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Veri Madenciligi ile Hava Kalitesi Tahmini:
Istanbul Ornegi
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Ozet— Sanayi devrimi ile baslayan ve giiniimiizde tehlikeli boyutlara ulasan hava kirliligi sorununun boyutunu ortaya
cikarmak, olas1 nedenleri arasindaki iliskiyi belirlemek ve ¢oziim oOnerileri sunmak amaciyla Istanbul’un farkl
ilgelerinden alinan gesitli hava kirliligi verileri kullamilarak istatistiksel testler gergeklestirilmistir. Ayrica 6niimiizdeki
yillarda olusabilecek hava kirliligin biiytikliiglinii tahmin etmek i¢in makine 6grenmesi teknikleri de kullanilmistir. Alinan
verilere dayanarak 2023-2025 yillar1 i¢in ilgeler bazinda Prophet modeli kullanarak tahminler yapilmistir. Bu tahminlere
dayanarak onerilerde bulunulmustur.(Ozet)

Anahtar Kelimeler— hava kirliligi tahmini, veri madenciligi, hava kalitesi analizi

Air Quality Prediction with Data Mining:
Istanbul Example

Abstract— Statistical tests were carried out using various air pollution data from different districts of Istanbul in order to
reveal the extent of the air pollution problem, which started with the industrial revolution and has reached dangerous
levels today, to determine the relationship between possible causes and to offer solution suggestions. In addition, machine
learning techniques have been used to predict the magnitude of air pollution that may occur in the coming years. Based
on the data received, predictions were made using the Prophet model on a district basis for the years 2023-2025.
Recommendations have been made based on these predictions.(Abstract)

Keywords— air pollution prediction, data mining, air quality analysis.
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1. GIRIS (INTRODUCTION)

Hava kirliligi, sadece hava kalitesini degil, su ve topragi da
etkiledigi i¢in tiim canlilarin hayatin1 dogrudan etkileyen
en Onemli problemlerden Dbiridir. Sadece iklim
degisikligine degil, ekonomiden goge kadar pek c¢ok
sonuca da yol acar [1]. Buna karsi yillardir alinmaya
calistlan Onlemlerin yani sira insanlarin sahip oldugu
farkindalik diizeyi de bu Onlemlerin etkili olmasindaki
o6nemli bir etkendir.

Hava kirliligi ile 1ilgili farkindalik diizeylerinin
belirlenmesi amactyla son yillarda yerel ve uluslararasi pek
¢ok calisma yapilmustir [2] [3] [4][5] [6][7]. Genel anlamda
temiz enerji kullanimimin &zendirilmesi, g¢esitli tasarruf
planlari, dogru sehir yapilanmalari ve agaclandirma
caligmalart gibi global ¢dziim Onerileri problemin
¢Oziimiine biiylik katki saglasa da daha kapsamli ve 6zel
oOneriler gelistirmek gereklidir [8] [9] [10] [11]. Zira hava
kirliligini etkileyen etmenler bir evin farkli odalarinda bile
cok degiskenlik gosterebilir. Hal boyleyken gerek cografi
kosullar gerekse sosyal yerlesim farkliliklari birbirinden
¢ok ayrigan bolgeleri aym1 havuz iginde degerlendirmek
problemi uzun vadeli ve genis bir dlgekte ele almamizi
saglasa da yerel yOnetim birimleri probleme karsi
yaklagimlarini daha &zel alanda yapmali, birey olarak
bizler de yasadigimiz ¢evrenin potansiyel risklerini daha
dikkatli incelemeliyiz. Bu kapsamda biiyikk sehirleri
mimkiin oldugunca kiigiik birimler halinde incelemeli,
hava kirliligini arttiran etmenleri yerlesim yerine O6zel
olarak tespit edebilmeli ve buna uygun Onlemler
almabilmelidir. Ciinkii hava kirliligi diinyadaki en basta
gelen Olim nedenlerinden olan kalp hastaliklarini
tetikleyen en 6nemli etmendir [12] [13] [14]. Diinya Saghk
Orgiitii 2021 verilerine gore, diinya iizerindeki her 10
kisiden 9’u hava kirliliginden etkilenmektedir, bunun
yaninda her y1l hava kirliligine bagli olarak 4,2 milyon kisi
de hayatini kaybetmektedir. Hava kirliliginin neden oldugu
hastaliklar ve 6liim oranlari iilkelerin saglik harcamalarini
yani ekonomilerini da dogrudan etkilemektedir [15] [16]
[17]. Sadece Tiirkiye’de hava kirliligi sonucu asgari 25,845
milyon TL, azami 52,492 milyon TL saglik harcamasi
oldugu tespit edilmistir [18]. UNEP(United Nations
Environment Programme)’in dikkat ¢ektigi tizere Diinya
Bankas: verilerine gore, hava kirliligi diinya ekonomisinde
yillik ortalama 5 trilyon dolara mal olmakta ve 225 milyar
dolarlik da gelir kaybina neden olmaktadir. Bu nedenle
hava kirliligi riskinin tahmin edilmesi halk sagligi igin
onlemlerin 6nceden alinabilmesi devletlerin biit¢esinde
iyilestirme saglayacag: gibi insanlarin da karbon ayak izi
konusunda daha bilingli hale gelmesine yardime1 olacaktir
[19] [20]. UNEP bu konuda farkindalik yaratmada
teknolojiyi kullanarak World Environment Situation Room
(WESR) isimli bir dijital platformu 2022’de hayata
gecirmistir.

1.1. Alan Yazin (Related Works)

Literatirde = hava  kirliligini  makine  6grenmesi
yontemlerine dayanarak inceleyen pek c¢ok c¢alisma
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bulunmaktadir. Bunlardan

verilmistir.

birkagina asagida yer

Oklii ve Canbay tarafindan yapilan ¢alismada [21], City
Data web sitesi lizerinden toplanan verilere hava kalitesi
belirleyici degerlere gore 8 farkli siniflandirma algoritmasi
uygulanmistir. Veri setleri 5- katli capraz dogrulama ile
isleme alinarak basar1 sonuglar1 3 sinifli ve 5 sinifli veri seti
icin ayrt olarak sunulmustur. Hava kalitesini
siniflandirmak igin 3 ve 5 sinifl1 bir siniflandirma sistemi
kullamlmistir. Hava Kalitesi indeksinin (AQI) hesaplanan
saglik etkilerine gore siiflar1 belirlenmistir. Makine
Ogrenimi teknikleri hava kalitesini 3 sinifli modellerde
%87, 5 smifli modellerde ise %82 dogrulukla tahmin
etmistir.

Cetin Yagmur’un c¢aligmasi [22], trafik yogunlugu,
meteorolojik kosullar ve NOX, SO2, PMI10 hava
kirleticilerinin, ¢apt 2,5 mikrondan kii¢iikk olan PM2.5
pargaciklarini  nasil etkiledigi incelemistir. Istanbul
Biiyiiksehir Belediyesi’nin veri paylastig1 agik veri portali,
Besiktas hava kalitesi izleme istasyonunun verilerinden
yararlanilan ¢alismada, Coklu Dogrusal Regresyon (CDR),
Rassal Orman (RO), Destek Vektor Makineleri (DVM) ve
Yapay Sinir Aglart (YSA) modelleri atmosferik pargacik
maddesini  tahmin  etmek  i¢in  kullamilmustir.
Karsilastirildiginda, algoritmalarin performans kriterleri
modele gore farklilik gostermekle birlikte ancak RO en iyi
performans ortalamasina, CDR ise en kotii performans
ortalamasina sahip bulunmustur. Sonugta, R? degeri 0,76
olan iyi bir tahmin modeli gelistirilmistir.

Oguz ve Pekin [23], PM10 kirliligini tahmin etmek i¢in
makine Ogrenme teknikleri ve meteorolojik faktorler
kullandiklar1 ¢aligmada, 39.9727 enlem, 32.8637 boylam
ve 891 metre yiikseklikte yer alan Meteoroloji Genel
Miidiirliigii Ankara Boélge Istasyonundan elde edilen
meteorolojik verilerden yararlanmislartir. Cevre, Sehircilik
ve Iklim Degisikligi Bakanhig, Ankara Kecidren-
Sanatoryum hava kalitesi istasyonunda PM10 kirliligine
iliskin veri toplamiglardir. Makine 6greniminin ¢alisma
asamasinda, karar agaci regresyonu, destek vektor
regresyonunun, losso regresyonunun ve yapay sinir agi
uygulanmasini ile ¢aligmiglardir. Bu teknikler ile sicaklik,
ciglenme noktasi sicakligi, yagis, bagil nem, riizgar hizi,
basing, bulut ortiisti gibi ¢esitli faktorleri ve 6nceki giine ait
PM10 olgiimlerini analiz edilmistir. Sonug olarak, yapay
sinir ag1 yontemi Onceki algoritmalardan daha 1iyi
performans gostererek 0,6’lik bir belirleme katsayisi,
18’1lik bir ortalama karekdk hata ve 12’lik bir ortalama
mutlak hata vermistir.

Celik ve Arici, Kovid-19 salgini 6ncesinde ve sirasinda
elde edilen kirletici konsantrasyonlarinin ¢oklu dl¢iimlerini
hesaba katarak hava kalitesini tahmin etmek i¢in makine
Ogrenimi  tekniklerini kullandiklar1 ¢aligmada [24],
gelismis sanayileri ve yiiksek hava kirliligi seviyeleriyle
taninan Zonguldak ilindeki kirletici konsantrasyonlarini
iceren bir veri seti kullanmiglardir. Veriler Cevre ve
Sehircilik Bakanligi Hava Izleme Istasyonlar1 internet
sitesinden elde edilmistir. Calisma, tiimii yiiksek diizeyde
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tahmin dogrulugu gosteren bes farkli makine 6grenimi
teknigini icermekle birlikte bu yontemler arasinda Karar
Agaci algoritmasi en olumlu sonucu vermistir. Hastaligin
yayilmasini azaltmak i¢in uygulanan karantina déneminde
kirlilik seviyelerinde gozle goriiliir bir azalma ve hava
kalitesinde gozle goriilir bir iyilesme yasandigi tespit
edilmigtir. Deneysel sonuglar, o6nerilen modelin hava

kalitesini etkili bir gekilde tanimlayabildigini ve
gelecekteki kirletici miktarlarmi tahmin edebildigini
gostermistir.

Akgiin ve Barlik ¢aligmalarinda [25], hava kalitesi indeksi
(AQ)) ile ortalama sicaklik ve yagis dahil olmak iizere
meteorolojik veriler arasindaki iligkiyi incelemislerdir.
Bagimsiz degiskenler olarak bulutluluk, bagil nem, basing
ve rizgar hiz1 ile ¢oklu dogrusal regresyon analizi ve
makine dgrenme tekniklerini kullanarak AQI’yi tahmin
etmeyi amacglamiglardir. Coklu dogrusal regresyon analizi
kullanilarak tahmin etme dogrulugu %41,8 olarak
belirlenmis, Naive Bayes algoritmasinin dogrulugu
%068,91 ve Karar Agaci algoritmast %70,29'luk bir
dogruluga ulasirken, Derin 6grenme algoritmas1t %73,05,
k-NN algoritmast %73,35 ve son olarak Rastgele Orman
algoritmasit %74,89'luk bir AQI tahmin dogruluguna
ulagmustir.

Giltepe [26], meteorolojik  verileri  kullanarak
Kastamonu’daki hava kirliligini simiile ettigi ¢calismasinda,
hava kirliligini tahmin etmek i¢in meteoroloji ve ¢evre
uygulamalarinda kullanilan makine O0grenimi
teknolojilerinden yararlanmigtir. Sistem performansina
iligkin normallestirme yaklagimlarini degerlendirmek igin
veri kiimesi degiskenleri Minimum-Maksimum (Min-
Maks) normallestirme kullanilarak normallegtirmistir.
Calisma, performans degerlerini Onceki ¢aligmalarla
karsilagtirmis ve zorluk i¢in en 1iyi siniflandirma
algoritmasin1  bulmustur. Yapay Sinir Aglar1 (YSA),
Rastgele Orman, K-En Yakin Komsuluk, Lojistik
Regresyon, Karar Agaci, Dogrusal Regresyon ve Naive
Bayes ayri ayri olusturulmus ve incelenmistir. Verilerin
analizinde Naive Bayes kullanilmigtir. Egitim ve test
verileri veri setinin %70 ve %30’unu olusturur. Tahmin
edildigi gibi yapay sinir aglart %91 basar1 oraniyla en
dogru tahmin yaklasimi olmustur. Dogrusal Regresyon
%30 ile en diisik siiflandirma basar1 oranina sahipken,
Rastgele Orman ve Karar Agaci %99 basari oranina sahip
olmustur.

Ayrica Wang, Pereira ve Hung [27], hava kirliligi i¢in
kontrol siireglerinin altinda yatan ilkeleri ve uygulamalari
elestirel bir sekilde arastirp bunlar1  uygulamaci
mithendisler i¢in bir dizi ayrintili tasarim Ornegiyle
aciklayan ve pratik tasarim hesaplama yontemlerini gok
sayida sayisal hesaplamayla gosterdikleri bir kitap
¢aligmasi yapmuslardir.

Tsai, Zeng ve Chang’in c¢aligmalarinda [28], PM2.5
konsantrasyonunu tahmin etmek ig¢in Uzun-Kisa Siireli
Bellege sahip bir RNN (Recurrent Neural Network-
Tekrarli Sinir Aglar1) kullanilmistir. Python tabanli Keras,
ve Tensorflow’dan yararlanilmigtir. Ag egitimi i¢in
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2012'den 2016'ya kadar olan Tayvan Cevre Koruma
Idaresi verileri kullnailmistir. Tahmin edilen test verileri
2017 yilina ait verilerden se¢ilmistir. PM2.5
konsantrasyonunun tahmin giicii dort saat boyunca
Tayvan'daki 66 istasyonda test edilmistir. Sonuglar
Onerilen teknigin PM2.5'i tahmin edebildigini gostermistir.

Rybarczyk ve Zalakeviciute c¢alismalarinda [29],
meteorolojik faktorlerin bir kombinasyonuna dayali olarak
ince partikiil madde tahminine yonelik yontem belirlemeyi
amaglamiglardir. Ekvador'un Quito sehrinin uzun yillara
dayanan  meteorolojik  verileri, makine 6grenimi
metodolojisini  kullanarak modeller olusturmak icin
kullanilmustir. Makalede, ince pargaciklarin
konsantrasyonlarini etkili bir sekilde iki kategoriye ayiran
bir karar agaci teknigi sunulmustur.

Bu c¢alismada, yukaridaki Ornekler dogrultusunda
Istanbul’un halka agik verileri [30] kullanilarak istatistiksel
yontemler ve makine 6grenmesi algoritmalar1 yardimiyla,
Istanbul’un  hava Kalitesinin  &lciildiigii  ilcelerinde
gecmisten bugiine analizler yapilmig ve onimiizdeki
yillarda kirliligin varabilecegi boyutlar makine 6grenmesi
modeliyle tahmin edilmistir. Bu sayede tiim cevreyi
etkileyen bu Kkirlilik krizinin arastirilmas1 sayesinde
potansiyel salgin hastaliklar, tarimsal salginlar ve belki
hayvanlardan insanlara bulasabilen salgmlar bile
onlenebilecektir [31] [32] [33] [34]. Bulgular sayesinde,
sirdirilebilir  ¢evre politikalarinin ~ belirlenmesinde
farkindalik  gelistirilmesi, insanlarin bireysel giinliik
faaliyetlerinin bile hava Kirliligi konusundaki etkisi
hakkinda bilinglenmeleri, daha saglikli bir toplum igin
onleyici hizmetlerin hayati etkisi belirlenebilecektir.

Surdurilebilirlik i¢in hava kirliligi tizerine yapilacak bu
calisma tniversite diizeyinden baslayarak tim o6grenim
diizeylerindeki genglerin dikkatini ¢ekecek strdiiriilebilir
bir yatiima doniisecektir. Ayni zamanda Istanbul
Belediyesinin il¢eler bazinda alacagi 6nlemlere yahut yeni
gelistirecegi projelerde rapor niteliginde olacaktir,
kurumun sirdiiriilebilir yatirnmlara oncelik vermesine
katk: saglayacaktir.

1.2. Hava kirliligi metriklerinin tanimlanmasi (Defining air
pollution metrics)

Hava kirliligi verilerinde kullanilan temel degerler ve
tanimlar1 asagidaki sekilde listelenmistir:

PM10 ve PM2.5: Partikiil madde (PM) kirliligi, hava
kirliliginin ana kaynaklarindan biridir. PM10, havadaki
partikiillerin ¢apinin 10 mikrometreden kiiciik olan bir
boliimiinii ifade ederken, PM2.5, ¢ap1 2.5 mikrometreden
kiigiik olan partikiillerin oranini ifade eder. Birgok calisma
PMI10 seviyelerindeki artisin astim basta olmak {izere
cesitli hastaliklarin semptomlarini arttirdigin
gostermektedir [35] [36].
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NO2: Nitrojen dioksit, fosil yakitlarin yakilmas: ve
endistriyel faaliyetler gibi insan kaynakli etkenlerden
kaynaklanan bir hava kirliligi tiirtidir [37].

SO2: Kiikiirt dioksit, komiir yakma gibi endiistriyel
faaliyetlerden kaynaklanan bir hava kirliligi tirtidiir [37].

CO: Karbon monoksit, fosil yakitlarin yakilmasi gibi
kaynaklardan salinan bir hava kirliligi tiiridiir [37].

Daha detayli g¢alismalarda partikiil maddenin detayh
analizi ve havada bulunan kursun, civa, gibi o&zel
elementler incelenebilir. Bu verilerin yaninda riizgar, nem,
sicaklik gibi meteorolojik veriler de kullanilabilir. Bu
degerler, hava kalitesi indeksleri gibi farkli metriklerde de
kullanilabilir ve hava kirliliginin etkilerini 6lgmek icin
birlikte degerlendirilir.

AQI (Air Quality Index) yani Hava Kalitesi indeksi [38],
hava kirliligini 6l¢gmek ve raporlamak i¢in kullanilan bir
Olgtittir. AQI, gesitli hava kirleticilerinin
konsantrasyonlarimi 6lger ve bu kirlilik seviyelerini belli
araliklara gore alt1 farkli kategoriye ayirir:

a) Iyi (0-50 AQI)

b) Orta (51-100 AQI)

¢) Hassas Gruplar I¢in Kétii (101-150 AQI)
d) Kotii (151-200 AQI)

e) Cok Kétii (201-300 AQI)

f) Tehlikeli (301-500 AQI)

AQI, PM2.5, PM10, NO;, SO, O3 ve CO gibi hava
kirleticilerinin konsantrasyonlarini temel alarak hesaplanir
ve hava kirliligi seviyesini belirlemek i¢in kullanilir [21].
AQI'nin kullanimu, halk saglig1 agisindan 6nemli bir aragtir
ve hava kirliligi seviyelerinin Ol¢limiinii ve takibini
kolaylastirir.

1.3. Veriye Erigim Yollar: (Ways to Access Data)

Bu calismada veriye erisim saglamak icin Istanbul
Biiyiiksehir ~ Belediyesi (IBB) 'nin api araglan
kullamlmistir. Bu yontemle IBB’ nin veri havuzunda
belirtilen yonergeler dogrultusunda hava kirliligi verisi de
dahil birgok halka agik veriye erisim saglanabilir [30]. Bu
dogrultuda Python programlama dili ve Json request
kiitiiphaneleri kullanilarak veriler ¢ekilmistir. Veriye
erisim siirecinde, Ol¢lim istasyonu bulunan ilgeler ve
semtler secilerek ve istenilen tarih araligi belirtilerek
veriler alimmistir. Caligma kapsaminda 2010 yilindan 2023
yilima kaydedilen 430 MB’lik veri kullanilmistir. Eger
secilen konumda ve tarih araliginda 6l¢iim yapilmamissa,
icerik bos degeri temsil eden NaN degeri olarak donmiistiir.
Veri, json formatinda alinmistir. Veri json formatinda
alindiktan sonra veri tipi doniisiimleri yapilmistir. Bu
doniisiim ¢aligmanin igerigindeki matematiksel islemler
icin gereklidir. Sonrasinda ¢ekilen dosyalarin formati
json’dan csv’e doniistiiriilmiistiir.
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2.CRISPDM METODUYLA PROBLEMi COZME
(SOLVING THE PROBLEM WITH THE CRISP DM METHOD)

Endiistriler genelinde veri madenciligi siireglerini
standartlagtirmak i¢in 1999 yilinda yayinlanan bu yontem,
o zamandan beri veri madenciligi, analitik ve veri bilimi
projeleri i¢in en yaygin metodoloji olarak kullanilmaktadir.
Bu makalenin ilgilendigi sorunun ¢éziilmesinde her agama
modelin ilgili asamasina gore uyarlanmis olarak asagida
sirastyla goriilmektedir.

2.1. Problemi Anlamak (Understanding the Problem)

Hava kirliligi sorunu ele alimirken genis cografyalarda
Olglim yaparak degerlendirmek yerine kiiciik birimler
halinde incelenmek istenmistir. Bu dogrultuda Istanbul’ un
halka acik verileri kullanilarak ge¢mis yillardaki hava
kirliligi verileri analiz edilecek ve gelecek igin birtakim
tahminler ve 6nerilerde bulunulacaktir.

2.2. Veriyi Anlamak (Understanding Data)

flgili kaynaktan edinilen veri gerekli diizenlemeler
yapildiktan sonra bir Pandas veri tipi olan Dataframe
yapisina doniistiiriilmiistiir. Pandas Python programlama
dilinde veri manipiilasyonu ve analizi i¢in kullanilan gii¢lii
bir kiitiiphanedir. Dataframe ise veri analizi ve veri igleme
icin kullanilan bir veri yapisidir. Genellikle tablo benzeri
bir yaprya sahip olan dataframe, siitunlar ve satirlardan
olusur. Tiirk¢eye veri cergevesi olarak ¢evrilse de ¢alisma
boyunca yaygm kullanim olan DataFrame olarak
nitelendirilecektir. Biitiin istasyonlar i¢in ayrica Dataframe
olusturulduktan sonra ortak yapilacak islemler igin bu veri
yapilari bir s6zliik yapisi iginde toplanmistir. Soz1iik yapisi
ise anahtar-deger ciftlerinden olusan bir koleksiyonu
temsil eder. Burada anahtarlar benzersiz se¢ilmelidir,
ancak anahtarlarin temsil ettigi degerler herhangi bir
Python nesnesi olabilir.

