatir Arastirmasi

Kesirli Brownian hareketinin stokastik denklemi cesitli parametre-
ler ile @ksendal (2003, s.1) tarafindan yapilan ¢calismada denenmistir.
Fiyatlarin bu tir stregler tarafindan yénlendirildigi stokastik diferansiyel
denklemlerin ¢cézimleri ve bunlarin finansal piyasa uygulamalari Gzerine
tarhsilmis ve (kesirli) yol modelinde arbitrajin varligi ile Wick-Skorohod
modelinde bir (giclt) arbitrajin olmamasi arasinda bir anlasmazlik ol-
dugu belirtilmistir.
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Finansal modeller icerisinde kesirli Brown hareketinin kullanimi
yaygindir. Uzun menzilli bagimlilik sergileyen kesirli Brown hareketinin
elverisli zaman serisi 6zellikleri, gérinuste Ustesinden gelinemez bir ek-
siklikle birlikte gelmistir: arbitrajin varligi. Son dénemde, kesirli Browni-
an hareketini kullanan birkac yeni model yayinlanmistir. Bununla birlik-
te, bu tir modellerin ekonomik agidan makul secimler olup olmadigina
dair sorun hala ¢ézilememis durumdadir (Rostek&Schabel, 2013, s.1).

Eger O < H < 1 ise Hurst parametresi H ile kesirli Brown hareketi-
nin Gauss streci By(t); t € R ortalama E(By(t)) = 0 ve kovaryans

LB, (1B (5)] =5 {612 +1sI2# — |¢ ~ 512} (1)

hepsi icin 5, t € R'dir. Burada E, olasilik yasasina iliskin beklentiyi ifade
eder By = By (1, ©). Basit olmasi icin By (0) = O oldugu varsayilmakta-
dir. H=1/2 ise, By(t) standart Brown hareketi B(t) ile cakisir. H> 1/2
ise, By (t) uzun menzilli bir bagimliliga sahiptir ve

rin) = ccv(BH{:l]J{BH{:n +1)— BH{:TI]}) (2)

ozaman %7, r(n) = oo 'dir. Herhangi bir H € (0, 1) icin By(t) sireci,
By(at) herhangi bir o > O icin a®By(t) ile ayni yasaya sahip olmasi
anlaminda benzerdir (Hu&Gksendal, 2003, s.2). Coklu kesirli Brown
hareketi literatirde sikca basvurulan bir yontemdir. Coklu kesirli Brow-

nian hareketi genellikle Black-Scholes pazarinda opsiyon fiyatlandirma
formillerinde kullaniimaktadir (Elliott&Hoek, 2001, s.140).

Tamamen kesirli Black-Scholes modellerinde, kendi kendini finan-
se etme stratejilerinin, arbitrajsiz ve ilgili secenekleri kapsamaya yete-
cek kadar buyik oldugu bilinen higbir alt sinifi yoktur. Tamamen kesirli
Black-Scholes modelleri Wick’in (Stokastik Diferansiyel Denklemlerde
Wick’in lto formili) kendi kendini finanse etme stratejileriyle arbitrajsiz
hale gelmektedir. Ancak Wick’in kendi kendini finanse eden portféy-
leri kavrami, gercek dinyada yorumlanacaksa, saglam bir ekonomik
yorumdan yoksun gérinmektedir. Piyasa gdzlemi kavramina sadik ka-
linca ve dolayisiyla soyut bir dinyada Wick'in kendi kendini finanse
eden &zelligine bakilirsa, arbitraj yeniden zayif bir anlamda, yani baz
gozlemler altinda ortaya cikacaktir. Bu nedenle, fiyatlandirma modelleri
olarak tamamen kesirli modelleri kullanmanin pek de mantikli olmadig
sonucuna varilmistir (Bender, Sottinen & Valkeila, 2007, s.32-33).
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BiST-30, BIST-100 ve S&P 500 endekslerinin Geometrik Brownian
Hareketi (GBM) sonucu ile ARIMA modeli tahmin sonuglari karsilastirildi-
ginda, Geometrik Brownian Hareketinin, tahmin performansinin ARIMA
modeline gére daha yiksek oldugu ve ARIMA modelinden daha az

tahmin hatasi yaptigi sonucuna ulasilmistir (Ozkan & Giingér, 2017,
5.394).

inam (2011, 5.66) tarafindan yapilan calismada, hisse senedi fi-
yatlarinin nasil ve hangi limitler dahilinde hareket edebilecegini tahmin
etmek Uzere BIST 30'dan dort adet hisse senedi secilerek Geometrik
Brown Hareketi modellenmis, Geometrik Brown Hareketi ile modellenen
fiyatlarin normal dagilimdan daha sivri oldugu, daha ¢ok lognormal
dagilima uvydugu, tahmin sonuclarinin bir yillik sire icin uygun olmakla
birlikte, kisa dénem tahmin sonuglarinin daha tutarli oldugu sonucuna
ulasilmishr.

Demireli&Hepkorucu (2010, s5.47) tarafindan yapilan ¢alismada
ise karbon tirevlerinin fiyatlandirmasi analiz edilmis ve alternatif baz
mal hesaplamasinda kirlilik derecesi kullanilmistir. Kirliligin derecesine
bagl olarak basit Avrupa karbon ticareti secenekleri, baslangicta ge-
ometrik Brownian hareketinden tiretilen karbon salinimi sirasina gore
analiz edilmis ve Tirkiye'de karbon tirevi rinlerin piyasa disi fiyatlan-
dirmasi agisindan tatmin edici sonuclar heniz elde edilemedigi belirtil-
mistir.

Alberg, Shalit & Yosef (2008, 5.1207) tarafindan yapilan calis-
mada, iki Tel Aviv hisse senedi endeksi getirisi icin farkh dagilimlar
kullanarak birkag GARCH modelinin tahmin performansi karsilastiriimis
ve EGARCH carpik Studentt modelinin, seri korelasyon, asimetrik volati-
lite kimelenmesi ve leptokurtik inovasyon agisindan altta yatan sirecini
yansithdi icin bu geri dénislerin dinamik davranisini karakterize etmek
icin en umut verici model oldugu sonucuna varilmistir. Sonuglar ayrica
asimetrik GARCH modellerinin tahmin performansini iyilestirdigini de
gostermektedir. Test edilen tahminler arasinda EGARCH ¢arpik Student+
modeli GARGH, GJR ve APARCH modellerinden daha iyi performans
gostermistir. Bu sonu¢ daha sonra Tel Aviv hisse senedi endeksi getirileri
icin risk yonetimi stratejileri uygularken EGARCH modelinin diger ic
modelden daha faydali olabilecegini ima etmektedir.

Brownian hareketi ile tahmin edilen gelecek degerlere en uygun
volatilite modeli ile gercek degerlere en uygun volatilite modelinin kar-
silastirilmasi yoluyla, rassal olarak uretilmis olan serinin performansi
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hakkinda fikir sahibi olunabilecektir. Bu nedenle, literatirde yaygin ola-
rak kullanilan volatilite modelleri kullanilarak, BIST 30 hisse senetlerinin
Brownian hareketi ile Uretilen degerleri ile gercek piyasa degerlerine en
uygun volatilite modelleri karsilashrilmighr.

3. Verilerin Secimi

Arastirmada kullanilan veriler BIST 30 hisse senetlerinin 1 Ocak
2019 ile 25 Agustos 2020 tarihleri arasindaki ginlik kapanis deger-
lerinden elde elde edilmistir (is Yatinm, 2020). Borsa istanbul A.S. to-
rafindan revize edilen pay senedi siniflandirmasi dogrultusunda, BIST
30 Endeks bileseni olarak belirlenen 30 adet sirkete ait ginlik piyasa
kapanis degerleri temel analiz verileri olarak kullanilmistir. Geometrik
Brownian Hareketine gore hisse senetlerinin gelecek degerleri tespit edi-
lirken, hisse senetlerinin 01 Ocak ile 31 Aralik 2019 tarihleri arasinda
Borsa Istanbul’'da gerceklesen kapanis degerlerinden iretilen volatilite
degerleri esas alinmis ve 01 Ocak 2020 ile 25 Agustos 2020 tarihleri
arasindaki degerler Geometrik Brownian Hareketi ile tahmin edilmistir.
Geometrik Brownian hareketi ile yapilan tahmin sonuglari hisse senet-
lerinin 6nine konan (B) harfi ile 01 Ocak 2020 ile 25 Agustos 2020
tarihleri arasindaki gercek piyasa degerleri ise hisse senetlerinin éniine
konan (R) harfi ile belirtilmistir. Modelde kullanilan degiskenlerin listesi
Tablo 1'de verilmistir.

Tablo 1. Analizde Kullanilan Degiskenlerin Listesi

SuraNu.  |Sirketin Ad: Brownian Harcketi Gergek Defier
| AKBNK - Akbank Hisse Senedi B_AKBNK R_AKBNK
2 ARCLK - Argelik Hisse Senedi B_ARCLK R_ARCLK
3 ASELS - Aselsan Hisse Senedi B_ASELS R_ASELS
4 BIMAS - Bim Birlesik Magazalar A.§ Hisse Senedi B_BIMAS R_BIMAS
5 DOHOL - Dogan Holding Hisse Senedi B_DOHOL R_DOHOL
3 EKGYO - Emlak Konut GYO Hisse Senedi B_EKGYO R_EKGYO
7 ENJSA - Enerjisa Enerji Hisse Senedi B_ENISA R_ENJSA
3 EREGL - Eregli Demir Celik Hisse Senedi B_EREGL R_EREGL
9 FROTO - Ford Otosan Hissc Sencdi B_FROTO R_FROTO
10 GARAN - Garanti Bankas: Hisse Senedi B_GARAN R_GARAN
11 SAHOL - Sabanci Holding Hisse Senedi B_SAHOL R_SAHOL
12 KRDMD - Kardemir (D) Hisse Senedi B_KRDMD R_KRDMD
13 KCHOL - Kog Holding Hisse Sencdi B_KCHOL R_KCHOL
14 KOZAL - Koza Altn Hisse Senedi B_KOZAL R_KOZAL
15 KOZAA - Koza Anadolu Metal Hisse Senedi B_KOZAA R_KOZAA
16 MGROS - Migros Hisse Senedi B_MGROS R_MGROS
17 PGSUS - Pegasus Hava Tasimaciligi Hisse Senedi B_PGSUS R_PGSUS
18 PETKM - Petkim Hisse Senedi B_PETKM R_PETKM
19 SISE - Sisecam Hisse Senedi B SISE R_SISE
20 SODA - Soda Sanayii Hisse Senedi B_SODA R_SODA
21 TAVHL - TAV Holding Hisse Senedi B_TAVHL R_TAVHL
22 TKFEN - Tekfen Holding Hisse Sencdi B_TKFEN R_TKFEN
23 THYAO - Tiirk Hava Yollan Hisse Senedi B_THYAO R_THYAO
24 TUPRS - Tiipras Hisse Senedi B_TUPRS R_TUPRS
25 TTKOM - Tiirk Telekom Hisse Senedi B_TTKOM R_TTKOM
26 TCELL - Turkeell Hisse Senedi B_TCELL R_TCELL
27 HALKB - Halkbank Hissc Sencdi B_HALKB R_HALKB
28 ISCTR - s Bankast (C) Hisse Senedi B_ISCTR R_ISCTR
29 VAKBN - Vakifbank Hisse Senedi B_VAKBN R_VAKBN
30 YKBNK - Yapi Kredi Bankasi Hisse Senedi B_YKBNK R_YKBNK
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4. Arashrma Modelinin Olusturulmasi

Brownian hareketinde yer alan Let{}‘}}il bagimsiz, standart
normal rassal degiskenlerin (12, F, P) toplanmasinda P bir piyasa &l
citl olarak tanimlanmistir. Burada situn vektori (¥y,..,¥,)7 olarak

Y tanimlanmistir (Shreve, Chalasani & Jha 1997, s.131). Bu nedenle

u = (¥y,...,¥,,)T buradaki gercek situn vektori ve

Fen' Y _ I exp {Z u}.'ﬁ:.} = exp {Z Lii:} . (])

Buradan ayrik zamanli Brownian Hareketi;

By, = 0,
(2)

Eger ¥,Y5 ..., ¥ biliniyorsa By, B, ..., By, olarak bulunur. Buna karsi-
||k, egerBl_, B: van g Bk bi“niyorso Yl = Bl-' },r: = B: - Bl-' van g }rk = BK - BK—l'
Buradan filtreleme sdyle tanimlanir;

.;‘r|| = ‘:l-'. 5!}.
Fio = oV Yo, o Y=alB By oo ), k=100 0.

