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Bu ¢alismada ¢oklu dogrusal regresyon modelin bagimsiz degiskenler arasinda ¢oklu dogrusal baglant1 oldugu
durumlarda En Kii¢iik Kareler (EKK) yontemine alternatif olarak kullanilan Ridge regresyon metodu i¢in ayar
parametresi se¢imine yardimci olacak bazi kriterler, Akaike Bilgi Kriteri (AIC), Bayes Bilgi Kriteri (BIC),
Mallow’s Cp, Capraz Gegerlilik (CV) ve Genellestirilmis Capraz Gegerlilik Olgiitii (GCV) karsilastirilmugtir.
Kullanilan model se¢im kriterlerinin performanslart Monte Carlo simiilasyon ¢aligmasi ve ekonometrik bir
veri kullanilarak hata kareler ortalamasi (HKO) ve tahmin hatasi (TH) kriterleri yardimiyla karsilagtirilmugtir.
Niimerik ¢alismalar sonucunda, ¢oklu dogrusal baglantinin oldugu durumlarda Onerilen kriterler ile ayar
parametresi secilen Ridge regresyon yontemlerinin daha diigik HKO ve TH degerleri ile daha iistiin
performans gosterdigi bulunmusgtur.

Anahtar sozciikler: Coklu Dogrusal Baglanti, Ridge Regresyon, LASSO.

Abstract
Ridge regression parameter selection: Turkey's example of foreign direct investment

In this study, some criteria such as Akaike Information Criteria (AIC), Bayes Information Criteria (BIC),
Mallow's Cp, Cross Validity (CV) and Generalized Cross Validity Measure (GCV) that will help the selection
parameter for the Ridge regression method, which is used as an alternative to the Least Squares (Least Squares)
method in cases where the multiple linear regression model has multiple linear connections between the
independent variables, are compared. The performances of the model selection criteria used were compared
using the Monte Carlo simulation study and econometric data, with the help of mean squares error (MSE) and
prediction error (PE) criteria. As a result of the numerical studies, it was found that the Ridge regression
methods, whose adjustment parameter was selected with the suggested criteria in cases of multicollinearity,
showed superior performance with lower MSE and PE values.
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1. Giris

Asagida verilen ¢oklu dogrusal regresyon modelini goz oniine alalim;
Yi = ﬁo + ﬁlXil + .BZXiZ + ..+ .BPXip + &, i = 1,2, ., n, (1)

Burada Y;’ler bagimh rassal degiskenler, X;1, X, ..., X;p ler bagimsiz agiklayici degiskenler, S, sabit
regresyon katsayisi, B, B2, ..., Bp kismi regresyon katsayilar Ve €; &, , ..., &, ayn1 dagilimli 6zdes rassal
hata terimidir. i alt indisleri belirlenmis olan miimkiin gézlemi, n gézlem sayisin1 ve p ise parametre
sayisini ifade eder. (1) esitligini matris formatinda yazacak olursak:

Y = XB+ ¢

Burada ¥ = (Y, Yy, .., ¥a)', X = (X0, Xz, Xn)'s Xi = (i1, Kizs w0, Xip)' B = (B By Bp)' VR £ =
(&1, &2, ..., €)' seklinde ifade edilmektedir ve (") kullanilan iist simge bir vektoriin veya matrisin devrigini
almay1 gosterir.

Coklu dogrusal regresyon analizinde her bir gézlem i¢in bagimsiz degiskenler arasinda tam veya tama yakin
dogrusal bir korelasyon olursa ortaya ¢ikan probleme ¢oklu dogrusal baglanti (CDB) adi verilir. Bu
durumda dogrusal ve yansiz tahmin edicileri i¢inde kii¢iik varyansa sahip olan EKK tahmin edicisi 6nemli
oranda olumsuz etkilenmektedir [1]. Modeldeki bagimsiz degiskenlerin ayni egilime sahip olmalart,
modelin degisken sayisinin gozlem sayisindan ¢ok olmasi, kullanilan veri toplama yontemlerinin uygun
olmamasi ¢oklu dogrusal baglantinin nedenleri arasinda gosterilebilir. Baglanti sorunun ¢éziimii i¢in panel
veri, soruna neden olan degiskenleri modelden ¢ikarmak ve yanli tahmin edicileri kullanarak baglantt
sorununu ¢ézmek i¢in bagvurulan yollardandir.

Coklu dogrusallik probleminin tarihi Frisch [2] ¢alismasina dayanir. {1k olarak Hoerl ve Kennard [3, 4]
tarafindan tanimlanan Ridge regresyon bu probleme ¢6ziim yontemlerinden biridir. Ridge regresyonun ayar
parametresinin bulmak arastirmacilarin temel ilgisidir. Pek c¢ok arastirmaci bu ayar parametresinin
tahminini elde etmek farkli yontemler onermislerdir. Bunlardan bazilari, McDonald ve Galarneau [5],
Monte Carlo simiilasyonlari ile k ayar Ridge parametresini belirlemek igin iki analitik yontem Onermis ve
hata kareler ortalamasi agisindan degerlendirmislerdir. Lawless ve Wang [6], Ridge ve diger regresyon
parametre tahmin edicileriyle yaptiklari simiilasyon ¢aligsmasi sonucunda, yaygin olarak kullanilan iki hata
kareler ortalamasi kriterine gore, iki siradan Ridge tahmin edicisinin hem en kiigiik karelerden hem de diger
tahmin edicilerden 6nemli 6l¢iide daha iyi performans gosterdigini belirtmislerdir. Golub, Heath ve Wahba
[7], iyi bir Ridge parametresi se¢gme yontemi olarak genellestirilmis capraz dogrulama yontemini
incelemiglerdir. Khalaf ve Shukur [8], tasarim matrisinin siitunlari arasinda ¢oklu baglanti oldugunda,
Ridge ayar parametresinin k se¢imi i¢in yeni bir yaklasim 6nermis ve hata kareler ortalamasi agisindan
simiilasyon teknikleri ile degerlendirmislerdir. Alkhamisi, Khalaf ve Shukur [9], tasarim matrisinin
stitunlar1 arasinda ¢oklu baglanti oldugunda k Ridge ayar parametresini se¢gmek i¢in Khalaf ve Shukur [8]
tarafindan Onerilen tahmin edicilerin gelistirilmis versiyonu olan tahmin edicilere dort degisiklik
onermislerdir. Alkhamisi ve Shukur [10], k Ridge ayar parametresini elde etmek i¢in yeni bir yaklagim
onermis ve ardindan Monte Carlo simiilasyonlari ile degerlendirmislerdir. Lukman ve Olatunji [11],
regresyon katsayilarindan bagimsiz ve standart regresyon hatasinin bir fonksiyonu olan bir Ridge
parametresi Oonermislerdir. Owolabi, Ayinde ve Alabi [12], iki parametreli bir Ridge tipi tahmin edici
onermislerdir ve istatistiksel 6zelliklerini teorik olarak ve Monte Carlo simiilasyon ¢aligmalar1 yoluyla
ortaya koymuslardir.

Bu calisma asagidaki sekilde organize edilmistir: Ridge regresyonun ayar parametre secim kriterleri
¢aligmanin ikinci boliimde ayrintilart ile birlikte incelenecektedir. Calismanin {iglincii boliimiinde, Monte
Carlo simiilasyon modeli ile se¢im kriterlerinin performanslari karsilastirilmistir. Bu karsilagtirmalara,
literatiirde en popiiler cezali tahmin edicilerinden biri olan En Kii¢ciik Mutlak Biiziilme ve Se¢im Operatdrii
(LASSO) tahmin edicisi de eklenmistir. Calismanin dérdiincii bolimiinde ekonometrik bir veri seti
kullanilarak, dogrudan yabanci yatirimi etkileyen faktorlerle kurulan ¢oklu dogrusal regresyon modeliyle
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tahminler yapilacaktir. Yapilan 6n incelemeler sonucunda, ilgili verinin bagimsiz degiskenler arasinda
korelasyon olmasi sebebiyle EKK yonteminden elde edilen tahminin varyansinin olmasi gerektiginden
daha biiyiik ¢ikmasina neden olmaktadir. S6z konusu bu durumda c¢oklu dogrusal regresyon modelinin
tahmininde kullanilan EKK yontemi dogru sonuglar verememektedir. Baglant1 sorunun ¢dziimii i¢in
Onerilen yontemlerden yanli regresyon tahmin edicisi olan Ridge regresyon ve modele dahil edilen yanlilik
parametresi ile analiz tekrardan yapilip sorun giderilmeye ¢aligilmaktadir. Caligmanin asil amaci da modele
dahil edilen Ridge regresyon ayar parametresi olan k’nin se¢imi i¢in kullanilan kriterler de analize dahil
edilerek en iyi sonucu veren kriter se¢imi de yapilmustir.

2. Ridge regresyon

CDB problemi durumunda EKK yonteminin kullanilmasi tahminlerin biiyiik varyansa sahip olmasina
neden olmaktadir. 1970 yilinda Hoerl ve Kennard ¢oklu dogrusal baglanti problemi oldugunda bu problemi
gidermek i¢in Ridge tahmin ediciyi onermislerdir. Boylelikle daha kiiciik varyansli tahmin ediciler elde
edilmektedir. CDB problemi oldugunda X'X matrisi tekil degildir. Hoerl ve Kennard ilk kez 1962 yilinda
X'X matrisine k negatif olmayan bir say1 olmak iizere, kI, sabitini modele ekleyerek, Ridge tahmin
edicisini elde etmislerdir [3].

X'X matrisinde CDB’ dan dolay1 bir veya daha fazla 6z degerin kiigiik olacagini ve bu nedenle S ile onun
EKK tahmin edicisi # = (X'X)~'X'Y ile degerleri arasindaki uzakligim yiiksek olacagini agiklanuslardir.
Bu sorunun ¢6ziimii i¢in de en uygun tahmin edicinin Ridge tahmin edicisi oldugunu sdylemislerdir [3].
Aciklayict degiskenler arasinda CDB olmasi durumunda Ridge regresyon yontemi ile tahmin edilen B
regresyon katsayilariin EKK yontemiyle yapilan tahminlerden daha kiigiik HKO’ya sahip oldugu Hoerl
ve Kennard [3] tarafindan gosterilmistir. Hoerl ve Kennard [3] tarafindan 6nerilen Ridge regresyon tahmin
edicisi asagidaki kayip fonksiyondan elde edilmistir;

L(B) = Sfus(Y; — Bo — XiB)2 + kS, B7
B’ya tiirevini alip, sifira esitlenirse;

Br = (X'X + kI,)"1X'Y, )
elde edilir. Burada I,, ise p X p boyutunda birim matrisidir ve k > 0 ayar parametresi olup, k = 0 ise
Bk = E, k = oo ise Bk = 0’dir.

2.1. Ridge tahmin edicisi ile EKK tahmin edicisi arasindaki iliski
EKK tahmin edicisinin her iki tarafi da X'X ile garpilirsa;

X'XB=XY
elde edilir.

Denklem 2’de Ridge tahmin edicisi olan denklemde X 'Y yerine esiti yazilirsa;

Bk = (X'X + kL)' X'X B
elde edilir.

X 'X matrisinin tersinin tersi kendisi oldugu i¢in;
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P = X'X + k)™ [(X'X)" 7B
seklinde yazilabilir. Her iki matriste tekil olmadiklart icin;
A o — , -1 A
Br=[X' X)) X'X+ k)] B
seklinde yazilabilir. Buradan da,
Be =X XX+ kX' X)) B
seklinde ifade edilir. Yapilan bu islemlerden sonra
~ ron_11-1 3
Br =L, +kX'X)7Y] B
olur. Z = [Ip + k(X’X)_l]_1 olarak tanimlanirsa;

Br =ZP

seklinde ifade edilir. Bu esitlik Ridge tahmin edicisinin EKK tahmin edicinin bir doniisimii oldugunu
gostermektedir [13].

2.2. Ridge regresyon parametre secim kriterleri
Ayar parametresinin se¢imi yanli regresyon tahmin edicilerinin performanslarii etkileyen en 6nemli

etkendir. Ayar parametre tahmini i¢in birgok kriter bulunmaktadir. Bu kriterlerden AIC, BIC, CV, GCV ve
CP alt basliklar halinde verilecektir. Bu kriterlerde kullanilan degerler asagidaki sekilde 6zetlenmistir.

E=Y - Xp
H=XX'X+kL) X'

df =tr(H)

HKT (Hata Kareler Toplami) = &'¢

Burada, H izdiisiim matrisi olarak bilinmektedir, df serbestlik derecesi ve tr(-) ifadesi bir matrisin izini
gostermektedir.

2.2.1. Akaike Bilgi Kriteri

Akaike’nin bilgi kriterleri, Hirotsugu Akaike [14] tarafindan gelistirilmistir. AIC, tahmin edilen herhangi
bir istatistiksel modelin uyum iyiliginin bir gostergesi olarak adlandirilabilir. AIC genellikle yiiksek boyutlu
gerceklige sahip bilinmeyen bir model bulmaya ¢alisir. Bu modellerin AIC’deki ger¢ek modeller olmadigi
anlamma gelir. AIC kriterleri asimptotik olarak c¢apraz gegerlilige esdegerdir. AIC asagidaki sekilde
tanimlanmaktadir.