Sonug olarak ‘dfs’ sozlik yapist elde edilmistir. Bu
sOzIluglin i¢inde ‘Arnavutkoy’, ‘Besiktas’, ‘Kartal’,
‘Bagcilar’, ‘Goztepe’, ‘Sancaktepe’, ‘Tuzla’,
‘Sultangazil’, ‘Sultangazi2’, ‘Sultangazi3’, ‘Uskiidarl’,
“Yenibosna’, ‘Mobil’, ‘Sariyer’, ‘Umraniyel’, ‘Esenler’,
‘Aksaray’, ‘Alibeykoy’, ‘Avcilar’, ‘Kadikoy’,
‘Kagithanel’, ‘Selimiye’, ‘Beylikdiizii’ isimli anahtar
degerler eklenmistir. Goriildiigl lizere bazi ilgeler birden
fazla veri setiyle temsil edilmektedir, veri kaynagi olan
IBB o ilgede birden fazla dl¢iim istasyonu bulundurdugu
icin ayr1 ayrt degerler numaralandirilarak saklanmay1
tercih edilmistir. Ayrica bir yere bagli olmayan, stirekli
konumu degisen Mobil Ol¢iim istasyonu da sozliik
yapisinin i¢inde yer almaktadir.

Buna gore ilge ve semtlerin kisa-orta-uzun zaman
dilimlerinde ortalama AQI degisimleri analiz edilmistir.
Uzun zaman dilimi i¢in y1llik ortalama AQI degerleri, orta
zaman dilimi i¢in mevsimlere gore ortalama AQI degerleri,
kisa zaman igin ise giinliik degisimler gorsellestirilmistir.
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Bu gorsellestirmelerden biri agagida yer almaktadir. Sekil
1’de yer alan grafiklere gore;

* Yillara gore 6l¢lim degeri azalma egiliminde olan yerler
Besiktas, Kartal, Bagcilar, Uskiidar, Yenibosna, Umraniye,
Esenevler, Biiyiikada, Kadikdy, Sultangazi (1.bodlge) ilce
ve semtleridir. Bu yerlesim yerlerinde Ol¢iim yapilan
yillardan itibaren diizenli diisiis goriilmese de iyilesmeler
oldugu ortadadir.

+ Olgiim degerleri artis egiliminde olanlar ise Géztepe,
Sancaktepe, Kandilli seklindedir. Burada diizenli bir
degisim goriilmemekle birlikte 6l¢iime baslanan ilk yillara
gore hava kirliliginde o6lgiilen degerlerde bir artis
gozlemektedir. Ozellikle Goztepe’de son yillarda olusan
kirliligi arttiran etmenler baska bilimsel aragtirmalarin
konusu olabilir.

+ Esenler, Besiktas, Uskiidar, Umraniye, Kadikdy gibi
sehrin eski yerlesim yerlerinde 2010 yilma gore
Olciimlerde iyilesme goriilmektedir. Bu tarih aralifinda s6z
konusu ilgelerde bu iyilesmenin olas1 sebepleride
aragtirtlip Ol¢iim degerlerinde disiise neden olan tiim
uygulamalar yayginlagmalmasi faydali goriilmektedir.
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* Ayrica, grafiklere bakildiginda bir diger dikkat ¢eken
durum Sariyer istasyonunda 2019-2020 yillarinda yasanan
kayda deger diisiis olmustur. ilk bakista bu dénemin
yasanan Kovid-19 pandeminin etkisi s6z konusu olabilir,
zira bolge uzaktan calismaya da elverisli olan bir ¢ok is
kolunda c¢alismalar yapan kurumlara ev sahipligi
yapmaktadir. Uzaktan ¢alisma ve esnek saatler
uygulamalarinin yayginlagsmasinin ardindan trafik ve
dolayisiyla kirliligin azalmasi bu sonuglara neden olmus
olabilir.

* Sariyer istasyonunda oldugu gibi Kagithanel istasyonu
da 2017°de kaydettigi dip degerler ile dikkat ¢gekmektedir.
Buradaki diisiisiin %70’e varan oranda olmasi istasyonun
Olgtiimlerinin incelenmesi gerekliligine isaret etmektedir.
Bu durumun, o6ncesi ve sonrasi olarak baska yillarda da
yasandig1 g6z oniinde bulundurulmalidir.

» Sancaktepe istasyonu, 2019°dan itibaren veri kaydetmeye
baglamus ve takip eden yillarda 6l¢iim degerleri siirekli artig
gostermistir. Bu nedenle burada artisin nedenlerinin
arastirilmasi faydal olacaktir.
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Sekil 1. Gegmis yillara gore ilge-semtlerin AQI degerleri (AQI values of districts and districts according to previous years)
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Sekil 2. 2010-2022 yillar1 aras1 Mevsim kiriliminda AQI ortalamalart (AQI averages by season)

Yukaridaki Sekil 2°de istasyonlarin 2010-2022 yillar
arasinda Olciilen AQI degerlerinin mevsim kirilimda
ortalamalar1 gosterilmistir. Bazi istasyonlar 2010 yilindan
sonra veri kaydetmeye baglamistir. Bu grafikler ilk 6lgiim
tarihinden 2022  yilina  kadar  olan  siirede
degerlendirilmektir.

Grafige gore istasyonlarin bulundugu yerlesim yerlerinde
ortak bir 6rgii bulunmamaktadir. Bu durum hava kirliligi
probleminin bir ¢ok etmene bagl [39], kiigiik mesafelerde
bile hizli bir sekilde degisebilen [40], ayrica alinan
Onlemlerin ~ sonuglarimin da  hizlh  bir  sekilde
gozlemlenebilen [41] bir problem oldugunu bir kez daha
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gostermistir. Biitiin bunlar bu ¢alismanin 6nemini daha iyi
bir sekilde vurgulamaktadir.

En ¢ok dikkat ¢eken 3 6lglim istasyonu da Sultangazi
ilgesinde bulunmaktadir. Bu istasyonlarin odl¢limleri
mevsimler aras1  biliyik degisim  gdstermektedir.
Istasyonlarm &lgiimleri yaz aylarnda %110°a varan bir
artis gostererek artig diizeyini gozler Oniine sermektedir.
Bolgedeki tas ocaklarmin bu artisa sebep olup olmadigi,
olas1 diger etmenler bagka bilimsel ¢alismalarin konusu
olarak arastirilabilir.

Ote yandan yaz aylarinda kirliligin azaldig1, kisin %35°e
varan artiglarin = oldugu  Olgiim  istasyonlar1  da
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bulundurmaktadir (Beylikdiizii kisitli veri sebebiyle bu

analize dahil edilmemistir). Bunlarin ortak 6zelligi diger

yerlesim yerlerine gore daha eski bir tarihi olan, niifus

yogunlugu fazla ve konutlarinda kisin 1sinma enerji
harcamasini diigiirecek yeni nesil altyapisi bulunmayan

bolgeler oldugu dikkat ¢ekmektedir.
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Yaz aylarinda normalde 20 binden az olan toplam Adalar
nifusunun  50-70 Dbinlere ¢ikmasi nedeniyle [42]
Biiyiikada’da degerlerdeki %50’°ye yakin artisin turizm
kaynakli oldugu tahmin edilmektedir. Bu artisa ragmen
adada tasit trafigi olmamasi, genis ormanlik alanlari
sayesinde 6l¢iim degerleri iyidir.
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Sekil 3. Giin i¢i saat dilimlerinde AQI ortalama (AQI average across time zones during the day)

Yukaridaki Sekil 3, istasyonlarin giin i¢inde giindiiz (08:00
— 16:00) aksam (16:00 - 00:00) ve gece (00:00 — 08:00)
olmak iizere 3 zaman diliminde saatlik AQI degerlerinin
ortalamasini gostermektedir. Genel egilime baktigimizda
giin i¢inde degigimlerin sinirli oldugu ortaya ¢ikmaktadir.
Bu degisim aksam saatlerinde artan kirlilik olarak kendini
gostermektedir. Ozellikle ciddi trafik problemi olan
Besiktas, Maslak, Uskiidar Kandilli bolgesinde artis daha

belirgin olarak goriilmektedir [43][44]. Kirliligin énemli
unsurlarindan olan partikiil madde artis1 trafikte dizel
araglarin kullanimiyla dogrudan iliskilidir [45]. istanbul’da
dizel araglarin oran1 Avrupa birligi iilkelerine gore daha
yiiksek seviyelerdedir[46]. S6z konusu iilkelerde dizel
araglarin siki emisyon 6l¢iim denetimlerine tabi tutulmast,
baz1 iilkelerde yasaklar uygulanmasi dizel araglara
gosterilen ilgiyi azaltmistir. Bu durum tiim diinyada dizel
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arag iiretimin azalmasi ve yeni nesil motor teknolojilerinin
gelismesine sebep olmustur, dyle ki iilkemizde de trafige
kayd: yapilan yeni araglarda dizel araglarin oranlar
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gittikce diigmekte, alternatif olarak elektrikli araglarin
kullanimi da yayginlagmaktadir [47].
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Sekil 4. ilge-Semtlerin Ortalama AQI degerleri (Average AQI values of districts)

Sekil 4’¢ gore 2022 yilinda en yiiksek AQI degerlerini
Olgen istasyonlar; Goztepe, Sultangazi (3.bolge), Mobil
istasyonudur.

Mobil istasyon Sekil 1’e gore en yiiksek degerini 2022
yilinda kaydetmistir. Bu istasyonun 6l¢iim yaptigi yerler
kaydedilmeli ve bunlara 6zel analizler yapilmalidir. Veri
setinde boyle bir veri olmadigi ig¢in bdyle bir yorumda
bulunmak bu ¢aligsma kapsaminda miimkiin olmamustir.

Ote yandan 2022 yili iginde en diisik AQI degerleri
kaydeden istasyonlar; Kumkdy, Biiyiikada ve Kandilli’dir.

Kumkdy, Istanbul'un Sariyer ilgesine bagh bir sahil
semtidir. Genellikle yaz aylarinda yerli ve yabanci
turistlerin tercih ettigi bir destinasyondur. Kilyos olarak da
bilinen Kumkdy, Karadeniz kiyisinda yer alir ve giizel
plajlariyla tnliidiir. Kumkdy daha az sanayilesmis ve
kalabalik olmayan bir bdlge oldugu i¢in, yakin ¢evresinde
ormanlik alanlara sahip oldugu igin genellikle Istanbul
sehir merkezine gore daha temiz bir havaya sahiptir.

Biiyiikada ise Istanbul’un en popiiler adalarindan biridir ve
Marmara Denizi’nde yer alir. Biiyiikada, Istanbul’un
Anadolu Yakasi'na bagli olan ve Istanbul Bogazi’ndan
uzakta bulunan bir adadir. Adanin toplam yiizélglimii
yaklasik 5,4 kilometrekaredir ve niifusu olduk¢a sinirlidir
Biiyiikada, dogal giizellikleri ve tarihi atmosferiyle
inlidiir. Ayrica adanin dogal alanlar1 ve ormanlik

bolgeleri, oksijen bakimindan zengin bir ortam olusturur.
Biiyiikada’nin arag trafigine kapali olmasi ve bisiklet veya
fayton gibi alternatif ulagim araglarmin kullanilmasi,
adanin temiz bir atmosfer sunmasini saglar.

Kandilli ise Istanbul’un Uskiidar ilgesine bagh bir semttir.
Istasyon Bogazigi Universitesi’nin Kandilli yerleskesinde
bulunmaktadir ve ormanlik alanlarla ¢evrilidir. Yerleske
Istanbul’un diger bolgelerine gore daha temiz bir hava
kalitesine sahiptir.

2.3. Veriyi Hazirlamak (Preparing the Data)

Verinin iginde bulunan ReadTime isimli degigsken 6l¢iim
yapilan zamani temsil etmektedir. Temsili formati ise;
2022-12-31 23:59:00 seklindedir.

Bu degiskenin tiirii veri kaynaklarindan metin tiirii(string)
olarak gelmektedir. Ancak ¢aligmay1 kolay yapabilmek ve
gerekli istatistiksel ¢ikarimlari gérebilmek igin bu string
yapisint yine Pyhton’da bulunan Datetime (zaman bigimi)
tiriine g¢evrilmistir. Ek olarak her ilgenin hava kirliligi
verilerini barindan Dateframe yapisina 06zel tarih
degiskenleri eklenmistir. Bunlar; giin, ay, yil, saat,
mevsim, giiniin boliimleri seklinde olmustur.

Bu sayede hem yapilan istatistiksel cikarimlar
degerlendirmek daha kolay olmusg, hem de kurulan modele
bu bagimsiz degiskenleri ekleyerek bagimli degiskenle
arasindaki baglantiy1 6grenmesi saglanmustir.
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2.4. Modelleme (Modelling)

Bu boliimde 6ncelikle zaman serisi problemi modellemede
kullanilan bazi modeller tamtilmis sonrasinda ise bu
¢aligmanin konusu olan modele yer verilmistir.

Zaman serisi modellemede olduk¢a fazla alternatif
mevcuttur. Bununla ilgili birka¢ model agagida verilmistir:

ARIMA: Zaman serilerindeki otokorelasyonu ele alan ve
duraganlik olmayan bilesenleri modellemek i¢in kullanilan
bir yontemdir. Geg¢mis degerlerin kombinasyonu ile
mevcut degerleri tahmin ederek gelecekteki degerleri
belirleyebilir.

SARIMAX: Arima modeline benzer sekilde ¢alisir, ancak
mevsimsel bilesenlere sahip zaman serilerini daha etkili bir
sekilde modelleyebilir. Ayrica Arima yontemine digsal
degiskenlerin eklenmesiyle genisletilmis bir yontemdir. Bu
model, mevsimsel Oriintiilerin yan sira disgsal faktorlerin
etkisini de hesaba katarak tahminleri yapabilir.

LSTM: Derin 6grenme tabanli bir yapay sinir agi
modelidir ve zaman serilerinde uzun vadeli bagimliliklart
ele almak i¢in etkilidir. Gegmis gbzlemlerin hafizasini
kullanarak gelecekteki degerleri tahmin etme yetenegine
sahiptir. Model basarisin1 birgok regresyon probleminde
kanitlamis olmasina ragmen, derin 6grenme yapisi bunun
gibi birden fazla model barindiran projelerde egitim
stirelerinin uzamasina yol agmaktadir. Veri setinin saatlik
oldugu disiiniilirse bu dezavantaj daha da giin yiiziine
¢ikacaktir. Cesitli Olceklendirme yontemleriyle
kullanildiginda basarili olma ihtimali yiiksek bir modeldir.

Prophet: Meta (eski adiyla Facebook) tarafindan
gelistirilen acik kaynak kodlu bir zaman serisi tahminleme
algoritmasidir. Bu model, zaman degiskeni (ds) ve bagimli
degisken (y) olarak iki girdi alir. Prophet, bu verileri
kullanarak tahmin degeri (yhat) ile birlikte tahminin iist
siirini (yhat_upper) ve alt sinirini (yhat lower) belirleyen
bir aralik tahmini yapar. Bu ¢aligmada, kullanim kolayligi,
hizl1 ve basit yapisi ile Prophet modeli tercih edilmistir.

Prophet modeli, zaman serilerinin yapisini analiz eder ve
trendleri, mevsimsel desenleri ve diger bilesenleri hesaba
katarak gelecekteki degerleri tahmin etmeye caligir.
Tahminlerde, yhat degeri genel tahmin degerini temsil
ederken, yhat upper ve yhat lower degerleri ise tahminin
st ve alt sinirlarini gosterir. Bu aralik tahmini, tahminin
belirsizlik diizeyini ifade eder ve giiven araligi saglar [48].

Hava kirliligi Ol¢iimii yapan istasyonlarin tiimiinde
elementlerin tamami 6l¢iilmedigi i¢in baz1 veri setlerinde
eksiklikler ~ bulunmaktadir. Bu modelin  kurulma
asamasinda hata alinmasina neden olur. Bundan ka¢inmak
icin tiim veri setinde bulunan AQI verisinin analiz edilmesi
daha dogru olmustur.

Model yapay zeka ve derin 6grenme projeleri i¢in Google
tarafindan piyasaya siiriilen Google Colab programlama
ortaminda Python dili ile ger¢eklestirilmistir. Colab, bulut
sunucularda c¢alisan bilgisayar sistemleri sayesinde
yalnizca internet baglantisi ve bir tarayicit yardimiyla
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modeller kurmaya yardimei olur. Model hizli ve diisiik
bellek ihtiyacindan dolayr gerekli kiitiiphanelerin
kurulumu sonrasinda giris diizeyi donanim &zellikleriyle
kisa siirede sonug almabilmistir. Bir sonraki boliimde bu
calismanin ¢iktilari grafiklerle verilmistir.

2.5. Degerlendirme (Evaluation)

Makine 6grenmesi modellerinin basarisini Slgmek igin
birden fazla hesaplama yontemi vardir. Bu is probleminde
amacimiz siirekli bir degiskeni modellemek oldugu i¢in
MAPE (Mean absolute percentage error) metrigi
secilmigtir. Literatirde MAPE ile model dogrulugu
ornekleri mevcuttur (bkz. [49] [50] [51] [52]). MAPE
Tiirkge karsilig1 ile Ortalama Mutlak Yiizde Hatasi, tahmin
modellerinin performansint degerlendirmek i¢in kullanilan
bir metriktir. MAPE, tahmin edilen degerlerin gergek
degerlere gore yiizde olarak ne kadar sapma gosterdigini
oOlger [49]. Denklemi asagidaki esitlikle ifade edilmistir:

Yi_Yl|

—lyn [Yith
MAPE = >31, | .

Burada Y; gergek degerdir ve Y, tahmin degeridir. Farklar:
Yi'nin gercek degerine bolliniir. Bu oranin mutlak degeri,
zaman i¢inde tahmin edilen her nokta icin toplanir ve
uygun noktalarin n sayisina boliiniir. MAPE degeri yiizde
olarak ifade edilir ve genellikle 0-1 arasinda bir deger alir.
MAPE’nin diisiik olmasi, model tahminlerinin gergek
degerlerden daha az sapmis oldugunu gosterir. MAPE,
temel igsel parametreleri kullanarak zaman serilerini
biiylik bir dogrulukla tahmin etmemizi saglar [52].

2.6. Bulgular ve tartisma (Findings and Discussion)

Modelleme sonucu elde edilen bulgular devaminda
verilmistir.

Sekil 5’te istasyonlar i¢in kurulan modellerin 2022 yili
icinde yaptigi tahminler ve Olgiilen gercek degerler
karsilagtirtlmistir.  Grafik tizerindeki MAPE degeri de
model basarisini sayisal olarak 6lgmek icin eklenmistir.
Kurulan modellerin egitim setinde 2022 yilina ait verilerin
cikarildigi unutulmamalidir. Model basaris1 ancak ve
ancak daha 6nce gormedigi verileri tahmin ederek objektif
olarak degerlendirilebilir.

Asagidaki Sekillerde 5’ten 26’ya kadar olan grafiklerde
mavi cizgiler Ol¢lilen AQI degerlerini, turuncular ise
modelin ge¢mis verilerden yola ¢ikarak tahminledigi AQI
degerlerini temsil etmektedir. Egitim ve tahminler aylik
ortalamalar iizerinden yapilmis, her dl¢iim istasyonunun
2010 yilina kadar 6lgim yaptigi tim zamanlardan 2021
aralik ayma kadarki kaydettigi degerler egitim seti olarak
modele sunulmus ve sonrasinda 2022 yili i¢in tahmin
yapilmasi istenmistir.
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(Arnavutkoy station model evaluation)
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Sekil 6. Besiktas istasyonu model degerlendirme (Besiktas
station model evaluation)
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Sekil 7. Kartal istasyonu model degerlendirme (Kartal station
model evaluation)
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Sekil 8. Bagcilar istasyonu model degerlendirme (Bagcilar
station model evaluation)

160
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Sekil 9. Goztepe istasyonu model degerlendirme (Goztepe
station model evaluation)
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Sekil 10. Sancaktepe istasyonu model degerlendirme
(Sancaktepe station model evaluation)
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Sekil 11. Tuzla istasyonu model degerlendirme (Tuzlastation  Sekil 14. Sariyer istasyonu model degerlendirme (Sanyer

model evaluation) station model evaluation)
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Sekil 12. Umraniye istasyonu model degerlendirme Sekil 15. Esenler istasyonu model degerlendirme (Esenler

(Umraniye station model evaluation) station model evaluation)
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Sekil 13. Yenibosna istasyonu model degerlendirme  Sekil 16. Biiyilkkada istasyonu model degerlendirme
(Yenibosna station model evaluation) (Biiyiikada station model evaluation)
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Sekil 17. Kumkdy istasyonu model degerlendirme (Kumkoy

station model evaluation)
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Sekil 20. Aksaray istasyonu model degerlendirme (Aksaray

station model evaluation)
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Sekil 18. Sultangazi2 istasyonu model degerlendirme

(Sultangazi2 station model evaluation)

Sekil 21. Alibeykdy istasyonu model degerlendirme

(Alibeykoy station model evaluation)
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Sekil 22. Uskiidarl istasyonu model degerlendirme

Sekil 19. Sultangazi3 istasyonu model degerlendirme  (Uskiidar! station model evaluation)

(Sultangazi3 station model evaluation)
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Sekil 23. Kadikdy istasyonu model degerlendirme (Kadikoy
station model evaluation)
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Sekil 24. Selimiye istasyonu model degerlendirme (Selimiye
station model evaluation)
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Sekil 25. Kandillil istasyonu model degerlendirme
(Kandillil station model evaluation)
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Predicted MAPE: 0.372957
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Sekil 26. Kagithanel istasyonu model degerlendirme
(Kagithanel station model evaluation)