Teorem 1: {B, }}=; bir martingale (P altinda)
Kanit:
EBin|Fe] = EYiq + BuF

- ﬂ}_:| 1T ”'|
= Bi.
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Sekil 1. Ayrik Zamanli Brownian Hareketi

By
! A
g
¥
H a
0 1 2
k

Kaynak: Karatzas, |., & Shreve, S. E. (1998). Brownian motion. In Brownian Motion and Stochastic Calculus (pp.
47-127). Springer, New York, NY, 5.132.

Teorem 2: {B; }i—, bir Markov prosesi ise

Kanit: Bu durumda,

E[h(Be )| F = ER(Yie + Bu)|Fu. (5)
Bu durumda su yardimei teorem kullaniimakta;

g(b) = Eh{Yigs + b) = % }f '. hiy + ble= 2 dy. )
Bdylece, yalnizca B fonksiyonu;

E[h(Yig + BUIFL] = 9l Be), (7)

Hisse senedinin degerinin hesaplanmasinda kullanilan prosesin
parametreleri;

i € IR, Ortalama Getiri

o > 0. Volatilite

S0 > 0, Baslangic Hisse Fiyat

Hisse senedinin fiyat sirecinin hesaplanmasi;

Si = Soexp{aBi+ (p— bt )k}, k=0,... . (8)
Buradan,

Sirr = S, r-xp{-rh.,, b i l-’r:l}. (9)
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ElsinlF] = S m et
(10)
ve bdylece,
Sk41 ) - f 1,2 2
Var (Iu,'; .H.;'IJ = war [n'.f;., +ip = g .-] = 7", (] 2)

Analiz Sonuclan

Hisse senetlerinin degerlerinin logaritmik olarak normal dagilim
gosterecegi, negatif olmayacadi ve sonsuz ayrik zamanda rassal olo-
rak dalgalanacagr gerceginden hareket ile stokastik hareket ile tah-
min edilmesi mimkin olmaktadir. Bu nedenle, 2019 yili verilerinden
oncelikle Getiri (Aritmetik) (Suriklenme (Drift) (Yillik))(u) degeri elde
edilmis, ardindan hisse senedinin Standart Sapma (Hisse)(Std.Dev.)
(Volatilite(Yillik)) (o) degeri hesaplanmistir. Yillik olarak hesaplanan geti-
ri degeri (u/161) gunlik degere, yillik sapma degeri (o/karekok(161))
gunlik degere donustirilmustir. Suriklenme (Drift) (Ortalama) degeri;
(w/161)0,5%(c/161)"2 formiliyle elde edilmistir. Geometrik Browni-
an hareketinin olusturulabilmesi icin 6ncelikle rassal bir parametre Ureti-
lerek (N(O, 1)) bu deger Log Getiri'ye donistirilmis ve bu deger hisse-
nin 2019 yili kapanis fiyatindan baslayarak kayan pencereler seklinde

zamanda ileriye suriklenerek Geometrik Brownian Hareketi tretilmistir
(Tablo 2).
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Tablo 2. Brownian Hareketi (PETKM - Petkim Hisse Senedi)

PETKM - Petkim Hisse Senedi

Getiri (Aritmetik) (Siiriklenme (Drift) (Yillik)) 6,13%

Standart Sapma (Hisse)(Std.Dev.)(Volatilite(Y1llik)) 8,16%

Getiri (Aritmetik) (Stiriklenme (Drift) (Giinliik)) 0,04%

Standart Sapma (Hisse)(Std.Dev.)(Volatilite(Giinliik)) 0,64%

Stiriiklenme (Drift) (Ortalama) 0,04%

Baslangi¢ Degeri (2019 Y1l Sonu Hisse Kapanig Degeri) 3,81

Giunler N(0,1) Log Getiri | Tahmini Fiyat (t)

1 -0,514458561 -0,29% 3,798788102
2 0,594441628 0,42% 3,814704773
3 -1,197335103 -0,73% 3,786819518
4 2,134105337 1,41% 3,840509324
5 -0,134079346 -0,05% 3,838582158
6 -0,777977844 -0,46% 3,820808351
7 0,244302447 0,19% 3,828191173
8 -0,942077939 -0,57% 3,806448036
9 1,695966828 1,13% 3,849558732
10 0,291078092 0,22% 3,858157023

Not: Brownian Hareketinin hesaplanmasinda 1000'lik iterasyon kullanilmis, tabloda bu degerlerin sadece 10
tanesine yer verilmistir.

Brownian Hareketi ile olusturulan tahmin degeri gibi (1000lik ite-
rasyon) on farkli senaryo tahmin edilerek (10.000 deger) her bir hisse
senedi icin toplam tahmin degerlerinin ortalamasi alinmis ve BIST 30
hisse senetlerinin 01 Ocak 2020 ile 25 Agustos 2020 tarihleri arasin-
daki gunlik piyasa kapanis degerleri (R) ile karsilagtirilmistir. Geomet-
rik Brownian Hareketinin tahmin sonuglar ile piyasa gerceklesmeleri
karsilastinldiginda, tim hisse senetleri ortalamalari agisindan modelin
ozellikle ilk 30 gunlik tahmin basarisinin oldukca yiksek oldugu goril-
mektedir (Tablo 3).

Tablo 3. Brownian Hareketi Ginlik Tahmin Sapmalari (BIST 30 — Ortalama)

161 Giinliik | 120 Giinliik | 90 Giinliik | 60 Giinliik | 30 Giinliik | 20 Giinliik | 10 Giinliik
Tahmin Tahmin Tahmin Tahmin Tahmin Tahmin Tahmin
Sapmasi Sapmasi Sapmasi Sapmasi Sapmasi Sapmasi Sapmasi
22,10% 15,04% 27,95% 42,85% -1,16% -1,75% -4,38%

Geometrik Brownian hareketi ile her bir hisse senedi icin on
adet farkl fiyat serisi tahmini yapilarak ortalamasi alinmis, dolayisiyla
1000'lik say: seti ile her bir hisse senedi icin ginlik toplam 10.000 adet
model fiyat belirlenmistir. Tahmin sayisinin yiksek tutulmasinin nedeni
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seriyi mUmkin oldugu kadar normal dagilima yaklastirmak, bdylece en
dogru fiyat araligini tahmin edebilmektir (Sekil 1).
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Sekil 1. Geometrik Brownian Hareketi ile PETKM — Petkim Hisse Senedi’nin
Gelecek Degerlerinin Tahmini

BIST 30’da yer alan her bir hisse senedinin Geometrik Browni-
an Hareketi ile tahmin edilen on senaryo fiyat verisinin ortalamasi ile
gercek piyasa fiyati (gunlik kapanis degerleri) karsilastinlarak modelin
dogruluk yizdesi farkli zaman araliklari igin test edilmistir.
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TAHMIN ORTALAMASI = GERCEK FIYAT

Sekil 2. PETKM - Petkim Hisse Senedi’nin Gercek Fiyatlari (Ginlik Kapanis)
ile Geometrik Brownian Hareketi Tahmininin Karsilastirilmasi
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Tablo 4. PETKM - Petkim Hisse Senedi'nin Gergek Fiyatlar (Gunlik Kapanis)

ile Geometrik Brownian Hareketi Tahmininin Farklarinin (%) Karsilastirmasi

et Sharpe Oram Beta
Yilbagt Yilsonu SN | Getiri CAPM (Odiil Risk Alfa Katsayist
Zaman (Giin)) PETKM - Petkim Hisse Senedi (Beginning of | (End of The | TR | @ prp@m.| SP™ Oran1) Katsayist | (Hisse - BIST
the Year) Year) (':::I';“ RD) (Sharpe | (Alfa Ratio) | 100) (Beta
Ratio) Ratio)
3.91 41 5.12% 040 0.00 1.01
161 Giin 3.81 424 10,04% 0.11 0,01 0,01
2.51% 3,09% 4,92% -126.46% 115% 99,12%
3.91 426 22% 0,02 0.00 0.90
120 Giin 3.81 41 0.1 0,02 0.01
2,51% 3,53 1121,45% 151% 98.71%
391 3.66 040 0,01 093
90 Giin Geometrik Brownian H: a 381 401 0.77 0,04 0.01
Fark (%) 2.51% 9.57% 90.95% 2.77% 98.,76%
391 3,12 0.83 0.00 1,00
60 G 3.81 3.93 135 0,06 0.02
2,51 26,03 62.80% 5.63% 97.91%
391 4.06 036 0.02 1.35
30 Gi 3.81 3.94 112 0,05 0.00
Fark (%) 2.51% 2.84% 213.11% 7.26% -100.24%
Gergek Deger(R)(Giinliik Kapanis) 391 404 038 0.02 134
20 G 3.81 3,90 0.03 134 224 0,07 0,01
2.51% 3.51% -1,00% 80.13% 71,12% 493,20% 8.58% -10048%
3.91 405 3.46% 0.17 491 032 0.03 1.52
10 G 3.81 3.84 0.70% 0.01 138 842 0,08 0,01
2.51% 5.21% 2.76% 94.31% 7194% | 2558.87% | 11.02% | -100.93%

Geometrik Brownian Hareketi (GBM) ile Uretilen fiyat verisi (01
Ocak - 25 Agustos 2020) ile PETKM - Petkim Hisse Senedi’nin Ger-
cek Fiyatlari (Ginlik Kapanis) karsilashrildiginda, 6zellikle ilk 30 gin-
lk tahmin araligi sapmasinin oldukca disik oldugu -3,85%, pandemi
dénemi olarak adlandirilan ve Covid 19 salgini sebebiyle hisse senedi
fiyatlarinda ciddi dalgalanmalar (dissal soklar) gorilmesine ragmen, ta-
rihsel ortalamalar ile GBM tahmini arasindaki farkin ortalama 3,37%
dizeyinde gerceklestigi, Aritmetik Getiri ve CAPM orani agisindan da
tahmin araliginin oldukca distk oldugu gérilmektedir (Tablo 4). BIST
30 hisse senetlerinin tamami icin GBM tahmini sapmasinin ilk 30 gin
icin -2,43% oldugu, dzellikle pandemi dénemindeki ciddi sapma da
dikkate alindiginda tarihsel sapmanin (161 gin) ortalama 14,37% ile
olduk¢a dustk seviyede gerceklestigi gézlemlenmistir (Tablo 3).