AIC =nxlog(HKT) + 2 x df ,

Burada, n gézlem sayisini ve log(-) dogal logaritmay1 gostermektedir.
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2.2.2. Bayes Bilgi Kriteri

Bayesian bilgi kriterleri [15] Gideon E. Schwarz Bayesgi bilgi olgiitiinti gelistirmistir. BIC, farkli sayida
parametreye sahip bir grup parametrik model arasinda bir model se¢imidir. BIC serbest parametreleri daha
giiclii cezalandirmaktadir. Bayes Bilgi kriterleri sadece gercek modellerle karsilasmaktadir. Bayes bilgi
kriterlerinin tutarl oldugu sdylenebilir.

BIC = n X log(HKT) + df x log(n).

2.2.3. Capraz Gegerlilik Model Secim Kriteri

Eger kare hatalar kullanilacaksa iyi bir tahmin edici olarak birini disarida birakarak ¢apraz gegerlilik tahmin
edicisi Onerilebilir. Bu metot modellerin Ongorii yetenegine gore model segimi yapilmasini
benimsemektedir. Capraz gegerlilik modeli;

olarak elde edilir. Burada h;;, H sapka matrisinin i. kosegen elemanidir. Ridge ve LASSO regresyon
parametre seciminde K kat ¢apraz gecerlilik kullanilmaktadir. n sayida gézlemi olan veri seti K sayida esit
parcaya boliiniir. K pargaya bdliinen veri i¢cin K — 1 parca egitim ve geriye kalan ise test seti olarak segilir.
Islem K adim tekrarlanarak her adimda farkli test seti segilir. S6z konusu her adim icin hata kareler
ortalamasi elde edilir ve tiim degerlerin Ortalamasi ele alinarak ¢apraz dogrulama hata egrisi elde edilir ve
bu egride minimum degeri veren parametre segilir. Yapilan bu ¢alisgmada K = 10 alinmustir.

2.2.4. Genellestirilmis Capraz Gegerlilik Olgiitii

Yukaridaki CV modeli iizerinde yapilan degisikliklerle elde edilen GCV ol¢iitii CV modelindeki h;; yerine
H matrisinin ortalamasi alinarak elde edilen bir 6lgiittiir. GCV modeli ise;

GOV = n X HKT
~ (n—df)?
seklindedir.

2.2.5. Mallow un Cp Kriteri
Mallow’un model se¢im kriteri agsagidaki gibidir.
Cp = HKT + 2 X df x 62

Burada; 62, o2 nin tahmin edicisidir. Bulunan alt kiime modelleri arasinda Cp degerini minimum olan
model uygun model olarak segilir.

2.4. En Kiiciik Mutlak Biiziilme ve Se¢im Operatérii
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Ridge tahmin edicisinin tahmin giicii olduk¢a yiiksektir. Ancak tahmin siirecinde birtakim problemler
ortaya ¢ikmaktadir. Ridge regresyon katsayilar1 daraltan bir tahmin edici olmas1 sebebiyle daha kararli bir
yaptya sahiptir. Fakat regresyon katsayilarini sifira daraltamadigi icin modelin yorumlanmasi zorlagir. Bu
sebeple modeli yorumlamak icin ve tahmin dogrulugunu elde edebilmek igin bazi katsayilari sifira
daraltmak s6z konusu olabilir. Bu islemden sonra varyans kiigiilmekte fakat yanli agidan sapma meydana
gelmektedir. Cikan sonucta tahmin dogrulugu daha giivenilir oldugundan bu tahmin edicisinin yansizlik
Ozelligi g6z ardi edilebilir [16]. 1996 yilinda Tibshirani, LASSO yoéntemi ile bazi katsayilari sifira
daraltarak parametre tahminini ve model se¢imini es zamanli yapmustir [17]. LASSO yontemi genel olarak
asagidaki gibidir;

n 14

BLASSO = argglin Z(Yi - Xi’ﬁ)z + k2|b’j
j=1

)’

=1

Burada k ayar parametresidir.
3. Simiilasyon Calismasi

Bu boliimde, Ridge ayar parametresinin segilmesinde kullanilacak bes yontemin (AIC, BIC, CV, GCV, Cp)
ve LASSO’nun karsilastirilmast Monte Carlo simiilasyon i¢in ¢aligmasi ile yapilmigtir. McDonald ve
Galarneau caligsmasi [5] takip edilerek farkli derecelerde goklu baglantiya sahip veri matrisi tiretebilmek
icin, bagimsiz degiskenler asagidaki sekilde iiretilmistir;

Xy =@ -p)Y2z;+ pzipsry 1=12,..,n j=12,..,p,

Burada p, bagimsiz degisken sayisi, n, drneklem hacmi olmak iizere p? herhangi iki agiklayici degisken
arasindaki korelasyon katsayisi, z;; ise N(0,1) dagilimindan olan rassal sayilardir. Amacimiz, ¢oklu
dogrusalligin derecesinin yiiksek ve diisiik oldugu durumlarda Ridge, LASSO ve EKK tahmin edicilerinin
performanslarini karsilastirmak ve CDB durumunda en iyi tahmini veren yontemi se¢mek amaglanir.
Bagimsiz degiskenler arasindaki farkli korelasyon degerleri ile bes 6rnek icin simiilasyon ¢aligsmasi yapilip
sonu¢ elde etmek amaglanmistir [18]. Simiilasyonda kullanilacak dogrusal regresyon modeli asagidaki
gibidir;

Y=Xp+0oe &~N(0,I)

Modellerin degerlendirilmesi i¢in simiilasyonda egitim verisi ve test verisi i¢in n birimlik érneklemler

kullanilmigtir. Simiilasyon i¢in R Studio’da glmnet paketi kullanilmustir. Egitim setinde en iyi ceza

parametresinin degeri model se¢cim kriterleri ile belirlenip en iyi model olusturmak amac¢lanmaktadir.

Ardindan test seti ile modelin iyiligi test edilmektedir. Simiilasyonlarda tiim degiskenleri egitim setine

dayal1 olarak ortalariz. Xegitim = (Xl,egitim' "-'Xp,egitim) egitim verilerini vektorlerini belirtir. Test veri

setindeki gézlem sayisi g5 V€ Yegitim = (Yegitim — Yegitim) egitim verilerinde ortalama yanitlar1 gosterir.
!

Son olarak iki performans dlgiisii hesaplanmistir. Bunlar, test hatast HKOy = = TsimTsim 1S€ Tisim =
test

XiB— (Yegitim + (Xi + Xegitim)lﬁ) ve tahminin hata kareler ortalamasi ise HKOg = |B - ﬂ|2 olarak
gosterilir [19].

Sirasiyla egitim ve test setini gostermek igin ./. gosterimi kullanilacaktir. Simiilasyon caligmasi igin
incelenen ornekler asagidaki gibidir.

1. Her veri seti 20/200 gozlemden olugmaktadir. S = (3,1.5,0,0,2,0,0,0) " olarak o = 1,3 ve
X~N(0,2) ise Z;; = plJl, p = 0.3,0.6,0.9
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2. Her veri seti 20/200 gozlemden olusmaktadir. 8 = <0.85,0.85,...,0.85> olarak o = 1,3 ve
8

X~N(0,2) ise Z;; = pl"™Jl, p = 0.3,0.6,0.9

3. Her veri seti 20/200 gozlemden olusmaktadir. 8 = (3,1.5,0,0,0,0,—1,—1)" olarak o = 1,3 ve
X~N(0,2)ise X;; = pl'=Jl, p = 0.3,0.6,0.9

4. Her veri seti 100/200 gozlemden ve 30 bagimsiz degiskenlerden olugmaktadir. S =

<2, 2,0, ...,0) olarak o = 1,3 ve X~N(0,2) ise Z;; = p!"~Jl, p = 0.3,0.6,0.9
8 22

5. Her veri seti 100/200 go6zlemden ve 40 bagimsiz degiskenlerden olugmaktadir. S =

<o, .,0,2,..,2,0,..,0,2, 2) olarak o = 1,3 ve X~N(0, ) ise Z;; = pl*Jl, p = 0.3,0.6,0.9
10 10 10 10

Yukarida verilen 6rnek modellerini 1000 veri seti ile simiilasyon yaparak arastiriyoruz. Bu &rnek
simiilasyon calismalar1 asagidaki ¢izelgelerde verilmistir. Bu drneklerle yapilan simiilasyon ¢alismasina
Kosul indisi (CI) eklenerek ¢oklu dogrusal baglantiin varlig1 durumunda segim parametrelerinin sonuglari
karsilastirilmistir [20]. Sonuglar1 daha kolay karsilastirmak i¢in, Rélatif HKO (RHKO) degeri su sekilde

tanimlanmustir: RHKO(B*) = 1\1\/;1551']55 ((ff*))’

Eger, RHKO(B*) degerinin 1°den biiyiik ise, 0 zaman £* tahmin edicisi EKK tahmin edicisinden daha
Ustiin performans gosterdigini belirtir. Simiilasyon sonuglarina bakildiginda tiim 6rneklerde EKK, RHK Og
ve RHK Oy gore de en kotii sonuglar1 vermistir. Simiilasyon ¢iktilarinin yorumlari agagida verilmistir.

burada £* yukarida belirttigimiz tahmin edicilerden bir tanesidir.

Cizelge 1: Ornek 1 icin Simiilasyon Ciktist

p cI o YONTEM HKOg RHKOg HKOy RHKOy
EKK 0.894 1,000 0.887 1,000
RIDGE(GCV) 0.827 1.081 0.839 1.057
RIDGE(AIC) 0.837 1.068 0.842 1.053
RIDGE(BIC) 0.830 1.078 0.840 1.056
1 “RIDGE(CP) 0.827 1.081 0.840 1.056
RIDGE(CV) 0.855 1.046 0.892 0.995
LASSO(CV) 0.591 1.514 0.625 1.419
EKK 8.049 1.000 7.985 1,000
RIDGE(GCV) 5.104 1.577 5.595 1.427
0.3 1.886 RIDGE(AIC) 5.546 1.451 5.882 1.357
RIDGE(BIC) 5.448 1.478 6.014 1.328
RIDGE(CP) 5.040 1.597 5.559 1.436
3 RIDGE(CV) 5.013 1.606 5.529 1.444
LASSO(CV) 5.116 1.573 5.587 1.429
EKK 1.494 1.000 0.887 1,000
RIDGE(GCV) 1.249 1.195 0.802 1.106
RIDGE(AIC) 1.288 1.160 0.807 1.100
RIDGE(BIC) 1.257 1.189 0.805 1.102
1 “RIDGE(CP) 1.246 1.198 0.805 1.102
RIDGE(CV) 1.250 1.195 0.872 1.017
LASSO(CV) 0.863 1.730 0.606 1.464
EKK 13.443 1.000 7.958 1,000
RIDGE(GCV) 6.397 2.102 4.954 1.612
0.6 3.605 RIDGE(AIC) 7.596 1.770 5.405 1477
RIDGE(BIC) 6.466 2.079 5.143 1.553

3 RIDGE(CP) 6.246 2.152 4.961 1.610
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RIDGE(CV) 5.705 2.356 4.621 1.728
LASSO(CV) 6.609 2.034 4.971 1.606

EKK 6.322 1.000 0.887 1.000
RIDGE(GCV) 3.541 1.785 0.633 1.401
RIDGE(AIC) 4.052 1.560 0.673 1.318
RIDGE(BIC) 3613 1.750 0.651 1.363

1 “RIDGE(CP) 3.486 1.814 0.633 1.401
RIDGE(CV) 3.046 2.076 0.639 1.390
LASSO(CV) 3.087 2.048 0.561 1.581

EKK 56.895 1.000 7.985 1.000
RIDGE(GCV) 14.562 3.907 3.558 2044

0.9 10.880 RIDGE(AIC) 21.676 2.625 4.341 1.840
RIDGE(BIC) 12.978 4.384 3.528 2.263

3 “RIDGE(CP) 13.739 4.141 3518 2.270
RIDGE(CV) 8.250 6.896 2.860 2.792
LASSO(CV) 18.000 3.161 3.884 2.056

Ornek 1 igin simiilasyon sonuglarina Cizelge 1’den bakildiginda, coklu dogrusalliin diisiik, orta ve yiiksek
oldugu araliklarda o0 = 1’de RHKOp ve RHKOy degerlerinde EKK’ya gore en iyi sonucu veren kriter
LASSO(CV)’dir. ¢ = 3 ise en iyi sonucu veren kriter RIDGE (CV)’dir. Coklu dogrusalligin yiiksek ve
¢oklu dogrusal baglantinin artig1 (CI degeri yiiksek oldugu degerler) durumda ise EKK’ya gore en kotii
sonucu veren kriter RIDGE(AIC) en iyi sonucu veren kriter ise RIDGE(CV) oldugu goriilmistiir.