Ayn1 zamanda her model i¢in MAPE degeri hesaplanmus,
grafiklerin iizerinde eklenmistir. Bazi istasyonlarda
yaklasik %20 hata oraniyla tahmin yapilirken, %100’
asan hata oranlar1 da gériilebilmektedir. Ornegin, sadece
Sekil 25’te MAPE degeri 1.152555 olarak gelmistir.
Bunun anlami, tahmin edilen degerlerin gercek degerlere
gore ortalama yiizde olarak %115.2555 hata ile sapma
gostermesidir. Yani, tahminler gercek degerlerden
ortalama olarak yaklasik %115 daha fazla ¢ikmistir. Bu,
tahmin modelinin Kandillil veri seti {izerinde 1iyi
performans sergilemedigini gostermektedir. Bu fark bircok
etmene bagl olarak ortaya ¢ikabilir. Calismanin bir amaci
da hem veri analizi hem modelleme asamasinda ortaya
¢ikan bu farka dikkat ¢ekmektir. Nispeten diigiik hata
oraniyla tahmin yapan model igin tamamiyla basarili
demek ya da aksi durumda basarisiz demek dogru
olmayacaktir. Bircok semtte veriler 5 yildan az olurken
2010 yilindan itibaren araliksiz kayit alan istasyonlar da
vardir ve bilindigi gibi veri miktar1 makine Ogrenmesi
projelerinde basariy1 etkileyen 6nemli bir unsurdur. Ek
olarak tahminlenen 2022 yilinda ilgili istasyonda
yasanabilecek 6zel durumlari modelin tahmin etmesi
oldukea giigtiir zira yalnizca bagimli degisken ve zaman
degiskeni ile egitim ve test agamalar1 tamamlanmistir. Hem
model basarisini daha dogru 6lgmenin hem de gesitli
optimizasyonlarla basariy1r arttirmanin yollar1 oldukga
fazladir. Calismanin devaminda egitim setine 2022 yili
dahil edilmis ve her istasyon i¢in yeniden model kurulmus,
2023-2025 yili i¢in tahminlerde bulunulmustur. Asagida
bu modeller goriilebilir:
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Sekil 27. Arnavutkdy istasyonu 2023-2025 tahmini
(Arnavutkdy station 2023-2025 forecast)
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Sekil 28. Besiktas istasyonu 2023-2025 tahmini (Besiktas
station 2023-2025 forecast)
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Sekil 29. Kartal istasyonu 2023-2025 tahmini (Kartal station
2023-2025 forecast)
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Sekil 30. Bagcilar istasyonu 2023-2025 tahmini (Bagcilar
station 2023-2025 forecast)
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Sekil 31. Goztepe istasyonu 2023-2025 tahmini (Goztepe
station 2023-2025 forecast)
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Sekil 32. Sancaktepe istasyonu 2023-2025 tahmini
(Sancaktepe station 2023-2025 forecast)
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Sekil 33. Tuzla istasyonu 2023-2025 tahmini (Tuzla station
2023-2025 forecast)
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Sekil 34. Umraniyel istasyonu 2023-2025 tahmini
(Umraniyel station 2023-2025 forecast)
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Sekil 35. Mobil istasyonu 2023-2025 tahmini (Mobil station
2023-2025 forecast)
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Sekil 36. Yenibosna istasyonu 2023-2025 tahmini
(Yenibosna station 2023-2025 forecast)
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Sekil 37. Sariyer istasyonu 2023-2025 tahmini (Sartyer station
2023-2025 forecast)
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Sekil 38. Esenler istasyonu 2023-2025 tahmini (Esenler
station 2023-2025 forecast)
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Sekil 39. Catladikapr istasyonu 2023-2025 tahmini
(Catladikapr station 2023-2025 forecast)
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Sekil 40. Biiyiikada istasyonu 2023-2025 tahmini (Biiyiikada
station 2023-2025 forecast)
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Sekil 41. Kumkoy istasyonu 2023-2025 tahmini (Kumksy
station 2023-2025 forecast)
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Sekil 42. Sultangazi istasyonu 2023-2025 tahmini
(Sultangazi station 2023-2025 forecast)
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Sekil 43. Maslak istasyonu 2023-2025 tahmini (Maslak
station 2023-2025 forecast)
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Sekil 44. Sultangazi2 istasyonu 2023-2025 tahmini
(Sultangazi2 station 2023-2025 forecast)
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Sekil 45. Sultangazi3 istasyonu 2023-2025 tahmini

(Sultangazi3 station 2023-2025 forecast)
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Sekil 46. Aksaray istasyonu 2023-2025 tahmini (Aksaray
station 2023-2025 forecast)
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Sekil 47. Alibeykoy istasyonu 2023-2025 tahmini
(Alibeykdy station 2023-2025 forecast)
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Sekil 48. Avcilar istasyonu 2023-2025 tahmini (Aveilar
station 2023-2025 forecast)
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Sekil 49. Uskiidar] istasyonu 2023-2025 tahmini (Uskiidarl
station 2023-2025 forecast)

Tahmin araligi
—— Dataset

—— Tahminler
— Altsinir

= Ust Sinr

2022-01 202205 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 202501
Tarih

Sekil 50. Kadikoy istasyonu 2023-2025 tahmini (Kadikoy
station 2023-2025 forecast)
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Sekil 51. Selimiye istasyonu 2023-2025 tahmini (Selimiye
station 2023-2025 forecast)
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Sekil 52. Kandilli istasyonu 2023-2025 tahmini (Kandilli
station 2023-2025 forecast)
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Sekil 53. Beylikdiizi istasyonu 2023-2025 tahmini
(Beylikdiizii station 2023-2025 forecast)
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Sekil 54. Kagithanel istasyonu 2023-2025 tahmini
(Kagithanel station 2023-2025 forecast)

BOLUM 3: SONUC VE ONERILER (CONCLUSION AND
RECOMMENDATIONS)

Bu boliim, ¢alismanin 6zgiin sonuglarmin paylasildigi,
tartigildig1 boliimdiir.

3.1. Model Sonuglarimin Yorumu (Interpretation of Model
Results)

Calismada her ilge i¢in yapila her modele eklenen MAPE
degerlerinin ortalamasi 0.316495 olarak bulunmustur ki bu
da alanda yapilan baska caligmalarin MAPE degerleri ile
karsilastirildiginda  kabul edilebilir bir modelleme
oldugunu gostermektedir [53]. Ancak literatiirde uzun
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stireli verilerle ¢aligilmis ve uzun siireli tahmin yapmis
kapsamli bir 6rnek bulunamadigi ve tahminlemede daha
cok diger degiskenlerin ayr1 ayr1 degisimine odaklanildigi
icin tam bir karsilagtirma miimkiin olamamustir.

Saatlik, giinliik, haftalik zaman dilimlerinde kurulan
modellerin hata oran1 olduk¢a yiiksek olabilmektedir.
Calisma kapsaminda veriler bir yillik siireyle aylik olarak
tahmin edilmistir. Boylelikle kisa zaman dilimlerinde hava
kirliligini etkileyebilecek fazla sayida unsur ile model
performansinda olusabilecek olasi olumsuz etkilerden
korunmustur. Her il¢e i¢in yapilmis olan modelleme tek tek
yukarida sekillerle gosterilmigstir. Calisma  gerektigi
taktirde daha fazla veri eklenerek daha iyi tahminler elde
edilebilir. Boylece Kkarar vericilerin alacagi 6nlemler ile
gelecek zaman dilimlerinde model tahmini ile dlgiilen
degerler kiyaslanabilecektir.

Sultangazi, Mobil, Catladikap: istasyonlarinda eksik
verilerin varligi géze carpmaktadir. Prophet modeli az
miktarda eksik veriler barindan veri setlerinde de basarili
tahmin yapabilecek modellerden biridir. Yine de bu ¢evre
problem ele alinirken ge¢mis verilerin dnemi goéz ardi
edilmemeli, 61¢iim istasyonlarinin sayisi ve kalitesi siirekli
arttirtlmalidir.

Mobil istasyonu siirekli veriye sahip olmadigi ve sabit
konumda olmadig1 icin bolgesel fikirler verememektedir.
Ancak, nedenselligi sorgulamak, olasi 6zel durumlarda
hava kalitesini Ol¢ebilmek icin bunun gibi istasyonlar
sarttir ve sayis1 arttirilmalidir. Olgiim yaptigi lokasyonlarin
tam konumu da ilgili verilerde paylagilmalidir.

Tahmin sonuglarina goére AQI degeri artis trendine giren
bir istasyon bulunmamaktadir. Bu durum en azindan
kirliligin agresif bir sekilde artmamasint dngorse de, bazi
bolgeler (Sultangazi, Sariyer, Uskiidar) icin yilm belirli
zamanlarinda yiikselis beklentisi gbze ¢arpmaktadir. Bu
artisin ~ sebepleri o zaman diliminde detaylica
incelenmelidir. Ozellikle bu zamanlarda yerel yénetimlerin
yapacag farkindalik ¢caligmalari ve alinacak 6nlemlerle bu
artigin oniine gegilmeye ¢alisiimalidir.

Modelin ¢itki olarak {irettigi; alt sinir, tst sinir degerleri
gozetilmeli, 6zellikle iist sinirin lizerine ¢ikilan zamanlarda
bir sonraki boliimde verilen bolgesel oOneriler dikkate
alinabilir.

Bu ¢aligmada verilerin ve degerlendirmenin il geneli i¢in
kapsayict olmasi nedeniyle baska modellerin denenip
karsilastirilmast ve model dogrulugu konusunda bagka
metriklere yer verilmesi miimkiin olmamastir.

3.2. Oneriler (Suggestions)

Bir¢ok calisma biiyiik sehirlerde hava kirliligine karst
alinabilecek onlemlerden bahsetmistir [54][55][56][57].
Buna karsin bu ¢alismadan ¢ikan sonuglara gore bagka iller
icin benzer caligmalarin ayni1 ya da baska kategorileri
dikkate alarak, ayni ya da baska modeller de kullanilarak
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yapilmasi bu sehirlerde yasayan insanlarin hava kirliliginin

etkilerini

daha 1iyi anlamasina yardimci olacaktir.

Calismaya riizgar, nem, yagis gibi meteoroloji ve trafik
yogunlugu gibi veriler de eklenerek tahmin dogrulugu
desteklenebilir ve es zamanli tahminler yapilabilir ve
paydaslarla es zamanli paylasima acilabilir.
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Ozet— Artan niifus ile birlikte her gegen giin daha fazla insan beyin tiimoriinden etkilenmektedir. Diger hastaliklar ile
kiyaslandiginda beyin tiimoriiniin 6liim orami ¢ok daha yiiksektir. Ayrica beyin tiimorii hastaligina yakalanan bireyler
giinliik yasamlarinda 6nemli zorluklarla karsilagmaktadir. Beyin tiimoriiniin tanis1 doktorlar i¢in zorlu bir siirectir. Teghis
asamasinda doktorlarin karsilastigi zorluklar ve bu sorunlarin iistesinden gelmek adina bir ¢ézliim 6nerisi olarak, beyin
MR goriintiilerinin otomatik segmentasyonunu saglayacak bir modelin tasarlanmasi hedeflenmistir. Bu ¢aligmada beyin
MR goriintiilerinin segmentasyonundaki zorlugu agmak i¢in topluluk 6grenimi yontemi kullanilmistir. Topluluk 6grenimi
yonteminde derin 6grenme tabanli dikkat mekanizmali u-net ve u-net modelleri kullanilmistir. Bu yontem ile iki farkli
modelden gelen tahmin degerlerinin ortalamasinin alinmasi1 ve daha kararli bir modelin gelistirilmesi amaglanmigtir.
Model egitimi igin BRATS veri setinin 2018, 2019 ve 2020 versiyonlar1 kullanilirken, model testleri i¢in 2017 versiyonu
tercih edilmistir. Veri setindeki dengesiz simif dagilimi problemine ¢6ziim olarak farkli veri 6n isleme adimlari
kullanilmustir ve topluluk 6grenimi modeli ile beyin MR gériintiilerinin segmentasyon problemi ele alinmustir. Elde edilen
topluluk 6grenimi yontemi ile BRATS2017 veri seti tizerinde %87,33 ortalama zar skoru, %81,74 nekrotik sinifi zar
skoru, 991,57 6dem sinifi zar skoru, %76,03 artirilmig timor sinifi zar skoru, %99,96 arka plan sinifi zar skoru ve Tiim
Timor (TT), Cekirdek Timor (CT) ve Artirtlmis Tiimor (AT) igin sirasiyla %83,11, %78,88 ve %76,03 zar skoru elde
edilmistir.

Anahtar Kelimeler— segmentasyon, timér, derin 6grenme, u-net, goriintii isleme, normalizasyon, topluluk 6grenimi

Brain Tumor Segmantation With Deep Learning *

Abstract— With the increasing population, more and more people are affected by brain tumors every day. Compared to
other diseases, the death rate of brain tumors is much higher. In addition, people suffering from brain tumor disease have
important difficulties in their daily lives. The diagnosis of brain tumors poses a challenging process for medical
professionals. To address the difficulties faced by doctors during the diagnostic phase and propose a solution, the objective
is to design a model that enables the automatic segmentation of brain MR images. In this study, Ensemble learning method
was used to overcome the difficulty in segmentation of brain MRI images. Deep learning base attention u-net and u-net
models were used in ensemble learning method. The aim is to develop a more stable model by averaging the prediction
values from two different models. While the 2018, 2019 and 2020 versions of BRATS dataset were used for model
training, the 2017 version was preferred for model testing. With different data preprocessing steps and ensemble learning
model, the difficulty of segmentation of brain MR images has been overcome on imbalanced dataset. With the ensemble
learning method created, 87.33% average zar score, 81.74% necrotic class zar score, 91.57% edema zar score, 76.03%
enhancing zar score, 99.96% background class zar score and zar score of 83.11%, 78.88% and 76.03% for Whole Tumor
(WT), Tumor Core (TC) and Enhancing Tumor (ET) were obtained on BRATS2017 dataset.

Keywords— segmantation, tumor, deep learning, u-net, image processing, normalization, ensemble learning
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1. GIRIS (INTRODUCTION)

Beyin, sinir sisteminin merkezi olarak hizmet eden bir
organdir. Her insanin beyni komplike bir yapiya sahiptir,
bilgiler beyin tarafindan cagrilir toplanir ve degerlendirilir.
Beyin veya omurilikte anormal bir hiicre biiylimesi
sonucunda olusan kitlelere beyin tiimorii denilmektedir.
Beyin tiimorii giliniimiizde yaygin olarak goriilen bir
hastalik tiirtidiir. Dogrudan beyin iizerinde meydana gelen
zararll timor hiicreleri insanlarin yasamlarini da olumsuz
etkilemektedir. Beyin timdrii ile miicadele eden hastalarda
norolojik semptomlar sebebiyle hareket bozukluklari,
denge kaybi, kas gii¢siizliigli, duyu kaybi, konusma
glicligli gibi belirtiler ortaya c¢ikabilmektedir. Beyin
tiimorliniin  teshisi ve tedavisi i¢in doktorlar beyin
manyetik rezonans (MR) goriintiilerini incelemektedirler.
MR goriintiileri degerli tamamlayic bilgiler saglamaktadir
ve beyin tiimorii segmentasyonunun performansini énemli
Olciide artirmaktadir [1]. Beyin tiimorii hastaliinda 6lim
orani ¢ok yiiksektir, Cin’de beyin timdriinden 6len insan
sayist yillik 50,000 ile 100,000 arasindadir [2]. Amerikada
her yil 80,000 kiside beyin tiimorii teshis edilmektedir [3].
Beyin tiimorii insanlar agisindan ¢ok onemli bir hastalik
oldugundan tizerinde birgok ¢alisma yapilmaktadir.

Beyin tiimorlerinin tanis1 genellikle MR veya bilgisayarlt
tomografi (BT) gorintiileri ile konulmaktadir. Beyin
tlimorii tan1 siirecinde uzman bir néroloji doktoruna ihtiyag
duyulmaktadir. Tedavi yoOntemleri tiimoriin tipine,
boyutuna ve konumuna gore degismektedir.

Beyin tiimoriiniin tanisi olduk¢a zorlu bir siirectir, tani
esnasinda tiimoriin boyutu ve konumu manuel olarak
dikkatlice tespit edilmelidir. Bazi timorlerin boyutu
kiigiiktiir ve belli bir goriintiileme teknigi ile net bir sekilde
goriintiilenemeyebilir. Ayrica bazi timérlerin iyi veya kotii
huylu olmasi da goriintiileme sonuglarini
etkileyebilmektedir.

Beyin MR goriintiilerinin dogru ve giivenilir bir sekilde
segmentasyonun yapilmas: kanser teshisinde kritik rol
oynamaktadir [4]. Beyin tiimorii hastaliginin teshis ve
tedavi siireclerindeki olasi hatalar insanlarin 6limii ile
sonuglanabilir.

Beyin MR gorintiilerinin yapay zeka destegiyle otomatik
olarak segmente edilmesi hastaligin teshisi ve tedavisi
agisindan son derece kritiktir. Bu nedenle saglik alaninda
hatalart minimuma indirmek amaciyla yapay zeka
kullaninmi giderek artmaktadir. Bu yaklagim, uzman doktor
isgiicine olan ihtiyaci azaltmanin yani sira beyin MR
goriintiilerinin  dogru bir sekilde segmentasyonunu
saglamaktadir. Bu arastirma caligmasinin amaci Sekil 1°de
gorildiigii tizere beyin MR goriintiisiinii otomatik olarak
tarayip, beynin farkli boliimlerinde hangi tiimor siifinin
bulundugunu otomatik olarak segmente edecek ve Sekil
2’de goriildiigii tizere doktorlar tarafindan verilecek beyin
MR goériintiilerinin  segmentasyonunu yapip doktorlara
sonuglari iletecek model elde etmektir.
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Sekil 1. Beyin MR goriintiilerinin segmentasyon siireci
(Segmentation process of brain MR images)

Bu ¢aligmanin diger ¢aligsmalardan ilk farki, Brain Tumor
Segmentation (BRATS) veri setinin 2018, 2019 ve 2020
versiyonlart ile derin 6grenme modelinin egitilip, 2017
versiyonu ile testler yapilmasidir. Bu sayede modelin hi¢
gormedigi bir versiyon iizerindeki basaris1  test
edilmektedir. Ikinci farki ise veri 6n isleme adiminda
dengesiz siif dagilimi problemini ele almasidir.

O BEYIN MR

KULLANICI

ekil 2. Segmentasyon modelinin sonug iiretmesi
g Y
(Segmentation model outcome producing)

Bu c¢alismada 4 adet amacimiz bulunmaktadir. Calismanin
hedefleri su sekilde 6zetlenebilir:

e Farkli derin 6grenme yontemlerini kullanarak
beyin MR  goriintiilerinin  segmentasyon
problemini ¢6zmek

e Beyin timori hastaliginin
asamasinda uzman doktorlara
saglamak

e Dengesiz veri dagilimma sahip beyin MR
gOrlintiisii veri seti i¢in Ozel veri On isleme
adimlar1 kullanarak derin 6grenme yontemlerinin
basar1 oranini artirmak

e Beyin MR goriintiilerini segmente
hastalarin tedavi siire¢lerine destek olmak

tan1  ve teshis
dogru bilgi

ederek

Bu calismanin ana katkilari asagida 6zetlenmistir.

e Beyin MR goriintilerinin
otomatiklestirilmektedir.

e Beyin MR goériintiilerinin segmentasyon islemi
otomatiklestilerek hastaligin tanis1 ve teshisinde
harcanan siire kisaltilmaktadir.

e Doktorlar tarafindan hataya agik sekilde manuel
olarak yapilan segmentasyon isleminin daha
dogru ve giivenilir olmasi saglanmaktadir.

e Doktorlarin teshis ve tan1 asamasinda daha az

segmentasyonu

zaman  harcayarak  hastaligin  tedavisine
yogunlagmasini saglamaktadir.
® Hastalarin tedavi siirecine katkida bulunarak

iyilesme oranini artirmaktadir.