Geometrik Brownian Hareketi tahmin sonuclari ile gercek deger-
lerin karsilastinlmasi sonucunda elde edilen sapma degerleri analiz
edilerek, modelin tahmin gict analiz edilmeye ¢alisilmistir. Elde edilen
bulgulardan, GBM modelinin tahmin gicinin 6zellikle ilk bir aylik d&-
nemde yiksek oldugu, secilen dénemde &zellikle Turkiye'de ilk Covid
19 vakasinin gérildigu tarih olan 11 Mart 2020 tarihi ile Mayis 2020
arasindaki dénemde (modelde 60 gin ile 120 gin arasi dénem) gori-
len ciddi dissal soklarin yarath@i volatilite etkisi ile tahmin sonuclarinda
sapma yasandigi, sonrasindaki dénemde s6z konusu sapmanin azald:-
g1 gozlemlenmektedir (Sekil 3). Bu nedenle, GBM modelinin &zellikle
disik volatilite gézlemlenen dénemlerde daha basarili tahmin yaptig
soylenebilir.
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Sekil 3. Geometrik Brownian Hareketi (GBM) tahminleri ile gercek degerler
arasi sapma dizeyleri (%)

GBM model tahmin sonuglarinin sektérel analizi yapildiginda
dzellikle Covid 19 pandemi déneminde yiksek volatilite gézlemlenen
Bankacilik ve Havayolu sektérindeki tahmin sapmasinin diger sektorler-
den daha yiksek oldugu, dolayisiyla yiksek volatilite veya dissal sokla-
rin yasandigi dénemlerde modelin yanlis tahmin olasiliginin da arthg
soylenebilir (Sekil 3).

BIST 30 sirketlerinin GBM Model tahmin sonuclarinin ve gercek
degerlerin hangi volatilite modeli ile daha iyi élcimlenebilecegini test
etmek Uzere ARIMA, SARIMA, GARCH, EGARCH ve GJR model de-
nenmistir. Oncelikle degiskenlerin birinci farki alinarak duragan hale
getirilmistir. Duraganlik sinamasinda;

HO: Degiskende Birim Kok Sorunu Vardir

iy c 4+ dt + g + HhAw g + . + -1!..;3-!}.' p T+ Ep (]3)

.”-:|'- i 1 (]4)
H,: ¢o< 1 (]5)
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Sekil 4. Geometrik Brownian Hareketi (GBM) Degiskenleri Duraganlik Grafigi

Geometrik Brownian Model (GBM) ile tahmin edilen zaman se-
risi (B) ve gercek degerlerin (R) otoregresif entegre hareketli ortalama
(ARIMA) (Gaussian Dagilim) ve mevsimsel ARIMA (SARIMA) (Gaussian
Dagilim) modeli asagidaki denklem ile hesaplanmighr:
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Sekil 6. B_AKBNKDIff Serisi SARIMA Model Grdfigi

SARIMA modelinin, 6zellikle kisa vadeli dénemler icin mevsimsel
zaman serileri icin iyi tahminler yaphgi gosterilmistir, ancak gerekli olan
biytk miktarda tarihsel veri (en az 50 ve tercihen 100 veya daha faz-
la) ile sinirlandinlmishr. Bununla birlikte, modern toplumda, bitinleyici
ortamdan kaynaklanan belirsizlik faktérleri ve yeni teknolojinin hizl ge-
lisimi nedeniyle, genellikle sinirli miktarda veri kullanarak kisa bir sire
icinde gelecekteki durumlari tahmin etmek zorunlulugu vardir. Veri ye-
tersizligi, ARIMA modeliyle birlikte kullanildiginda bazen uygulamasini
sinirlayabilmektedir (Tseng, Yu, & Tzeng, 2002, s.75).

Opsiyon fiyatlandirmasi icin genellestirilmis otoregresif kosullu
heteroskedastik (GARCH) modellerinin varlik getirilerini aciklamadaki
Ustin performansi ortaya konmustur. EGARCH modeli ile ilgili formilun
uygulanmasinda, hesaplama siresini daha da azaltmak icin iki ek yak-
lasim olarak ise GJR ve GARCH model kullanilmistir (Duan vd., 2006,
s.1-17). Gauss sirecleri olarak adlandirilan olasiliksal yontemler, ce-
kirdek tabanli 6grenme ile Bayesci bir yaklasim olduklari igin zaman
serisi verilerini ve tahmin problemini modellemek icin gucli bir arag
olarak basariyla gésterilmistir. Bu makalede, Gauss sirecleri, GARCH,
EGARCH ve GJR'ye dayali finansal oynakhigi modellemek ve tahmin
etmek icin uygulanmaktadir. Deneysel sonuclar, dogrusal olmayan hibrit
modellerin, haberlerin volatilite izerindeki simetrik ve asimetrik etkilerini
iyi bir sekilde yakalayabildigini, klasik GARCH, EGARCH ve GJR yakla-
simlarindan daha iyi tahmin performans sagladigini géstermektedir (Ou
& Wang, 2011, s.1).
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Zaman serilerinin Kosullu Varyans (Gaussian Dagilim) GARCH
(1,1) modeli asagidaki denklem ile hesaplanmistir:

o = & (16)
g = M (] 7)
(1-mL)o = K+ (ayL)e} (18)
’ I I |I GARCH_B_;KBNKDH?
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Sekil 7. B_AKBNKDIff Serisi GARCH (1,1) Model Grafigi

Negatif olmayan katsayilar gerektiren geleneksel GARCH spesi-
fikasyonunun aksine, EGARCH modeli, kosullu varyansin logaritmasini
modelledigi icin parametre uzayina negatif olmayan kisittamalar getir-
mez. EGARCH modelini sonuglari, GARCH modeli veya APARCH mo-
deli ile karsilastinlarak modeller arasindaki moment yapisi farkliliklars
ortaya ¢ikartilmaktadir (Karanasos & Kim, 2003, s.161).

Zaman serilerinin (Ussel) Kosullu Varyans (Gaussian Dagilim)
EGARCH (1,1) modeli asagidaki denklem ile hesaplanmistir:

y = & (19)
& = 043 (20)
(1=mDiogo? = s + (aL)(2 - E{4}) + &L(Z) (21)
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Standardized Residuals
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Sekil 8. B_AKBNKDiff Serisi EGARCH (1,1) Model Grafigi

Glosten Jagannathan ve Runkle (GJR) modelinin, bir esik otoregre-
sif kosullu heteroskedastisity (TARCH) modeli olarak, asimetrik modeller
arasinda en iyi tahminci oldugu ortaya konmakta ve bir adim veya ¢ok
adimli ileri tahmin icin bir GARCH model olarak kullanilabilecegi be-
lirtilmektedir (Monfared & Enke, 2014, 5.246-247). Iglesias ve Linton
(2009, s.1) tarafindan yapilan ¢alismada, Monte Carlo similasyonlar
ve bir GJR-GARCH volatilite modelinin sonuglarindan yararlanarak, fi-
nansal zaman serisinin kosulsuz dagiliminin Pareto kuyruk kalinh@ pa-
rametresini tahmin etmek icin bir yéntem Snerilmistir. Yontem, kosullu
varyans i¢in modelin GJR-GARCH olarak dogru bir sekilde belirtiimesi
kosuluyla, kuyruk kalinliginin tahmin edicisinin tutarli oldugunu ve T ora-
ninda normal bir dagiima yakinsadigini (burada T, drnek boyutudur)
gostermektedir.

Zaman serilerinin Glosten, Jagannathan ve Runkle, Kosullu Var-
yans (Gaussian Dagilim) GJR (1,1) modeli asagidaki denklem ile hesap-
lanmustir:

W = & (22)
&= M (23)

o

(1 =Ll = & + (qL)e? + (§ L)z < 0)e2 (24)
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Standardized Residuals
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Sekil 9. B_AKBNKDiff Serisi GJR (1,1) Model Grafigi

Birkag GARCH tipi modelin tahmin performansini karsilashrildi-
ginda, simetrik ve asimetrik GARCH arasindaki fark (yani GARCH-N
ile EGARCH, GJR ve APARCH (normal kuyruklu simetrik, kalin kuy-
ruklu simetrik ve kalin kuyruklu asimetrik dagilimlar arasindaki fark)
(6rnegin Normal ve Studentt ve Skewed Student4)) incelendiginde; ko-
sullu varyansta (ve test edilen modeller arasinda APARCH ve GJR'nin
EGARCH'tan daha iyi performans gosterdigi) asimetrik bir GARCH kul-
lanildiginda gozle gorilir iyilestirmeler yapilabilecegini géstermektedir.
Dahasi, normal olmayan dagilimlar Gauss dagilimindan daha iyi 6rnek-
lem ici sonuglar saglamaktadir. Bununla birlikte, érneklem disi sonuclar,
Ustin tahmin yetenegdi icin daha az kanit géstermektedir (Peters, 2001,
s.16).

Bracker & Smith (1999:92) tarafindan yapilan ¢alismada,
GARCH, EGARCH ve GJR modeli karsilastirilmis, GARCH en dusuk (16)
puani sergileyen model bulunmus, bunu EGARCH (20) modeli izlemis,
GJR modeli Ggiinct en dusik puani gésteren model olmustur (21). Bu U¢
model, acik-kapali bakir vadeli islem getirilerinin modellenmesinde en
etkili model olarak tespit edilmistir.

Liu ve Hung (2010, 5.4928) tarafindan yapilan ¢alismada, Stan-
dard & Poor’s 100 hisse senedi endeksi serisi icin 1997’den 2003’e
kadar ginlik volatilite tahmini arastirilmis ve dagilim tipi (GARCH-N,
GARCH-t, GARCH -HT ve GARCH-SGT) ve asimetri tipi (GJR-GARCH ve
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EGARCH) volatilite modelleri istin tahmin yetenegi (SPA) testi ile ince-
lenmistir. Ampirik sonuglar, GJR-GARCH modelinin en dogru volatilite
tahminlerine ulash@ini ve hemen ardindan EGARCH modelinin izledi-
gini gostermektedir. Bu tur kanitlar, asimetrik bilesenleri modellemenin,
kalin kuyruklar, leptokurtoz, carpiklik ve kaldirac etkilerinin varliginda
finansal getirilerin oynaklik tahminlerini iyilestirmek icin hata dagilimini
belirlemekten daha énemli oldugunu gicli bir sekilde gostermektedir.
Ayrica, asimetriler ihmal edilirse, normal dagilima sahip GARCH mo-
deli, daha karmasik hata dagilimlari olan modellere tercih edilmektedir.