Cizelge 2: Ornek 2 icin Simiilasyon Ciktist

p Cl o YONTEM HKOp RHKOp HKOy, RHKOy
EKK 0.894 1.000 0.887 1.000
RIDGE(GCV) 0.649 1.358 0.740 1.199
RIDGE(AIC) 0.707 1.266 0.756 1.173
RIDGE(BIC) 0.665 1.346 0.747 1.187
1 RIDGE(CP) 0.652 1.373 0.742 1.195
RIDGE(CV) 0.618 1.447 0.708 1.253
LASSO(CV) 0.940 0.952 0.964 0.920
EKK 8.049 1.000 7.985 1.000
03 1836 RIDGE(GCV) 3.193 2.521 4.227 1.889
' ' RIDGE(AIC) 4.003 2.011 4.780 1.671
RIDGE(BIC) 3.243 2.482 4.603 1.735
3 RIDGE(CP) 3.103 2.594 4.246 1.881
RIDGE(CV) 3.198 2.517 4.286 1.863
LASSO(CV) 5.098 1.579 6.174 1.293
EKK 1.494 1.000 0.887 1.000
RIDGE(GCV) 0.686 2.176 0.587 1.511
RIDGE(AIC) 0.843 1.771 0.632 1.405
RIDGE(BIC) 0.683 2.188 0.595 1.492
1 RIDGE(CP) 0.657 2.273 0.587 1.511
RIDGE(CV) 0.602 2.483 0.543 1.633
LASSO(CV) 1.429 1.045 0.907 0.978
EKK 13.443 1.000 7.958 1.000
06 3.605 RIDGE(GCV) 3.409 3.943 3.533 2.260
RIDGE(AIC) 4.996 2.691 4.190 1.906
RIDGE(BIC) 3.041 4.420 3.597 2.220
3 RIDGE(CP) 3.171 4.240 3.537 2.258
RIDGE(CV) 3.094 4.344 3.399 2.349
LASSO(CV) 6.427 2.092 5.367 1.488
EKK 6.322 1.000 0.887 1.000

RIDGE(GCV) 1.297 4.876 0.369 2.406
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RIDGE(AIC) 2.090 3.024 0.450 1.971
RIDGE(BIC) 1.140 5.544 0.364 2.436

1 RIDGE(CP) 1.197 5.280 0.367 2.419
RIDGE(CV) 0.574 11.011 0.287 3.092
LASSO(CV) 3.674 1.720 0.654 1.356

EKK 56.895 1.000 7.985 1.000
RIDGE(GCV) 8.990 6.328 2.681 2.979

0.9 10.880 RIDGE(AIC) 16.477 3.453 3.549 2.250
RIDGE(BIC) 6.601 8.619 2.531 3.155

3 RIDGE(CP) 8.577 6.633 2.669 2.992
RIDGE(CV) 3.449 16.498 2.049 3.897
LASSO(CV) 17.448 3.261 3.948 2.023

Ornek 2 i¢in simiilasyon sonuglarina Cizelge 2’den bakildiginda, coklu dogrusalligin diisiik, orta ve yiiksek
oldugu araliklarda o = 1’de RHKOg ve RHKOy degerlerinde EKK’ya gore en iyi sonucu veren Kriter
RIDGE(CV)’dir. ¢ = 3 ise en iyi sonucu veren kriter LASSO(CV)’dir. Fakat ¢oklu dogrusalligin yiiksek
ve ¢oklu dogrusal baglantinin artig1 (CI degeri yiiksek oldugu degerler) durumda ise EKK’ya gore en kotii
sonucu veren kriter RIDGE(AIC) en iyi sonucu veren kriter ise RIDGE(CV) oldugu goriilmektedir.

Cizelge 3: Ornek 3 i¢in Simiilasyon Ciktist

p Cl o YONTEM HKOg RHKOp HKOy RHKOy
EKK 0.894 1.000 0.887 1.000
RIDGE(GCV) 0.805 1.111 0.819 1.083
RIDGE(AIC) 0.821 1.089 0.827 1.073
RIDGE(BIC) 0.808 1.107 0.821 1.081
1 RIDGE(CP) 0.804 1.113 0.820 1.083
RIDGE(CV) 0.775 1.154 0.816 1.087
LASSO(CV) 0.660 1.355 0.691 1.285
EKK 8.049 1.000 7.985 1.000
0.3 1.886 RIDGE(GCV) 4773 1.686 5.321 1.501
RIDGE(AIC) 5.321 1.513 5.704 1.400
RIDGE(BIC) 5.161 1.560 5.860 1.363
3 RIDGE(CP) 4.695 1.714 5.288 1.510
RIDGE(CV) 4.686 1.718 5.265 1.517
LASSO(CV) 4.989 1.613 5.541 1.441
EKK 1.494 1.000 0.887 1.000
RIDGE(GCV) 1.130 1.322 0.770 1.152
RIDGE(AIC) 1.213 1.231 0.786 1.129
RIDGE(BIC) 1.142 1.308 0.775 1.145
1 RIDGE(CP) 1.116 1.338 0.771 1.150
RIDGE(CV) 0.991 1.507 0.781 1.135
LASSO(CV) 0.975 1.532 0.692 1.282
EKK 13.443 1.000 7.958 1.000
06 3605 RIDGE(GCV) 5.783 2.324 4.831 1.653
' ' RIDGE(AIC) 7.077 1.900 5.274 1.514
RIDGE(BIC) 5.865 2.292 5.097 1.567
3 RIDGE(CP) 5.603 2.399 4.840 1.650
RIDGE(CV) 5.222 2.574 4548 1.756
LASSO(CV) 6.358 2.114 5.129 1.557
EKK 6.322 1.000 0.887 1.000
RIDGE(GCV) 2.838 2.227 0.578 1.534
RIDGE(AIC) 3.491 1.811 0.629 1.411
RIDGE(BIC) 2.843 2.224 0.589 1.507
1 RIDGE(CP) 2.730 2.315 0577 1.537

RIDGE(CV) 1.815 3.484 0.540 1.644
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LASSO(CV) 2.938 2.152 0.561 1.581
EKK 56.895 1.000 7.985 1.000

RIDGE(GCV) 13.620 4177 3.581 2.230

0.9 10.880 RIDGE(AIC) 20.929 2.719 4.345 1.838
RIDGE(BIC) 12.436 4575 3.734 2.138

3 RIDGE(CP) 12.846 4.429 3.586 2.227

RIDGE(CV) 8.227 6.916 3.049 2.619

LASSO(CV) 16.571 3.433 4.022 1.986

Ornek 3 i¢in simiilasyon sonuglarma Cizelge 3’ den bakildiginda, ¢oklu dogrusalligin diisiik oldugu aralikta
o =1 de RHKOp ve RHKOy degerlerinde EKK’ya gore en iyi sonucu veren kriter LASSO(CV), o = 3
ise en iyi sonucu RIDGE(CV) vermistir. Coklu dogrusalligin orta oldugu araliktac = 1 de RHKOp ve
RHKOy degerlerinde EKK’ya gore en iyi sonucu veren kriter LASSO(CV), o = 3 ise en iyi sonucu
RIDGE(CV) vermistir. Coklu dogrusalligin yiiksek ve CDB artig1 (CI degeri yiiksek oldugu degerler)
durumda ise EKK’ ya gore en kotii sonucu veren kriter RIDGE(AIC) en iyi sonucu veren Kriter ise
RIDGE(CV) oldugu goériilmektedir.

Cizelge 4: Ornek 4 i¢in Simiilasyon Ciktis

p cI o YONTEM HKOj RHKOg HKO, RHKO,
EKK 0.530 1.000 0.457 1.000
RIDGE(GCV) 0.498 1.065 0.439 1.042
RIDGE(AIC) 0.504 1.052 0.440 1.038
RIDGE(BIC) 0.493 1.075 0.444 1.029
1 RIDGE(CP) 0.498 1.065 0.439 1.042
RIDGE(CV) 0.536 0.989 0.532 0.860
LASSO(CV) 0.220 2.409 0.224 2.037
EKK 4772 1.000 4.115 1.000
03 5 5E] RIDGE(GCV) 3.335 1.431 3.222 1.277
' ' RIDGE(AIC) 3.532 1.351 3.283 1.254
RIDGE(BIC) 3.247 1.470 3.598 1.144
3 RIDGE(CP) 3.328 1.434 3.224 1.276
RIDGE(CV) 3.318 1.438 3.235 1.272
LASSO(CV) 1.985 2.403 2.023 2.035
EKK 0.930 1.000 0.457 1.000
RIDGE(GCV) 0.729 1.275 0.402 1.139
RIDGE(AIC) 0.766 1.215 0.406 1.127
RIDGE(BIC) 0.680 1.368 0.418 1.094
1 RIDGE(CP) 0.728 1.277 0.402 1.138
RIDGE(CV) 0.657 1.416 0.438 1.044
LASSO(CV) 0.283 3.285 0.190 2.410
EKK 8.369 1.000 4115 1.000
RIDGE(GCV) 3.556 2.353 2538 1.621
0.6 4.838 RIDGE(AIC) 4.051 2.066 2.622 1.569
RIDGE(BIC) 2.838 2.949 2.882 1.428
3 RIDGE(CP) 3518 2.379 2.544 1.618
RIDGE(CV) 3.531 2.370 2547 1.616
LASSO(CV) 2.546 3.287 1.708 2.409
EKK 4119 1.000 0.457 1.000
RIDGE(GCV) 1.430 2.880 0.260 1.756
RIDGE(AIC) 1.670 2.467 0.270 1.694
RIDGE(BIC) 1.110 3.712 0.296 1547
1 RIDGE(CP) 1.409 2.923 0.261 1.753
RIDGE(CV) 1.072 3.842 0.294 1.556
LASSO(CV) 0.933 4415 0.155 2.952

EKK 37.067 1.000 4.115 1.000
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RIDGE(GCV) 4.594 8.068 1.416 2.906
0.9 18.898 RIDGE(AIC) 6.254 5.927 1.526 2.697
RIDGE(BIC) 2.614 14.183 1.687 2.439

3 RIDGE(CP) 4511 8.217 1.427 2.883

RIDGE(CV) 4.155 8.922 1.382 2.978

LASSO(CV) 8.117 4,567 1.376 2.992

Ornek 4 icin simiilasyon sonuglarma Cizelge 4’den bakildiginda, coklu dogrusalligin diisiik ve orta oldugu
aralikta 0 =1 ve 0 =3 de RHKOg ve RHKOy degerlerinde EKK’ya gore en iyi sonucu veren kriter
LASSO(CV) oldugu goriilmiistiir. Coklu dogrusalligin yiiksek ve CDB’ nin yiiksek oranda artig1 (CI degeri
yliksek oldugu degerler) durumda ise EKK” ya gore en kotii sonucu veren kriter 0 = 1°de RHKOp’ya gore
RIDGE(AIC), RHKOy’ye gore RIDGE(BIC) en iyi sonucu ise LASSO(CV) vermistir. ¢ = 3 ise en kotii
sonucu RHKOg gore RIDGE (AIC), RHKOy gére RIDGE(BIC)’dir, en iyi sonucu da RHKOg gore
RIDGE(BIC), RHKOy gore LASSO(CV) oldugu goriilmiistiir.

Cizelge 5: Ornek 5 i¢in Simiilasyon Ciktist

p cI o YONTEM HKOp RHKOp HKOy RHKOy
EKK 0.825 1.000 0.710 1.000
RIDGE(GCV) 0.787 1.048 0.688 1.033
RIDGE(AIC) 0.797 1.035 0.691 1.028
RIDGE(BIC) 0.783 1.053 0.691 1.027
1 RIDGE(CP) 0.787 1.048 0.688 1.033
RIDGE(CV) 0.931 0.886 0.938 0.757
LASSO(CV) 0.514 1.604 0.488 1.454
EKK 7.424 1.000 6.392 1.000
03 2724 RIDGE(GCV) 5510 1.347 5.185 1.233
' ' RIDGE(AIC) 5.911 1.256 5.328 1.200
RIDGE(BIC) 5.351 1.387 5.476 1.167
3 RIDGE(CP) 5.496 1.351 5.185 1.233
RIDGE(CV) 5.464 1.359 5.193 1.231
LASSO(CV) 4.633 1.602 4.402 1.452
EKK 1.443 1.000 0.710 1.000
RIDGE(GCV) 1.159 1.246 0.630 1.127
RIDGE(AIC) 1.231 1.173 0.640 1.110
RIDGE(BIC) 1.107 1.304 0.644 1.102
1 RIDGE(CP) 1.156 1.249 0.630 1.127
RIDGE(CV) 1.078 1.339 0.742 0.958
LASSO(CV) 0.724 1.995 0.423 1.679
EKK 12.991 1.000 6.392 1.000
06 5124 RIDGE(GCV) 5.736 2.265 3.980 1.606
' ' RIDGE(AIC) 6.879 1.889 4.180 1.529
RIDGE(BIC) 4.804 2.704 4.390 1.456
3 RIDGE(CP) 5.670 2.291 3.988 1.603
RIDGE(CV) 5.698 2.280 3.988 1.603
LASSO(CV) 6.543 1.985 3.825 1.671
EKK 6.400 1.000 0.710 1.000
RIDGE(GCV) 2.567 2.493 0.417 1.701
RIDGE(AIC) 3.120 2.051 0.444 1.599
RIDGE(BIC) 2.210 2.896 0.464 1.530
1 RIDGE(CP) 2.540 2.519 0.418 1.698
RIDGE(CV) 2.222 2.880 0.567 1.252
LASSO(CV) 2.927 2.187 0.435 1.633
EKK 57.596 1.000 6.392 1.000
0.9 20.497 RIDGE(GCV) 7.998 7.202 2.139 2.988

RIDGE(AIC) 11.856 4.858 2.394 2.670
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RIDGE(BIC) 5.423 10.621 2.565 2.492
3 RIDGE(CP) 7.805 7.380 2.152 2.970
RIDGE(CV) 7.341 7.845 2.080 3.073
LASSO(CV) 22.891 2.516 3.135 2.039

Ornek 5 i¢in simiilasyon sonuglarma Cizelge 5’den bakildiginda, oklu dogrusalligin diisiik oldugu aralikta
o =1ve o =3de RHKOg ve RHKOy degerlerinde EKK’ya gore en iyi sonucu veren kriter LASSO(CV)
oldugu gorillmiistiir. Coklu dogrusalligin orta oldugu aralikta ¢ =1 en iyi sonucu veren Kriter
LASSO(CV), o = 3 de RMSEjp gore en iyi sonu¢ RIDGE(CV) ve RMSEy degerlerinde ise LASSO(CV)
en iyi sonucu vermistir. Coklu dogrusalligin ve CDB’ nin yiiksek oldugu degerde o = 1 i¢in en iyi sonug
RHKOp gore RIDGE(BIC), RHKOy gore ise RIDGE(GCV)’dir. o = 3 i¢in en kotii sonucu RHKOp ve
RHKOy degerlerinde LASSO(CV) vermistir. En iyi sonucu ise RHKOg gére RIDGE(BIC), RHK Oy gore
de RIDGE(CV) vermistir.