BILISIM TEKNOLOJILERI DERGISI, CILT: 17, SAYI: 3, TEMMUZ 2024

2. LITERATUR TARAMASI (LITERATURE REVIEW)

Yapay zeka alaninda yapilan ¢aligmalarda derin 6grenme
yontemleri yaygin olarak kullanilmaktadir. Cok biiyiik
miktarda veri iireten kaynaklarin artmasi ile birlikte derin
o0grenme yontemleri giderek 6nem kazanmaktadir. Saglik
alaninda da giiniimiizde ¢ok biiyiik veriler iiretilerek ¢esitli
derin 6grenme yontemleri ile bazi hastaliklara ¢6ziim
aranmaktadir, beyin tiimorii de bu hastaliklardan birisidir.
Giinlimiiz diinyasinda beyin tiimoérii birgok insanda
goriilmektedir, beyin timdriinden etkilenen insan sayist
yas ve cinsiyet farketmeksizin giin gegtikge artmaktadir.
Beyin MR  gorlntillerinin = dogru  bir  sekilde
segmentasyonunun yapilmasi beyin tiimoriiniin tan1 ve
tedavisi icin Onemlidir [5]. Derin 6grenme yontemleri
kullanilarak beyin tiimorii {izerinde ¢esitli ¢aligmalar
gerceklestirilmigtir.  Zhang ve ark. [5] modalite
gesitlerinden farkli  ve tamamlayict  Ozniteliklerin
¢ikarilmasini ve birlestirilmesini i¢eren derin Ogrenme
yontemi 6nermistir, ¢alisma kapsaminda BRATS2021 veri
seti kullanmistir. Huang ve ark. [6] literatiirdeki beyin MR
goriintiilleri lizerine yapilan yapay zeka calismalarini
incelemigtir, inceleme sonucunda bu alanda yapilan
calismalarin  son yillarda arttigini, fakat yapilan
caligmalarin klinik ortamlardaki pratige adopte olmast
gerektigi sonucunu elde etmistir. Wang ve Chung [7] beyin
MR goriintiilerinin segmentasyonu i¢in hibrit bir Evrigimli
Sinir Ag1 (ESA) modeli dnermistir, ¢alismay1 BRATS2019
veri seti ile gergeklestirmistir, veri setindeki dengesiz sinif
dagilim1 problemini ¢6zmek i¢in ise dinamik odak kayip
fonksiyonu onermistir. Jiang ve ark. [2] Cift Akis Kod
Co6zmeli U-net ismini verdikleri ESA mimarisi ile U-net
mimarisini kombinledikleri bir model onermistir, model
icerisinde dengesiz sinif problemini ¢6zmek i¢in agirlikli
capraz entropi kayip fonksiyonu kullanmistir, ¢alismay1
BRATS2017 ve BRATS2018 wveri setleri ile
gerceklestirmigtir. Goceri [8] Kapsiil Ag1 mimarisi ile ikili
siiflandirma yontemi gelistirmistir. Kullandigt beyin MR
goriintillerini normal ve anormal olarak smiflandirarak
%92,65 dogruluk orani elde etmistir. Alzahrani [9] beyin
MR goriintiilerinin siniflandirilmasi igin Evrisimsel Dikkat
Mekanizmali Karistirict yontemini onermistir. Onerilen
model %97,94 dogruluk orani elde etmistir. Zhang ve ark.
[10] iki agsamali bir model dnermistir. Capraz Modalite
Ozellik Gegisi asamasmi bilgiyi farkli tiirler arasinda
aktararak zengin 6zellik temsilleri elde etmek i¢in, Capraz
Modalite Ozellik Fiizyonu asamasini ise farkli tiirden gelen
bilgileri birlestirmek i¢in kullanmigtir. Naser ve Deen [11]
U-net modeli ile Gorsel Geometri Grup 16 modelini
kombinleyerek bir model 6 dnermistir. Modeli normal ve
anormal olacak sekilde ikili simiflandirma yontemi ile
olusturmustur. Dengesiz sinif dagilimi problemi i¢in kayip
fonksiyonunda siniflara agirlik vermistir. Diao ve ark. [1]
beyin MR goriintiilerindeki eksik bilgileri tamamlamak
icin yeniden yapilandirma yontemi ve eksik modaliteli MR
gOrlintii  segmentasyonu icin ortak Ogrenmeye dayali
ozellik yeniden yapilandirma ve gelistirme yoOntemi
onermistir. Onerilen yontem ile BRATS2018 veri seti
iizerinde testler yapilmistir. Yapilan testlerde Tim Timor
(TT), Cekirdek Timor (CT), Artirtlmig Timor (AT) sif
kiimeleri i¢in sirasiyla %86,28, %77,02, %59,64 zar skoru
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elde etmistir. Rammurthy ve Mahesh [12] beyin MR
goriintiilerinden tiimorii tespit etmek i¢in Balina Harris
Hawks Optimizasyonu yoOntemini Onermistir. Balina
Optimizasyon Algoritmasi ve Harris Hawks Optimizasyon
algoritmalarmin kombinlenmesiyle olusturulan yontem
Derin Evrisimsel Sinir Ag1 modeli ile birlikte ikili
siniflandirmada  %81,6 dogruluk orant elde etmistir.
Hashemzehi ve ark. [13] beyin MR goriintiileriyle ikili
simflandirict hibrit model &nermislerdir. Onerilen hibrit
modeli Sinirsel Otoregresif Dagilim Tahmini ve ESA
modelini kombinleyerek olusturmuslardir. Onerilen model
%095 dogruluk orani elde etmistir. Nalepa ve ark. [14]
gelistirdikleri derin 6grenme modeline ek olarak hata
oranini diigiiren kiibik model gelistirmistir. Naceur ve ark.
[15] beyin MR goériintiilerinin segmentasyonu i¢in ESA
modeli kullanmistir, dengesiz snif dagilimi problemini
cozmek icin agirliklt capraz entropi kayip fonksiyonu,
goriintiiler arasi uzaysal iligkiyi yakalamak i¢in ise Cakisan
Yamalar yontemini 6nermistir. Calismada sirasiyla her bir
siif i¢in %90, %83 ve %83 zar skoru elde edilmistir.
Deepak ve Ameer [16] beyin MR goriintiilerinin
segmentasyonunda ilk olarak GoogLeNet modeli ile
Oznitelik ¢ikarimi gergeklestirmistir. Sonrasinda ise Destek
Vektor Makinesi (DVM) siniflandirict  algoritmasi
kullanmistir. Maharjan ve ark. [17] beyin timor tespiti i¢in
ESA modeli gelistirmistir, kayip fonksiyonu olarak
Ozellestirilmis softmax kayip fonksiyonu kullanmistir.
Saba ve ark. [18] beyin MR goriintiilerinin
segmentasyonunda  Yakalama  Kesme  metodunu
kullanmistir, 6znitelik ¢ikariminda ise Gorsel Geometri
Grup 19 hazir modelini kullanmistir. Veri seti olarak
BRATS2015, BRATS2016 ve BRATS2017 veri setlerini
kullanmugstir. Mittal ve ark. [19] Oznitelik ¢ikarimi igin
Sabit Dalgacik Doéniigimii  kullanmigtir, Biiyiiyen
Evrigimli Sinir Agt kullanarak segmentasyon modelini
olusturmustur, 6nerilen hibrit yontem %98 kesinlik oranina
sahiptir. Zhao ve ark. [4] Tam Evrisimli Sinir Ag1 ve
Kosullu Rastgele Alanlar yontemini kullanarak beyin MR
goriintiillerinin  segmentasyonu ig¢in bir framework
gelistirmigtir. Gelistirilen framework ile 3 farkli beyin MR
goriintiistinii kullanarak 3 farkli model egitmistir ve
oylama tabanli yontem ile segmentasyon yapmistir. Model
egitimini ve testlerini BRATS2013, 7 BRATS2015 ve
BRATS2016 veri setleri lizerinde gergeklestirmistir. Yang
ve ark. [20] Kiigiik Cekirdekli Iki Yollu Evrisimsel Sinir
Ag ve Rastgele Orman algoritmasi ile hibrit model
onermistir. Kii¢iik Cekirdekli Iki Yollu Evrisimsel Sinir
Ag1 modelinin Oznitelik ¢ikarimi yapilarak Rastgele
Orman algoritmast ile siniflandirma islemi yapilmistir.
Sonuglar BRATS2015 veri seti ile degerlendirilmistir.
Onerilen method sirasiyla TT zarskoru bazinda %89, CT
zar skoru bazinda %80 ve AT zar skoru bazinda ise %87
basar1 orani elde etmistir. Mehrotra ve ark. [21] derin
O0grenme algoritmalarimi kullanarak normal ve anormal
olarak ikili simiflandirma seklinde bir smiflandirici
Onermistir. Cesitli 6grenme aktarimi modelleri ile testler
yapmustir. Veri seti olarak The Cancer Imaging Archive
(TCIA) veri setini kullanarak %99 oraninda dogruluk oram
elde etmistir. Xu ve ark. [22] beyin tiimdr segmentasyonu
i¢in hibrit bir model 6nermistir. Kése Dikkat Mekanizmali
Modiil ile dilimler aras1 bilgiyi yakalamay1 amaglamustir.
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Algisal benzerligi kesfeden ve lokal tutarlilifi muhafaza
eden Yiiksek Boyutlu Algisal Kayip kayip fonksiyonu
kullanmistir, segmentasyon modeli i¢in U-net kullanmistir.
Model tizerindeki testleri BRATS2018, BRATS2019 ve
BRATS2020 veri setleri tizerinde gergeklestirmistir. Liu ve
ark. [23] beyin tiimér segmentasyonu igin Olgege
Uyarlanabilir Siiper Ozellik Metrik U-net modelini
onermistir. Ayrica onerdigi Olgege Uyarlanabilir Metrik
kayip fonksiyonu ile modelin daha fazla bilgi 6grenmesini
saglamistir. Model testlerini BRATS2019 veri seti
tizerinde gergeklestirmistir. Drai ve ark. [24] beyin MR
goriintiileri {izerinden 6znitelik ¢ikarimi i¢in Otomatik MR
Beyin Cikarma Algoritmast ve otomatik timor
segmentasyonu i¢in Otomatik Timoér Segmentasyonu
modelini 6nermistir. Model bagarisini 6l¢iimlemek i¢in zar
skoru kullanmistir. Bidkar ve ark. [25] beyin tiimoriinii
simiflandirmak i¢in Salp Su Optimizasyonu Temelli Derin
Inang Ag1 modelini nermistir.  Veri seti olarak
BRATS2018 kullanmustir. Onerilen model ile %93,3
dogruluk orani elde etmistir. Zhou ve ark. [26] bir veya
daha fazla beyin MR goriintiisiinii disarida tutarak yeni bir
U-net tabanli beyin timdr segmentasyon agi Onermistir.
Model testlerini  BRATS2018  wveri  seti ile
gerceklestirmigtir.  Model performanst zar skoru ile
Olciilmiistiir. Sirastyla zar skoru bazinda her bir sinif i¢in
%82, %74,9 ve %59,1 basar1 orani elde etmistir. Huang ve
ark. [27] ilk olarak arkaplan kaldirma ve goriintii
normalizasyonunu iteratif olarak uygulamistir. Ardindan
onerilen Kanallar Arast Dikkat Mekanizmali Kalint1 U-net
segmentasyon modelini uygulamugstir. Onemli 6znitelik
gruplarint vurgulamak i¢in ise Grup Kanallar Aras1 Dikkat
Mekanizmasi modelini 6nermistir. Model egitimi ve
testleri i¢in BRATS2017 ve BRATS2018 veri setleri
kullamilmustir. Cinar ve ark. [28] U-net ile DenseNet121
modellerini hibrit sekilde kullanarak 6grenme aktarimi
tabanli hibrit bir sistem 6nermistir. Dengesiz sinif dagilimi
8 problemini ¢6zmek igin MR goriintiisiindeki timorlii
alan1 otomatik tespit edip kesen bir algoritma Snermistir.
Model egitimi ve testleri icin BRATS2019 veri seti
kullanmistir. Mazumdar ve Mukherjee [29] mevcutta
onerilen ESA modellerinden daha hizli ve daha az
parametreye sahip, U-net tabanl Verimli Mekansal Dikkat
Agl modelini Onermistir. Dengesiz simf dagilimi
problemini ¢ézmek i¢in zar, odak ve Hausdorff Uzaklik
kayip fonksiyonlarinin bilesimi olan yeni bir kayip
fonksiyonu Onermistir. Veri seti olarak BRATS2021
kullanmustir.

3. VERI SETI (DATASET)

BRATS veri setleri norolojik radyoloji alaninda kullanilan,
hastalara ait beyin tiimoriit MR goriintiilerini iceren veri
setleridir. BRATS2018 wveri seti 285 hastadan,
BRATS2019 wveri seti 335 hastadan ve son olarak
BRATS2020 veri seti ise farkl1 goriintiileme merkezlerine
bagvuran 369 farkli hastadan elde edilmis MR
goriintiilerini icermektedir. Ozellikle yapay zeka ve derin
Ogrenme gibi calismalarda siklikla kullanilmaktadir.
BRATS veri setleri ilk olarak 2012 yilinda diizenlenmeye
baglamistir.
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BRATS veri setleri T1, T1-CE, T2 ve FLAIR gibi farklt
MR goriintii modalitelerinden elde edilen beyin timori
goriintiilerini igerisinde bulundurur. Her modalite ¢esidi
farkli goriintiileme teknolojisi ile elde edildiginden dolay1
beyine ait farkli 6zellikleri igerisinde barmndirir [30].
Ayrica Sekil 3’te goriildiigii lizere her bir modalite
goriintiisti 155 dilimden olugmaktadir, her bir dilim ise 240
genislik ve 240 yiikseklik boyutlarina sahiptir.

240

155 240

Sekil 3. Beyin MR goriintiisii boyutlari
(Shape of brain MR images)

Farkli modalite ¢esitleri farkli goriintiileme teknolojileri ile
olusturulduklar1 i¢in her bir modalite ¢esidinde beynin
farkli bir bolgesi 6n plana ¢ikmaktadir. Sekil 4’te farkli
modalite ¢esitlerinin ayn1 diliminden elde edilmis
goriintiiler ve goriintiilere karsilik uzman kisilerin yapmis
oldugu segmentasyon gdsterilmistir.
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Sekil 4. Farkli modalite gesitlerinin ayn1 dilimlerindeki
goriintiiler
(Images of different modalities in same slice)

Uzmanlar tarafindan etiketlenen beyin segmentasyon
goriintiilleri  icerisinde  toplamda 4  farkli = siuf
bulundurmaktadir. Bu smiflar tiimor simiflarini ifade
etmektedir. Simif 0 arka plan, sinif 1 nekrotik, sinif 2 6dem
ve sinif 3 ise artirilmis tiimor olarak isimlendirilmektedir.
Ek olarak literatiirde yapilan caligmalarda farkli simif
kiimelerine farkli isimlendirmeler yapilarak model
sonuglart bu isimlendirmeler ile degerlendirilmektedir.
Tim Tiumér (TT) ile isimlendirilen kiime igerisinde
artirllmig, O0dem ve nekrotik siniflar1 bulunmaktadir.
Cekirdek Tumor (CT) ile isimlendirilen kiime igerisinde
artirllmis  ve nekrotik tlimor smifi  bulunmaktadir.
Artirllmig Tumor (AT) ile isimlendirilen kiimede ise
yalnizca artirilmig tiimor simifi bulunmaktadir [37]. Sekil
5’te uzmanlar tarafindan etiketlenen segmentasyon
goriintlistinin ~ her  bir  smifinin  farkli  renkte
renklendirilmesiyle elde edilen goriintii gdsterilmistir.
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Sekil 5. Renklendirilmis segmentasyon goriintiisii
(Colored segmentation image)

4. YONTEM (METHOD)

Onerilen modelin temel amaci, BRATS veri setinin farkli
versiyonlarini  kullanarak beyin timor segmentasyonu
yapan bir sistem olusturmaktir. Bu sistem igin sirasi ile
uygulanan islemler su sekildedir; BRATS veri seti
versiyonlarindan hangi kombinasyonun egitim veri seti
olarak secilecegine karar verilmesi, veri seti icerisinde
bulunan modalitelerin  hangi dilim araliklarinin
kullanilacagina karar verilmesi, hangi modalitelerin model
egitim agsamasinda kullanilmasi gerektiginin tespit
edilmesi, goriintii esikleme ve ozellik Olgeklendirme
yontemlerinin uygulanmas: ve son olarak farkli derin
ogrenme  modelleri ile segmentasyon isleminin
gergeklestirilmesidir.  Caligmada  Onerilen  modelin
mimarisi Sekil 6°da gosterilmistir. Calisma kapsaminda
hangi veri seti versiyonlarmi model egitim asamasina
dahil olmasi gerektigi ile ilgili yapilan testler sonucunda
BRATS veri setinin 2018, 2019 ve 2020 versiyonlar1
model egitim asamasinda kullanilirken, 2017 versiyonu
modelin testleri i¢in kullanilmistir. (240 x 240 x 155)
boyutlarina sahip olan modaliteler ile yapilan testlerde 155
adet dilim igerisinden 15 — 143 aras1 dilimler asagi
ornekleme yontemi ile secilmistir. BRATS veri seti
icerisinde 4 farkli modalite gesidi bulunmaktadir, bunlar;
Flair, T1, T1-CE, T2. Yapilan testler sonucunda 4 farkli
modalite ¢esidinden Flair, T1 ve T1-CE modalite gesitleri
sec¢ilmistir. Minimum-maksimum 6zellik 6l¢eklendirme
yontemi ile veri seti lizerinde bulunan farkli 6rneklerin
birbirleri iizerinde iistiinliik kurmasi engellenmistir. Sifira
esikle gorintlii esikleme yontemi ile de beyin MR
gOriintiisii iizerindeki timor iceren bdlgenin ayristirilarak
daha belirgin olmasi saglanmistir. Veri 6n isleme adimlari
tamamlandiktan sonra segmentasyon problemlerinde
siklikla tercih edilen derin 6grenme tabanli 2 farkli model
olusturulmustur, bunlar; dikkat mekanizmali u-net ve u-net
modelleridir. Egitilen 2 farkli model ile birlikte daha
kararli ve giiclii bir model ortaya ¢ikarabilmek igin
topluluk 6grenimi modeli olusturulmustur. Olusturulan
topluluk 6grenimi modeli 2 farkli u-net modelinden gelen
siif tahminlerinin ortalamasini hesaplayarak her bir sinif
icin yeni ortalama bir tahmin tliretmektedir. Bu sekilde 2
farkli  modelin  tahmin  giicii ile  tahminler
gerceklestirilmistir.
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Sekil 6. Onerilen modelin detayli mimarisi
(Detailed architecture of proposed model)

4.1. Derin Ogrenme Tabanl Modeller (Deep Learning Based
Models)

4.1.1. Dikkat mekanizmali u-net modeli (Attention u-net model)

Calisma kapsaminda gelistirilen dikkat mekanizmali u-net
modeli Sekil 7°de gdsterilmistir. {1k olarak modele 3 farkli
modalite ¢esidinden olusan veri girdi olarak verilmektedir.
Daha sonra 4 parcadan olusan kodlayict boliimiiniin ilk
pargasi gergekleserek iki farkli ¢ikti {iretmektedir. S1 ile
isimlendirilen ¢ikt1 konvoliisyon isleminden elde edilen
¢iktl, P1 ise maksimum havuzlama isleminden sonra elde
edilen c¢iktidir. Kodlayict boliimiiniin ikinci, ligiincii ve
dordiincii pargalarinda da sirastyla S2, P2, S3, P3 ve S4, P4
ciktilar1 elde edilmektedir. S2, S3 ve S4 c¢iktilar
konvoliisyon islemlerinden elde edilen ¢iktilar olurken, P2,
P3 ve P4 ¢iktilart maksimum havuzlama islemlerinden elde
edilen ciktilar olmaktadir. Kodlayici bolimiiniin her
pargasinda maksimum havuzlama igleminden elde edilen
ciktilar bir sonraki pargaya iletilmektedir. Kodlayici
bolimiinden sonra orta boliimde konvoliisyon islemi
uygulanir ve burada elde edilen ¢ikt1 ile kodlayic
katmaninin doérdiincii pargasinda konvoliisyon islemi ile
elde edilen ¢ikt1 ¢dziicii katmanin ilk pargasina girdi olarak
verilir. Daha sonra girdilere sirastyla yukari 6rnekleme,
dikkat mekanizmasi ve konvoliisyon islemi uygulanir.
Dikkat mekanizmasi ¢oziicli katmaninin yalnizca ilk iki
boliimiinde kullanilmaktadir. Bu islemler sirasiyla ¢oziicii
bolimiindeki tiim parcalarda gergeklestirilir. Sonug olarak
(64 x 64 x 4) boyutlarinda ¢ikt1 elde edilmektedir. Calisma
kapsaminda aktivasyon fonksiyonu olarak ara katmanlarda
Relu ¢ikis katmaninda ise softmax tercih edilmistir. Relu
ve softmax tercih edilme sebebi literatiirdeki ¢aligmalarda
yogun olarak kullanilmasidir.
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Beyin MR Gériintiileri (64 x 64 x 3)
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Sekil 7. Gelistirilen dikkat mekanizmali u-net modeli
(Developed u-net model with attention mechanism)

Model iizerinde egitim gergeklestirilirken BRATS veri
setinin 2018, 2019 ve 2020 versiyonlar1 kullanilmaktadir.
Test asamasinda ise BRATS veri setinin 2017 versiyonu
kullanilmaktadir.

4.1.2. U-net modeli (U-net model)

Caligma kapsaminda gelistirilen u-net modeli Sekil 8’de
gosterilmistir. Ik olarak modele 3 farkli modalite
¢esidinden olusan veri girdi olarak verilmektedir. Daha
sonra 4 parcadan olusan kodlayici boliimiiniin her bir
parcasi gergekleserek iki farkli ¢iktr iiretmektedir. S1, S2,
S3 ve S4 ile isimlendirilen ¢iktilar konvoliisyon isleminden
elde edilen ¢iktilari, P1, P2, P3 ve P4 ile isimlendirilen
¢iktilar ise maksimum havuzlama igleminden sonra elde
edilen ¢iktilar1 ifade etmek igin kullanilmaktadir.
Kodlayict  bolimiiniin - her pargasinda maksimum
havuzlama isleminden elde edilen c¢iktilar bir sonraki
parcaya iletilmektedir. Kodlayic1 béliimiinden sonra orta
boéliimde konvoliisyon iglemi uygulanir, bu bolimdeki ¢ikti
B1 ile isimlendirilmektedir. Orta boliimde elde edilen ¢ikti
ile kodlayic1 katmaninin dordiincii par¢asinda konvoliisyon
iglemi ile elde edilen ¢ikt1 ¢oziicli katmanmn ilk pargasina
girdi olarak verilir. Daha sonra girdilere yukar1 érnekleme
ve konvoliisyon iglemi uygulanir. Bu islemler sirasiyla
¢ozlicli bolimiindeki tiim pargalarda gergeklestirilir. Sonug
olarak (64 x 64 x 4) boyutlarinda ¢ikt1 elde edilmektedir.
Calisma kapsaminda aktivasyon fonksiyonu olarak ara
katmanlarda Relu ¢ikis katmaninda ise softmax tercih
edilmistir. Relu ve softmax tercih edilme sebebi
literatlirdeki ¢aliymalarda yogun olarak kullanilmasidir.

Sekil 8. Gelistirilen u-net modeli
(Developed u-net model)

Model iizerinde egitim gergeklestirilirken BRATS veri
setinin 2018, 2019 ve 2020 versiyonlar1 kullanilmaktadir.
Test agamasinda ise BRATS veri setinin 2017 versiyonu
kullanilmaktadir.

4.1.3. Topluluk 6grenimi modeli (Ensemble learning model)

Calisma kapsaminda gelistirilen dikkat mekanizmali u-net
ve u-net modellerinden elde edilen ¢iktilar ile topluluk
6grenimi modeli olusturulmaktadir. Sekil 9’da topluluk
Ogrenimi modeli gosterilmektedir. Dikkat mekanizmali u-
net ve u-net modellerinin egitim iglemi tamamlandiktan
sonra agirlik dosyalart ile model agirliklart yeniden
yiiklenerek olusturulan ortalama katmanina ¢iktilar
iletilmektedir. Ortalama katmaninda her bir modelin her
bir smf icin yaptigr olasilik tahminlerinin ortalamasi
almarak sonug tahmin ¢iktisi iiretilmektedir. Bu sekilde her
iki modelin de snif tahminine katki yaptigi topluluk
O0grenimi modelinde basari orani modellerin bireysel
basarilarindan daha iyi olmaktadir.

|Beyi11 MR Gorimmtiileri (64 < 64 x 3) I

(6a. 64. 4\ /(64_ 64. 4>

Sekil 9. Topluluk 6grenimi modeli mimarisi
(Architecture of ensemble learning model)
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5. SONUCLAR VE TARTISMA (RESULTS AND DISCUSSION)

Literatiirde BRATS veri setleri kullanilarak yapilan birgok
calisma bulunmaktadir. Bu ¢alisma kapsaminda beyin
timor segmentasyonu ile ilgili yapilan giincel ¢calismalarin
incelenmesi  sonucunda BRATS  veri  setlerinin
kullanilmasina karar verilmistir. Derin 6grenme tabanlt
mimariler beyin tiimor segmentasyonu konusunda en ¢ok
kullanilan yontemlerden biridir, siklikla kullanilan
mimarilerden birisi de u-net mimarisidir [38]. Beyin tiimor
segmentasyonu doktorlara tiimérlerin yerini ve boyutunu
dogru bir sekilde tanimlama olanagi tanidigr igin kritik bir
islemdir [39]. Medikal alanda yapilan segmentasyon
¢aligmalarimin degerlendirilmesi sonucunda u-net tabanli
model  mimarilerinin  yogun olarak  kullanildig:
goriilmiistiir. Bu kapsamda u-net tabanli modeller ile
deneysel calismalar yapilmaktadir.

5.1. Veri On Islemleri (Data Preprocessing)

Veri 6n isleme adimi yapay zeka projelerinin en temel ve
en Onemli adimidir. Bu adimda makine 6grenmesi
modellerine girdi olarak verilecek olan veri seti tizerinde
cesitli islemler yapilarak verinin model igin hazir hale
getirilmesi saglanir. Ayni zamanda bu adimda yapilacak
islemler makine 6grenmesi modellerinin basar1 oranlarini
dogrudan etkilemektedir.

5.1.1. Veri seti versiyonlarinin segilmesi (Dataset versions
selection)

Calisma kapsaminda BRATS wveri setinin 4 farkl
versiyonu kullanilmaktadir. Bu versiyonlardan 2017
versiyonu test igin ayrilmistir. 2018, 2019 ve 2020
versiyonlarindan hangi kombinasyonun kullanilacagina
karar vermek i¢in ise 40 adimlik temel bir u-net modeli ile
testler yapilmistir. 2018, 2019 ve 2020 versiyonlarinin
olas1 tiim kombinasyonlari ile ayn1t model 40 adim olacak
sekilde egitilmistir. Egitim sonuglar1 tablo 1’ de
gosterilmektedir. Yapilan testler sonucunda en basarili
performanst 2018, 2019 ve 2020 versiyonlarinin
bulundugu kombinasyon sagladigt icin 3 versiyon da
egitim verisi olarak segilmistir.