5. Sonuc ve Oneriler

Bu calismada, BIST 30 hisse senetleri icin Geometrik Brownian
Hareketi (GBM) ve Hisse Senetlerinin kapanis degerlerinden elde edilen
zaman serileri otoregresif entegre hareketli ortalama (ARIMA) (Gaussi-
an Dagilim) ve mevsimsel ARIMA (SARIMA) (Gaussian Dagilim) modeli
ile asimetri tipi (GJR-GARCH ve EGARCH) volatilite modelleri ile analiz
edilerek hangi volatilite modelinin tercih edilmesi gerektigi ortaya kon-
mustur.

Geometrik Brownian Hareketinin (GBM) BIST 30 hisse senetlerinin
gelecek degerlerini tespit etmede, &zellikle ilk otuz gindeki isabet ora-
ninin oldukca yuksek oldugu, sire uzadikca dissal soklara bagl olarak
tahmin hatasinin yukseldigi ve 6zellikle de dusik varyansa sahip hisse
senetlerinin tahmin hatasinin digerlerinden daha disik oldugu gozlem-
lenmistir.

Geometrik Brownian Hareketi (GBM) ile Uretilen zaman serilerinin
otoregresif entegre hareketli ortalama mevsimsel ARIMA (SARIMA) (Go-
ussian Dagilim) modeli ile daha isabetli dlcimlendigi (12 sirket), ardin-
dan en iyi asimetri tipi volatilite modelinin sirasiyla EGARCH (11 sirket),
GARCH (6 sirket), GIR (1 sirket) oldugu tespit edilmistir.

BIST 30 hisse senetlerinin Gercek Degerleri (Hisse Kapanis De-
eri)(R) ile olusturulan zaman serilerini dlcimlemede en iyi asimetri tipi
volatilite modelinin sirasiyla GJR (12 sirket), EGARCH (8 sirket), GARCH
(6 sirket) ve ardindan otoregresif entegre hareketli ortalama mevsimsel
ARIMA (SARIMA)(Gaussian Dagilim) modeli (4 sirket) oldugu tespit edil-
mistir.

Geometrik Brownian Hareketi (GBM) ile Uretilen zaman serileri
ve Hisse Senedinin Gergek Degerleri (Hisse Kapanis Degeri)(R) ile olus-
turulan volatilite modellerinin her ikisinde de ayni modelin en uygun
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volatilite modeli secildigi hisse senedi sayisi toplam sekiz olarak tespit
edilmistir. S6z konusu hisse senetlerinin standart hata (standard error)
terimlerinin, hem tahmin degiskeni hem de gercek degiskenker icin ben-
zerlik gdsterdigi tespit edilmistir.

Geometrik Brownian Hareketi gibi Stokastik Diferansiyel Denk-
lemlerin (SDE) finansal tahminlerde daha sik kullaniminin &zellikle kisa

dénemli beklentilerde yol gosterici olacagi ve finansal literatirin zengin-
lesmesine katki saglayacadi degerlendirilmektedir.

6. Arastirma Kisitlar

BIST 30 Hisse senetlerinin Geometrik Brownian Hareketi (GBM)
ile gelecek degerlerinin tahmin edildigi dénem icerisinde, 6zellikle 11
Mart ile 25 Agustos 2020 tarihleri arasinin (Covid 19 pandemi dénemi)
piyasa volatilitesi Uzerindeki etkisi dissal sok olarak kabul edilmistir.
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EKLER
EK-1 Tanimlayici istatistikler (B: Brownian Hareketi, R: Gercek Degerler)

B AKBIK | B ARCLK | B ASELS | B BAAS | B DOKOL | B.EXGHO) B ENISA | B EREGL | B FROTO | B.GARAN | B.HALKB | BISCTR | B.KCHOL | 8 KOZA | B.KOZAL | B KROMD (B NGROS | 8 PETKV |B PGSUS | B SAHOL | B SISE | B.S0DA | B TAVHL | BTCELL | BTHYAD | BTKFEN | BTTKOM | B TUPRS | B VAN | B YKBNK

Vean | THGISR2 | 2200144 | 1243508 | 2249608 | 1672700 | 1548092 7.516i04 | 102018 | TROGZAD | 116663 | 4006 | TS0 | 2160071 | 104050 | ONGONGD | 2950034 | 2796145 | SS507 | 1087448 | 20028 | SA06TOG | ST | 3096143 [ 181081 ) 160022 | 16SOMO | 746618 | 127508 | 614119 | 208410

Mo | 7865390 | 28.12083 | 1266615 | 2245961 | 1.676%4 | 1SSIGT | 767210 057600 | TG0 | 1155520 | SABEN | G4RGOAD| 21,9309 | 1036085 | 054686 | 296207 | 281712 | 3640220 | SORENG | S0ZTIGH | 540138 | SSOSRM | 0B | TAOTSI4 | 165028 | 16TOGSH | 705 | 1261775 | SHGED | 2300888

Num | 436310 | 2506637 14 56461 | 22720 | 1.90006 | 1720643 | B0 | 1G0T | BRIBATT | M2.60TT | GOGPATT | GAOGHS3| 2340019 | T1IGGTI | 088160 | B28TSS | 30.12985 | BANTH | 1000974 | G55 | 811069 | Buen2 T80 | 823507 | 1023860 | 7G04 | MSSTORT | 7.004GTH | 25208

g

Winimun { T50G599 | 21.0%823| 1036548 | 2211289 | 1.6837 | 1412506 | G67IGH1 | GBO0AO6 | 67.1T065 | 104916 | 4647190 ) BABTTH | 2006272 | BOSSSH1 | TOON0 | 2HU0261 | 2437108 ) 347674 BGED | SUGIETS | 53039 | 273G | 127168 | 1455001 | 1482060 | 696K | 122195 | SSONTH0 | 2068105

E
E}

St Der. | 0219792 | 0967158 | 128053 | 015854 | 01064 | O.0BGZT3 | 0518099 | 0767476 | 4383522 OB49IST | .G65405) OLAGRIS | 1001244 | 454080 | B6GR2BG | 018069 | TSGR | .0GGES | fBLGMG | 0257141 | LIGORRD | 022022 | 220065 | 025040 | LGN | 107124 | 166028 | 3806075 | 0340280 | 17866

Stenss | 0514065 | 04004 | -DIG6561 | 0256668 100606 | 0060415 | D108G07 | 0008022 | 0272622 | L1GRR1 | 0BHAOT | Q02512 | 4.14252 | -DGGOATS | 0241100 | ORI | 738982 | L47AS02 | .50006 | 0241275 | 000881 | 442805 | OMQ7S8 | 1050150 | 1134687 | OUGISHS | 0120621 | 026088 | 04677RR | D.02eBlh

Huross | 2410088 | 2900478 | 172005 | 2684157 | 2583428 | 1700706 | 1.53621 | 16G6H12 | 175897 | 1260063 | 151689 | TS66GTT | 159960 | S1O6TOT | OTONGD | 2261063 | Q6047 | 2472060 | 150060 | 1854560 | 21TEM2 | 2480060 | 134188 | 4.U7SH0 | 330016 | 2050008 | 211780 | 2268007 | 26138 | 1868080

JaeBera | QG40 | OBSIA | 115080 | 2406001 | 1567033 | ROGTTS | 1480084 | B6IAAI0 | 1246044 | 0JGONT | 1444004 | BTIGHHN | 18TTTO3 106490 | 1SVTE | 76TIGR | 1505022 | 7.0BGHS | 1610695 | 067712 | ATSGH5 | G600 | TREGNAT| 314667 | SRSECOT| 34017 | 4GNS | 115480 | K2 | BTRIGH

Prvaby | O00B8S1 | Q967063 | DOUSISH | Q295703 | 66797 | O.00G367 | ODIGDA | O0f34T1 | O0ISGD | 000038 | OOOUTSH | C0B45 | 001019 | (002626 | 038339 | (1527 | 00344 | OIS | 00318 | DOMECS | 0062764 | 006272 | 00990 | (UOONO | 000000 | (160756 | 0.87Ie0 | O.0UOISS | Q000041 | 0012578

Sum | 1270546 | 3691060 | 2002096 | 36008 | 2ASIST | 402911 ) 1210155 | 16400 ) 1206511 | 16780 | GTRZGGT | 12566 | MRR3ES | 1010 | I4GHAN4 | ATRTSE | ASONTSD | SOROIO | fPURASH| 1SOTAD| BTRESIT | GASOASO| 4G60EPD [ 2006 | ZSHDE06 | 272574 | T1RREES | 05002 | BBORSH | SETTAM

SumSg Dev | TTES0T6 | 1203142 | 2625618 | 430077 | TA0GO53 | 116302 | 4POGTGD | 0800 | S0TASAD | 485885 | 210GKGA | SOMGDG | f6D3NGA | S00016 | (MRS | 5304099 | STROMS | 1589607 | Z7IGR8A | 10T | SO6ITTY | 1TSS | TAGIGt | 10285 | f07SEST | 1835692 | 4410484 | 260217 | 1850860 | 22079

Oosenvatos | 161 161 1t 16 181 16 161 1t 161

1t 161 1t 16 18 16 161 1t 161 1t 161 1t 16 161 16 161 1t 161 1t 161 1t

RAIK | RARK | AASES | R8I | RDOROL | REXGHO| 2054 | REFEGL | RFROTO|RGARAN| RAAAG | RISC | RACHOL | RA0ow | Aoz RRETON RPOSIS | A | RSSE | RSOA | AL | RTCEL || R | ou | e | R | R g

Ve | G5 | 1040089 | 1419634 | 211078 | 1.07B7 | 1511905 | 7506609 | B20601 | 67126 | BOPIP4 | 0TS | 555406 | 1RGGNED | 1170795 | TSTIS0 | Z65CZ30 | NGTN | 700000 | 55044t | 660N | 512881 | SSTBAD | 19A0GT1 | 1428845 | 118508

1549845 | 7357806 | SO.21553 | 5115466 | 2343665

Medin | 860000 | 1690000 | 1427000 2135000 | 1.95000 | 1630000 | 763000 | G200 | 686000 | G0N | 552000 | S1S0000 | 171300  f1.A0000 | 71.00000 2740000 2908000 | 3300000 | S300000 | 8BGO 040000 | SSGUN0 | 18710 | 1434000 | 1.7500 | 1616000 | 7440000 6736000 | 400000 2340000

Narum | 900000 | 2326000 1884000 | 2278000 | 240000 2570000 | B.50000 | G6I0000 | 210000 | 1246000 | 710000 | T.STOO00 | 21,1700 | 1466000 | 893000 | BZ7UCOD | 447600 | 465IC0D | SO0 | 10.0BICO | 400000 | 7900 | 27.65000 | fASGH0 | 1528000 f96TOND | 8480000 f2B00ND | 6000 ) 3fs0000