Simiilasyon sonuglarina bakildiginda CDB’nin yiiksek oldugu (CI yiiksek oldugu deger) durumda Ridge
regresyon ayar parametresi segim kriterleri EKK tahmininden daha iyi sonuglar verdigi goriilmiistiir. CDB’
nin en yiiksek oldugu durumda EKK’dan sonra en kotii sonucu LASSO(CV) vermistir. En iyi sonuglari ise
RIDGE(BIC) ve RIDGE(CV) vermistir.

4. Uygulamanin amaci ve modeli

Bu calismanin amaci, Dogrudan Yabanci Yatirimi (DYY) etkiyen faktorlerle kurulan modelle yapilan
analiz sonucunda, meydan gelen CDB problemini ¢6zmek igin yanli tahmin edici Ridge regresyon analizi
yapmaktir. Yapilan Ridge regresyon analizi ile birlikte Ridge ayar parametre tahmin edicilerinin hangisinin
daha iyi sonug verecegi incelenmistir.

Calismada kullanilan veriler Diinya Bankasindan (World Bank) https://databank.worldbank.org/
(18.10.2021) elde edilmistir. Elde edilen veri seti, Tiirkiye’nin 1974-2019 yillarina ait dogrudan yabanci
yatirimlarini etkileyen faktorlerin verileridir. 46 gozlem ve 8 degiskenle kurulan ¢oklu dogrusal regresyon
modeli asagidaki gibidir [21];

log(DYY); =B, + B1KBGB; + B,EGD; + BsMHIH; + B,MHIT; + BsGHNTH, + BAKH; + B,CHD; + ¢;,
i=12,..,46.

Kurulan regresyon modelindeki bagimli ve bagimsiz degiskenlerin agiklamalar1 Cizelge 6’da detayl1 bir
sekilde gosterilmistir;

Cizelge 6: Degiskenler ve Aciklamalari

DEGISKENLER ACIKLAMALAR

Bagimh Degiskenler

DYY Dogrudan yabanci yatirimlar, net girisler (GSYIH’ nin yiizdesi)
Bagimsiz Degiskenler

KBGB Kisi bagina GSYTH biiyiimesi (Y1llik %)

EGD Enflasyon, GSYIH deflatérii (Yillik %)

MHIH Mal ve hizmet ihracat1 (GSYIH nin yiizdesi)

MHIT Mal ve hizmet ithalat1 (GSYIH nin yiizdesi)

GHNTH Genel hiikiimet nihai tiiketim harcamasi1 (GSYIH nin yiizdesi)
AKH Alinan kisisel havaleler (GSYIH’ nin yiizdesi)

CHD Cari hesap dengesi (GSYIH’ nin yiizdesi)



https://databank.worldbank.org/
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4.1.Model varsayimlarin kontrolii

Dogrusal regresyon modelinde veriler hakkinda bazi gesitli varsayimlar bulunur. Bunlar1 Sekil 1°de
Ozetleyebiliriz. Sekil 1’in Gist ve sol tarafinda verilen grafikte tahmin edilen bagimli degisken (x-ekseninde)
ve kalintilar (y-ekseninde) olmak iizere dogrusallik varsayimimin sinanmasi yapilmaktadir. Burada, mavi
renkteki dogru yatay eksene yakin olmasi dogrusallik varsayimin saglandigini gostermektedir. Sekil 1’in
iist ve sag tarafinda verilen grafikte kalintilarin normal dagilip dagilmadigini incelemek i¢in kullanilir.
Burada, kalint1 noktalarin diiz kesikli ¢izgiyi takip etmesi normallik varsayiminin daglandigim gosterir ki,
varsayim saglanmig olur. Sekil 1’in alt ve sol tarafinda verilen grafikte kalintilarin varyansinin
homojenligini kontrol etmek i¢in kullanilir. Mavi renkteki diiz ¢izginin yatay ekseni izlemesi degisen
varyans problemimizin olmadigini gosterir ki, burada varsayim saglanmis olur. Son olarak, Sekil 1’in alt
ve sag tarafinda verilen grafikte kalintilara karsi kaldirag grafigi olup, regresyon modelinde etkili
gbzlemleri tanimlamamiza yardimci olur. Burada herhangi bir nokta Cook’un mesafesinin (normalde mavi
kesikli ¢izgi olarak goriinmeli) disinda kalmadig: i¢in, varsayim saglanmis olup aykiri bir deger yoktur.
Ayrica, Kolmogorov-Smirnov ve Breusch-Pagan testleri ile sirasiyla kalintilarin normallik ve sabit varyans
varsayimlarinin saglandigi kontrol edilmistir.

Residuals vs Fitted Normal Q-Q
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Sekil 1. Model varsayim grafikleri

CDB’y1 belirleyebilmek i¢in birgok yontem vardir. Bunlardan bazilari korelasyon matrisinin incelenmesi,
varyans artig faktorleri (VIF), 6z degerler ve 6z vektor analizidir. Bu yontemler sayesinde sorunun boyutunu
ve hangi degiskenden kaynaklandigi goriilmektedir. Iki bagimsiz degisken arasindaki korelasyon
katsayisinin 1’e yakin olmasi dogrusal baglantinin olduguna giiclii bir isarettir. MHIT ve MHIH bagimsiz
degiskenlerinin VIF degerlerini 10’°dan biiyiik olugu Cizelge 7’de belirtilen analiz sonucunda tespit edilmis
ve ¢oklu dogrusal baglantinin varlig1 ispat edilmistir. Ayrica CI = 19.86 degerine bakildiginda 10°dan
biiyiik oldugu goriilmektedir [22]. ihracat ve ithalat verileri arasindaki kuvvetli korelasyon goklu dogrusal
baglant1 problemine neden oldugu goriilmektedir.
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Cizelge 7: VIF degerleri

KBGB EDG MHIT GHNTH KBGB MHIH CHD
7.88 2.2 45.18 3.57 2.32 54.78 7.05

Cizelge 8’de bagimsiz degiskenler arasindaki korelasyon degerleri verilmistir. Korelasyon degerleri —1 ile
+1 arasinda degerler alir. Korelasyon degerleri O ile 1 arasinda ise pozitif yonde, —1 ile 0 arasinda ise
negatif yonde bir korelasyon s6z konusudur. Genel olarak korelasyon katsayisinin 0.6 ile 0.8 arasinda
olmasi yiiksek korelasyon, 0.8’in iizerinde olmasi ise ¢ok yliksek korelasyon oldugunu gostermektedir.
Grafik incelendiginde, bagimsiz degiskenlerden MHIT ve MHIH arasinda 0.938 oraninda bir korelasyon
oldugu goriilmektedir. Buna gore ithalat ve ihracat arasindaki korelasyonun pozitif yonde oldukca yiiksek
oldugu goriilmektedir. Diger degiskenler arasinda korelasyon degerleri ve sagilim grafiklerine bakildiginda,
diisiik ve orta diizeyde zayif bir korelasyon oldugu gézlemlenmistir. Degiskenlere bakildiginda, MHIT ile
AKH arasinda —0.718, GHNTH ile AKH arasinda —0.773 ve MHIH ile AKH arasinda —0.717 oraninda
¢ikan sonuglara gore yiiksek oranda ters yonde negatif bir korelasyon oldugu goriilmektedir. EDG ile AKH
arasinda 0.566, CHD ile EDG arasinda 0.606, GHNTH ile MHIT arasinda 0.552 ve MHIH ile GHNTH
arasinda 0.515 oraninda cikan sonuglara gore pozitif yonde orta diizeyde bir korelasyon oldugu
goriilmektedir.
Cizelge 8. Aciklayic1 degiskenler arasindaki korelasyon degerleri

AKH EDG MHIT GHNTH KBGB MHIH
EDG 0.566
MHIT -0.717 -0.339
GHNTH -0.773 -0.443 0.552
KBGB -0.167 -0.342 0.278 -0.063
MHIH -0.718 -0.251 0.938 0.515 0.069
CHD 0.401 0.606 -0.246 -0.365 -0.513 0.024

Analize baglamadan 6nce veri seti rastgele olacak sekilde, 23 gozlemli egitim ve 23 gozlemli test seti olarak
iki parcaya boliinmiistiir. Bagimli ve bagimsiz degiskenleri, egitim veri setine dayali1 olarak ortalariz, yani
Xegitim = (Xl,egitim' ""Xp,egitim) ve Yegitim = (Yegitim T Yegitim)' Model egitim verisi kullanilarak
kurulmustur. Test veri setini kullanarak, herhangi bir g* tahmin edicisi i¢cin TH degeri su sekilde

5 s 1 . . Ia. . -
hesaplanmustir: TH(B") = -—T{estTeest 1€ Titest = Yeest = (Yegitim + (X; + Xegieim) P ) Veri setini
ikiye bolme iglemi rastgele bir siire¢ oldugu i¢in, rastgeleligi en az diizeye indirmek i¢in, bu siire¢ 1000 kez
tekrar edilmistir ve 1000 adet TH’ nin ortalamas1 alinarak sonug raporlanmistir. Cizelge 9’da yapilan analiz
sonuglarmin TH ve Rolatif TH (RTH) degerleri verilmistir. Burada RTH(B*) = TT:(%?)
tanimlanmustir. Eger RTH degeri 1°den biiyiik ise, bu * tahmin edicisinin EKK tahmin edicisinden daha
iyi bir performans gosterdigini gosterir.

seklinde

Cizelge 9: Parametre tahminleri ve tahmin edicilerin performanslari

EKK RIDGE(GCV) RIDGE(AIC) RIDGE(BIC) RIDGE(CP) RIDGE(CV) LASSO(CV)

AKH  -0.239 -0.209 -0.209 -0.209 -0.209 -0.209 0.197
EDG -0.141 -0.096 -0.096 -0.091 -0.94 -0.095 0.023
MHIT  0.705 0.370 0.370 0.342 0.361 0.364 0.390
GHNTH  0.084 0.140 0.140 0.144 0.142 0.141 0.087
KBGB -0.088 -0.028 -0.028 -0.012 -0.017 -0.018 0.000
MHIH  0.161 0.369 0.369 0.347 0.363 0.365 0.423
CHD 0.104 0.025 0.025 0.019 0.023 0.024 0.000

k - 13.219 13.219 20.092 15.199 0.404 0.087

TH  0.973 0.676 0.785 0.666 0.676 0.656 0.685

RTH 1.000 1.440 1.240 1.462 1.440 1.483 1.421
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Cizelge 9’a gore, tiim degerler icin RTH degerleri tizerinden yorum yapilacak olursa en iyi tahmini
RIDGE(CV) 1.483 degeriyle verdigi gorilmektedir. Kurulan regresyon modelindeki bagimsiz
degiskenlerin bagimli degiskene etkilerini analiz sonuglarina gére yorumlamak da miimkiindiir. En iyi
tahmini veren RIDGE(CV) kriterine bakildiginda, degiskenlerdeki %1 oranindaki artista bagimli degisken
olan DYY etkileri acik olarak goriilmektedir. EKK’ya gore en iyi sonucu veren bilgi kriteri RIDGE(CV)’ye
gore analizi yorumlanirsa, bagimsiz degiskenlerin %1°lik artista bagimli degisken olan DY Y yi etkilerini
gormek miimkiindiir. %1°lik artista bagimsiz degiskenler AKH %0,20 oraninda, EDG %0.09 oraninda,
KBGB %0.01 oraninda DY'Yyi azaltmaktadir. MHIT %0.36 oraminda, GHNTH %0.14 oaraninda, MHIH
%0.36 oraninda ve CHD %0.02 oraninda DYY’yi arttirdigi goriilmektedir. Analiz yorumlarina
bakildiginda, pozitif yonde DYY’yi etkileyen en iyi bagimsiz degiskenler MHIT ve MHIH oldugu
goriilmiistiir. Ekonomik olarak bakildiginda, dogrudan yabanci yatirimu etkileyen en iyi degiskenler ithalat
ve ihracat oldugu soylenilebilir. Cizelge 10’da tahmin edilen modeller verilmistir;