Tablo 1. Farkli veri seti kombinasyonlari ile elde edilen

sonug tablosu
(Result table obtained with different data set combinations)

Veri Seti Adim Egitim Dogrulama
Kombinasyonu Sayist Ortalama Ortalama Zar Skoru
Zar Skoru

2018 40 0,5160 0,5022

2019 40 0,4280 0,4177

2020 40 0,5986 0,4336

2018 - 2020 40 0,7763 0,7150

2018 - 2019 40 0,7814 0,7184
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2019 - 2020 40 0,7824 0,7382

5.1.2. Modalite dilimlerinin sec¢ilmesi (Selection of modaliy
slices)

Calisma kapsaminda kullanilan BRATS veri setine ait tim
versiyonlarda her bir modalite cesidi (240x240x155)
boyutlarindan olugmaktadir. 155 adet dilimden olusan
beyin MR goriintiilerine karsilik gelen segmentasyon
goriintiisii incelendiginde etiketli piksellerin biiylik bir
cogunlugunu arka plan sinifinin olusturdugu goriilmiistiir.
Tablo 2’de segmentasyon goriintiilerindeki belirli dilim
araliklarinda simiflarin bulunma oranlart paylagilmustir.

Tablo 2. Segmentasyon goriintiileri dilim araliklarinin

siniflar1 bulundurma oranlar1
(Classification rates of slice intervals in segmentation images)

Dilim Arka Artirilmis Timér Tim
Plan Timor Cekirdegi Tumor
0-15 1,0 0 0 0
15-30 0,99 0 0 0
30-45 0,99 0,0008 0,0021 0,0008
45-60 0,98 0,0037 0,0085 0,0036
60-75 0,97 0,0059 0,0145 0,0054
75-90 0,9705 0,0067 0,0171 0,0055
90-105 0,9758 0,0056 0,0143 0,0041
105-120 0,9876 0,0028 0,0076 0,0018
120-135 0,9968 0,0007 0,0021 0,0003
135-143 0,9998 0 0,0001 0
143-155 1,0 0 0 0

Makine 6grenmesi modellerinde dengesiz sinif problemi
modelin basarisini  olumsuz yonde etkilemektedir.
Dengesiz sinif dagilimi problemininin modeller {izerindeki
negatif etkisini azaltmak i¢in yukar1 6rnekleme veya asagi
ornekleme yontemi kullanilmaktadir. Segmentasyon
goriintiilerinde arka plan sinifi diger siniflara oranla daha
fazla bulunmaktadir.
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Tablo 3. Orjinal veri seti ile agsagi 6rnekleme uygulanan

veri setinin sinif oranlariin karsilagtiriimasi
(Comparison of class ratios of the original data set and the downsampled

data set)
Arka Plan | Artirilmis Timor Tim
Sinifi Timor Simifi | Cekirdegi | Timor
Bulunma Bulunma Sinifi Sinifi
Orani Orani Bulunma | Bulunma
Orant Orant
Orjinal Veri | 0,9888 0,0025 0,0064 0,0021
Seti
Asagi 0,9865 0,0031 0,0078 0,0025
Ornekleme
Yo6ntemi
Uygulanan
Veri Seti

Tablo 3’te orjinal veri setinde arka plan sinifinin ¢ogunlugu
olusturdugu goriilmektedir. Bu sebeple dengesiz simif
dagilimi  problemi olugsmaktadir. Tablo 2’de 0-15
arasindaki dilimlerin ve 143-155 arasindaki dilimlerin
yalnizca arka plan sinifint igerdigi gortilmektedir. Arka
plan smifinin ¢ogunlukta oldugu dengesiz sinif dagilimi
problemini ¢ézmek igin 0-15 arasindaki tiim dilimler ve
143-155 arasindaki tiim dilimler veri setinden ¢ikarilarak
asag1 6rnekleme yontemi uygulanmustir. Tablo 4’te asagi
ornekleme yonteminin 10 adimlik temel u-net modeline
yaptig1 katki gosterilmistir.

Tablo 4. Orjinal veri seti ve agagi 6rnekleme yontemi
uygulanmig veri setleri ile elde edilen model basari

oranlart
(Model success rates obtained with the original data set and data sets
with downsampling method applied)

Dilim Adim Ortalama Egitim Zar | Ortalama

Aralig Sayisi Skoru Dogrulama Zar
Skoru

0-155 10 0.6213 0.6031

15-143 10 0.6345 0.6341

5.1.3. Modalite cesitlerinin segilmesi (Selection of modality
types)

Calisma kapsaminda kullanilan BRATS veri seti
versiyonlarinda Flair, T1, T1-CE ve T2 olmak iizere 4
farkli modalite ¢esidi bulunmaktadir. Egitim asamasinda
hangi modalite kombinasyonunun daha iyi sonug verdigini
tespit edebilmek i¢in temel bir u-net modeli ile 10 adimhik
testler yapilmstir.
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Tablo 5. Farkli modalite kombinasyonlarinin 10 adimlik
temel u-net modelinde gostermis olduklari performans

degerleri
(Performance values of different modality combinations in the 10 step
basic u-net model)

Modalite Kombinasyonu | Kayip Skoru Ortalama  Egitim
Zar Skoru
Flair 0,0039 0,3346
T1 0,0066 0,2280
T1-CE 0,0057 0,2326
T2 0,0054 0,1211
Flair, T1-CE 0,0034 0,4659
Flair, T1 0,0036 0,3750
Flair, T2 0,0039 0,3463
T1, T1-CE 0,0052 0,3302
T1,T2 0,0051 0,1861
T2, T1-CE 0,0048 0,3430
Flair, T1, T1-CE 0,0033 0,5111
Flair, T1, T2 0,0037 0,3715
Flair, T1-CE, T2 0,0033 0,4828
T1, T1-CE, T2 0,0047 0,3650
Flair, T1, T1-CE, T2 0,0031 0,5093

Tablo 5’te yapilan testler gosterilmektedir. Elde edilen
sonuglarda Flair, T1 ve T1-CE modalite kombinasyonunun
hem kayip skorunda hem de ortalama egitim zar skorunda
diger kombinasyonlara oranla daha iyi sonug elde ettigi
goriilmektedir.

5.1.4. Ozellik élceklendirme (Feature scaling)

Ozellik o6lgeklendirme yontemleri makine Ogrenmesi
calismalarinda siklikla bagvurulan veri 6n islemlerinden
birisidir. Caligma kapsaminda farkli 6zellik 6l¢eklendirme
yontemleri ile 10 adimlik temel u-net modeli egitilerek
ozellik oOlceklendirme yontemlerinin modellere yaptigi
katkilar arastirilmustir.  Tablo 6’da  farkli  ozellik
Olceklendirme  yontemleri  ile  yapilan  testler
gosterilmektedir.
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Tablo 6. Farkl 6l¢eklendirme yontemleri ile yapilan test

sonuglari
(Test results made with different scaling methods)

Adim Ortalama Ortalama
Sayist Egitim  Zar | Dogrulama Zar
Skoru Skoru

Olgeklendirme 10 0,3138 0,3120
Kullanilmadan
Minimum 10 0,6692 0,6684
Maksimum
Olgeklendirme
Standardizasyon 10 0,6389 0,6336

Tablo 6’da elde edilen test sonuclar1 neticesinde ¢alisma
kapsaminda minimum maksimum 6l¢eklendirme yontemi
kullanilmastir.

5.1.5. Goriintii esikleme (Image thresholding)

Calisma kapsaminda modelin basari oranini artirmak igin
Sifira Esikle goriintii esikleme yontemi uygulanmustir.
Uygulanan bu goriintii esikleme uygulamasinda bir esik
deger belirlenmektedir. Belirlenen bu esik degerden biiyiik
olan piksel degerleri sabit kalirken, esik degerden kiigiik
olan piksel degerleri belirlenen bir deger ile yer
degistirmektedir. Beyin MR goriintiisii segmentasyon
probleminde tiimorlii alana daha ¢ok yogunlasabilmek igin
goriintll esikleme yontemi ile tiimdrli bolgenin 6n plana
cikmast saglanmistir. Ayni  zamanda farkli timor
smiflaria ait 6zellik degerleri sabit birakilarak modelin
smif bazli 6zellik degerlerini kaybetmemesi saglanmustir.
Sekil 10’da goriintii esikleme uygulanmadan 6nce ve
uygulandiktan sonraki MR goriintiileri gosterilmektedir.
Sekil 11°de ise goriintii esikleme uygulandiktan sonra elde
edilen MR goriintiisii ile ayn1 goriintiiye karsilik gelen
uzmanlar tarafindan etiketlenerek segmentasyonu yapilmis
MR goriintiisii arasindaki benzerlik gdsterilmektedir.

Orjinal Goriintd Esikleme Uygulamasi Sonrasi Orjinal Gorlintd

100 100

150 150

200 200

0 50 100 150 200 0 0 100 150 200

Sekil 10. Goriintii esikleme uygulamasi sonrasinda elde
edilen goriintii ile orjinal goriintii arasindaki farklar
(Differences between the image obtained after image thresholding
application and the original image)
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Esikleme Uygulamasi Sonrasi Orjinal Goruntu Segmentasyon Gorlntust
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Sekil 11. Goriintii esikleme uygulamasi sonrasi elde
edilen goriintii ile segmentasyon goriintlisii arasindaki

benzerlik
(Similarity between the image obtained after image thresholding
application and the segmentation image)

5.2. Dikkat Mekanizmali U-net Modeli (Attention U-net Model)

Calisma kapsaminda kullanilan veri seti toplamda 4
simiftan olusmaktadir. Smiflardan biri arka plani ifade
ederken diger 3 sinif timor cesitlerini ifade etmektedir.
Egitilen modelin basarisini test etmek igin 4 sinifin zar
skorlarmin ortalamasina ek olarak 3 smuf (hekrotik, 6dem,
artirilmig) ayrica incelenmistir. EK olarak modelin
bagarisin1 test etmek amaciyla literatiirde farkli simif
kiimelerini temsil etmek i¢in kullanilan TT, CT ve AT
kiimeleri de kullanilmistir. TT kiimesi artirilmig, 6dem ve
nekrotik smiflarmi, CT kiimesi artirllmis ve nekrotik
siniflarini, AT kiimesi ise artirllmis sinifin1 igermektedir.
Model egitim asamasinda kullanilan kategorik capraz
entropi kayip skoru da model performansii dlgmek igin
kullanilmistir. 100 devir sonunda %87,33 egitim ortalama
zar skoruna ulagilirken %82,73 dogrulama ortalama zar
skoruna ulasilmistir. Test veri seti ile yapilan testlerde
nekrotik, 6dem ve artirilmig siniflari igin sirasiyla %69,56,
%86,58 ve %72,83 zar skoru elde edilirken, arka plan sinifi
icin ise % 99,93 zar skoru elde edilmistir. Ek olarak TT,
CT ve AT smf kiimeleri igin sirastyla, %76,32, %71,19,
%72,83 zar skoru elde edilmistir. Sekil 12°de 100 devir
sonunda egitim ortalama zar skoru ve dogrulama ortalama
zar skoru i¢in elde edilen grafik gosterilmektedir.

Sekil 12. Dikkat mekanizmali U-net modeli egitim ve
dogrulama ortalama zar skoru

(Training and validation of u-net model with attention mechanism
average dice score)
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Sekil 13’te 6dem smifimin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %91,40
egitim ddem sinifi zar skoru ve %85,94 dogrulama 6dem
sinifi zar skoru elde edilmistir.

— Egitm Bdem Sinihs Zar Skoru
09 — Dogrulama Gdem Sauh Zas Skoru

AN

Py

Sekil 13. Dikkat mekanizmali u-net modeli egitim ve

dogrulama 6dem simifi zar skoru
(Training and validation of u-net model with attention mechanism
edema class dice score)

Sekil 14’te artirtlmuig simfinin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %77,65
egitim artirllmig simifi zar skoru ve %71,20 dogrulama
artirllmig sinifi zar skoru elde edilmistir.

o @ & @ 100

Sekil 14. Dikkat mekanizmali U-net modeli egitim ve

dogrulama artirilmig siifi zar skoru
(Training and validation of u-net model with attention mechanism
enhancing class dice score)

Sekil 15’te nekrotik smifinin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %80,29
egitim nekrotik smifi zar skoru ve %73,83 dogrulama
nekrotik sinifi zar skoru elde edilmistir.

Sekil 15. Dikkat mekanizmali U-net modeli egitim ve
dogrulama nekrotik sinifi zar skoru
(Training and validation of u-net model with attention mechanism
necrotic class dice score)
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Sekil 16°da dikkat mekanizmali u-net modelinin 100 devir
sonundaki kategorik capraz entropi kayip skoru
performansi gosterilmektedir. 100 devir sonunda 0,0061
egitim kayip skoru ve 0,0137 dogrulama kayip skoru elde
edilmistir.

Sekil 16. Dikkat mekanizmali u-net modeli egitim ve

dogrulama kayip skoru
(Training and validation of u-net model with attention mechanism loss
score)

Sekil 17°de ornek bir test verisinin rastgele bir dilimi
secilerek bu dilim iizerindeki gergek segmentasyon
goriintiisti ile tahmin edilen segmentasyon goriintiisii
paylasilmaktadir.

Gercek Segmentasyon Goruntusu Tahmin Edilen Segmentasyon Goruntusu
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Sekil 17. Dikkat mekanizmali u-net modeli tahmin edilen
segmentasyon goriintiisii ile gercek segmentasyon

goriintiistinlin karsilagtiritlmasi
(Comparison of the u-net model predicted segmentation image with
attention mechanism and the actual segmentation image)

Dikkat mekanizmali u-net modelinin egitim ve dogrulama
sonuclarma ait grafikler incelendiginde dogrulama
sonuglarinin egitim sonuglarindan bir miktar geride kaldig1
goriilmektedir. Dengesiz sinif dagilimi problemi mevcut
veri setinde tam anlamiyla ¢oziilemedigi i¢in model arka
plan smifina daha fazla agirlik vermektedir. Bu sebeple de
modelin dogrulama sonuglar egitim sonuglarina oranla bir
miktar geride kalmaktadir fakat Sekil 12 ve Sekil 17
incelendiginde modelin test verisi ile yaptig1 tahminin
gergek degerler ile benzer oldugu goriilmektedir. Dikkat
mekanizmali u-net modeli test verisi tizerinde basarili bir
performans  gostermektedir,  ezberleme  problemi
olusmamaktadir.
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5.3. U-net Modeli (U-net Model)

Modelin basarisint test etmek amaciyla sirasiyla ortalama
zar skoru, artirllmus sinifi zar skoru, 6dem sinifi zar skoru
ve nekrotik smifi zar skoru kullanilmustir. Ek olarak model
egitim asamasinda kategorik capraz entropi kayip skoru
kullanilmistir. 100 devir sonunda %86,32 egitim ortalama
zar skoruna ulasilirken %81,61 dogrulama ortalama zar
skoruna ulasilmistir. Test veri seti ile yapilan testlerde
nekrotik, 6dem ve artirilmig siniflari i¢in sirasiyla %70,24,
%84,26 ve % 66,03 zar skoru elde edilirken arka plan sinifi
icin %99,92 zar skoru elde edilmistir. TT, CT ve AT sinif
kiimeleri igin sirastyla, %73,51, %68,13, %66,03 zar skoru
elde edilmistir. Sekil 18’de 100 devir sonunda egitim
ortalama zar skoru ve dogrulama ortalama zar skoru i¢in
elde edilen grafik gosterilmektedir.

] ] L] 60 L] 100

Sekil 18. U-net modeli egitim ve dogrulama ortalama zar

skoru
(Training and validation of u-net model average dice score)

Sekil 19°da 6dem smifinin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %91,01
egitim 6dem sinifi zar skoru ve %85,52 dogrulama 6dem
sinifi zar skoru elde edilmistir.

Sekil 19. U-net modeli egitim ve dogrulama 6dem sinifi

zar skoru
(Training and validation of u-net model edema class dice score)
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Sekil 20’de artirilmis siifinin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %77,22
egitim artirllmis sinifi zar skoru ve %68,38 dogrulama
artirllmig siifi zar skoru elde edilmistir.

8 st At S Zar o
— Doruama At S Zar Sk

Sekil 20. U-net modeli egitim ve dogrulama artirilmis

sinifi zar skoru
(Training and validation of u-net model enhancing class dice score)

Sekil 21’de nekrotik simifinin 100 devirlik zar skoru
performansi gosterilmektedir. 100 devir sonunda %79,28
egitim nekrotik smifi zar skoru ve %72,60 dogrulama
nekrotik sinifi zar skoru elde edilmistir.

08 { — Egstim Nekronk Smufi Zar Skorw
= Doérlama Nekroti Smifi Zar Skoru

Sekil 21. U-net modeli egitim ve dogrulama nekrotik

sinifi zar skoru
(Training and validation of u-net model necrotic class dice score)

Sekil 22°de u-net modelinin 100 devir sonundaki zar kayip
skoru performansi gosterilmektedir. 100 devir sonunda
0,0063 egitim kayip skoru ve 0,0125 dogrulama kayip
skoru elde edilmistir.
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— Egitim Kayp Skoru
006 — Dogrulama Kayip Skoru

Sekil 22. U-net modeli egitim ve dogrulama kayip skoru
(Training and validation of u-net model loss score)

Sekil 23’te ornek bir test verisinin rastgele bir dilimi
secilerek bu dilim iizerindeki gercek segmentasyon
gOrilintiisii ile tahmin edilen segmentasyon goriintiisii
paylasilmaktadir.

Gercek Segmentasyon Gorlntsi Tahmin Edilen Segmentasyon Gorintusi
0

40

60

‘ L/

100

80

100

120 120

0 20 40 60 80 100 120 0 20 40 60 80 100 120

Sekil 23. U-net modeli tahmin edilen segmentasyon
gOriintiisi ile gercek segmentasyon goriintiisiiniin
karsilastiriimasi

(Comparison of the u-net model predicted segmentation image and the
actual segmentation image)

5.4. Topluluk Ogrenimi Modeli (Ensemble Learning Model)

Sekil 24°te topluluk 6grenimi modeli ile 6rnek bir test
verisinin bir dilimi {izerinde yapilan test gosterilmektedir.
Gercek segmentasyon goriintiisii ile topluluk 6grenimi
modelinin  yaptigt tahminleri igeren segmentasyon
gorilintiisii karsilagtirilmistir.
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Sekil 24. Topluluk &grenimi modeli tahmin edilen
segmentasyon goriintiisii ile gercek segmentasyon

goriintiisliniin karsilagtiritlmasi
(Comparison of the ensemble learning model predicted segmentation
image and the actual segmentation image)

Topluluk  6grenimi  modeli  olusturulurken  dikkat
mekanizmali u-net ve u-net modellerinin ¢iktilarindan
faydalanilmistir. Dikkat mekanizmali u-net ve u-net
modelleri egitilip agirlik dosyalar1 kaydedildikten sonra
topluluk 6grenimi modeli olusturulurken kullanilmistir ve
test asamasmnda BRATS2017 wveri seti ile testler
yapilmustir. Yapilan testlerde topluluk 6grenimi modeli ile
ortalama zar skoru, arka plan sinifi zar skoru, nekrotik
sinifi zar skoru, 6dem sinifi zar skoru ve artirilmig sinifi zar
skoru i¢in sirastyla %87,33, %99,96, %81,74, %91,57,
%76,03 zar skoru elde edilmistir. Ek olarak TT, CT ve AT
siif kiimeleri i¢in sirasiyla %83,11, %78,88, %76,03 zar
skoru elde edilmistir. Kayip skoru olarak ise 0,0063 elde
edilmistir.

Tablo 7, dikkat mekanizmali u-net ve u-net modellerine ait
egitim skorlarini igermektedir. Ayni veri seti ile egitilen iki
modelin  egitim asamasindaki elde ettigi skorlar
kiyaslandiginda dikkat mekanizmali u-net modelinin u-net
modelinden daha iyi sonuglar verdigi goriilmektedir. iki
model nekrotik, artirilmis ve 6dem tiimér siiflart bazinda
incelendiginde en biiylik fark 0,1496 ile nekrotik sinifi zar
skorunda, en kiigiik fark ise 0,0665 ile 6dem sinifi zar
skorunda elde edilmistir.

Tablo 7. Dikkat mekanizmali u-net ve u-net modellerine

ait egitim skorlar1
(Training scores of u-net and u-net models with attention mechanism)

Dikkat mekanizmali | U-net
u-net
Egitim Ortalama Zar 0,8733 0,8687
Skoru
Egitim Arka Plan 0,9996 0,9996
Sinifi Zar Skoru
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Egitim Nekrotik Smifi | 0,8029 0,7928
Zar Skoru

Egitim Odem Siifi 0,9140 0,9101
Zar Skoru

Egitim Artirilmig 0,7765 0,7722
Sinifi Zar Skoru

Egitim TT Skoru 0,8311 0,8250
Egitim CT Skoru 0,7897 0,7825
Egitim AT Skoru 0,7765 0,7722
Egitim Kayip Skoru 0,0061 0,0063
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Tablo 9°da dikkat mekanizmali u-net, u-net ve topluluk
Ogrenimi modellerine ait test skorlar1 paylasilmaktadir.
Test skorlar1 incelendiginde dikkat mekanizmali u-net
modeli nekrotik sinifi hari¢ diger tiim smiflarda u-net
modelinden daha iyi performans gostermistir. Birbirlerine
farkli siniflar bazinda ustiinliik kuran iki farkli model ile
olusturulan topluluk 6grenimi modeli tiim skorlarda dikkat
mekanizmalt u-net ve u-net modellerinden istiin bir
performans gostermistir. 3 model TT, CT ve AT sif
kiimelerine ait zar skorlar1 bazinda incelendiginde, dikkat
mekanizmali u-net modeli, u-net modelinden belirgin bir
sekilde daha iyi performans gosterirken, topluluk dgrenimi
modeli yiiksek bir farkla iki modelden de daha iyi bir
performans gostermistir.