Winioun | 4700000 | 1242000 | 1037000 | 1891000 | 1.240000 | 1060000 | 5850000 | 7.140000 | 41.21000 | G4TO000 | 46600 | 4500000 | 1259000 | 7.670000 | 5140000 | 1810000 | 17.99000 | 2800000 | 2362000 | .00000 | 3620000 | 4320000 | 1324000 | SH0000 | 7700000 | 11.19000 | 5390000 | 670000 | 4060000 | 177000

S0 Der, | 1208897 004138 | 210001 | O90S1S5 | 0206713 | O.65066 | (.850009 | OST0NZD | 10447 | 176066 | 0720056 | OATISHD | 2168542 | 166040 | BOGOTTA| 097307 | TSfG0%2 | 009120 | (817899 | 0604 | OTOSOaT | OJB8GT | B7S085 | 1398619 | 10GTIGH | Q07GGH1 | LSS | 1500903 | LTBISR0 | 00832

Stewess | OOB1T | .124TH| DUTIOOT | 6H04 | 0690488 | 0317026 | 30428 | 0135065 | DOBI2A8 | 082722 | O6IAOR3 | 100K | Q.HBL2 [ -D410G45|-0S2.608 | 553216 | 009016 | D4SCGTY | 114894 20746 | -DMGHBD | 17666 | DAY | -1.576.469 | DOMEER4 | OOTUGTT | 6RET | O8I0 | 006720 | OT0teRE

Huross | 200089 | 1675208 | 16735 | 2505041 | 346508 | 167506 | 1.90610 | 2305704 | BOGRR4T | 224118 | Q08TST | 2566165 | Q008165 | 2TRGAG | D109 | 112732 | 1TENS1 | LSGTIGH| 208008 | 19945TS | QR0 | 2T0NSE | Q4910 ) f0968 | 232081 | LETR3I2 | B0GE0N | 29060 | 254042 ) 21428

laeBen | 2303272 1266706 | B52741 | 1212160 | 1327138 | OBITHIO | 1022848 | STE2868 | 0200679 | 2220808 | 1540133 | ZB3OGTE | 654145 ) 4846100 | S506613 | 1030069 | 1260763 | GOOGTIS | 422880 | BOSSISH | 1260833 | 1.1B627 | 1061252 | 4020023 | BOBGTOS | BEGEOMS | 1240605 | 1040061 | 2874t | 1365006

Prtaiy | 0000010 | Q00177 | D00GS33 | 0002352 | D00I3I3 | Q00727 | ODGOOR | 0155643 | O.904630 | 00O | .0004G3 | COCCRDT | O.G797S | CLOGGGA3 | 00000 | LODIZBT | 01733 | L03G262 | .09418 | MLOVTEGS | 053230 | 553046 | 000050 | OOONO | 0203450 | 003132 | 001660 | (.00OOSB | 000008 | D.0VICRS

Sum | 1081130 | 2868700 | 25610 | 34450 | 004300 | 2505200 | 1220760 | 133470 | fUSGRH | 1430690 SO00 | 944000 | Z7IGUND | TGRS0 | 1405 | 40000 | 4S6R30 | GORSKDD | GBS0 | 130360 | BOAIG00| SGOTA0 | 188720 [ 2000440 | ISIGER0 | 2485260 | MBAGH0 | 1SN | BEREKD | STBRD

SumSg, Dev. | 2337518 | 143975 | TETSGH | 195469 | GBRGTI2 | 2030310 | 11G3GB | 51874 | 174554 | 427277 | BABGTIO | 1231478 | THR1ISG | 4126006 | 10ATREG | %6250 | GG7LU56 | 2290720 | Z7TBATS | 1061305 | BO4GNGT | 057D | 2158648 | BI20871 | STOIG66 | GOB | STSTII4 | GHIBB3H | 9157H9 | 160

T I O O O O A I B

1t 160 fit 161 fit 1t 161 1t 161 fit 160 fit 161 it 1t 161 1t 161 it 160 fit
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EK-2 Geometrik Brownian Model Verileri ADF Birim Kok Testi Sonuclari

lags  Model Test Statistic ~ Significance Level Null Rejected  P-Value  Test Statistic ~ Critical Value

1 0 AR t1 0.05 1 true 0.001 -13.7336 -1.9425
2 0 AR t1 0.05 2 true 0.001 -13.7336 -1.9425
3 0 AR t1 0.05 3 true 0.001 -13.7336 -1.9425
4 0 AR t1 0.05 4 true 0.001 -13.7336 -1.9425
5 0 AR t1 0.05 5 frue 0.001 -13.7336 -1.9425
6 0 AR t1 0.05 [ true 0.001 -13.7336 -1.9425
7 0 AR t 0.05 7 true 0.001 -13.7336 -1.9425
8 0 AR t1 0.05 8 true 0.001 -13.7336 -1.9425
9 0 AR t 0.05 9 true 0.001 -13.7336 -1.9425
10 0 AR t1 0.05 10 true 0.001 -13.7336 -1.9425
11 0 AR t1 0.05 11 true 0.001 -13.7336 -1.9425
12 0 AR t1 0.05 12 true 0.001 -13.7336 -1.9425
13 0 AR t1 0.05 13 true 0.001 -13.7336 -1.9425
14 0 AR t1 0.05 14 true 0.001 -13.7336 -1.9425
15 0 AR t1 0.05 15 true 0.001 -13.7336 -1.9425
16 0 AR t1 0.05 16 true 0.001 -13.7336 -1.9425
17 0 AR t 0.05 17 true 0.001 -13.7336 -1.9425
18 0 AR t1 0.05 18 true 0.001 -13.7336 -1.9425
19 0 AR t1 0.05 19 true 0.001 -13.7336 -1.9425
20 0 AR t1 0.05 20 true 0.001 -13.7336 -1.9425
21 0 AR t1 0.05 21 true 0.001 -13.7336 -1.9425
22 0 AR t1 0.05 22 true 0.001 -13.7336 -1.9425
23 0 AR t1 0.05 23 true 0.001 -13.7336 -1.9425
24 0 AR t1 0.05 24 true 0.001 -13.7336 -1.9425
25 0 AR t1 0.05 25 true 0.001 -13.7336 -1.9425
26 0 AR tl 0.05 26 true 0.001 -13.7336 -1.9425
27 0 AR t1 0.05 27 true 0.001 -13.7336 -1.9425
28 0 AR tl 0.05 28 true 0.001 -13.7336 -1.9425
29 0 AR t1 0.05 29 true 0.001 -13.7336 -1.9425

30 0 AR t1 0.05 30 true 0.001 -13.7336 -1.9425
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EK-3 Gercek Degerler (Hisse Kapanis Degeri) ADF Birim Kok Testi Sonuglari
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EK-4 Geometrik Brownian Hareketi (GBM)(B) En Uygun Volatilite Modeli
[ MODEL ADI | ARIMA [SARIMA | GARCH | EGARCH | GIR | TOPLAM
EN iYi MODEL SAVIsI (EN DUSUK AIC, BICDEGER) | 0 12 6 11 1 30

Company Name Model Panmeter | Value | Standand Eror | ¢ Statistic | PValue | AIC BIC
B_ASELSDIfl ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.023806_| 00084189 | 28277 [ oomesso | T
B_ASELSDIT ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Variance | 0011231 | 00013611 | 82513 | 157612

B_BIMASDIff ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.0019206 | 00042078 | 045643 | 0.64808

B_BIMASDIT ARIMA0,0.0) Model (Gaussian Distribution) (SARIMA) Varance | 00028173 | 0.00032663 | 6259 | Gaopia | o 0| A7R08
B_GARANDIfF ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.0071397 | 00057191 | 12484 | 021188 .
B_GARANDIfT ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Varance | 00051562 | 000056336 | o125 | sweeir | or RIS
B_HALKBDIff ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 00051957 [ oooassas [ tisas [ omsen [ 000 1 O
B_HALKBDIfT ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Variance | 0.0029921 | 000039937 | 74921 | 678E-10

B_ISCTRDIl ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Consum_|0.0009715 | 00031422 | 030918 | o7s7io_| O
B_ISCTRDIff ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Variance_| 0.0015779 | 0.00017619 | 89.557 | 338E-15

B_KCHOLDIT ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Comam_| 0014572 | ootoss7 |15z | oress |
B_KCHOLDIff ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Variance | 0018851 | 00022786 | 82731 | 131E12

B_KRDMDDIfT ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Consamt_| 0.005888s | ooori02 | 35025 Toowoasose | TS
B_KRDMDDIfT "ARIMA(0.0,0) Model (Gaussian Distribution) (SARIMA) Variance | 0.00018676 | 2,18E01 | 85572 | LIGEI3

B_TAVHLDIT ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.047362 | 001082 | 4293 | wekor | T
B_TAVHLDII' ARIMA(0.0,0) Model (Gaussian Distribution) (SARIMA) Variance | 0019327 | 00023382 | 82658 | 139E12

B_THYAODIfT ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.022375_| 00078686 | 28436 | 0.00446

B_THYAODIfl ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Variance | 0.0099038 | 0.0010829 | 91457 AT A B
B_TUPRSDIff ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 0.0164358 | 0044709 | 036812 | 071278

B_TUPRSDIf ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Vaiane | 03179 | oowis | msam | saeear || 207
B_VAKBNDIfF ARIMA(0.0.0) Model (Gaussian Distribution) (SARIMA) Comsamt_| 0.0092255 | 00035206 | 26,204 [ ooussis | T
B_VAKBNDIfT ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Variance_| 0.0019566 | 0.00020036 | 97.653 | 139E-18

B_YKBNKDIff ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Constant_| 000088298 o00ter [ osasax | osssa [T
B_YKBNKDIf ARIMA(0,0,0) Model (Gaussian Distribution) (SARIMA) Variance | 000041475 | 475601 | 87368 | 240614

B_EREGLDIfl_| GARCH(I,1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.001583 | 00015263 | 10371 | 0.29968

B_EREGLDIT | GARCH(1.1) Conditional Variance Model (Gaussian Distribution) |GARCH({1}| 041874 | 04641 | 090227 | 036692 |-4333.366 4241299
B_EREGLDIfT_| GARCH, 1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 017247 | 0.14299 | 12061 | 0.22777

B_FROTODI | GARCH(1.1) Conditional Variance Model (Gaussian Distribution) | Constant | 0.13163 | 286,956 |0.00045913| 0.99963
B_FROTODIf | GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | GARCH{13 | 0.55278 | 974,045 |0.00036751| 099955 | 264572 |2.737.787
B_FROTODIf | GARCH(1.1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 2,00E-12 | 0067362 | 297608 !
B_PETKMDIff | GARCH(, 1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.00030512 | 0.00032899 | 0.92745 | 0.3