Cizelge 10: Tahmin edilen modeller

EKK DYY = -0.239xAKH - 0.141XEDG + 0.705xMHIT + 0.084xGHNTH - 0.088xKBGB
+ 0.161XMHIH + 0.104xCHD

RIDGE(GCV) DYY =-0.209xXAKH - 0.096XEDG + 0.370xMHIT + 0.140XxGHNTH - 0.020xKBGB
+ 0.369XMHIH + 0.025xCHD

RIDGE(AIC) DYY = -0.209xAKH - 0.096XEDG + 0.370xMHIT + 0.140xGHNTH - 0.020xKBGB
+ 0.369xMHIH + 0.025xCHD

RIDGE(BIC) DYY = -0.209xAKH - 0.091XEDG + 0.342xMHIT + 0.144xGHNTH - 0.012xKBGB
+ 0.347XMHIH + 0.019xCHD

RIDGE(CP) DYY = -0.209XAKH - 0.094xEDG + 0.361XMHIT + 0.142xGHNTH - 0.017xKBGB
+ 0.363xMHIH + 0.023xCHD

RIDGE(CV) DYY = -0.209xAKH - 0.095XEDG + 0.364xMHIT + 0.141xGHNTH - 0.018xKBGB
+ 0.365xMHIH + 0.024xCHD

LASSO(CV) DYY =0.197xAKH + 0.023xEDG + 0.390xMHIT + 0.087xGHNTH + 0.000xKBGB
+ 0.423xMHIH + 0.000xCHD
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Sekil 2. Secim kriterleri i¢in logk ayar parametresi grafikleri

Sekil 2’°de k ayar parametresi se¢imi igin kullanilan kriterlerin (AIC, BIC, CP, CV(LASSO), CV(RIDGE),
GCV) optimum noktalar1 verilmistir.
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5. Sonug ve oneriler

Coklu dogrusal regresyon analizinde parametrelerin tahmini i¢in genellikle kullanilan EKK yontemi ile
ancak belirli varsayimlarin saglanmasit durumunda giivenilir sonuglar elde edilir. Bu temel varsayimlardan
biri olan bagimsiz degiskenler arasinda CDB’nin olmamasidir. Degiskenler arasinda CDB’nin varligi
durumunda EKK yontemi ile elde edilen sonuglar giivenilir olamamaktadir. CDB’nin EKK tahmin edicileri
iizerindeki bircok olumsuz etkisi bulundugundan, bu problemin saptanmasina yarayan yontemler ve bu
problemin diizeltilmesi veya en aza indirgenmesi amaciyla Onerilen Ridge regresyon ayrintilariyla
incelenmistir.

Bu ¢alismada hem Monte Carlo simiilasyon ¢alismasi hem de gercek veri uygulamasi yapilmis ve sonuglar
R programi yardinu ile elde edilmistir. Yapilan simiilasyon calismasinin sonucunda, en iyi degeri veren
RIDGE(CV) kriteri oldugu gézlemlenmistir. Gergek veri setinde agiklayici degiskenler arasindaki yiiksek
derecede korelasyon degerlerinin olmasindan dolayr EKK ile uygun bir ¢6ziim elde edilememistir. Ayrica
aciklayict degiskenler i¢in kosul indeksi, VIF degerleri CDB sorununu gostermistir. Dolayisiyla ¢oklu
dogrusal regresyon modeline alternatif Ridge regresyon tahmin edicisi 6nerilmistir. Ridge regresyon EKK
yontemine gore daha iyi sonuglar vermistir. Gergek veri seti ile yapilan ¢alismada tiim kriterler i¢in RTH
degerleri lizerinden yapilan yorumlar sonucunda RIDGE(CV)’nin en iyi sonucu verdigi gdzlemlenmistir.

Bundan sonraki ¢aligmalar igin, arastirmacilara genellestirilmis lineer modeller i¢in Ridge regresyon tahmin
edicisi i¢in ayar parametresinin se¢imini agik problem olarak birakiyoruz.
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Abstract

Portfolio selection is the process of selecting a combination of assets among portfolios containing multiple
assets to achieve a satisfactory return on investment. Mean-variance model proposed by Markowitz (1952)
has been extensively used for portfolio selection problem. It is a quadratic programming model based on the
minimum risk and maximum return by choosing assets in the portfolio. Generally, classical optimization
algorithms have been used for solving the quadratic programming problem. Recently, metaheuristic
optimization algorithms have been used in addition to classical optimization techniques for solving portfolio
selection problems. Metaheuristic methods are designed to solve complex optimization problems that cannot
be solved in a reasonable time with the definitive solution methods. Various metaheuristic methods have been
developed for different areas. In this study, BIST30 index data set obtained from daily closing prices of 30
stocks between December 2016 - December 2017 was used. Markowitz’s mean-variance model is considered
to constitute an optimal portfolio. , Particle Swarm Optimization, Differential Evolution, and Artificial Bee
Colony which are mostly used metaheuristic methods, are applied to determine an optimal portfolio.
Performances of these methods are compared by considering risk values, i.e. portfolio variances.

Keywords: Artificial Bee Colony, Differential Evolution, Metaheuristics, Particle Swarm Optimization,
Portfolio Optimization, Quadratic programming.

0z

Markowitz'in ortalama-varyans portfoy optimizasyon modeli icin metasezgisel
yontemlerin degerlendirilmesi ve karsilastirilmasi

Portfdy secimi, tatmin edici bir yatirim getirisi elde etmek igin birden fazla varlik iceren portfoyler arasindan
bir varlik kombinasyonu se¢me siirecidir. Markowitz (1952) tarafindan énerilen ortalama varyans modeli,
portfdy secim problemi igin yaygin olarak kullaniimaktadir. Portféydeki varliklart minimum risk ve
maksimum getiriye dayali olarak secen bir karesel programlama modelidir. Karesel programlama
probleminin ¢oziimii i¢in genellikle klasik optimizasyon algoritmalart kullanilmaktadir. Son yillarda, portfoy
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secim problemlerinin ¢oziimii igin klasik optimizasyon tekniklerine ek olarak metasezgisel optimizasyon
algoritmalart kullamilmaktadir. Metasezgisel yontemler, kesin ¢oziim yontemleri ile makul bir siirede
¢oziilemeyen karmasik optimizasyon problemlerini ¢ozmek i¢in tasarlanmis algoritmalardwr. Farkl alanlar
icin ¢esitli metasezgisel algoritmalar gelistirilmektedir. Bu ¢alismada Araltk 2016 - Aralik 2017 tarihleri
arasinda BIST30 endeksinde islem goren 30 hisse senedinin giinliik kapams fiyatlarindan elde edilen veri
seti kullanilmistir. Optimal portfoy olusturmak icin Markowitz'in ortalama varyans modeli ele alinmigtir.
Optimal portfoyii belirlemek i¢in ¢ogunlukla metasezgisel yontemlerden, Par¢acik Stirtisti Optimizasyonu ve
Diferansiyel Evrim ve Yapay Ar1 Kolonisi uygulanmistir. Bu yontemlerin performansiart, risk degerleri yani
portfoy varyanslart dikkate alinarak karsilastirilmistir.

Anahtar sézciikler: Yapay ari kolonisi, Diferansiyel evrim, Metasezgiseller, Par¢acik Siirii Optimizasyonu,
Portfoy optimizasyonu, Karesel programlama.

1. Giris

Portfolio is the general name of all financial assets such as cash, currency, gold, stocks, etc.
Portfolio selection is the process of selecting a combination of assets among portfolios containing
multiple assets to achieve a satisfactory return on investment. Portfolio management is a process
of creating a portfolio and deciding which investment instrument to remove from that portfolio
and when to replace it. Portfolio optimization, which is the allocation of wealth among several
assets, is an essential problem in modern risk management. Expected returns and risks are the
most important parameters in portfolio optimization problems. Investors generally prefer to
maximize returns and minimize risk. However, high returns generally involve increased risk. It is
very important to find ratios of the assets in a portfolio for decision makers. Mean-variance model
proposed by Markowitz (1952) that can be described in terms of the mean return of the assets and
the variance of return of these assets, is extensively used for portfolio selection problem. This
model is a quadratic programming model based on the minimum risk and maximum return by
choosing assets in the portfolio [1]. In general, classical optimization algorithms have been used
to obtain optimal ratio of the assets. Recently, in addition to classical optimization algorithms,
metaheuristic optimization algorithms have been suggested for solving portfolio selection
problems.

Metaheuristic optimization methods are algorithms designed to solve complex optimization
problems that cannot be solved in a reasonable time with the definitive solution methods. In
practice, we are usually satisfied with “good” solutions, which are obtained by
heuristic/metaheuristic methods. Metaheuristic methods provide “acceptable” solutions in a
reasonable time for solving hard and complex problems in science and engineering. Unlike exact
(classical) optimization algorithms, metaheuristic methods do not guarantee the optimality of the
obtained solutions. The metaheuristic methods have beenused for NP(Non-deterministic
polynomial time)-hard problems, non-linear optimization problems, large-scale examples of P
(Polynomial time) problems, real time limited problems, problems where calculation of the
objective function or constraint takes a long time.

Metaheuristic methods allow much faster and more efficient solutions than classical optimization
methods. The metaheuristic methods inspired by nature aim to bring appropriate solutions to
combinatorial optimization problems by modeling an event that takes place in nature. Just like in
nature, metaheuristic methods aim for the best performance, not the best solution. Metaheuristic
methods have been applied in various fields in recent years. There are so many metaheuristic
optimization algorithms in the literature. For example, Simulated Annealing (SA), Tabu Search
(TS), Genetic Algorithm (GA), Ant Colony Optimization (ACO), Differential Evolution (DE),
Particle Swarm Optimization (PSO), Artificle Bee Colony (ABC), etc.
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In this study, different metaheuristic methods, Particle Swarm Optimization, Differential
Evolution, and Artificial Bee Colony Algorithm are proposed to obtain an optimal portfolio using
Markowitz’s mean-variance model.

The rest of the paper is organized as follows. Section 2 provides a brief review of various studies
conducted on the use of metaheuristic optimization algorithms for portfolio optimization models.
In Section 3, the Markowitz’s mean-variance model is presented. In Section 4, algorithms of three
metaheuristic methods, Particle Swarm Optimization, Differential Evolution, and Artificial Bee
Colony, are explained. In Section 5, Markowitz’s mean-variance model is constituted for BIST30
index data set obtained from daily closing prices of 30 stocks between December 2016 -
December 2017. Then, preferredmetaheuristics methods are applied to obtain an optimal portfolio
and performances of these methods are compared by considering risk value. Finally, some
concluding remarks are made in Section6.

2. Literature review

This section provides a brief review of various studies conducted on the use of metaheuristic
optimization algorithms for portfolio optimization models.

Crama and Schyns [2] applied Simulated Annealing approach to solve a complex portfolio
selection model which is Markowitz's classical mean-variance model enriched with additional
constraints. Doerner et al. [3] proposed Pareto Ant Colony Optimization for solving portfolio
selection problems and compared it with other metaheuristic approaches, Simulated Annealing
and Genetic Algorithm. Ehrgott and Gandibleux [4] applied Simulated Annealing, Tabu Search
and Genetic Algorithm to a portfolio optimization model that extends Markowitz's mean-variance
model. Cura [5] presented the Particle Swarm Optimization algorithm to the cardinality
constrained mean-variance portfolio optimization problem, taking into account the data set of
weekly prices from the Hang Seng index, DAX 100 index, FTSE 100 index, S&P 100 index and
Nikkei index. Golmakani and Fazel [6] introduced Particle Swarm Optimization based
metaheuristic method for solving the extended Markowitz mean-variance portfolio selection
model and compared it with the Genetic Algorithm. Zhu et al. [7] proposed a metaheuristic
approach to the portfolio optimization problem using the Particle Swarm Optimization method
and tested it on various constrained and unconstrained risk investment portfolios and compared it
with Genetic Algorithms. Deng et al. [8] proposed Particle Swarm Optimization method to solve
cardinality constrained Markowitz portfolio optimization problem. Test results showed that the
proposed PSO is much more powerful and effective than existing PSO algorithms, especially for
low-risk investment portfolios Lwin and Qu [9] proposed a hybrid algorithm combining
Population Based Incremental Learning and Differential Evolution algorithms for portfolio
selection problems. Celenli et al. [10] applied classical and guaranteed convergence Particle
Swarm Optimization methods for portfolio optimization created from stocks included in the BIST
30 index. The results were compared with the results obtained from mathematical programming.
Akyer et al. [11] developed the Particle Swarm Optimization algorithm to solve a portfolio
optimization problem with cardinality constraints applied to the Istanbul Stock Exchange data.
Doering et al. [12] systematically reviewed the scientific literature on the use of metaheuristic
optimization algorithms to solve portfolio optimization and risk management problems. Kalayci
et al. [13] analyzed publications based on deterministic models and applications in the mean-
variance portfolio optimization literature. The publications for solving this type of problems by
exact solution techniques which are nonlinear programming, and inexact solution techniques
which are metaheuristic methods and machine learning algorithms, were reviewed in a systematic
way. Kalayci et al. [14] introduced a hybrid metaheuristic algorithm combining continuous ant
colony optimization, artificial bee colony optimization, and genetic algorithms to obtain optimal
solutions for cardinality constrained portfolio optimization problem. Corazza et al. [15] proposed
a hybrid metaheuristic based on Particle Swarm Optimization for a portfolio selection problem
formulated as an unconstrained problem by means of penalty functions.
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3. Markowitz’s mean-variance portfolio optimization model

The mean -variance model proposed by Markowitz (1952) who is the founder of modern portfolio
theory, has been widely used for the portfolio selection problem. Markowitz's mean variance
model is a quadratic programming model based on selecting assets in the portfolio with minimum
risk and maximum return [1]. In general, classical optimization algorithms have been applied to
solve the quadratic programming problem. In addition to classical optimization techniques,
metaheuristic optimization algorithms have been frequently used in the solution of portfolio
selection problems in recent years.