Tablo 9. Dikkat mekanizmali u-net, u-net ve topluluk

ogrenimi modellerine ait test skorlari
(Test scores of u-net and u-net models with attention mechanism)

Tablo 8, dikkat mekanizmal1 u-net ve u-net modellerine ait .
dogrulama skorlarin1 igermektedir. 1ki modele ait lekat. U-net TQPIUI.UK.
< . i .. . mekanizmali u- Ogrenimi
dogrulama sonuglar1 incelendiginde tiim skorlarda dikkat net Modeli
mekanizmali u-net modeli dogrulama sonuglarinin u-net
modeli dogrulama sonuglarina oranla daha yiiksek oldugu Test Ortalama | 0.8222 08011 | 08733
goriilmektedir. ki model nekrotik, artirilmig ve 6dem Zar Skoru ’ ' '
timor siniflar1 bazinda incelendiginde en biiyiik fark
0,0282 ile artirilmig sinifi zar skorunda, en kiigiik fark ise Test Arka Plan | 0,9993 0,9992 | 0,9996
0,0042 ile 6dem sinifi zar skorunda elde edilmistir. Dikkat Sinifi Zar
mekanizmali u-net modeli hem egitim skorlarinda hem de Skoru
dogrulama skorlarinda u-net modeline gore daha iyi
performans gostermistir. Test Nekrotik 0,6956 0,7024 | 0,8174
Tablo 8. Dikkat mekanizmali u-net ve u-net modellerine gﬁggzar
ait dogrulama skorlar1
(\Validation scores of u-net and u-net models with attention mechanism) Test Odem 0,8658 08426 | 09157
Dikkat U-net Sinifi Zar
mekanizmali Skoru
u-net
Test Artirtlmis | 0,7283 0,6603 | 0,7603
Dogrulama Ortalama Zar 0,8273 0,8161 Sinifi Zar
Skoru Skoru
Dogrulama Arka Plan Simifi 0,9993 0,9993 Test TT Skoru | 0,7632 0,7351 | 0,8311
Zar Skoru
Test CT Skoru | 0,7119 0,6813 | 0,7888
Dogrulama Nekrotik Sinifi Zar | 0,7383 0,7260
Skoru Test AT Skoru | 0,7283 0,6603 | 0,7603
Dogrulama Odem Sinufi Zar 0,8594 0,8552 Test Kay1p 0,0144 0,0147 0,0063
Skoru Skoru
Dogrulama Artirilmig Sinifi 0,7120 0,6838
Zar Skoru Tablo 10’da literatiirde gergeklestirilen ¢aligmalarin
sonuclari ile onerilen modelin sonuglar1 paylasilmaktadir.
Dogrulama TT Skoru 0,7699 0,7550 Onerilen topluluk 6grenimi modeli ile literatiirde
B gerceklestirilen calismalar karsilastirildiginda Onerilen
Dogrulama C'T Skoru 07251 0,7049 modelin sonuglarinin literatiirde gergeklestirilen bazi
B calismalarin sonuglarmn1 yakaladigi goriilirken bazi
Dogrulama AT Skoru 0.7120 0,6838 caligmalar ise daha istiin performans gostermektedir.
j Literatiirde gergeklestirilen c¢aligmalar TT smifinda
Dogrulama Kayip Skoru 0,0137 0,0125 Onerilen modelden genel olarak daha iyi performans

gosterirken CT ve AT smiflarinda Onerilen model
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literatiirdeki bazi ¢alismalardan daha {istiin performans
gostermektedir. Bu durum gergeklestirilen c¢aligmanin
literatiirdeki  sonucglart  destekler nitelikte oldugunu
gostermektedir.

Tablo 10. Literatiirde gergeklestirilen galigmalarin

sonuglari ve 6nerilen model ile elde edilen sonug
(The results of the studies carried out in the literature and the result
obtained with the proposed model)
BRATS TT CT AT
Veri  Seti
Versiyonu
Tam 2017
Evrisimli Ag
[34]
Kademeli
Anizotropik
Evrisimsel
Sinir Agi1 [35]
Cift Akis
Kod Cozmeli
U-net [2]
Capraz
Modaliteli
Derin Ozellik
Ogrenme
Cercevesi
[10]
Ortak
Ogrenmeye
Dayali
Ozellik
Yeniden
Yapilandirma
ve Gelistirme
Yontemi [1]
Derin
Evrisimsel
Sinir  Aglar
[15]
Ardisgtk 3D
U-net [36]
Siiper Ozellik
Metrik U-net
[23]
Gelistirilmis
Ozellikli
Nesil ve Cok
Modlu
Fiizyon
Tabanl
Derin
Ag1 [26]
Kanallar
Arast Dikkat
Mekanizmali
Kalint1 U-net
[27]
Onerilen
Model

0,8760 0,7630 0,6420

2017 0,9050 0,8378 0,7859

2018 0,8986 0,8388 0,7837

2017 0,8900 0,8230 0,7620

2018 0,8628 0,7702 0,5964

2018 0,9000 0,8300 0,8300

2017 0,8820 0,7320 0,7300

2019 0,8304 0,7625 0,8048

2018 0,8290 0,7490 0,5910

Sinir

2017 0,8720 0,7960 0,7810

2017 0,8311 0,7888 0,7603

6. SONUC

Bu ¢aligmada, derin 6grenme yontemlerinin performansini
degerlendirmek amaciyla ¢esitli testler yapilmistir.
Gergeklestirilen galismada BRATS veri setinin 2018, 2019
ve 2020 versiyonlar1 egitim asamasinda, 2017 versiyonu
ise test agamasinda kullanilmistir. Calisma kapsaminda
asag1 ornekleme, 6zellik olgeklendirme ve goriintii isleme
gibi veri 6n isleme yontemleri uygulanmistir. Egitim
asamasinda kullanilacak veri setine karar vermek igin
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temel bir u-net modeli {izerinde veri seti versiyonlarinin
tim kombinasyonlar1 ile testler yapilmistir. Modalite
dilimleri secilirken dengesiz sinif dagilimi gozetilerek
ornekler icerisinde fazla sayida bulunan sinifi azaltacak
sekilde asagi ornekleme yotemi uygulanmistir. Modalite
grubu segilirken modalite tiirlerinin tim kombinasyonlari
ile temel u-net modeli kullanilarak testler yapilmistir. Veri
seti icerisindeki farkli Orneklerin birbirine stiinliik
kurmasii engellemek i¢in minimum-maksimum &zellik
Olceklendirme yontemi kullanilmigtir.  Sifira Egikle
goriintii esikleme yontemi ile beyin MR goriintiilerindeki
timor iceren bdlgelerin daha fazla goriiniir olmasi
saglanmigtir.  Veri seti iizerindeki On islemler
tamamlandiktan sonra dikkat mekanizmali u-net, u-net ve
topluluk 6grenimi modelleri olusturulmustur. Dikkat
Mekanizmali u-net ve u-net modelleri egitilirken BRATS
veri setinin 2018, 2019 ve 2020 versiyonlar1 kullanilmistir.
Egitilen dikkat mekanizmali u-net ve u-net modellerinin
agirliklart ile topluluk &grenimi modeli olusturulmustur.
Onerilen topluluk 8grenimi modeli ile egitilen iki modelin
her bir simf igin yaptigi tahmin olasilik degerlerinin
ortalamasi alinmistir. Egitilen modeller ve topluluk
Ogrenimi modellerinin basarilart veri kiimesi iizerinde test
edilmistir. Dikkat mekanizmali1 u-net, u-net ve topluluk
ogrenimi modelleri ile test veri kiimesi iizerinde sirasiyla
282,22, %80,11 ve %86,87 ortalama zar skoru orani elde
edilmistir. Ayrica dikkat mekanizmali u-net modeli ile test
veri seti izerinde TT, CT ve AT sinif kiimelerinde sirastyla
%76,32, %71,19, %72,83 zar skoru, u-net modeli ile test
veri seti lizerinde TT, CT ve AT sinif kiimelerinde sirasiyla
%73,51, %68,13, %66,03 zar skoru ve son olarak topluluk
6grenimi modeli ile test veri seti lizerinde TT, CT ve AT
sinif kiimelerinde sirasiyla %83,11, %78,88, %76,03 zar
skoru elde edilmistir. Literatiir ¢alismalarindan farkli
olarak modeller egitilirken veri setinin 2018, 2019 ve 2020
versiyonlart kullanilirken test asamasinda modellerin daha
once hi¢ gormedigi 2017 versiyonu ile testler yapilmigtir
ve farkli goriintii igleme teknikleri ile modelin daha kararlt
ve dogru caligmasi saglanmustir. Onerilen yontemin
dezavantaji arka plan sinifinin olusturdugu dengesiz sinif
dagilimi probleminin iistesinden yeteri kadar gelememesi
ve arka plan smifina daha fazla yogunlagmasidir.
Gelecekteki aragtirmalarda dengesiz veri seti dagilimi
problemini ¢ézmek igin yeni yoOntemlerin nasil
kullanilmas1 gerektigi konusu arastirilacaktir, ayrica
onerilen topluluk 6grenimi modelinin daha fazla egitilmis
model ile beslenmesi amaglanmaktadir.
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Abstract — With the development of technology, the variety and number of data held for any process has increased
exponentially. By processing and analyzing this data, it is possible to solve many problems. Selection of the most
appropriate team member and correct team formation in the activities carried out by the team are the factors that affect
the success and result of teamwork. For this reason, the problem of team member selection and team formation has become
one of the increasing research topics in recent years. Researchers from different disciplines are trying to develop tools,
techniques and methodologies to ensure a successful team building process. Machine Learning (ML) methods have
become one of the methods that have started to be used in team formation and team member selection problems in recent
years. The successful outcome of this problem depends on the correct collection and processing of data and the selection
of appropriate machine learning methods. The aim of this article is to present a systematic literature review of machine
learning methods applied in team formation and team member selection problems, and to show which machine learning
methods are applied in this field and their performance. Articles on the subject were searched in six scientific databases.
In addition to providing fundamental information about ML methods, this review also supports new research efforts on
team formation problems.

Keywords— team formation, player selection, machine learning, systematic literature review

Ekip Olusturma Sorunlarina Ydnelik Makine Ogrenimi
Uygulamalarma Iliskin Sistematik Bir Literatiir Taramasi

Ozet— Teknolojinin gelismesiyle birlikte herhangi bir siirece ait tutulan veri cesitliligi, veri sayis1 katlanarak artt1. Bu
verilerin iglenmesi ve analiz edilmesiyle bir ¢ok problemin ¢oziimii miimkiin olabilmektedir. Ekip tarafindan
gergeklestirilen faaliyetlerde en uygun ekip iiyesinin se¢imi ve dogru ekip olusumu ekip ¢aligmasi basarisini ve sonucunu
etkileyen unsurdur. Bu nedenle ekip iiyesi se¢imi, takim olusturma problemi son yillarda artan arastirma konularinda biri
olmustur. Farkli disiplinlerden aragtirmacilar, bagarili bir ekip olusturma siirecini saglayabilmek i¢in araglar, teknikler ve
metodolojiler gelistirmeye ¢aligmaktadirlar. Makine Ogrenmesi (ML) yéntemleri takim olusumu, ekip iiyesi secimi
problemlerinde son yillarda kullanilmaya baslayan yontemlerden biri olmustur. Bu problemin basarili sonucu verilerin
dogru bir sekilde toplanmasi, islenmesi ve uygun makine 6grenme yontemlerinin se¢cimine baglidir. Bu makalenin amaci
takim olusumu, ekip {iyesi se¢imi problemlerinde uygulanan makine 6grenme yontemlerinin sistematik bir literatiir
taramasin1 sunmak, bu alanda hangi makine 6grenme metodlarinin uygulandigini ve bunlarin performansini gostermektir.
Alt1 bilimsel veri tabaninda konuyla ilgili makaleler aragtirilmistir. Bu inceleme ML yontemleri hakkinda temel bilgiler
saglamanin yanisira takim olusumu problemlerinde yeni aragtirma ¢aligmalarin1 da desteklemektedir.

Anahtar Kelimeler — takim olusumu, oyuncu se¢imi, makine 6@renimi, sistematik literatiir taramasi
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1. INTRODUCTION

In addition to the activities that can be carried out
individually, there are activities planned to be carried out
by the team. When it comes to choosing the team members
who will carry out this activity among the alternatives, the
success and performance of the team will vary depending
on the choice. Team formation is crucial because team
success depends largely on the appropriate assignment of
team members to the teams [1]. Some teams could be more
effective than others, only because of the composition of
the characteristics of its members [2]. Attributes such as
communication  skills, teamwork experience, and
personality traits, are criteria that affect team effectiveness
and have an impact on team collaboration, efficiency and
productivity [1]. The assignment will need to be made
according to the characteristics of the candidate to be
selected for the task. Therefore, it is important to
implement and apply an effective technique to ensure (to
some extent) the optimal team composition [1]. Many
academic personnel have studied on to research novel
techniques and methodologies to solve this problem. Team
formation, which is not based on any basis and is based
solely on the selection of team members based on human
instinct, is an issue that is criticized for many reasons such
as loss of time, accuracy and effort. Therefore, demand and
orientation for methodology, techniques and tools that
enable team formation by identifying the best team
member is increasing recently.

Data production is increasing exponentially every day.
Using machine learning to extract information from this
data in different fields has been widely used in recent years.
Machine Learning algorithms and associated Atrtificial
Intelligence technologies are helpful in various fields such
as prediction and decision making [3]. ML approaches
have the ability to handle high dimensional and
multivariate data, and to extract hidden relationships within
data in complex and dynamic environments (such as,
industrial environments) [4]. Using the machine learning
approach in selecting the most suitable team member and
team building problems has become one of the popular
areas of study in recent years. The results show that
machine learning algorithms can be used for player
selection and team formation process [5]. However, the
success of these applications depends on which ML
technique is applied to which data and under which
conditions.

The purpose of this article is to present a Systematic
Literature Review (SLR) of articles whose topic is team
formation and team member/player selection using
machine learning techniques. This article serves as an
important resource on machine learning techniques, the
characteristics of the data involved in their use, problems
in implementation, and recent advances, inspiring new
research efforts on team formation and team member
selection.

The contents of other chapters of the article are given
below. Chapter 2 explains how SLR is implemented.
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Chapter 3 provides an overview of machine learning.
Chapter 4 includes considerations regarding the research
questions and brief information of the literature reviewed.
Finally, in chapter 5, the conclusions and contributions of
this article are presented.

2. LITERATURE REVIEW PLANNING PROTOCOL
2.1. Research Methodology

SLR is a process that allows the collection of relevant
evidence that meets predetermined eligibility criteria on a
particular topic and answers to formulated research
questions [6]. Although they are similar in general terms,
methodologies of systematic literature reviews may differ.
For this purpose, different methodologies have been
included and applied in many sources. In this article, the
five-stage steps for the research methodology suggested by
Petersen et al. [7] were applied. This systematic mapping
method proposed by Peterson et al. aims to provide an
overview of the area of interest, reduce systematic errors,
and increase the legitimacy of the analyzed data for more
reliable results [1], [7].

2.2. Search Strings

Keywords for search strings were selected based on words
commonly taking part in the literature. For the systematic
literature study, searches were made in 6 different online
databases containing publications in this field. These are
Scopus, IEEE, Web of Science, Ebsco (Academic Search
Ultimate), Science Direct, Springer Link databases. Since
database search functions work differently, search strings
have determined as follows.

* Scopus: Article title-abstract-keywords (“team
formation” AND “machine learning”) OR (“player
selection” and “machine learning”) OR (“player ranking”
and “machine learning”)

« IEEE: Abstract (“team formation” AND “machine
learning”) OR (“player selection” and “machine learning”)
OR (“player ranking” and “machine learning”)

* Web of Science: Abstract (“team formation” AND
“machine learning”) OR (“player selection” and “machine
learning”) OR (“player ranking” and “machine learning”)

* EBSCO (Academic Search Ultimate): Abstract or author-
supplied abstract (“team formation” AND “machine
learning”) OR (“player selection” and “machine learning”)
OR (“player ranking” and “machine learning”)

» Science Direct: Title, abstract or author-specified
keywords (“team formation” AND “machine learning”)
OR (“player selection” and “machine learning”) OR
(“player ranking” and “machine learning”)
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o Springer Link: (“team formation” AND “machine
learning”) OR (“player selection” and “machine learning”)
OR (“player ranking” and “machine learning”)

6 databases were searched. As a result of this search, 376
articles that fell within the search criteria were found. The
exclusion criteria specified in item 2.4 were applied to
these articles. It was determined that 28 articles were
appropriate for the subject of this article.

2.3. Research Questions

Research questions prepared for machine learning
applications in team formation problems are given below.
While determining the research questions, similar literature
studies on machine learning and the needs of new research
studies in this field were taken into considerations.

Q1) What are the current studies and research on team
formation problems using ML techniques?

Q2) What are the machine learning methods that are being
used on team formation/player selection problems?

Q3) What are the data/datasets used on machine learning
and what are their properties?

2.4. Screening of Papers for Inclusion & Exclusion

After examining publications obtained through the search
string search, only 28 articles were included in the
systematic literature review. Different criteria have been
created to determine articles suitable for the research topic
and objective. Criteria for inclusion and exclusion are set
out below.

Inclusion Criteria:
e Include papers related to team formation studies
using machine learning methods
e Include papers from 2000 (year)
¢ Include papers only in English language

Exclusion Criteria:

e  Papers containing team formation studies using
different methods other than machine learning

e Not relevant to the research questions

e  Papers in languages other than English

e Only one of the same publications in different
databases is taken into account and the others are
excluded.

2.4. Data Extraction & Mapping

All articles were reviewed and the information listed below
was extracted; title, author, year, keywords, country,
publication type, publisher, research type, used machine
learning methods, data source and type, study summary,
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contribution and future work proposal. These extracted
data were analyzed for the research questions given in the
previous sections.

3. MACHINE LEARNING FUNDAMENTALS

In daily life, people make many decisions. In which areas
they invest in different periods, which study subjects they
pursue, which school they prefer, etc. When making these
decisions, it may be difficult for them to make logical
decisions due to reasons such as not having access to the
correct information, not evaluating the correct information
in an appropriate and methodological way, being
influenced by their emotions, and missing details due to the
mass of data. At this stage, machine learning, which
models human thought structure and decision-making
ability, evaluates all situations, examines millions of data
very quickly and enables rational decisions to be made in a
very short time, is the solution for such problems. For
machine learning, it can be said that it is a developing
branch of computational algorithms designed to imitate
human intelligence [8], and it is the modeling of a problem
with an algorithm suitable for data [9], [10].

Machine learning involves many steps, starting from data
to applying the model. Below is the figure for this.

“l\h)HL al Dz
data i Model
selection pre-processing maintenance

Figure 1. Machine learning steps [4]

fodel \dgumn
training and
validation

One of the main factors affecting the results of machine
learning studies is working with the most appropriate and
accurate data set. Obtaining this data is the first step in
machine learning. The second step is the data
preprocessing step, where the data is converted and
processed into a suitable form for the ML model. Below
are some of these processes with examples.

e Data transformation,
e Data cleaning
e Data reduction

The third step consists of three main components. In model
selection, the appropriate model that can solve the problem
is selected. The next component is training the model based
on the data. In the last component, the model's potential to
represent the system is evaluated. The final step of machine
learning is model maintenance and includes checks and
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improvements to application performance that may change
over time.

4. RESULTS OF SLR

4.1. What is the latest studies and research on team
formation problems using ML techniques? (Q1)

Totally 28 articles were found in the search made in 6 large
databases according to the criteria specified in Chapter 2.
The table including general information about these
articles is given below.

In the investigation of the field in which the studies were
carried out, 10 articles on the selection-ranking of football
players, 7 articles on the selection of cricket players, 4
articles on the selection of software team members, 3
articles on the selection of expert team members, 3 article
on the selection-ranking of basketball players and 1 article
on the selection-ranking of ice hockey players were
identified. From these results, it has been seen that studies
mainly focus on creating sports and software teams. It has
been concluded that machine learning methods have not
been studied for other topics in team formation problems
and that there are areas where they can be conducted.

In the investigation, it was seen that although studies on
team formation problems took place before 2015, studies
using machine learning techniques were not available.
Figure 2 shows the number of articles published after 2000
(using this article's extraction criteria). It appears that the
first article was published in 2016. This research shows that
articles on ML techniques in team formation and team
member selection have become more intense, especially
after 2020. Therefore, it is possible to say that the
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application of machine learning for team formation
problems is a new application area. It can be said that
interest in this field of research has increased after 2020.
On the other hand, when the studies on publication type are
examined, the number of articles is 18 and the number of
conference papers is 10.

Number of Publications / Year

6 6
4 4
3
2 2
1 & I
0 1
0 [

2016 2017 2018 2019 2020 2021 2022 2023 2024

N

N

Figure 2. Number of publications / Year

It was examined in which countries the articles were
prepared. India has been the country where the most
intensive studies in this field have been carried out, with 9
articles. Thailand, where similar articles were published on
the same subject, came in second place with 3 articles.
Turkey, Bangladesh and Iran are the countries that have
published 2 publications in this field. Taiwan, Ireland,
Palestine, Canada, Australia, Austria, Greece, Pakistan,
Saudi Arabia, USA, Sweden, Italy are among the countries
that publish in this field with 1 article each. Considering
that the subject of machine learning is a developing field in
recent years, it is seen that researchers in India tend to use
machine learning techniques in solving team formation
problems in the 2020s.

Table 1. Information about studies

El?)f. In which field? Publication Type Database Country Year
3 Cricket player selection Acrticle Scopus India 2022
5 Football player selection Acrticle Scopus Turkey 2021
11 | Football player selection Conference Paper Scopus India 2022
12 | Football player selection Conference Paper Scopus Bangladesh 2019
13 | Cricket player selection Conference Paper Scopus India 2023
14 | Cricket player selection Conference Paper IEEE India 2020
15 | Cricket player selection Conference Paper IEEE India 2020
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Elzf' In which field? Publication Type Database Country Year
16 | Software team member selection | Article Scopus Thailand 2022
17 | Expert team member selection Acrticle Scopus Taiwan 2022
18 | Software team member selection | Conference Paper Scopus Palestine 2022
19 | Software team member selection | Article Scopus ggs;:;: 2021
20 | Football player selection Conference Paper Scopus India 2021
21 | Expert team member selection Acrticle Scopus Ireland 2020
22 | Software team member selection | Conference Paper Scopus Thailand 2020
24 | Expert team member selection Acrticle Scopus India 2016
25 | Football player selection Acrticle Gft?%ealgc(s;grég) Canada 2018
26 | Football player selection Acrticle Gft?%ealgc(s;grég) Turkey 2023
27 | Football player selection Acrticle Gft?%ealgc(s;grég) Iran 2019
28 | Cricket player selection Acrticle Science Direct India 2023
29 | Basketball player selection Acrticle Science Direct Australia 2024
30 [ Cricket player selection Acrticle Science Direct Bangladesh 2022
31 | Football player selection Acrticle Springer link Iran- . 2023
Austria
32 | Basketball player ranking Acrticle Springer link Greece 2024
33 | Basketball player ranking Acrticle Science Direct ::E(ijsit?r-abia 2021
34 | Football player ranking Conference Paper Web of Science USA 2016
35 Ice hockey player ranking Conference Paper Scopus Sweden 2020
36 | Football player ranking Article Scopus Italy 2019
37 | Cricket player ranking Article Scopus India 2020
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4.2. What are the Machine learning methods that are being
used on team formation/player selection problems? (Q-2)

One of the search questions of the article was to determine
which ML methods are used in team formation problems.
In the review conducted for this purpose, it was seen that
more than one machine learning algorithm was used in
many articles. It has been stated that the purpose of this is
to achieve the most efficient result by using different
machine learning algorithms and to compare these
algorithms. The figure showing the number of machine
learning algorithms used is given below in Fig.3.
Accordingly, it was seen that the most used machine
learning algorithms were Random forest (16), Decision
Trees (13), Support Vector Machines (13). Since these
results were obtained in 28 article reviews, it is seen that
these algorithms were used in %57,1 - %46,4 of the
articles. On the other hand, the least used machine learning
algorithms were Polynomial Regression, Q Learning with
1 article each (Polynomial Regression was stated in the
others groups). It has been observed that the use of
boosting algorithms such as XGBoost, Catboost, etc. has
increased in recent years. When the machine learning
classes were examined, it was seen that classification class
algorithms were used in 21 articles, regression class
algorithms were used in 16 articles, and the clustering class
algorithm was used in 3 articles (Figure 4). From these
results, it has been determined that ML methods are used
extensively for classification and regression purposes in
team formation problems. Another important data was
obtained from machine learning types (Fig 5).
Accordingly, supervised learning methods were used in 25
articles (%89,2). Unsupervised learning method was used
in only 3 articles (%10,7). It was determined that the
reinforcement method was used in 1 article (%3,5). As a
result, it has been observed that supervised learning
methods are used extensively in team formation problems.