369

B_PETKMDIfT | GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | GARCH{1} | 036735 | 059033 | 06228 | 053375 |-7.343.778|-7.251.711
B_PETKMDIff | _GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | _0.1071 0.14035 | 076305 | 044543
B_PGSUSDIT_ | GARCH(1.1) Conditional Variance Model (Gaussian Distribution) | Constant_| 26742 | 1.213.436.569| 2.20E01 | 099998
B_PGSUSDIf_| GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | GARCH{1}| 011631 | 400.977.513 | 2.90E-02 [l 6.371.988 | 6.464.055
B_PGSUSDIff_| GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 200612 | 0.11104 | 1,80E07 0
B_SODADIfl_| GARCH(1.1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.0025096 | 0.012606 | 0.19908 | 0.8422
B_SODADIff_| GARCH(,1) Conditional Variance Model (Gaussian Distribution) | GARCH{1}| 2.00E-12 | 49052 | 4,08E-09 i 4.933.314| 4841 247
B_SODADIfl_| GARCH(.1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 002902 | 01473 | 019702 | 084382
B_TKFENDIf_| GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.014016_| 143,546 [0.00097643 | 0.99922
B_TKFENDIf_| GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | GARCH{1;| 065547 | 3.528.529 | 0.0018576 | 0.99852 433,486
B_TKFENDIf_| GARCH(1,1) Conditional Variance Model (Gaussian Distribution) | ARCH{1] | 2.00E-12 | 0093517 | 2.14E07 ]
B_ARCLKDIfl| EGARCH(, 1) Conditional Variance Model (Gaussian Distribution) | Constant | 094162 | 070701 | -13318 | 018291
B_ARCLKDIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) |GARCH(1}| 0.77296 | 0.16824 | 45944 | 4.34E00
B_ARCLKDITT | EGARCH(11) Conditional Varance Model (Gaussin Disrbution) | ARCHi1 | 043199 | 019775 | 2isar | owasors | 1746 | 201470
B_ARCLKDIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | Leverage(1} | -0.090737 | 0091979 | 09865 | 032389
B_DOHOLDIf | EGARCH(I, 1) Conditional Variance Model (Gaussian Distribution) | Constant | 070226 | 00092534 | 758927 0
B DOHOLDIf | EGARCH(11) Conditional Variancs Model (Gaussian Disrbution) [GARCH{1} | 09055 [ o.o00sdeot [uaotsses] 0 ] 0ot o0
B_DOHOLDIff | EGARCH(. 1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 028033 | 0.054069 | 51847 | 2.16E03
B_DOHOLDIfT | EGARCH(, 1) Conditional Variance Model (Gaussian Distribution) | Leverage(13 | 0075999 | 0.045376 | 16,749 | 0.093959
B_EKGYODIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | Constant | _60.037 19.961 30078 _| 0.0026317
B_EKGYODIf | EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | GARCH{1} | 0.3343 021929 | w525 | onamo | ol
B_EKGYODIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | ARCH{1| | 058656 | 024927 | 23531 | 0.018616
B_EKGYODIff | EGARCH(I, 1) Conditional Variance Model (Gaussian Distribution) | Leverage(1} | 030777 | 0.13197 | 23321 | 0.019697
B_ENISADIfl_| EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) | Constant_| 30,938 18072 | 17019 | 0086915
B_ENJSADIfl_| EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) | GARCH{1}| 04249 | 033238 12771 | 020156
B_ENJSADIlT | EGARCH(1,1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | -0.18719 0.20451 91532 | oseon | 0TI [ 3048677
B_ENISADIfl_| EGARCH(,1) Conditional Variance Model (Gaussian Distribution) | Leverage{1}| 018578 | 0.14435 | 1287 | 0.19809
B_KOZAADIT | EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | Constant | 17176 13026 | 1386 | 018731
B_KOZAADIR | EGARCH(11) Conditional Varance Model (Gaussian Distibution) | GARCH 1} [ 059805 | 030627 | 10527 | o0somss | o0
B_KOZAADIT | EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 008962 | 022834 | 939249 | 0.6947
B_KOZAADIfl | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | Leverage(1} | 020156 | 0.14348 | _14.048 | 0.16008
B_KOZALDIfl_| EGARCH(I, 1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.010017 | 0040165 | 02494 | 080305
B KOZALDT | EGARCH(1,1) Conditional Variancs Model Gaussian Disbution) [GARCH{1} | 09146 [ 013313 | esoos | easbos | oo f o o
B_KOZALDIfT_| EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 0.065013 | 012187 | 053345 | 059372
B_KOZALDIfl_| EGARCH(, 1) Conditional Variance Model (Gaussian Distribution) | Leverage(13 | 0070939 | 0.071214_| 099614 | 031918
B_MGROSDIfl | EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) | Constant | 4065 0.44053 2,7688E-16
B MGROSDI [ EGARCH(I, ) Conditional Variance Mode (Gausian Distibution) [GARCH{13 [ 07253 | oasao [~ 4039 [ro0assae |l oo
B_MGROSDIfl | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 0.16328 | 017169 | 095105 | 034158
B_MGROSDIff | EGARCH(I, 1) Conditional Variance Model (Gaussian Distribution) | Leverage(1}| 0.19292 | 0.12104 | - 0.11097
B SAHOLDIff_| EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | Constant | 0.78225 | 00043149 | 1812887 0
B_SAHOLDIfl_| EGARCH(1) Conditional Variance Model (Gaussian Distribution) |GARCH{1}| 0.8691 051648 | 168274957 0| g saa| s noss
B_SAHOLDIN | EGARCH(II) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 043787 | 0.09741 | 44952 | 0.006952
B_SAHOLDIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | Leverage(1} | 0.19545 | 0.058717 | 33287 | 0.00087261
B_SISEDIT_| EGARCH(1I) Conditional Variance Model (Gaussian Distribution) | Constant | 22903 10771 21264 | 0.03347
B_SISEDIff_| EGARCH(11) Conditional Variance Model (Gaussian Distribution) |GARCH{1}| 061347 | 0.18204 33535 | 0000798 ; N
B_SISEDff | EGARCH(1, 1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | -0.22046 0.10174. 21668 Dosonas |16 26412
B_SISEDIfT_| EGARCH(11) Conditional Variance Model (Gaussian Distribution) | Leverage(1; | 032517 | 0.10493 3099 | 00019416
B_TCELLDIfl_| EGARCH(1,1) Conditional Variance Model (Gaussian Distribution) | Constant | 78486 15918 49306_| 00081961
B TCELLDIT | EGARCH(1, 1) Conditional Variance Mode (Gausian Distibution) | GARCH{13 | 045339 [ 0asess [ swas [ owizso | oo 0o
B TCELLDIfl_| EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) | ARCH{1} | 02699 | 018092 | 14918 | 0.13574
B_TCELLDIfl_| EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | Leverage(1} | 0.1868 | 012263 | 15232 | 012771
B_TTKOMDff | EGARCH(I,1) Conditional Variance Model (Gaussian Distribution) | Constant | 96265 0.9653 99726 | 201623
B_TTKOMDIT [ EGARCH(, ) Conditional Variance Mode (Gausian Distibution) [ GARCH{13 | 0.79696 | 079 [ awsas [Toomast | o oo
B_TTKOMDIff | EGARCH(LI) Conditional Variance Model (Gaussian Distribution) | ARCH{1] | 023278 | 017394 | 13383 | o.isos
B_TTKOMDIf | EGARCH(, 1) Conditional Variance Model (Gaussian Distribution) [ Leverage(1} | 0.15323 | 0.077955 | 19636 | 0.049344
B_AKBNKDIff | GIR(1,1) Conditional Variance Model (Gaussian Distribution) | Constant_| 0.0010292 | 0.0021214_| 0.48513 | 0.62758
B_AKBNKDIff | GIR(1.1) Conditional Variance Model (Gaussian Distribution) | GARCH{1} | 05644 | 084116 | 0.67098 | 050223
B_AKBNKDIT | _GIR(1.1) Conditional Varance Model Gaussin Disribution) | ARCH{T}, | 012528 | _0.7639 | 071026 | owarzss | 00| #7419

B_AKBNKDIff | GIR(1,1) Conditional Variance Model (Gaussian Distribution) | Leverage{1} | -0.12528 | 0.18542 | 0.67568 | 0.49924)
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EK-5 Gergek Degerler (Hisse Kapanis Degeri)(R) En Uygun Volatilite Modeli