Mathematical model of the mean-variance model is given as follows:
n
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In Equation (1); n is the number of available assets, o is the covariance value between asset

i and asset j, x; is the ratio of the asset i in the portfolio, R is the expected return level, and
E(r) isthe expected return of the asset i.

4. Metaheuristic Methods

Heuristics is a solution strategy by trial-and-error to produce acceptable solutions to a complex
problem within an acceptable time. Metaheuristic methods are defined as further development
over the heuristic algorithms. Most metaheuristic methods are inspired by nature. Some naure-
inspired algorithms have been proposed based on Darwin's evolution theory. On account of this,
the methods are also called biology-inspired or bio-inspired. Unlike classical optimization
algorithms, metaheuristic methods ensure “acceptable” solutions within a reasonable time to solve
hard and complex optimization problems Any metaheuristic methods have two major
components: selection of the best solutions and randomization. The selection of the best solutions
allows that convergence to the optimality, whereas randomization prevents solutions from
jamming in the local optimum as well as increase the variety of solutions. The good combination
of these two components usually makes it possible to achieve the global optimality. There are
various classification criteria used for metaheuristic methods: nature inspired vsnonnature
inspired, memory usage versus memoryless methods, deterministic versus stochastic, population-
based search versus single-solution based search, and iterative versus greedy. For instance,
metaheuristic methods are divided into two groups in accordance with the solution numbers:
single-solution based (eg, SA) that uses a single solution and population-based (e.g., GA, PSO,
DE, and ABC) that uses a whole population of solutions, during the search [16, 17].

The three metaheuristic methods, PSO, DE, and ABC, used for obtaining optimal portfolio are
briefly explained in the following subsections.

4.1. Particle swarm optimization
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Particle swarm optimization (PSO), one of the stochastic population-based metaheuristic, is
designed for continuous optimization problem. The first application of the PSO is carried out by
Kennedy and Eberhart (1995, 2001) for optimization problems [16, 25, 26, 27]. On the basis of
the behavior of a colony or swarm of insects, such as ants, termites, bees, and wasps; a flock of
birds; or a school of fish, the PSO mimics the social behavior of these organisms [26, 28]. The
particle means that a bee in a colony or a bird in a flock. If one particle finds out a good path to
food, the rest of the swarm will also be able to follow the good path instantly even if their location
is far away in the swarm. The swarm is assumed to be of specified or fixed size with each particle
located initially at random locations in the multidimensional design space. It is suggested that
each particle have two characteristics: a position and a velocity. Each particle circuits around in
the design space and remembers the best position concerning the food source or objective function
value. The particles communicate information or good positions to each other and regulate their
individual positions and velocities on the basis of received information about the good positions
[28].

The purpose of PSO is to find the best global among all the current best solutions until the
objective function no longer improves or until a predetermined number of iterations [29]. The
population is formed of a set of particles. Each particle records its personal best position ( pbest

) and swarm’s best position found by all particles ( gbest ). Then, all particles update their velocity
(v;) and position (X;) in each iteration [16, 17, 29].

Due to the ease of application and high convergence speed, the PSO is one of the most widely
used metaheuristic methods [29, 30]. Also, PSO is much simpler than GA and ant algorithms as
it does not use mutation/crossover operators or pheromones [17].

Pseudo code of Particle Swarm Optimization (PSO) Algorithm
Determine the objective function f = f(x)

Set particle numbers (n), max iteration number (G)
Set inertia weight (w) and acceleration coefficients (c,,c, )

Initialize position (x;) and velocity (v,) of n particles

Produce random numbers (r;,r,) from uniform distribution in[0,1],
Find gbest® from min{f(x), f(x,),.. f(x,)} at g=0
while g <G or stopping criteria
for particles i=1,2,...,n
Evaluate f(x’)
Determine the pbest® and gbest®
if f(x’)< f(pbest?) then pbest, =x’
if f(x’)< f(gbest®) then gbest® = x’

g+1
i

Generate new velocity vZ™ =wv? +cr, (pbest? —x? ) +c,r, (gbest? —x?)

Calculate new position x**™ =x? +v"
end for

g=9g+1
end while

4.2. Differential evolution

Differential evolution (DE), one of the population-based evolutionary algorithm, is proposed by
Storn (1996) and Storn and Price (1997) for continuous optimization problems. Like Genetic
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Algorithm (GA), DE algorithm uses crossover, mutation, and selection operators. DE uses the
mutation operator as a search mechanism and selection operator to navigate the candidate areas
in the search space to obtain better solutions unlike GA uses crossover operator. The mutation
operator in the DE is based on the difference between randomly selected two solutions from the
population [16, 33, 34]. The notation DE/x/y/z is generally used to classify the different

variants of the DE. x specifies the vector to be used in the mutation, y is the number of difference
vectors and z indicates the crossing stage. In this study, the standard variant, DE /rand /1/bin,

has been used. “rand” indicates a randomly selected population vector for x, “bin” implies the
cross based on independent binomial experiments for z [16, 35, 36].

Pseudo code of Differential Evolution (DE) Algorithm
Determine the objective function f = f(x)

Set max iteration number (G) and population size (NP > 4)
Set scaling factor (F < (0,1]) and crossover factor (C,).

Initialize the population >'<i9: [x?,x¢ %2 ]
Calculate the f(x) of each solution of the population
while g <G or stopping criteria
for i=1 i<k,i=i+1

Mutate and Recombine

Generate a random index J,,,q € [0, D]

for j=1, j<D, j=j+1 and distinct vectors I;,1,,I;;1 =1, 1, #i € (0,NP)

if rand, ;(0,)<C, or j=j,q

Fgn Ty T r
then generate new donor vector by Ui =V =X +F (xf’2 - xfg)
I I
g+l _ 0
else U™ =x7;

Replace

)r&ig +1 — {

endfor g=g+1
end while

S, logL(U?)=logL(x?)
9 logL(U?) <log L(x%)

X=C=

4.3. Artificial Bee Colony

The Artificial Bee Colony (ABC) algorithm, population based stochastic metaheuristic algorithm,
is proposed by Karaboga (2005) for numerical optimization problem inspiring the intelligent
foraging behavior of honey bees. Later, it was adapted to solve optimization problem by Akay ve
Karaboga (2012). In the ABC algorithm, artificial bees are classified into three groups: employed
bees, onlooker bees, and scout bees [37, 38]. The employed bees are pioneers of the swarm
discovering food sources, gathering honey, and sharing information on the nectar amount the food
sources within the hive. The onlooker bees select and exploit better food sources on the basis of
this information. A bee with a bad food source randomly changes to be a scout bee in search of
new food sources [39]. In ABC, position of a food source indicates a possible solution to the
problem and the nectar amount of a food source corresponds to the quality (fitness) of the
associated solution. Due to the fact that employed bee is associated with one and only one food
source, the number of employed bees is equal to the number of food sources (i.e. solutions) [38].

ABC is a very simple and robust technique that perform better than PSO and DE in most studies
[17, 40].
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Pseudo code of Artficial Bee Colony (ABC) Algorithm
Determine the objective function f = f(x)

Set the population size (SN) and number of variables to be optimized (D)

.
Generate the initial population X =[ %30 500 X | by
x; =X +rand[0,1](x]™ - xI™), i=1,2,...,5N; j =1,2,., D

while g <G or stopping criteria
for each employed bee

Produce new solution v; = x; + ¢ (%; —%,; ) with a random number ¢; in [-11]

Calculate the fitness value of the solution by
_ — 1 i f(x)20
flti(Xi) = 1+ fi (Xi)
1+abs( fi(x)), if f,(x)<0

Apply greedy selection process between X; and Vv;, then select the better one

- fit, (x; .
Calculate the probability values p; =SNILA for the solution X;

Z fit, (x;)
i=1
for each onlooker bee
Select a solution X; depending on p;
Produce new solution V;
Calculate the fit, value

Apply greedy selection process between X; and V;, then select the better one

if there is an abandoned solution X;
then
Replace it using a scout bee with a new solution randomly produced by x;;

Memorise the best solution so far
g=g+1
end while

5. Numerical evaluation and comparison of metaheuristic methods

Borsa Istanbul (BIST), formerly known as the Istanbul Stock Exchange, was established in
Turkey in 1985. BIST is the institution that provides custody and clearing services to Turkish
banks, foreign banks and intermediary institutions operating in the capital market. It brings
together all buyers, sellers and intermediary institutions by ensuring that the transactions are
carried out within legal frameworks. The BIST 30 index measures the joint performance of the
stocks of 30 companies with the highest market value and transaction volume, traded on the Borsa
Istanbul. In order to determine the stocks to be included in the BIST 30 index, the market values
and daily average trading volumes of the stocks in circulation are ranked in decreasing order.
Those who are at the top of both rankings are included in the index.

In this study, daily closing prices of 30 stocks traded on the BIST30 index between December 1,
2016 and December 29, 2017 are considered. The stocks between the dates discussed are
GARAN, AKBNK, EREGL, TCELL, TUPRS, BIMAS, THYAO, KCHOL, SAHOL, ISCTR,
HALKB, EKGYO, PETKM, ASELS, VAKBN, TOASO, SISE, ARCLK, YKBNK, TAVHL,
TKFEN, TTKOM, KRDMD, KOZAL, PGSUS, KOZAA, DOHOL, OTKAR, ECILC, SKBNK.
At first, average monthly closing prices of the stocks are calculated using the daily closing prices
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for the periods between December 2016 and December 2017, as shown in Table 5.1. Then, returns
and expected returns (means) of all stocks are calculated for the 13 periods discussed, and are
given in Table 5.2. For instance, SKBNK’s return for the period December 2017 is computed by
using the average closing prices of that period and the previous period, with the following
formula:

— PDec2017 — PN0v2017 1’ 9542 _1, 3645
rSKBNK_DecZOl7 - P = 13645

j=0,1391

Nov2017

By using the returns given in Table 5.2, deviation values related to all stocks are calculated by
taking the difference between the stocks' return in that period and its average of all periods. For
example, deviation value of SKBNK for the period December 2017 is computed as follows:

SKBNK_Dec2017= (I 017 — 17 ) = (0,1391—-0,0280)= 0,1110

In case of two or more stocks, the risk can be measured with the covariance matrix. Covariance
matrix of all stocks is given in Table5.3. After calculating the returns and covariance matrix for
the stocks using the discussed one-year data, Markowitz's mean variance model is created for
portfolio selection. The value of expected return level R is considered as 0 in the constraint

inE(ri) >R. The created model is solved with the classical optimization technique as well as
i=1