Used Machine Learning
Methods in Team Formation
Problems

16

1 12 13 13 1 12

12

10

8 7 7

6 4

4

’ [

0 . . . .
I VN N

S
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Figure 3 Used machine learning methods in Team
formation problems

Classification of Used Machine
Learning Algrotihms

30

21
20 16
0 —
Classification

Regression Clustering

Figure 4. Classification of used machine learning
algorithms

Machine Learning Types Used
in Team Formation Problems

30 25
20
10
3 1
0 |
Supervised Unsupervised Reinforcement

Figure 5. Machine Learning Types

In the study of Datta and Rudra [11], the researchers
evaluated the performance of players in football clubs. For
performance evaluation of players, they used five machine
learning models and compared their efficiency values.
These machine learning methods are Decision Tree (DT),
Support Vector Machine (SVM), Linear Regression,
Random Forest (RF) and XGBoost. The XGBoost method
is superior to other methods with low error values. When
the article is examined, it is seen that the technique with the
lowest performance was obtained in support vector
machine.

Shahriar and his colleagues [12] studied to develop a player
classification and selection method for a football team. The
players were classified based on their performances using
multiple ML techniques. Five algorithms were used for the
classification. These are: Support Vector Machine (SVM),
Decision Tree, Naive Bayes Classifier (NB), Random
Forest Classifier and KNN Classifier. A small comparison
was made between them after the classification. Five
factors were included in the comparison. As a result of the
comparison, the best performance was obtained from the
Decision Tree algorithm, and the weakest performance was
obtained from the Support VVector Machine algorithm.
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Sumathi, Prabu and Rajkamal [13] developed a system to
evaluate the performance of cricket players. Linear
Regression technique was used to predict the players’
performance. K-means algorithm was used to find players
with similar performance. Random Forest technique was
applied to generate the ranking list.

Shetty and her colleagues [14] developed the selection of
the best 11 players in the Indian cricket team with their
proposed model. Different techniques such as Random
Forest, SVM, Decision Tree and Logistic Regression were
used. Random Forest were the most successful techniques
obtained results.

Santra and colleagues [15] developed a technique to predict
the batsman's (cricket player) order by evaluating the
batsman's past performance. The novelty of the technique
lies in designing the algorithm and taking into account
multiple cricket parameters instead of a single parameter in
predicting the best batsman. Polynomial Regression and
Linear Regression models were created for prediction.
Polynomial Regression was found to outperform linear
regression in every aspect.

Random Forest, Decision Tree, Second Order
Discriminant Analysis (QDA), Neural Network, Naive
Bayes, k-Nearest Neighbors (KNN), Logistic Regression
machine learning algorithms were used and compared for
the team effectiveness scoring function for software
development team in Assavakamhaenghan et al. [16]
study. In this study, the most successful results were
obtained with the Random Forest model.

Chang et al. [17] proposed an approach using the
Reinforcement Learning (RL) method to create a solution
to the team formation problem.

In Ishi and his colleagues' paper [3], the hybrid approach
of CS-PSO with machine learning models was used to find
the right set of team combinations from the group of
players. 9 machine learning methods, including K Nearest
Neighbors, Random Forest, Decision Tree, Gradient
Boosting Algorithm, Logistic Regression, Naive Bayes,
XGBoost, CatBoost and Support Vector Machine were
applied and the most successful results were obtained from
SVM.

Tanbour et al. [18] developed a ML technique that can
better match software development experts with software
project tasks. Three different models were tested in their
studies: Random Forest Classifier, Decision Tree Classifier
and Logistic Regression. Random Forest Classifier has
been the most successful model.

In the study of Tuarob’s and his colleagues [19], they
proposed a machine learning model that can recommend
suitable software team members for software development
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tasks. Seven classification algorithms were tested and
Random Forest received the best score for all datasets.

Ghar et al. [20] designed a ML model that predicts the
future performance (VAEP value) by examining the past
performances of football players.

Abidin [5] applied ML algorithms for team formation and
player selection for the players of a football team. 7
machine learning algorithms were used and their
performances were compared. These algorithms were
Logistic regression, Random Forest (RF), Classification
and Regression Tree (CART), Artificial Neural Networks
(ANN), Decision Trees (DT), Support Vector Machines
(SVM) and Bayes Theorem.

In their proposed framework, Keane et al. [21]
incorporated both the individual's attributes and the
topological features of the individual's network into a ML
link prediction task. They developed models such as LR,
SVM and CART Using Python's XGBoost module.

Assavakamhaenghan et al. [22] studied on possibility to
adopt the team recommendation algorithm proposed by Liu
et. al. [23] to develop a software team recommendation.
They proposed the logistic regression approach to
recommend suitable software team members. The
approach take both individual strength and collaborative
efficiency among team members into account to give a
recommendation.

Three machine learning techniques were applied to select
the best employees for effective team formation and their
results were compared in  Krishankumar and
Ravichandran’s [24] article. The three methods were
Ensemble Decision Tree (EDT), Artificial Neural Network
(ANN) and Decision Tree. The results reveal that the EDT
approach performs better.

In Tosato and Wu's article [25], Projective Adaptive
Resonance Theory (PART) was used to provide data-based
sports decisions. PART is the machine learning projective
clustering algorithm and based on neural network. It was
seen that PART provides a purely data-driven analysis to
identify attributes for a group of players in an unsupervised
way.

Buyrukoglu and Savas [26] studied on a technique to
classify footballer positions using a stacked ensemble ML
model. Firstly they used 4 filter based feature selection
methods to choose optimal feature subsets. Then 2 level
stacked ensemble machine learning algorithms were used
to determine the position of the football player. In Level-0,
Gradient Boosting, Random Forest and Deep Neural
Network algorithms were used as based models and then in
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Level-1, the Logistic Regression algorithm was used as a
meta-model.

Machine learning approaches were employed to establish a
ranking for players in Maanijou and Mirroshande’s article
[27]. Different algorithms (SVM, Logistic Regression,
PART, Naive Bayes, etc.) were used to classification and
ranking. Experiments were done in the Persian soccer
league. The study showed promising results for ranking.

Manju and Philip [28] studied on a novel framework that
ranks batsmen (cricket players) on their performances.
New performance index was created using different
machine learning algorithms (Logistic Regression, Support
Vector Machine, RF, XGB Classifier, CART and Naive
Bayes). Then players were clustered with k-means
clustering algorithm to identify the best players.

Ke, Bian and Chandra [29] developed a unified framework
to categorize the players and built the optimal team model.
Principal Components Analysis (PCA) was used to reduce
the number of features describing player performance in
the unsupervised phase. Then simple neural network was
used to build a team model in the supervised learning
phase.

Tirtho, Rahman and Mahbub [30] studied on to forecast
player performance for future cricket competitions.
Different machine learning methods were used for this
purpose (Random Forest, Decision Trees, K-nearest
Neighbors, Support Vector Machine and Naive Bayes). It
was determined that Random Forest produced the best
accurate prediction models for cricket players.

Nouraie, Eslahchi and Baca [31] developed deep learning
models to obtain right scores for players’ positions. They
designed a procedure that can identify the best players for
each position.

To forecast NBA player performance several ML models
(Decision tree, Linear regression, Random forest, etc.)
were employed in the study of Papageorgiou et al. [32]. It
was seen that the approach of blending data from the last
ten seasons and last three seasons increased the prediction
accuracy and model stability. They emphasized that the use
of standard statistics, advanced statistics datasets, long-
term and short-term data, is crucial for obtaining right
predictions.

Mahmood et al. [33] presented prediction mechanism to
explore rising stars in basketball using machine learning
methods. Different machine learning methods like
Maximum  Entropy Markov  Model (MEMM),
Classification and Regression Trees (CART), Support
Vector Machines (SVM) and Naive Bayes (NB) were
applied to find a function which can assign class label to a
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feature set. It was seen that the Maximum Entropy Markov
Model was dominant in all data sets in terms of F-measure
score.

Brooks et al. [34] proposed the Pass Shot Value (PSV)

which is a metric to predict the importance of a pass
resulting with a shot. They used support vector machine
model to estimate whether or not a given pass generates a
shot. When they ranked players in La Liga with more than
200 passes with stated metric, they saw some of the
outstanding players at the top.

Persson et al. [35] compared which features best predict the
success of ice hockey players in different positions. 6
different machine learning methods were used (Logistic
regression, Bayesian network, k-Nearest neighbor, Naive
Bayes, Decision tree and Random forest) to predict players'
ranking tier for 3 player positions. They compared the
result of the models and they concluded that two Bayesian
classifiers had best performance and sensitivity.

PlayeRank which is a data-driven framework that offers
evaluation of the performance of football players has been
presented by Papalodios et al. [36]. They used Linear
Support Vector Machine (SVM) to solve classification
problem. They compared PlayeRank with known
algorithms for performance evaluation in soccer and they
saw that PlayeRank outperforms the competitors.

Kaviya, Mishra and Valarmathi [37] ranked the players,
based on the Player Ranking Index using machine learning
techniques. They used various algorithms for ranking
which include Decision Tree, JRIP reduced error pruning
algorithm, Support Vector Machine, Random Forest, and
Naive Bayes classifier, etc. JRIP was seemed the most
promising amongst all the algorithms.

In order to compare the results of this study, other literature
studies on machine learning were also examined. Carvalho
et al. [38] explored a systematic literature review, covering
the main papers of Predictive Maintenance (PdM) using
ML techniques. In this study, the most used ML methods
to perform PdM were found to be Random Forest (RF),
Artificial Neural Network (ANN) and Support Vector
Machine (SVM). Another literature study is the work of
Xames et al. [39] on recent trends of machine learning
applications in additive manufacturing. The most used ML
methods in this literature study were ANN, SVM,
Ensemble (including RF) based ML methods. Similarly, in
our literature review in the field of team formation, RF,
SVM and Decision Trees were among the most frequently
used ML techniques. It is considered that the reason for this
choice is that RF and SVM can be used in classification
and regression problems and provide versatile flexible
solutions. However, in the literature studies examined, it is
seen that the use of the Boosting algorithm family
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(XGBoost, Cathoost etc.) has increased, especially in
recent years.

To answer question Q3, all articles were examined on this
axis and the results were shared below.

4.3. What are the data/datasets used on machine learning
and what are their properties?

Table 2. Properties of Data

Ref. | Data Data cleaning and Pre- | Train/Test
No. | Type Source (from) Volume of data processing Data
101*4 players. The number
of columns could not be Pre-processing was %70 training-
3 Real Data | ESPN Cricinfo website. | determined. carried out. %30 testing
Football team has only 21
players. Synthetic data
generation is done as 10
From Hit/it Assistant synthetic instances for one
and the coach player. So, the size of the
Real and | evaluations. dataset becomes 231 Preprocessing and
Synthetic | Synthetically generated | instances in total. Feature : | standardization of two
5 data data also. 28 data sources Not mentioned
89 columns (attributes) and %380 training -
11 |Real Data | SOFIFA.com 18.207 rows (players). Filter and clean data %20 testing
The number of rows could Multiple
not be determined. Eight training
12 | Real Data | www.footystats.org main attributes. Not mentioned datasets.
https://www.kaggle.co | 304 records, Remove noisy and
13 |Real Data | m 13 attributes. missing data. Not mentioned
%80 of the
dataset was
used for
training, %20
of the dataset
The number of rows could | It is stated that was used to
14 | Real Data | espncricinfo.com not be determined. preprocessing is applied. | test.
Train
regression
models to
predict
batsman
positions. Test
The number of rows and data from ball
columns could not be by ball data of
15 | Real Data | IPL website. determined. Not mentioned 2019
%80 training
Jira (Apache and %20
16 |Real Data | and Atlassian datasets) | 507.319 and 238.322 Rows | Cleaning of data testing
The number of rows and
columns could not be
17 |Real Data | SNAP and SloT determined. Not mentioned clearly | Not mentioned
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Ref. | Data Data cleaning and Pre- | Train/Test
No. | Type Source (from) Volume of data processing Data
1.000 computer
development-related %60 training
https://data.world experts (Rows). Columns: and %40
18 |Real Data | website. could not be determined. Not mentioned testing

Each dataset
are separated
The collected data are into %80
The number of rows could | then prepossessed (e.g. | training and
Jira(Atlassian, Apache, | not be determined. There removing incomplete %20 testing
19 | Real Data | and Moodle) are about 20 features. issues). sets.

%80 training

EA Sports, FIFA, Clean not mentioned, and %20
20 | Real Data | FBref, Wyscout 511 players. 104 attributes | preprocess yes testing.
New datasets

were created
for the purpose

of training
machine
learning
models. The
model was
tested on
21 | Real Data | USPTO data set. Not mentioned Not mentioned unseen dataset.
Total number of projects
about 26.800. %80 training,
22 | Real Data | Jira (Moodle). Feature number: 6 Not mentioned clearly | %20 testing
The training
and testing
data are split
equally for
Normalizing the data training and
Several websites like | 474 recipients (row), eight | using max-min validating
24 | Real Data | Odesk, Elance etc. predictors (Column) normalization. methods.
Forty seven attributes for
25 | Real Data | Football Manager 2018 | twenty four soccer player Not mentioned Not mentioned
https://www.kaggle.co Missing/null values are | %80 training
m/ 89 columns and 18.207 removed from the and %20
26 | Real Data | karangadiya/fifal9 rows dataset. testing
Missing and noisy data
are removed from the
27 | Real Data | Online freely sources | 495 players, 20 features dataset Not mentioned

%70 training
Websites ESPNcricinfo Data extraction and data | and %30
28 |Real Data | and IPLT20 283 players cleaning are performed | testing

5 data sets from the
NBA official website 8.511 entries and 71 Dimensional reduction
29 | Real Data features and visualization Not mentioned
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Ref. | Data Data cleaning and Pre- | Train/Test
No. | Type Source (from) Volume of data processing Data
%80 training
www.howstat.com, and %20
30 |Real Data | www. cricmetric.com | 152 players Dimensional reduction | testing
%80 training
18.034 players and 48 data, %20
31 |Real Data | Sofifa dataset attributes Not mentioned testing
National Basketball Cleaning and pre- %70 training
Association; 79.036 instances, 67 processing are data, %30
32 | Real Data | www.nba.com features, 203 players performed testing data
A sports website Not mentioned
33 | Real Data | www.espn.com/nba/ 100 players Not mentioned clearly | clearly
%80 training
2012-13 La Liga Normalization is data, %20
34 | Real Data |season Not mentioned clearly performed testing data
Some data was %80 training
https://www.hockey- removed. Numerical data, %20
35 | Real Data | reference.com/ Not mentioned clearly data was normalized. testing data
31.496.332 events,
capturing 19.619 matches, %80 training
296 clubs and 21.361 Normalization is data, %20
36 | Real Data | https://wyscout.com players. performed testing data
It states that the data
sets are processed, but
Dataset obtained from a | Approximately 550 rows, does not clearly state the | Not mentioned
37 | Real Data | cricsheet website 22 features processes. clearly

When the data sources are examined, it is seen that the
majority of them are collected from public websites. Many
websites that keep sports player statistics were used in the
studies. Open source software systems hosted on the Jira
platform, such as Apache, Atlassian and Moddle, were
preferred in software team member selection. When the
data sets were examined, it was evaluated that the most
distinctive source was in Abidin's work [5]. In this study,
datasets were obtained from 2 main sources. The first
source is the Hit/it device, an electronic sports system that
can measure a player's skills. The coach's evaluations are
the second source.

When the data type issue was examined, it was seen that
real data was used in all articles. Only in Abidin's article
[5] synthetic data were used as well as real data. Since the
number of players was 21 and it was thought that this
number was not enough for classification, 10 synthetic data
were produced for each player. According to the results of
these two examinations, we can state that it is preferred to
use statistical real data obtained from open sources in team
building problems.

When the articles were evaluated according to their data
size, it was determined that some of them did not include

this issue clearly. In article no. [16], a total of around
700.000 lines of data were studied. However, the number
of features cannot be clearly seen in this article. In article
no [11], a large data set consisting of 18.207 rows (18.207
players) and 89 columns (attributes and skills of the
players) was used. In Abidin's article [5], where the lowest
data set was used and therefore synthetic data addition was
needed, 231 players and 28 features were included.

When the majority of the articles were examined, there
were statements that data clean and data preprocessing
processes were used. For example, in the study of Sumathi
et al. [13] before analysis the dataset is preprocessed to
remove noisy and missing data. In this article, each
numeric column is normalized because it has a different
representation.

The last issue examined regarding the data was the ratio of
training and testing data. While this rate information was
not clearly shared in 11 articles, the amount of this rate was
given in 17 articles. Accordingly, the number of articles
using the training test ratio %80-%20 is 12, the number of
articles using %70%30 is 3, the number of articles using
%60-%40 is 1 and the number of articles using %50-%50
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was 1. According to these values, we can say that the %80-
%20 scale is commonly used for the training test data usage
rate in team formation problems.

When other literature studies on machine learning were
examined, it was determined that in the studies of Carvalho
et al. [38], %89 real data was used and %11 synthetic data
was used in the literature in the field of PdM. In this study,
it was observed that real data was used in all studies on
team formation and synthetic data was additionally used in
one study. It was evaluated that this similarity resulted
from the availability of historical real data in both study
areas.

5. CONCLUSION

In this article, a systematic literature review on team
formation problems was conducted using machine learning
techniques. It was aimed to answer the research questions
specified in the planning protocol. As a result, it has been
seen in many articles that different ML techniques are used
to evaluate performance among them. The majority of
articles stated that the best performance result was obtained
from Random Forest (RF) technique. It has been seen that
Supervised Machine Learning methods are dominant in
practice. However, it has been determined that ML
algorithms are used extensively for classification and
regression purposes in team formation problems.

It has been revealed in the reviewed articles that the
application of ML techniques to team formation problems
is mostly in sports and software fields. Looking at the
article publication momentum, articles subject on team
formation using ML techniques have an increasing
momentum after 2020. For this reason, it is anticipated that
the volume of articles in this scope will continue to
increase.

Within the scope of this study, the data/datasets used in
machine learning and their characteristics were also
investigated. Data in machine learning was mostly
obtained from public websites and was real. In terms of
data size, there were examples where a large amount of
data was used, as well as articles where a small amount of
data was used. Similar to the results of this literature study,
it was observed that real data was used instead of synthetic
data in other literature studies on machine learning. Since
the success of machine learning depends on obtaining
accurate data, the data acquisition processes were also
examined and it was determined that the data preprocessing
stages was explained clearly and in detail in many articles.
It was considered that not explaining this issue clearly in
some articles was a deficiency, and it was evaluated that
these preprocessing stages should be given in detail in
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articles related to machine learning. In the articles
reviewed, examples of data cleaning, data reduction and
data normalization were mostly included in the
preprocessing stages. When the separation of training and
test data sets was examined, it was seen that the %80-%20
scale is commonly used in team formation problems.

It can be stated that machine learning techniques such as
RF, SVM and Decision Tree have been implemented
extensively to team formation problems. When other
literature review studies on machine learning were
examined, it was seen that RF, SVM, ANN methods were
most commonly used in solving other problems. It has been
evaluated that the reason for this similarity is that these
methods provide versatile and flexible solutions. Similar to
the findings of this literature study, it has been observed in
other literature studies that the use of ensemble algorithms
has increased.

However, it is considered that there are still some aspects
that can be further researched in solving team formation
problems with machine learning. In this regard,
suggestions for future research are as follows;

+ develop works that apply machine learning methods other
than sports and software teams, such as quality assessment
teams, and comparing the results

scomparison of performance rates by applying different
data sets for the same problem.

In summary, this comprehensive review highlights the
applicability of machine learning techniques to team
formation problems and sets the stage for future research
efforts.
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Ozet— Giiniimiizde internetin yaygin kullanimiyla, bilgi kaynaklarindaki dogru bilgiye erisimi énemli kilmaktadir. Bilgi
kaynaklarinin artmasiyla birlikte 6zgiin icerige sahip bilgiye erisim giiglesmektedir. Bu nedenle metin ozetleme
yontemlerinin 6nemi giderek artmaktadir. Haber metinleri gibi dnemli temel bilgi kaynaklarinin etkili bir sekilde
Ozetlenmesi gilinlimiizde bir gereklilik haline gelmistir. Bu ¢alismada haber metinlerinin etkili bir sekilde 6zetlenmesi
i¢in Malatya merkezilik algoritmasini temel alan bir 6zetleme yaklagimi 6nerildi. Onerilen yaklagimda orijinal metin
tanimlayicilarin ¢ikarilmasi, kelime koklerinin elde edilmesi gibi ¢esitli on islemlerden gegirilerek graf yapisina
doniistirilir. Graf’a doniistiiriilen metin i¢in Malatya merkezilik algoritmasi kullamlarak graftaki diigiimlerin Malatya
merkezilik degerleri hesaplanir. Bu degerler dikkate alinarak metin dzetini olugturan 6zetler secilir. Segilen 6zetler graftan
cikarilir. Olusan yeni graf yapisi i¢in merkezilik degeri hesaplanarak se¢im islemleri devam ettirilir. Graf Teorisi ve
Malatya merkezilik algoritmasinin birlikte kullanimi, haber metinlerinin 6zetlenmesinde verimliligi artirdig1 gosterildi.
Bununla birlikte haber igeriklerinin anlamli bir sekilde 6zetlenmesi saglandi. Bu yaklagimin basarisini degerlendirmek
amaciyla BBC veri seti lizerinde toplamda 2224 ingilizce haber metniyle kapsamli bir sekilde test edildi. Calismada haber
metinleri etkili bir sekilde 6zetlendigi yapilan testlerle ve alinan etkili rouge degerleriyle gosterildi. Graf teorisi ve
Malatya merkezilik algoritmasi, bilgiye erisimi kolaylastirmak ve anlam diizeyinde etkilesimi artirmak adina 6nemli bir
potansiyele sahip oldugu gosterildi. Elde edilen uygulama sonuglari, haber metinlerini daha anlamli bir sekilde
sunabilecegini ve etkili 6zetler iiretilebilecegini gostermektedir.