MODEL ADI T AwMA | SARIMA | GaRci | EGaRcH | Gk | TopLAM |
EN 1Yl MODEL SAVISI (EN DUSUK AIC, BIC DEGERD | 0 4 s | s | w | s |
o sitket A Model Parameter Value Standard Error| -t Statistic P-Value AlC BIC
(Company Nme)
R BIMASDIT G Distrbution) SARIMA) Comam | ouwsas | ooans | v | owen | | oo
R_BIMASDIT ARIMA(,0.0) Mode (Gassian Distribution) (SARIMA) Varimee | _00oi11e_| oomoo | 209515 | w2695
R KOZALDIT ARIMAQ.0.0) Mode (Gaussin Distibution) (SARIMA) Comum | 001288 | 012 _| oowms | 09
R_KOZALDIfl (Gaussian Distribution) (SARIMA) Variance 36.256 029637 122335 XTI Al
R_PGSUSDIT ARIMAQ.0,0) Model (Gaussia Disributon) (SARIMA) Consant | 02415 | osier | _ow [P —
R_PasUSDIT ARIMA0.0.0) Model Gaussia Distrbution) (SARIMA) Naranee T o520 55
R_TAVALDIT ARIMA0.0.0) Modsl (Gaussi Ditribution) (SARIMA) Comtum | 009813 _| 009617 |07
= 2emen | 208005
R_TAVHLDIT ARIMA.0,0) Model (Gaussia Disributon) (SARIMA) Vaimee | 034367 _| 0031051 | _mio6rs
R_DOHOLDIT_| _GARCI(1.1) Conditiona Veriae Mode (Gaussia Distibution) Comsumt__| 000015678 | 000002082 | 12977 | 019459
R_DOHOLDI | GARCH(1.1) Conditions Variance Mods (Gaussimn Disrbution) | _GARCH{T} | 077115 | 0087221 | _ss17 | oasids | 5253723 | 5161656
R_DOHOLDIN_| _GARCH(1) Conditiona Variance Model (Gaussion Disvibution) | _ARCH(1] _|_0.16836 | 0065525 _| 25,699 | 0oiorss
RKRDMDDIT_|  GARCH(11) Conditonal Variance Model (Gasion Distbution) | Constant | 00021119 | 0001208 | 1625 | 010396
R_KRDMDDIT | GARCH(L.1) Conditions Veriance Model (Gasian Disrbtion) | GARCH{T] | 0559 | 024554 | 22517 | o.00a30 176276
RKRDMDDIT_| _ GARCH(1,1) Conditonal Varance Model (Gaussian Distbution) | _ARCH(1) _|_0.17701 _|_0120as | a2 | oaims
R_MGROSDIT_|  GARCH(11) Conditional Varanos Mode (Gaussian Ditibution) | Comstant | 036325 | 0078646 | 33472 | outsiczs
ROMGROSDIT_| _ GARCH(1,1) Condiionl Varance Model (Gaisian Disrbution) | _GARCH(T] | 031731 00557 423591
ROMGROSDI_| _GARCH(1.1) Conditional Varancs Modd (Gaussian Disnbution) | ARCH{1) | 045785 [y
[ R_PETKADIT | GARCH(1.1) Condtional Varancs Mode (Gaussian Distrbution) | Constant | 0,00063671 [T
R_PETKMDI | GARCH(1,1) Conditondl Varanee Model Gaussian Distbution) | _GARCH{1 | 079021 | 0081609 _| 9608 | 357618 | 2900111 | 2808044
R_PETKMDI | GARCH(11) Conditional Varsnce Model Gassian Distibution) | _ARCH{T] | 01672 | 006163 | 27213 | 0.0065016
R_TTKOMDI | GARCH(L1) Conditions Varisnce Model (Gassian Disrbution) | Comsamt | 0.0032134 | 0.0023653 | 1358 | 01749
RTTKOMDIT_| _GARCH(1,1) Conditional Vanancs Mode (Gaussian Disnbution) | GARCHITL | 076561 | 01024 | 7346 | 20640 | ssisse | 40780
R_TTKOMDIT | GARCH(L.1) Condtional Varance Model (Gaussin Disbution) | _ARCH{1 | 01635 | 0.07a026 | 22087 | 007199
R_TUPRSDIT | GARCH(.1) Conditions Varianoe Model (Gaussian Disrbution) | Comsamt | 033277 _| 030755 | o2 | _02m0ns
RTUPRSDI | GARCH(L1) Conditional Varianes Modd (Gaussian Disbution) | _GARCH(T] | 0817 _| 009554 | 86057 | 7814 | 7008543 | 710,061
R_TUPRSDIT | GARCH(.1) Conditional Variance Model (Gaussion Disrbution) | ARCH{1L | 003152 | 00475 | 2746 | 00000526
R_ARCLKDI | EGARCH(11) Conditionsl Vaisnce Model (Gaussian Disrbution) | Comstant | 061383 | 02659 | 23105 | 0020wt
R_ARCLKDI_| _EGARCH(11) Conditional Varinee Modsl (Gausian Distribtion) | _GARCH{1 | _0.62955 | _01aale | 43656 Larsass | Lovro
R_ARCLKDIT | EGARCH(L1) Condiional Vrisnce Model (Gaussian Disy aRCiy | oases | owme | 3536
R_ARCLKDI | EGARCH(11) Conditionsl Varisnce Model (Gasian Disebution) | Lovemgel1] | 0.17675 | _00m9m2_| 2143
ROASELSDIT | _EGARCH(1.1) Condiionsl Variance odel (Gaussian Disribution) | Constant_|_034214_| 016186 _| 21138
R_ASELSDIT_| _EGARCH(1.1) Conditional Varance Mode G GARCHI | 077975 | v | saw [
R_ASELSDIT | _EGARCH(1.1) Conditional Varisnce Modsl (Gassian Disnburion) | ARCH{1 | 0536522 | 015405 | 23708
R_ASELSDIN_| _EGARCH(1.1) Condiionl Varance Mode (G Tevemgel1] | 01657 | otoses | issw
R_ENISADIT | EGARCH(1.1) Conditonal Variance Model (Gaussian Distb Consant | o515 | oovses | w5
R_ENISADIT_|EGARCH(1,1) Conditionsl Varance Model Gassian Disribution) | _GARCH{1T | 07471 | 016381 | 1iss
R_ENJSADIf EGARCH(1,1) Conditional Variance Model (G Distrib ARCH{1} 0.26008 0.15178 17.135 oS o326
R_ENISADIT_| EGARCH(11) Conditonsl Visimes Model Gaussin Disib Tovemgert] | 0292 | o |36
R_EREGLDIT_| _EGARCH(1,1) Condiionsl Varianee iodel (Gasssian Disribuion) | Constnt | 026025 _| 00091924 | _2ws.002_| 2076172
R_EREGLDI | _EGARCH(1.1) Condiionl Varience Model (Gaussian Disburion) | GARCH(T] | 093155 _| 0.00062926 | 13800852 o aomae | rsoses
R_EREGLDIT | EGARCH(1.1) Conditionl Variance Mods (G ARCHIT | 02702 | oossess | Soaed si0s
R_EREGLDI_| _EGARCH(,T) Condiional Variance Model (Gaussin Disnbution) | Levemge(1]_| 02025 | _0.060006 | 33714 _| 0000777
R_BALKBDIT_| _EGARCH(11) Conditionsl Vsiaoe Model (G Constan T TR T
R_HALKBDIT | EGARCH(11) Conditionsl Varisnce Mode] (Gaussian Disty GaRctiin | oswois | oswy | osws [ owm | ook
R_HALKBDI_| _EGARCH(11) Conditionsl Varisnce Model (Gaussian Disriy ARCHIL | o2t | omwn | A | 01w
R_HALKBDIT | _EGARCH(11) Condiional Vrisnce Model (Gaussian Disty Lovogel] | 010137 | ooossar | 10256 | 00507
R_SAHOLDIT_| EGARCH(11) Conditionsl Vaisnce Model (Gaussian Disrbution) | Constant | 033219 _| 0006891 | w204y 0
R_SAHOLDIfT_| _EGARCH(1.1) Conditonsl Vasncs Model (Gassin Disbution) | _GARCH{T) | 091321 20558203 0 s | s
R_SAHOLDIT_| _EGARCH(11) Conditionsl Visimes Model (G ARCHI | 035508 T R
R_SAHOLDIT_| EGARCH(11) Conditional Varisnce Model (Gassian Disrbution) | Leverge 1] | 031695 Tiow | GesE0
R_SISEDI__|_EGARCH(1,1) Conditional Variance Model Gaussian Distrbution) | _Constan__|_0.45127 05| oowsn
RSISEDIT | FGARCH(1) Condiondl Vaiae Model (G GARCH | owa [T W)
R_SISEDIT EGARCH(1,1) Conditional Variance Model (Gaussian Distribution) ARCH{1} 041543 3948 s | MR | L06ess
R_SISEDIT__|_EGARCH(1.1) Conditonsl Varance Model (Gaussan Disib Lovenge( 1] | 025006 Sie | conoms
R_THYAODHT_| EGARCH(L1) Conditionsl Vrisnce Model (Gaussian Disy Constan | 053882 ET)
R_THYAODIT | _EGARCH(L.1) Condtionsl Varince Model Gaussian Distibution) | _GARCH{1) | _0.7564% Tt s | oroms
R_THYAODIT | _EGARCH(L1) Condiionsl Variance Model (Gaussian Ditrt ARCHIT | _oo1ale 2577 |_oowisi
R_THYAODHT | EGARCH(L1) Conditionsl Vrisnce Model (Gaussian Disty Lovmgel 1] | 009998 Osenz | ot
RAKBNKDIT | GIR(11) Condtonsl Vaance Model Gaunsin Disrbution) Consan | 000081119 7| oo
R_AKBNKDI | GIR(1.1) Conditonal Variance Model (Gausian Disebution) GARCH{1 | ossos6 SISSE 105
\KBNKDfl GIR(1,1) Conditional Variance Model (Gaussian Distribution) ARCH{1} 2 1 e
RAKBNKDIT | GIR(.1) Condtonsl Varance Model Gansin Disrbution) Lovengell) | 017779 0727
R_EKGYODIT | GIR(L.1) Conditional Varance Model (Gaussin Distibution) Comtan_| 07953 013506
[ R_EKGYODIT | GIR(L1) Conditions Varimce Modsl (Gausia Ditribution) GARCH{1 | 085634 S0 e
R_EKGYODIT | GIR(1.1) Condiions Varianee Model (Gausian Distibution) ARCHIL | 013371 oo
R_EKGYODIT | GIR(L1) Conditional Varance Model (Gaussi Distibution) Levenge(1] | 0.01802¢ e | oo
R_FROTODIT_|  GIR(L.1) Conditional Varance Model (Geussin Distibution) Comtam | 073521 T | _ozes
R_FROTODIT | GIR(1.1) Condiions Varanee Model (Gausian Distibuion) GARCH{L | 057193 EITEERN IXTICEEN [P I
R_FROTODIT_|  GIR(L1) Conditional Varance Mol (Geussin Distibution) ARCHIT | 01213 05| oaiss
R_FROTODIT_|  GIR(L1) Conditionsl Varance Modl (Geussin Distibusion) Levemgel 1] | 022157 o9 | _osions
R_GARANDIT_| __GIR(L1) Condiions Variace Model Goussia Distributon) Comtant__| 00017769 21006 __|_00ssist
R_GARANDIT | GIR(L1) Conditions Variace Model (Gausia Ditebuton) GARCH{ | os3en s [ sooeest ||
R_GARANDIT_|  GIR(L.1) Conditions Vartace Modsl (Gusia Distribution) ARCHI | 2E12 s i
R_GARANDIT | GIR(L1) Conditions Variace Model Goussia Distrbuton) Leveage(1] | 022819 2ss51 | _oovsuzs
[ RISCTRDHT | GIR(L1) Conditions Variace Model (Gusia Ditebution) Comtamt__| 0.00090715 o6
CTRDIT | GIR(11) Conditonal Variance Model (Gasian Distrbution GARCH | ox0s coe7ias |
R_ISCTRDIff GIR(1,1) Conditional Variance Model (Gaussian Distribution) ARCH{1} 2E-12 1 22O | 200813
[ RSCTRDHT | GIR(L1) Conditions Varimce Modsl (Gausia Ditebution) Levmgel 1] 27| oo0rson |
R_KCHOLDI | GIR(1.1) Condiionsl Varanee Model (Gausian Distibuion) Consan o0sos | ior | oovseno
R KCHOLDI | GIR(L1) Conditional Varance Model (Gaussin Distibution) GARCHT] [T ICEET I R R,
[ RKCHOLDIT | GIR(L1) Conditions Varimce Modsl (Gaussia Disteibution) ARCHITT 025 | inas | 00068
R_KCHOLDI | GIR(1.1) Condiions Variance Model (Gausian Distribuion) Loverget 1] 029 | e | osian
R_KOZAADIT | GIR(L.1) Conditional Varance Mol (Gaussin Distibution) Constan woos7ise | 1o | ooomies
[ R_KOZAADIT | GIR(L1) Conditions Varimce Modsl (Gausia Ditribution) GARCHIT] s | oot | sacrieo |
Y a2 | 153599
R_KOZAADIT | GIR(1.1) Condiions Varianee Model (Gausian Distibution) ARCHI T o | osie | o
R KOZAADHT | GIR(L.1) Conditional Varance Model (Gevssi Distibution) Levenge(1] TN T T
R SODADIT GIR(.1) Conditions Vartance Modsl (Gassi Disteibution) Comtant Qoo | s | ooz
GIR(L1) Conditional Varance Mode (Gausian Distribution) GARCHT] oo7sie_| 6iEaT I
918324 | 4795568
‘GIR(11) Conditionl Varance Model (Gausian Distribution) ARCIH{ 1] Ol | | ooosza
GIR(.1) Conditions Vartmce Modsl (Gassi Distribution) [ [T 1506 | oriom
GIR(L1) Condiions Variae Model (Goussi Distributon) Comtant Doreose | osie | oo
GIR(11) Conditional Varance Mode (Gausian Distribution) GARCHIT | o
005 | 24261
RTCELLD | GIR(11) Conditionsl Varance Model (Gasian Distrbution) ARCHI | 265507 0
CELLD, GIR(L1) Condiions Variae Model Goussia Distributon) Leveage(1] | 024554 i | osim
[ R_TKFENDIT | GIR(L1) Conditions Varimce Modsl (Gusia Ditebution) Comtamt_|_0.002753 w55 |0z
ROTKFENDIT | GIR(11) Condiionsl Varisce Model (Gaosia Distibution) GaRCHI | o T )
L | 1196752
KFENDIT | GIR(11) Conditional Vaiace Model (Gausia Distibution) ARCH | _2En 1
[R_TKFENDIT | GIR(L1) Conditions Varimce Model (Gaussia Ditebution) Levemgel 1] | 011846 05t
RVAKBNDIT | GIR(.1) Condtonsl Varance Model Gansin Disrbution) Consnt | 00018094 15160
RVAKBNDIT | GIR(L1) Conditions Variace Model Goussia Distebuton) GARCH{1 | 079099 S [ooso | Lo
[TR_VAKBNDIT | GIR(L1) Conditions Vartmce Modsl (Gsi Ditribution) ARCHIT | 0.026%6 wns | oesws
RVAKBNDIT | GIR(.1) Condtonsl Varance Model Gansin Disrbuion) Levemget 1] |04 [ETETI N
R_YKBNKDI | GIR(1.1) Conditonal Variance Model (Gausian Disebution) Comstant__| 0.00011006 vaose | o160
RVKBNKDIT_|  GIR(L1) Conditions Varice Modsl (Gassi Distribution) GARCHIT | 0ssms 0316 | ossnaray
5 4557361 | 4434605
RYKBNKDIT | GIR(1.1) Condtonsl Vaance Model Gansin Disrbuton) ARCHIT | o200 | oowsze | osiss | oant
RVKBNKDIT | GIR(1.1) Conditonal Variance Model (Gausian Disebution) Levemgel 1] | 0003 | 000267 | 62| oovesle
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EK-6 GBM (B) ve Gergek Deger (R) En Uygun Volatilite Modeli