metaheuristic optimization methods, Particle Swarm Optimization, Differential Evolution, and
Artificial Bee Colony.
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Table 5.1. Average monthly closing prices of all stocks for the periods between December 2016 and December 2017
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Period GARAN | AKBNK | EREGL | TCELL | TUPRS | BIMAS | THYAO | KCHOL | SAHOL | ISCTR | HALKB | EKGYO | PETKM | ASELS | VAKBN
Dec 2016 | 7,3377 | 7,5118 | 4,7018 | 8,3459 | 65,5686 | 47,6273 | 4,8991 | 12,7836 | 8,8764 | 4,8686 | 9,0432 | 2,9595 | 3,3255 |11,5905| 4,3009
Jan 2017 | 7,5132 | 7,6064 | 50255 | 9,4282 | 70,0577 | 50,4023 | 5,1332 | 13,7232 | 9,2286 | 52123 | 10,0014 | 3,0091 | 3,6355 |13,1500| 4,5009
Feb 2017 | 8,4805 | 8,5565 | 5,4830 | 10,3085 | 78,6760 | 51,5310 | 5,6640 | 14,9915 | 10,0345 | 5,9840 | 11,3630 | 3,1255 | 3,9615 |13,8550| 5,1935
Mar 2017 | 8,6300 | 8,6633 | 55792 | 10,9679 | 82,6379 | 54,4454 | 5,6513 | 15,0679 | 9,9167 | 6,3575 | 11,0267 | 3,0729 | 4,4029 |16,8167| 5,3717
Apr 2017 | 9,2180 | 9,0960 | 5,7815 | 10,9280 | 85,3740 | 55,2950 | 5,6400 | 15,9180 | 10,2705 | 6,7845 | 11,0160 | 2,8895 | 4,7660 |17,7305| 5,8150
May 2017 | 9,5171 | 9,4014 | 6,4538 | 10,5757 | 93,5357 | 60,3914 | 6,7257 | 16,5638 | 10,7129 | 7,0019 | 11,9757 | 2,9190 | 5,4300 |21,1229| 6,0890
Jun 2017 | 9,6780 | 9,7850 | 6,5150 | 10,8225 | 98,9650 | 63,7675 | 7,4880 | 16,4480 | 10,8715 | 7,1815 | 12,8530 | 2,9595 | 5,8835 |21,9170| 6,4780
Jul 2017 | 10,3005 | 10,2662 | 7,5600 | 11,3738 |104,8786 | 66,3471 | 8,6543 | 16,5186 | 10,9743 | 7,6843 | 14,1381 | 3,0876 | 6,2414 |22,6686| 6,9452
Aug 2017 | 10,6932 | 10,3505 | 7,9945 | 12,0332 |114,9045| 71,1345 | 9,2436 | 17,2668 | 10,5682 | 7,5509 | 14,8077 | 3,0350 | 6,2600 |26,0591| 7,0823
Sep 2017 | 10,3021 | 9,9521 | 7,8168 | 12,0263 | 121,2684 | 74,8332 | 9,4937 | 17,0621 | 10,4189 | 7,1595 | 12,8053 | 2,7726 | 6,0942 |26,4689 | 6,6358
Oct 2017 | 10,0332 | 9,6009 | 8,3718 | 13,1255 |128,0455| 74,8432 | 9,4750 | 16,4095 | 10,1877 | 6,9091 | 11,6982 | 2,6595 | 6,3068 |28,8673| 6,2495
Nov 2017 | 10,0627 | 9,5245 | 9,1473 | 13,8764 |128,6409| 76,8223 | 10,7718 | 16,9027 | 10,6591 | 6,6145 | 9,9091 | 2,5945 | 6,5677 |35,4795| 5,8591
Dec 2017 | 10,0795 | 9,3024 | 9,2986 | 14,8857 |118,4286| 75,1000 | 14,2600 | 17,5490 | 10,6119 | 6,6238 | 10,1443 | 2,6624 | 7,1605 |32,3033| 6,2114
Period TOASO | SISE |ARCLK |YKBNK | TAVHL | TKFEN | TTKOM | KRDMD | KOZAL | PGSUS | KOZAA | DOHOL | OTKAR | ECILC | SKBNK
Dec 2016 | 22,7059 | 3,1695 | 20,0664 | 3,3700 | 13,0282 | 6,1732 | 5,2077 1,1045 | 16,2105 | 12,6786 | 2,2900 | 0,6855 |122,0605| 2,7023 | 1,1468
Jan 2017 | 24,0914 | 3,4509 | 20,6418 | 3,4805 | 14,2532 | 6,6809 | 5,4564 1,1795 | 17,1395 |14,5895| 2,0995 | 0,8155 |132,1659| 2,7936 | 1,1882
Feb 2017 | 25,8875 | 3,5205 | 21,2830 | 3,8915 | 15,0140 | 7,4635 | 5,6795 1,2590 | 20,1875 |15,9445| 2,1130 | 0,8190 |136,5820| 3,0865 | 1,2340
Mar 2017 | 26,6025 | 3,6363 | 21,3717 | 3,8717 | 14,5663 | 8,5554 | 5,8058 1,1608 | 19,5263 | 14,7317 | 2,0271 | 0,6988 |125,7688| 3,1079 | 1,2050
Apr 2017 | 28,3500 | 3,7845 | 22,8670 | 4,1080 | 14,7540 | 9,0010 | 5,9830 1,2290 | 20,2640 | 15,2530| 2,0695 | 0,7185 |125,2300]| 3,4150 | 1,1845
May 2017 | 29,0400 | 4,1157 | 23,8876 | 4,3571 | 16,1252 | 9,6129 | 6,2910 1,4681 | 18,2943 |17,2500| 2,1124 | 0,7314 [131,6429| 3,8490 | 1,2190
Jun 2017 | 29,4570 | 4,2760 | 25,9220 | 4,4400 | 18,2050 | 8,8880 | 6,2855 1,6540 | 19,2850 18,8930 | 2,5775 | 0,7400 |116,9350| 4,4545 | 1,2165
Jul 2017 | 30,1333 | 4,4005 | 26,2676 | 4,5905 | 20,5438 | 9,7886 | 6,5929 1,9295 | 26,7200 | 21,3576 | 3,9829 | 0,7762 |121,1333| 4,7152 | 1,3690
Aug 2017 | 31,6373 | 4,3936 | 24,6755 | 4,5218 | 21,0209 | 12,1714 | 7,1005 2,1559 | 32,8436 | 26,0100 | 6,3277 | 0,8577 |117,3682| 4,6177 | 1,3555
Sep2017 | 31,3916 | 4,1716 | 23,0579 | 4,4568 | 19,1911 | 11,6747 | 6,7605 2,3753 | 31,1326 | 27,1453 | 7,2505 | 0,9358 |109,0053| 4,4653 | 1,5374
Oct 2017 | 30,3709 | 4,2327 | 22,0318 | 4,3964 | 17,8559 | 12,4464 | 6,6223 2,5232 | 32,2027 | 27,8882 | 6,7232 | 0,9232 |105,8955| 4,3641 | 1,5155
Nov 2017 | 32,6136 | 4,4977 | 20,1645 | 4,3705 | 19,0132 | 14,3073 | 5,9118 2,3309 | 30,7627 | 27,7427 | 5,3968 | 0,8818 |117,5545| 4,5050 | 1,3645
Dec 2017 | 32,0257 | 4,3786 | 20,5610 | 4,2171 | 21,2871 | 15,9695 | 6,1814 2,7248 | 33,0771 | 31,3724 | 5,7257 | 0,8438 |119,6952| 4,3076 | 1,5543
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Table 5.2. Returns and expected returns (means) of all stocks for the periodsbetween December 2016 and December 2017

Period GARAN | AKBNK | EREGL | TCELL | TUPRS | BIMAS | THYAO | KCHOL | SAHOL | ISCTR | HALKB | EKGYO | PETKM | ASELS | VAKBN
Dec 2016

Jan 2017 0,0239 | 0,0126 | 0,0688 | 0,1297 | 0,0685 | 0,0583 | 0,0478 0,0735 | 0,0397 | 0,0706 | 0,1060 | 0,0167 | 0,0932 | 0,1346 | 0,0465
Feb 2017 0,1287 | 0,1249 | 0,0910 | 0,0934 | 0,1230 | 0,0224 | 0,1034 0,0924 | 0,0873 | 0,1481 | 0,1361 | 0,0387 | 0,0897 | 0,0536 | 0,1539
Mar 2017 0,0176 | 0,0125 | 0,0175 | 0,0640 | 0,0504 | 0,0566 | -0,0023 | 0,0051 | -0,0117 | 0,0624 | -0,0296 | -0,0168 | 0,1114 | 0,2138 | 0,0343
Apr 2017 0,0681 | 0,0499 | 0,0363 | -0,0036 | 0,0331 | 0,0156 | -0,0020 | 0,0564 0,0357 | 0,0672 | -0,0010 | -0,0597 | 0,0825 | 0,0543 | 0,0825
May 2017 | 0,0325 | 0,0336 | 0,1163 | -0,0322 | 0,0956 | 0,0922 | 0,1925 0,0406 | 0,0431 | 0,0320 | 0,0871 | 0,0102 | 0,393 | 0,1913 | 0,0471
Jun 2017 0,0169 | 0,0408 | 0,0095 | 0,0233 | 0,0580 | 0,0559 | 0,1133 | -0,0070 | 0,0148 | 0,0256 | 0,0733 | 0,0139 | 0,0835 | 0,0376 | 0,0639
Jul 2017 0,0643 | 0,0492 | 0,1604 | 0,0509 | 0,0598 | 0,0405 | 0,1558 0,0043 | 0,0095 | 0,0700 | 0,1000 | 0,0433 | 0,0608 | 0,0343 | 0,0721
Aug 2017 0,0381 | 0,0082 | 0,0575 | 0,0580 | 0,0956 | 0,0722 | 0,0681 0,0453 | -0,0370 | -0,0174 | 0,0474 | -0,0170 | 0,0030 | 0,1496 | 0,0197
Sep 2017 -0,0366 | -0,0385 | -0,0222 | -0,0006 | 0,0554 | 0,0520 | 0,0271 | -0,0119 | -0,0141 |-0,0518 | -0,1352 | -0,0864 | -0,0265 | 0,0157 | -0,0630
Oct 2017 -0,0261 | -0,0353 | 0,0710 | 0,0914 | 0,0559 | 0,0001 | -0,0020 | -0,0382 | -0,0222 |-0,0350 | -0,0865 | -0,0408 | 0,0349 | 0,0906 | -0,0582
Nov 2017 0,0029 | -0,0080 | 0,0926 | 0,0572 | 0,0047 | 0,0264 | 0,1369 0,0301 | 0,0463 |-0,0426 | -0,1529 | -0,0244 | 0,0414 | 0,2291 | -0,0625
Dec 2017 0,0017 | -0,0233 | 0,0165 | 0,0727 | -0,0794 | -0,0224 | 0,3238 0,0382 | -0,0044 | 0,0014 | 0,0237 | 0,0261 | 0,0903 |-0,0895| 0,0601
Mean 0,0277 | 0,0189 | 0,0596 | 0,0503 | 0,0517 | 0,0391 | 0,0969 0,0274 0,0156 | 0,0275 | 0,0140 | -0,0080 | 0,0670 | 0,0929 | 0,0330
Period TOASO | SISE |ARCLK |YKBNK | TAVHL | TKFEN | TTKOM | KRDMD | KOZAL | PGSUS | KOZAA | DOHOL | OTKAR | ECILC | SKBNK
Dec 2016