Degismeyen Sirketler

Sirket Adt Model Parameter Value Stndard | goigie | p-value AIC BIC
(Company Name) Error
B_BIMASDIff ARIMA(0,0,0) Model (Gaussian Di (SARIMA) Constant 0.0019206 0.0042078 0.45643 0.64808 4.814.556 4.753.053
B_BIMASDiff ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Variance 0.0028173 0.00032663 86.254 6,39E-14 o -
R_BIMASDIff ARIMA(0,0,0) Model (Gaussian [ (SARIMA) Constant -0.0036875 0.021325 -0.17292 0.86271 18.53 246.803
R_BIMASDiff ARIMA(0,0,0) Model (Gaussian Di (SARIMA) Variance 0.064116 0.0030602 209.515 1,82E-93
B_TAVHLDIff ARIMA(0,0,0) Model (Gaussian Di (SARIMA) Constant 0.047362 0.011032 42.933 1,76E-01 1733379 L671.876
B_TAVHLDIff ARIMA(0,0.0) Model (Gaussian Distribution) (SARIMA) Variance 0.019327 0.0023382 82.658 1,39E-12 o o
R_TAVHLDIff ARIMA(0,0,0) Model (Gaussian [ (SARIMA) Constant -0.069813 0.049617 -1.407 0.15942 2.871.671 2.933.175
R_TAVHLDIff ARIMA(0,0,0) Model (Gaussian Di (SARIMA) Variance 0.34367 0.031051 110.678 1,80E-24
B_PETKMDifI GARCH(1,1) Conditional Variance Model (Gaussian Distribution) Constant 0.00030512 0.00032899 0.92745 0.35369
B_PETKMDIff GARCH(1. 1) Conditional Variance Model (Gaussian Di GARCH{1} 0.36735 0.59033 0.62228 0.53375 -7.343.778 -7.251.711
B_PETKMDiff GARCH(1,1) Conditional Variance Model (Gaussian Distributi ARCH{1} 0.1071 0.14035 0.76305 0.44543
R_PETKMDiff GARCH(1,1) Conditional Variance Model (Gaussian Di Constant 0.00065671 0.00052383 12.537 0.20996
R_PETKMDiff GARCH(1,1) Conditional Variance Model (Gaussian Distribution) GARCH{1} 0.79021 0.081609 96.828 3,57E-18 -2.900.111 -2.808.044
R_PETKMDiff GARCH(1. 1) Conditional Variance Model (Gaussian Di: ARCH{1} 0.16772 0.06163 27.213 0.0065016
B_ARCLKDIff | EGARCH(I,1) Conditional Variance Model (Gaussian Di: Constant -0.94162 0.70701 -13.318 0.18291
B_ARCLKDIff | EGARCH(I,1) Conditional Variance Model (Gaussian Di GARCH{1} 0.77296 0.16824 45.944 4,34E-02 2.137.466 2.014.709
B_ARCLKDiff EGARCH(1,1) Conditional Variance Model (Gaussian Distribution) ARCH{1} 0.43199 0.19773 21.847 0.028913
B_ARCLKDIff iARCH(1,1) Conditional Variance Model (Gaussian Di: i Leverage{1} -0.090737 0.091979 -0.9865 0.32389
R_ARCLKDIfl_| EGARCH(1,1) Conditional Variance Model (Gaussian Distributi Constant_| 061383 | 0.26569 23.103 0.020871
R_ARCLKDIff | EGARCH(I,1) Conditional Variance Model (Gaussian Di GARCH{1} 0.62933 0.14416 43.656 1,27E-01 1.875.233 1.997.989
R_ARCLKDIff | EGARCH(1.1) Conditional Variance Model (Gaussian Distribution) ARCH{1} 0.45268 0.12796 35.376 0.00040373 . o
R_ARCLKDIff | EGARCH(I.1) Conditional Variance Model (Gaussian Di: Leverage{1} 0.17675 0.079822 -22.143 0.02681
B_ENJSADiff EGARCH(1,1) Conditional Variance Model (Gaussian Distributi Constant -30.938 18.072 -17.119 0.086915
B_ENJSADiff EGARCH(1,1) Conditional Variance Model (Gaussian Di GARCH{1} 0.42449 0.33238 12.771 0.20156 4071434
B_ENJSADiff EGARCH(1.1) Conditional Variance Model (Gaussian Distributi ARCH{1} -0.18719 0.20451 -0.91532 0.36002 o
B_ENJSADff ARCH(1,1) Conditional Variance Model (Gaussian Di: Leverage{1} -0.18578 0.14435 -1.287 0.19809
R_ENJSADiff EGARCH(1,1) Conditional Variance Model (Gaussian Distributi Constant -59.515 0.60365 -98.593 6,25E-19
R_ENJSADifl EGARCH(1,1) Conditional Variance Model (Gaussian Di GARCH{1} -0.67471 0.16381 -41.188 3,81E-01 1081023 958.266
R_ENJSADiff EGARCH(1,1) Conditional Variance Model (Gaussian Distributi ARCH{1} 0.26008 0.15178 17.135 0.086619 . - :
R_ENJSADIff_| EGARCH(L.1) Conditional Variance Model (Gaussian Di Loverage(1] | 023392 0.12079 19.365 0.052801
B SAHOLDIff EGARCH(1.1) Conditional Variance Model (Gaussian Distributis Constant -0.78225 0.0043149 -1812887 0
B SAHOLDIff | FGARCH(1.1) Conditional Variance Model (Gaussian Distributi GARCH{1 0.8691 051648 | 168274957 0 i | arsioss
B_SAHOLDIff EGARCH(1,1) Conditional Variance Model (Gaussian Di: ARCH{1} -0.43787 0.09741 -44952 0.006952
B_SAHOLDIff EGARCH(1,1) Conditional Variance Model (Gaussian Di: Leverage{l} 0.19545 0.058717 33287 0.00087261
R_SAHOLDIff EGARCH(1.,1) Conditional Variance Model (Gaussian Distributi Constant -0.33219 0.006891 -482068 0
R_SAHOLDIff EGARCH(1.1) Conditional Variance Model (Gaussian Distributi GARCH{1} 0.91321 0.00044857 20358203 0 1284251 1,161,495
R_SAHOLDIff EGARCH(1.1) Conditional Variance Model (Gaussian D ARCH{1} -0.35594 0.07766 -45834 0,045758
R_SAHOLDIff EGARCH(1.1) Conditional Variance Model (Gaussian D Leverage{l} -0.31698 0.042295 74944 6,6619E-10
B SISEDIff’ EGARCH(1.1) Conditional Variance Model (Gaussian Di Constant -22903 10771 -21264 0.03347
B _SISEDIff’ EGARCH(1.1) Conditional Variance Model (Gaussian Distributis GARCH{1 0.61347 0.18294 33535 0.000798 4.749.168 4.626.412
B_SISEDIff | EGARCH(1.1) Conditional Variance Model (Gaussian Distributi ARCH{1} | 022046 | o0.10174 21668 0.030248
B SISEDIff _| EGARCH(I.1) Conditional Variance Model (Gaussian Di Loverge(1} | 0.32517 0.10493 3099 0.0019416
R_SISEDIff ARCH(1,1) Conditional Variance Model (Gaussian Di: Constant 0.45127 0.22468 -20085 0.044592
R_SISEDiff EGARCH(1.,1) Conditional Variance Model (Gaussian Distributi GARCH{1} 0.8734 0.055685 156848 1,9223E-51 1820414 1,706,658
R_SISEDIff EGARCH(1.1) Conditional Variance Model (Gaussian Distributi ARCH{1} 0.41543 0.10523 3948 0,78814
R_SISEDiff EGARCH(1.1) Conditional Variance Model (Gaussian D Leverage{l} -0.25006 0.07399 -33796 0.00072594
B_AKBNKDIfT GJR(1,1) Conditional Variance Model (Gaussian Di Constant 0.0010292 0.0021214 0.48513 0.62758
B_AKBNKDIff GJR(1,1) Conditional Variance Model (Gaussian Di GARCH{1} 0.5644 0.84116 0.67098 0.50223 4.870.919 4.748.163
B_AKBNKDiff’ GJR(1,1) Conditional Variance Model (Gaussian Distributis ARCH{1} 0.12528 0.17639 0.71026 0.47754
B_AKBNKDiff’ GJR(1,1) Conditional Variance Model (Gaussian [ Leverage{1} -0.12528 0.18542 -0.67568 0.49924
R_AKBNKDiff GJR(1,1) Conditional Variance Model (Gaussian [ Constant 0.00081119 | 0.00036418 22275 0.025916
R_AKBNKDiff GIR(1,1) Conditional Variance Model (Gaussian Di GARCH{1} 0.85986 0.038811 221551 9,3158E-105 1.604.434 1,481,677
R_AKBNKDIff GIR(1,1) Conditional Variance Model (Gaussian Distributi ARCH{1} 2E-12 0.049199 4,0651E-07 1

R_AKBNKDiff GIR(1. 1) Conditional Variance Model (Gaussian Di i Leverage!{1} 0.17779 0.066201 26855 0.0072417
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