Jan 2017 0,0610 | 0,0888 | 0,0287 | 0,0328 | 0,0940 | 0,0822 | 0,0477 0,0679 | 0,0573 | 0,1507 | -0,0832 | 0,1897 | 0,0828 | 0,0338 | 0,0361
Feb 2017 0,0746 | 0,0202 | 0,0311 | 0,1181 | 0,0534 | 0,1171 | 0,0409 0,0674 0,1778 | 0,0929 | 0,0064 | 0,0043 | 0,0334 | 0,1048 | 0,0386
Mar 2017 0,0276 | 0,0329 | 0,0042 | -0,0051 | -0,0298 | 0,1463 | 0,0222 | -0,0780 | -0,0328 |-0,0761 | -0,0407 | -0,1468 | -0,0792 | 0,0069 | -0,0235
Apr 2017 0,0657 | 0,0408 | 0,0700 | 0,0610 | 0,0129 | 0,0521 | 0,0305 0,0587 0,0378 | 0,0354 | 0,0209 | 0,0283 | -0,0043 | 0,0988 | -0,0170
May 2017 | 0,0243 | 0,0875 | 0,0446 | 0,0606 | 0,0929 | 0,0680 | 0,0515 0,1945 | -0,0972 | 0,1309 | 0,0207 | 0,0180 | 0,0512 | 0,1271 | 0,0292
Jun 2017 0,0144 | 0,0389 | 0,0852 | 0,0190 | 0,1290 | -0,0754 | -0,0009 | 0,1266 | 0,0542 | 0,0952 | 0,2202 | 0,0117 | -0,1117 | 0,1573 | -0,0021
Jul 2017 0,0230 | 0,0291 | 0,0133 | 0,0339 | 0,1285 | 0,1013 | 0,0489 0,1666 0,3855 | 0,1305 | 0,5452 | 0,0489 | 0,0359 | 0,0585 | 0,1254
Aug 2017 0,0499 | -0,0016 | -0,0606 | -0,0150 | 0,0232 | 0,2434 | 0,0770 0,1173 0,2292 | 0,2178 | 0,5887 | 0,1050 | -0,0311 |-0,0207 | -0,0099
Sep 2017 -0,0078 | -0,0505 | -0,0656 | -0,0144 | -0,0870 | -0,0408 | -0,0479 | 0,1017 | -0,0521 | 0,0436 | 0,1458 | 0,0910 | -0,0713 |-0,0330| 0,1342
Oct 2017 -0,0325 | 0,0147 | -0,0445 | -0,0136 | -0,0696 | 0,0661 | -0,0205 | 0,0623 | 0,0344 | 0,0274 | -0,0727 | -0,0135 | -0,0285 |-0,0227 | -0,0143
Nov 2017 0,0738 | 0,0626 | -0,0848 | -0,0059 | 0,0648 | 0,1495 | -0,1073 | -0,0762 | -0,0447 |-0,0052 | -0,1973 | -0,0448 | 0,1101 | 0,0323 | -0,0996
Dec 2017 -0,0180 | -0,0265 | 0,0197 | -0,0351 | 0,1196 | 0,1162 | 0,0456 0,1690 0,0752 | 0,1308 | 0,0609 | -0,0431 | 0,0182 |-0,0438| 0,1391
Mean 0,0297 | 0,0281 | 0,0034 | 0,0197 | 0,0443 | 0,0855 | 0,0157 0,0815 0,0687 | 0,0812 | 0,1013 | 0,0207 | 0,0005 | 0,0416 | 0,0280
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Table 5.3. Covariance matrix related to all stocks for the periods between December 2016 and December 2017
GARAN | AKBNK | EREGL | TCELL | TUPRS | BIMAS | THYAO | KCHOL | SAHOL | ISCTR | HALKB | EKGYO | PETKM | ASELS | VAKBN
GARAN 0,0020 | 0,0019 | 0,0011 | 0,0002 | 0,0010 | 0,0001 | 0,0003 0,0012 0,0010 | 0,0023 | 0,0031 0,0010 0,0009 |-0,0001| 0,0025
AKBNK | 0,0019 | 0,0021 | 0,0010 | 0,0000 | 0,0013 | 0,0002 | 0,0001 | 0,0010 | 0,0012 | 0,0024 | 0,0032 | 0,0010 | 0,0010 | 0,0000 | 0,0026
EREGL | 0,0011 | 0,0010 | 0,0026 | 0,0003 | 0,0009 | 0,0002 | 0,0012 | 0,0004 | 0,0007 | 0,0010 | 0,0020 | 0,0011 | 0,0006 | 0,0014 | 0,0008
TCELL | 0,0002 | 0,0000 | 0,0003 | 0,0022 | -0,0001 | -0,0005 | -0,0003 | 0,0004 | 0,0001 | 0,0006 | 0,0007 | 0,0007 | 0,0000 | 0,0000 | 0,0002
TUPRS 0,0010 | 0,0013 | 0,0009 | -0,0001 | 0,0026 | 0,0011 | -0,0025 | 0,0004 0,0004 | 0,0012 | 0,0020 0,0001 0,0000 | 0,0020 | 0,0008
BIMAS 0,0001 | 0,0002 | 0,0002 | -0,0005 | 0,0011 | 0,0010 | -0,0007 0,0001 0,0000 | 0,0001 | 0,0008 0,0000 0,0001 | 0,0017 | 0,0000
THYAO | 0,0003 | 0,0001 | 0,0012 | -0,0003 | -0,0025 | -0,0007 | 0,0094 | 0,0007 | 0,0006 |-0,0001| 0,0027 | 0,0024 | 0,0014 |-0,0034| 0,0016
KCHOL | 0,0012 | 0,0010 | 0,0004 | 0,0004 | 0,0004 | 0,0001 | 0,0007 | 0,0014 | 0,0009 | 0,0014 | 0,0020 | 0,0006 | 0,0007 | 0,0002 | 0,0016
SAHOL 0,0010 | 0,0012 | 0,0007 | 0,0001 | 0,0004 | 0,0000 | 0,0006 0,0009 0,0013 | 0,0013 | 0,0013 0,0006 0,0009 | 0,0004 | 0,0012
ISCTR 0,0023 | 0,0024 | 0,0010 | 0,0006 | 0,0012 | 0,0001 | -0,0001 0,0014 0,0013 | 0,0035 | 0,0044 0,0014 | 0,0018 |-0,0003| 0,0035
HALKB 0,0031 | 0,0032 | 0,0020 | 0,0007 | 0,0020 | 0,0008 | 0,0027 0,0020 0,0013 | 0,0044 | 0,0094 0,0031 0,0026 |-0,0016 | 0,0055
EKGYO | 0,0010 | 0,0010 | 0,0011 | 0,0007 | 0,0001 | 0,0000 | 0,0024 | 0,0006 | 0,0006 | 0,0014 | 0,0031 | 0,0016 | 0,0011 |-0,0005| 0,0018
PETKM | 0,0009 | 0,0010 | 0,0006 | 0,0000 | 0,0000 | 0,0001 | 0,0014 | 0,0007 | 0,0009 | 0,0018 | 0,0026 | 0,0011 | 0,0022 | 0,0007 | 0,0019
ASELS -0,0001 | 0,0000 | 0,0014 | 0,0000 | 0,0020 | 0,0017 | -0,0034 | 0,0002 0,0004 |-0,0003 | -0,0016 | -0,0005 | 0,0007 | 0,0088 | -0,0018
VAKBN 0,0025 | 0,0026 | 0,0008 | 0,0002 | 0,0008 | 0,0000 | 0,0016 0,0016 0,0012 | 0,0035 | 0,0055 0,0018 0,0019 |-0,0018 | 0,0043
TOASO | SISE |ARCLK | YKBNK | TAVHL | TKFEN | TTKOM | KRDMD | KOZAL | PGSUS | KOZAA | DOHOL | OTKAR | ECILC | SKBNK
TOASO | 0,0013 | 0,0008 | 0,0002 | 0,0009 | 0,0007 | 0,0012 | 0,0001 | -0,0012 | 0,0007 | 0,0002 | -0,0008 | 0,0006 | 0,0012 | 0,0011 | -0,0013
SISE 0,0008 | 0,0017 | 0,0009 | 0,0008 | 0,0014 | 0,0002 | 0,0002 | -0,0006 | -0,0010 | 0,0000 | -0,0035 | 0,0003 | 0,0014 | 0,0017 | -0,0016
ARCLK 0,0002 | 0,0009 | 0,0030 | 0,0014 | 0,0022 | -0,0019 | 0,0015 0,0018 0,0005 | 0,0007 | -0,0002 | 0,0000 | -0,0005 | 0,0027 | 0,0006
YKBNK 0,0009 | 0,0008 | 0,0014 | 0,0019 | 0,0009 | -0,0004 | 0,0007 0,0005 0,0011 | 0,0004 | -0,0010 | 0,0006 0,0009 | 0,0023 | -0,0002
TAVHL | 0,0007 | 0,0014 | 0,0022 | 0,0009 | 0,0057 | 0,0002 | 0,0014 | 0,0028 | 0,0037 | 0,0031 | 0,0037 | 0,0008 | 0,0021 | 0,0026 | 0,0008
TKFEN | 0,0012 | 0,0002 | -0,0019 | -0,0004 | 0,0002 | 0,0071 | 0,0013 | -0,0019 | 0,0039 | 0,0012 | 0,0032 | -0,0010 | 0,0024 |-0,0022 | -0,0017
TTKOM | 0,0001 | 0,0002 | 0,0015 | 0,0007 | 0,0014 | 0,0013 | 0,0027 | 0,0025 | 0,0035 | 0,0026 | 0,0062 | 0,0012 | -0,0001 | 0,0005 | 0,0013
KRDMD | -0,0012 | -0,0006 | 0,0018 | 0,0005 | 0,0028 | -0,0019 | 0,0025 0,0075 0,0041 | 0,0053 | 0,0116 0,0033 | -0,0003 | 0,0010 | 0,0043
KOZAL 0,0007 | -0,0010 | 0,0005 | 0,0011 | 0,0037 | 0,0039 | 0,0035 0,0041 0,0187 | 0,0058 | 0,0248 0,0033 0,0007 | 0,0000 | 0,0033
PGSUS | 0,0002 | 0,0000 | 0,0007 | 0,0004 | 0,0031 | 0,0012 | 0,0026 | 0,0053 | 0,0058 | 0,0063 | 0,0118 | 0,0047 | 0,0012 | 0,0004 | 0,0023
KOZAA | -0,0008 | -0,0035 | -0,0002 | -0,0010 | 0,0037 | 0,0032 | 0,0062 | 0,0116 | 0,0248 | 0,0118 | 0,0589 | 0,0071 | -0,0050 |-0,0006| 0,0068
DOHOL | 0,0006 | 0,0003 | 0,0000 | 0,0006 | 0,0008 | -0,0010 | 0,0012 | 0,0033 | 0,0033 | 0,0047 | 0,0071 | 0,0072 | 0,0012 | 0,0001 | 0,0018
OTKAR 0,0012 | 0,0014 | -0,0005 | 0,0009 | 0,0021 | 0,0024 | -0,0001 | -0,0003 | 0,0007 | 0,0012 | -0,0050 | 0,0012 0,0045 | 0,0002 | -0,0005
ECILC 0,0011 | 0,0017 | 0,0027 | 0,0023 | 0,0026 | -0,0022 | 0,0005 0,0010 0,0000 | 0,0004 | -0,0006 | 0,0001 0,0002 | 0,0046 | -0,0012
SKBNK | -0,0013 | -0,0016 | 0,0006 | -0,0002 | 0,0008 | -0,0017 | 0,0013 | 0,0043 | 0,0033 | 0,0023 | 0,0068 | 0,0018 | -0,0005 |-0,0012| 0,0053




Analyses are performed for two population sizes (50, 100), five iteration numbers (100, 250, 500, 750,
1000), and three run times (100, 250, 500) for the metaheuristic optimization algorithms. The minimum
and maximum values for the parameter variables (x,;, =0.2, x,,, =0.8) and the crossover value
(CR=0.2) are determined for DE algorithm. The cooling rate (« =0.99), initial temperatiure value
(T =1000), and final temperatiure value (T, =0.1) are considered for SA algorithm. The number of
onlooker bee (Pop) and dropping limit of the food source (0,6*nVar(30)*Pop) are determined for ABC
algorithm. The acceleration coefficients (c, =1.5, ¢, =2) and inertia weight (w=1) are considered for

PSO algorithm.

Investmentable stocks and their optimal ratios with the minimum portfolio variances obtained from
the PSO, DE, ABC, and classical optimization method are shown in Table 5.4.

Table 5.4. Optimal solutions obtained from metaheuristic and classical optimization methods

Methods
PSO DE ABC opct:iﬁii;ggn
Pop size 100 50 50,100 -
Run time 500 100 100,250,500 -
Iteration number 100 750 1000 -
Variance 0,0002568557 0,0002568614 0,0002568557 0,0002570465
TCELL 0,2142 0,2146 0,2142 0,2144
BIMAS 0,3943 0,3935 0,3943 0,3934
THYAO 0,0162 0,0169 0,0162 0,0169
SAHOL 0,1734 0,1705 0,1735 0,1696
ASELS 0 0 0 0,0300
TOASO 0,0270 0,0305 0,0269 0,0324
ARCLK 0,0510 0,0511 0,0510 0,0505
TKFEN 0,0279 0,0267 0,0279 0,0264
SKBNK 0,0961 0,0962 0,0961 0,0963

According to Table 5.4., minimum portfolio variance (0.0002568557) is computed using the ABC and the
optimal ratios of the stocks related to this variance are BIMAS (39.43%), TCELL (21.42%), SAHOL
(17.35%), SKBNK (9.61%), ARCLK (5.10%), TKFEN (2.79%), TOASO (2.69%), and THYAO (1.62%).
With the classical optimization method, the optimal ratios of the stocks regarding the minimum portfolio
variance (0.0002570465) are computed as BIMAS (39.34%), TCELL (21.44%), SAHOL (16.96%),
SKBNK (9.63%). ), ARCLK (5.05%), TOASO (3.24%), ASELS (3%), TKFEN (2.64%) and THYAO
(1.69%). The minimum portfolio variances with ratios of the stocks obtained from the both classical
optimization method and preferred metaheuristic optimization methods are very close to each other.
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6. Conclusions

The most important decision in portfolio management is the choice of asset mix that refers to the division
of the portfolio investment into different asset types such as stocks, bonds, warrants, treasury bills,
financing bills, asset-backed securities, repo, gold, and foreign currency. In the traditional portfolio theory,
diversification is made without considering the interaction of the assets in the portfolio with each other.
The key element is the number of financial assets in the portfolio. Accordingly, it is thought that the risk
can be reduced by simply increasing the number of assets in the portfolio, without considering the
relationships between the returns of the assets in the portfolio. However, in the modern portfolio theory, it
is predicted that the assets in the portfolio move in the same or the opposite direction, and therefore the risk
cannot be reduced by simply diversifying the portfolio. The modern portfolio theory is based on a number
of theories that explain how the information available in the market is analyzed, how investors behave, and
how these behaviors affect prices. While traditional portfolio theory is based on qualitative variables,
modern portfolio theory tries to quantify the relevant variables. The mean-variance model is provided to
find out which assets will be in the portfolio and the ratios of the stocks in the portfolio.

In this study, it is aimed to determine optimal portfolio with minimum risk and maximum return by using
the Markowitz’ mean-variance model which is a quadratic programming problem. As an application, stocks
traded in the BIST30 index between December 1, 2016 and December 29, 2017 are discussed. Optimal
solutions for this problem are obtained with both classical optimization and metaheuristic optimization
methods, PSO, DE, and ABC. In the application of metaheuristic optimization methods, various trials are
carried out for different population sizes, iteration numbers and run times. It is found that there are very
small differences between the objective function values, i.e. portfolio variances, obtained from the PSO,
DE, and ABC.

When the results obtained from all metaheuristic methods are compared, it is seen that the minimum
portfolio variance is calculated as 0.0002568557 from the ABC. The optimal ratios of the stocks to be
included in the portfolio for this variance are ordered as BIMAS (39.43%), TCELL (21.42%), SAHOL
(17.35%), SKBNK (9.61%), ARCLK (5.10%), TKFEN (2.79%), TOASO (2.69%), and THYAO (1.62%).
On the other hand, the optimal ratios of the stocks obtained according to the minimum portfolio variance
of 0.0002570465 calculated by the classical optimization method are BIMAS (39.34%), TCELL (21.44%),
SAHOL (16.96%), SKBNK (9%, 63), ARCLK (5.05%), TOASO (3.24%), ASELS (3%), TKFEN (2.64%)
and THYAO (1.69%). It is seen that the portfolio variances and ratios of the stocks obtained from the all
methods are very close to each other.

The differences between the metaheuristic methods discussed are due to the structure of the algorithms and
the different parameters they use. Although PSO, DE, and ABC methods give optimal solutions very close
to each other, they have differences in terms of fastest convergence. PSO has the fastest convergence
performance, followed by ABC and DE, respectively.

In future studies, it can be suggested to obtain solutions for portfolio selection problems with mean absolute
deviation models proposed by Konno and Yamazaki [41], Feinstein and Thapa [42] using the metaheuristic
and classical optimization methods. Also, hybrid algorithms which are composed with a derivative-free
simple local search algorithm, e.g. Nelder-Mead Simplex and population based artificial intelligence
algorithms, Genetic Algorithm and Particle Swarm Optimization, proposed by Tiirksen and Tez [43] can
be applied to portfolio selection problems.
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