Anahtar Kelimeler— haber metinleri 6zetleme, graf tabanli 6zetleme, malatya merkezilik algoritmasi, ¢ikarim tabanl
ozetleme yontemleri, metin isleme

Summarization of News Texts Based on Graph Theory and
Malatya Centrality Algorithm

Abstract— The widespread use of the internet today highlights the importance of accessing accurate information from
reliable sources. With the proliferation of information sources, accessing original content has become increasingly
challenging. Therefore, the importance of text summarization methods is steadily increasing. Effectively summarizing
essential information sources such as news articles has become a necessity. In this study, an approach based on the
Malatya centrality algorithm is proposed for effectively summarizing news articles. In the proposed approach, various
preprocessing steps such as extracting descriptive terms and obtaining word roots are applied to transform the original
text into a graph structure. The Malatya centrality algorithm is then utilized to calculate the centrality values of nodes in
the graph representing the text. Based on these values, summaries constituting the text summary are selected. The selected
summaries are removed from the graph. Centrality values are then calculated for the resulting new graph structure, and
the selection process continues. The combined use of Graph Theory and the Malatya centrality algorithm is shown to
enhance efficiency in summarizing news articles. Additionally, meaningful summarization of news content is achieved.
To evaluate the success of this approach, it was comprehensively tested on a total of 2224 English news articles from the
BBC dataset. The study demonstrates effective summarization of news articles through conducted tests and achieved
effective ROUGE scores. The utilization of Graph Theory and the Malatya centrality algorithm is shown to have
significant potential in facilitating information access and increasing interaction at the semantic level. The obtained
application results indicate the ability to present news articles in a more meaningful manner and produce effective
summaries.

Keywords— news texts summarization, graph based summarization, malatya centrality algorithm, inference based
summarization methods, text processing
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1. GIRIS (INTRODUCTION)

Gilintimiizde, bilgi kaynaklarimin ve internetin gelisimiyle
birlikte bircok bilgi kaynagina erisilmekte ancak bu
kaynaklar i¢inde dogru ve anlamli icerige ulasmak giderek
zorlagsmaktadir. Metin 6zetleme, bu bilgi yogunlugu altinda
onemli bir ara¢ haline geldi. Ozellikle haber metinleri gibi
uzun ve detayli igeriklerin 6ziinii kavramak, anlamli bir
sekilde 6zetlemek, gliniimiiziin bilgi ¢aginda vazgecilmez bir
gerekliliktir. Bu baglamda, geleneksel metin &zetleme
yontemleri zaman zaman sinirlamalarla ve hatalarla
karsilagir. Internet teknolojisinin gelismesiyle birlikte,
kullanicilar genis bir bilgi yelpazesine erisebilmekte ancak
dogru, 6zgiin ve 6ne ¢ikan igerigi belirlemek oldukca zor
hale gelmektedir. Metinlerde tekrar eden ifadeler, gereksiz
detaylar, yogunluk asil mesaji bulmayi ve 6nemli bilgileri
belirlemeyi zorlastirir.

Metin 6zetlemede ¢ikarima dayali ve yoruma dayali olmak
iizere temel olarak iki yontem kullanilir. Cikarima dayali
Ozetleme, temelde metindeki Onemli ifadelerin tespitini
amaglar. Bu siiregte, kelimelerin yinelenmesi ve benzerleri
gdz oOniinde bulundurularak ana fikirler belirlenir. Ote
yandan, yoruma dayali 6zetleme ise derin 6grenme ve yapay
sinir aglar1 gibi yontemlerle, verilen metinden yeni ve
anlamli climlelerle 6zet ¢ikarir. Her iki yonteminde olumlu
ve olumsuz yanlar1 bulunur. Yoruma dayal 6zetlemede, yeni
climleler olustururken anlam bozukluklart ortaya ¢ikabilir.
Yoruma dayali 6zetleme, ¢ikarima dayali 6zetlemeye gore
cok daha wuzun siirebilmektedir. Cikarima dayali
Ozetlemelerde, yeni ciimle olusturamazken metindeki en
anlamli ciimleleri bir araya getirerek 6zet olusturur. Bu
yontem ¢ok daha hizli ve anlam bozuklugu olmadan 6zetleri
olusturabilir.

Minimum tepe 6rtme problemi, bir graftaki biitiin kenarlarin
kapsandigi diiglimlerinin minimum alt kiimesini se¢meyi
amaglar. Bu segilen diiglimler, grafa ait tiim kenarlari en az
bir kez kapsamalidir. Yani, segilen diigiimler sayesinde
grafin tiim kenarlariyla temas edilir. Bu problem, cesitli
uygulamalarda, 6zellikle ag tasarimi ve optimizasyonunda
kullamlir. Ornegin, bir iletisim agindaki diigiimleri temsil
eden bir graf disiiniiliirse bu diigiimleri bir alt kiime olarak
secilip herhangi iki diigiim arasinda iletisim kuracak bir
baglanti  olusturulabilir.  Ancak  bu  baglantilarin
olusturulmasi maliyetlidir. En az maliyetle tiim diigiimler
arasinda iletisim kurulmalhidir. Minimum tepe Ortme
problemi, bu durumda bize en az sayida diiglim secerek bu
baglantilarin kurulmasini saglayacak bir ¢dziim sunar. Bu
problem, polinom zamaninda g¢o6ziilemeyen bir problem
olarak bilinir. Ancak pratikte, cesitli yaklagimlar ve
algoritmalarla ¢Oziimiine yaklagsmak miimkiindir. Bu
nedenle, Minimum tepe Ortme problemi, bilgisayar
biliminde ve bircok alanda Onemli bir optimizasyon
sorunudur. Yakut ve digerleri, Minimum tepe Ortme
problemi igin, ¢alismasinda Malatya vertex-cover
algoritmasimi sundular. [1] Bu algoritmanin metin 6zetleme
iizerinde de basarili olabilecegi diisiiniildii. Haber metinlerini
Ozetlerken bu algoritma kullanilarak algoritmanin metin
Ozetlemedeki basaris1 da ortaya ¢ikarildi.

Bu calisma, BBC veri seti lizerinde gergeklestirilen 2224
haber metni ile Malatya merkezilik algoritmasi ve graf
teorisi gibi tekniklerin performansini degerlendirerek haber
metinlerinin &zetlenmesinde yeni bir yaklasim sunar.
Onerilen yaklasimda haber metinleri tamimlayicilarin
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atilmasi, kelime koklerinin belirlenmesi gibi  belirli
Onislemlerden gegirilerek graf yapisina doniistiirtiliir. Daha
sonra olusturulan bu graf yapisina Malatya merkezilik
algoritmas1 uygulanarak graftaki diigiimlerin Malatya
merkezilik degerleri hesaplanir. Bu algoritma, metin igindeki
temel yapilar1 vurgulayarak oziinii koruyan, anlasilir bir
Ozetleme siireci sunabilmektedir. Ayrica c¢alisma, daha
onceki arastirmalarda belirtilen graf temelli ¢ikarimsal ve
yoruma dayali yontemleri de géz oniine alir. Bilgi ¢caginin
gerekliliklerine uygun olarak daha etkili ve anlasilir metin
Ozetleme yOntemlerinin gelistirilmesine katki saglamayi
hedefler. BBC veri seti tizerinde gergeklestirilen 2224 haber
metni tizerinde yapilan deneyler ve tiretilen Rouge degerleri
Onerilen yontemin haber kaynaklari gibi farkli metinleri
icerebilen metinlerde etkili metin 6zetleme yapildigini
gosterir.

Bu makale c¢aligmasinin devaminda su bolimler yer
almaktadir: boliim 2’de 6nerilen ¢alisma ile ilgili literatiire
yer verildi. Boliim 3’tednerilen algoritma yer almaktadir.
Boliim 4°te galismanin deneysel sonuglarna yer verildi.
Boliim 5°te ise sonuglar yer almaktadir.

2. LITERATURDE IiLGILi
(LITERATURE RELATED STUDIES)

CALISMALAR

Metin 6zetleme, akademik literatiirde farkli sekillerde ele
alinan genis bir konu basligidir. Bu alandaki ¢aligmalar, graf
tabanli ¢ikarma yontemlerini kullananlar oldugu gibi,
makine Ogrenimi yontemleri ile yorumlama odakli
yaklasimlar1 benimseyenleri de barindirir. Literatiirdeki bu
yaklasimlart ve uygulama alanlarint farkli sekillerde
simiflandirmak ve ele almak miimkiindiir. Bununla beraber
bu makalede daha c¢ok literatiirdeki c¢ikarsama odakli
yontemlere iligkin 6rnek ¢alismalar incelendi.

Bakan ve Yakut, metin 6zetleme islemi i¢in graf teorisi ve
Malatya merkezilik algoritmast kullanmigtir. [2] Bu
calismada 6rnek bir metin graf yapisina doniistiiriilerek bu
metinde dzet ¢ikarma islemi gerceklestirilmistir. Onerilen
algoritmanin, metin 6zetleme isleminin hizli ve tam olarak
gerceklestirdigi 6rnek uygulamayla gosterilmistir. Onerilen
algoritma Malatya merkezilik algoritmasi kullanilarak
metinler i¢in etkili 6zetler tiretildigini gostermektedir.

Yakut ve digerleri, minimum tepe Ortme problemi igin
Malatya vertex-cover algoritmasi Onermislerdir. Bu
algoritma, grafin diglimleri i¢in Malatya merkezilik
degerleri kullanilarak olusturulur. 1lk adimda grafin
diigiimlerinin Malatya merkezilik degerleri, Malatya
merkezilik algoritmas1 kullamlarak hesaplanir. ikinci
adimda minimum tepe 6rtme ¢oziimii igin diigimler, graf
icindeki maksimum Malatya merkezilik degerine sahip
diigiim segilerek ve ¢oziim kiimesine eklenerek segilir. Daha
sonra bu diiglim ve bu diigiime bagl olan kenarlar graftan
cikarilir. Kalan diiglimlerden olusan graf icin Malatya
merkezilik degerleri tekrar hesaplanir ve se¢im islemi devam
eder. Islem, grafin tiim kenarlar1 kaplandiginda sona erer. [3]

Tilek, Tiirkge metinlerin 6zetlerini olugturmak igin kok
cikarma algoritmalari ve kdk-ek analizini kullanilmis ve
ardindan 6zetlenecek ciimleler belirlenmis. [4] Khushboo ve
digerleri ise graf siralama algoritmalarmi en kisa yol
algoritmalartyla birlestirerek otomatik climle ¢ikarma
tekniklerini gelistirdi.[5] Erkan ve Dragomi ise LexRank
yaklagimini benimseyerek ciimlelerin onemini, ciimleler
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arast kosiniis benzerligine dayali olarak belirledi.[6]
Moawad ve Aref, orijinal belgeyi 6zetlemek icin zengin bir
anlamsal graf kulland:1 ve bu grafik iizerinden daha kisa bir
belge olusturdu. [7] Ferreira ve digerleri, metin isleme
uygulamalari igin dort ayr1 boyutta temellendirilmis bir graf
modeli sundu. [8]

Mallick ve digerleri, her bir web sayfasina 6zgii olarak
diizenlenmis bir TextRank metodu kullanarak belgenin
Oziinii yakalayan bir graf-tabanli metin 6zetleme yontemi
gelistirdi.[9] Sankarasubramaniam vd. Vikipedi'yi grafik
siralama ile birlestirerek orijinal metne baslik climleleri
ekleyerek yeni bir yaklasim gelistirdi.[10] Alguliev ve
Aliguliyev ise belgesiz bir 6zetleme yontemi {izerinde ¢aligti,
orijinal belgeden climlelerin kiimelenmesi ve segilerek 6zet
olusturulmast  konusunda yeni kriter fonksiyonlar
sundular.[11] Nagwani ve Verma, Java programlama dilinde
stk kullanilan terimlere dayali olarak bir metin 6zetleme
algoritmast tasarladi ve uyguladi.[12] Mihalcea'nin
calismasinda, otomatik ciimle ¢ikarma igin graf-tabanlt
siralama algoritmalar1 kullanilan bir yontem
sunulmaktadir.[13] Akter ve digerleri, tek veya c¢oklu
Bengalce belgelerinden 6nemli climleleri ¢ikaran bir metin
Ozetleme yoOntemi Onermiglerdir. Bu yaklasimda, giris
belgeleri tokenizasyon ve kok ¢ikarma gibi 6n iglemlerden
gecmekte; daha sonra Terim Frekansi-Ters Belge Frekanst
(TF/IDF) kelime puanlarin1 hesaplamakta ve bu kelimelerin
puanlar1 ciimle puanlarini belirlemek igin toplanmaktadir.
Ayrica, calisma K-ortalama kiimeleme algoritmasin
kullanmaktadir.[14]

Literatiirdeki  diger  ¢alismalar, duygusal temelli
yaklagimlarin 6nemli ilgi gordiigiini gostermektedir. Babar
ve Patil'in calismasi, metin 6zetleme i¢in Fuzzy Mantik
Cikarimi ve Latent Semantic Analysis gibi anlamsal
yaklagimlara odaklanmaktadir.[15] Ayrica Ozsoy ve
digerleri, Latent Semantic Analysis (LSA) tabanli dzetleme
algoritmalari1 tanitmig ve bu Oneriler de makalenin
yazarlarina aittir. [16]

Makine 6grenimi ve derin 6grenme gibi teknikleri kullanan
bazi c¢aligmalar da incelendi. Erhandi, derin 6grenme
yaklasimini kullanarak Tiirkge ve ingilizce metinler iizerinde
bir Ozetleme calismasi yiriitmiis.[17] Neto ve digerleri,
orijinal metinden dogrudan ¢ikarilan 6zellikler kullanarak
egitilebilir makine dgrenimi algoritmalar1 kullanarak metin
Ozetleme siirecini sunmuglar.[18] Silla vd. metin 6zetleme
sorununu bir siiflandirma problemi olarak ele alarak
otomatik Ozetleme yontemi gelistirmislerdir. Calismanin
amaci, siniflandirma  algoritmalarinin  performansini
artirmak i¢in Genetik Algoritma tabanli 6zellik se¢iminin
etkinligini aragtirmaktir.[19]

Genetik  algoritmalar1  kullanan  birgok  c¢alismada
incelenmistir. Kaynar'in  ¢alismasinda, metin tabanh
Ozetleme icin genetik algoritma kullanilmistir. Bu genetik
algoritma, veri setleri iizerinde sistemi egitmek icin
kullanmilmigtir.[20] Al-Abdallah ve Al-Taani, Arapca belge
Ozetleme igin Pargacik Siirii Optimizasyonu algoritmasini
onermigler. Onerilen yaklagim, Evrimsel Algoritmalar ve
Harmony Search yontemleriyle karsilastirilmistir.[21]

Karcioglu ve Yasa, otomatik metin dzetleme igin genetik
algoritmalarin basar1 oranlarinin yiiksek oldugu ve bu alanda
daha iyi bireyleri segerek problemi c¢dzebilecegi
gosterilmistir. Gelecekte, makine 6grenimi algoritmalariyla
genetik algoritmanin uyum fonksiyonunu gelistirmeyi ve
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farkli yapay zeka yontemlerini bir araya getirerek sistem
performansini artirmay1 hedeflemektedirler.[22]

Karako¢ ve Yilmaz, derin 6grenme yontemleriyle Tiirkce
haberlerin 6zetlenmesi lizerine odaklanilmistir. Makalede,
haber baglklarinin tahmin edilmesinde kodlayici-kod
¢ozilicii modeli kullanilarak yoruma dayali metin 6zetleme
yontemi uygulanmustir. Yapilan deneysel ¢aligmalar, haber
metninin tamamimin  egitimiyle elde edilen modelin,
6zetleme performanst agisindan diger modellere gore daha
basarili oldugunu gostermistir.[23]

Torun ve Inner, internet haberciliginin geleneksel medya
iizerindeki etkilerini inceleyerek, TextRank algoritmasiyla
Tiirkce haber metinlerini Ozetleyerek haber vektorleri
olusturmus ve benzerlik tespiti i¢in TF-IDF ve Doc2Vec
kullanmistir. Uzmanlarca degerlendirilen sistem, detayli bir
basari analizi sunmustur.[24]

Kartal ve Kutlu, haber metinlerini en iyi temsil eden
climleleri segerek otomatik bir 6zetleme sistemi dneriyor. Bu
model, ciimle konumu, anlatim ifadeleri, varlik isimleri,
kelime sikligi ve baslik benzerligi gibi Oznitelikleri
kullanarak gelistirilmis ve LSA tabanli metotlardan daha
basarili sonuglar elde etmistir.[25]

Hark ve digerleri, entropi tabanli metin 6zetleme yontemi
iizerine yapilan ¢alisma inceleniyor. Bu metodun, metinlerin
yapisini ve icerdigi bilgi miktarini degerlendirerek ROUGE
metrikleriyle basarili  bir performans gosterebildigi
belirtiliyor. Entropi tabanli bu yontem, diger metotlara gore
umut verici sonuglar sunarak arastirmacilarin dikkatini
cekiyor.[26]

Wang vd. biyomedikal literatiir ve elektronik saglik kayitlar
tizerindeki  Ozetleme tekniklerini ve degerlendirme
yontemlerini inceledi. 2013 ile 2021 arasindaki 7235
makaleden 58'i incelenerek, mevcut sistemlerin ¢ogunlukla
literatiir 6zetlemeye odaklandigi, hibrit yontemlerin basarili
oldugu ve elektronik saglik kayitlarinin 6zetlenmesine dair
calismalarin arttig1 belirlendi.[27]

Kumar vd. farkli dillerdeki metin 6zetleme yontemlerini
inceleyerek Hindistan ve yabanci dillerde gercgeklestirilen
calismalari karsilastirir. Genellikle makine ve derin 6grenme
temelli siniflandirma ydntemlerinin  basarili  sonuglar
verdigini belirtirken, gelecekteki arastirma alanlari olarak
ozellik ¢ikarma, simiflandirma ydntemlerinin gelistirilmesi
ve farkli dil veri tabanlarinin bulunabilirligi gibi konulara
isaret eder.[28]

Ugkan vd. ¢oklu belgelerden 6zet ¢ikarmak igin CatSumm
adinda yeni bir yontem tanitiyor. Bu ydntem, metinlerin
temsili, spektral grafik boliitleme ve climlenin puanlanmast
olmak iizere ii¢ asamadan olusuyor. Yapilan deneyler,
onerilen CatSumm metodunun DUC-2002 ve DUC-2004
veri setlerinde %44.073 ile %56.513 arasinda basarill
6zetleme sonuglar1 verdigini gosteriyor 2021.[29]

Aydin ve Uckan, metin Ozetleme i¢in farkli benzerlik
Olciitleri ve ¢izge temsilleri kullanarak c¢ikarimsal metin
Ozetleme yoOntemlerini incelemistir. Kosiniis Benzerligi,
Jaccard Benzerligi, Levenshtein Benzerligi ve Pearson
Korelasyon Katsayisi gibi Olgiitlerle ¢izgeler olusturulmus,
ardindan Arasindalik Merkeziligi, Yakinlik Merkeziligi,
Derece Merkeziligi ve Ozvektdr Merkeziligi 6lgiitleriyle en
degerli climleler tespit edilerek 200 ve 400 kelimelik 6zetler
retilmistir. DUC-2002 veri seti {izerinde yapilan deneysel
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calismalar sonucunda, Jaccard Benzerligi ve Yakinlik
Merkeziligi ile 200 kelimelik, Kosiniis Benzerligi ve
Ozvektor Merkeziligi ile 400 kelimelik dzetlerin en yiiksek
performansi sergiledigi belirlenmistir.[30]

Kus ve Aci, Tiirkge tibbi metinlerin dzetlenmesi ilizerine
odaklaniyor. COVID-19'a iligkin 84 makale iizerinde
calisarak, Term Frekansi ve LexRank gibi algoritmalarla
genisletilmis Ozetler elde etti. Yapilan degerlendirmeler,
Ozetlerin orijinal metinlere benzedigini gosteriyor. Gelecekte
daha derin 6grenme metotlariyla ¢alismay1 hedefliyor.[31]

Literatiirde metin  Ozetleme i¢in farkli sekillerde
smiflandirilabilecek birgok yaklasim 6nerilmekle beraber bu
yaklagimlar1 genel olarak yorumlayici ve c¢ikarici metin
Ozetleme yaklasimlart olarak ele almak miimkiindiir.
Yorumlayict metin 6zetleme yaklagimlari metinde anlami
dikkate alarak oOzetleme yaparken ¢ikarimsal yaklasimlar
metindeki ifadeleri 6zet belirlemede kullanmaktadir. Bu
yaklagimlarin kullanim amaci, kullanilan dilin tiirii, bagari
Ol¢iitii gibi parametreler dikkate alinarak degerlendirilebilir.
Benzer algoritmalarmn farkl dil tiirlerinde veya farkli icerige
ve amaca sahip veri setlerinde metin Ozetleme
gerceklestirilebilmektedir. Ozellikle haber kaynaklar1 gibi
farkli alanlara hitap edebilen yaklagimlarin kullanilmast
etkili metin 6zetleme agisindan 6nemlidir.

3. ONERILEN YONTEM (RECOMMENDED METHOD)

Bu calismada haber metinlerinin 6zetlenmesinde etkili bir
algoritma Onerildi. Malatya merkezilik algoritmast,
metinlerin anlamini temsil eden etkili 6zetlerin elde edilmesi
icin 6nemli kelimeleri belirlenmesi ve metin 6zetlerinin
olusturulmasi amaciyla kullanildi. Bu siireg, birkag adimdan
olusur. Ilk olarak, gelen haber metinleri 6n isleme adimlar
ile islenir. Bu adimlar arasinda metinlerin ayristirilmast,
tokenlara boliinmesi, gereksiz kelimelerin  (stopwords)
cikarilmasi ve kelimelerin koklerinin belirlenmesi yer alir.
Ardindan, Malatya merkezilik algoritmasi, bu 6n islemden
geemis metinleri kelime diiglimlerinden olusan bir graf
olarak temsil eder.

Malatya merkezilik algoritmasi, kelime diigiimleri
arasindaki baglantilar1 ve kelimelerin 6nemini belirlemek
icin kullanilir. Graf yapisindaki her kelimenin baglantilari,
metindeki diger kelimelerle olan iligkileri gosterir. Bu
iligkilerin incelenmesi ve analiziyle Malatya merkezilik
skorlar1 hesaplanur.

Skorlar, bir kelimenin metindeki konumu, siklig1 ve diger
kelimelerle olan iliskileri temel alinarak belirlenir. Malatya
merkezilik skorlarma gore en yiiksek skorlara sahip
kelimeler segilir. Bu kelimeler, metnin ana fikrini ve en
onemli noktalari1 yansitan kelimelerdir. Bu secilen
kelimelerin igerdigi ciimleler birlestirilerek 6zet metin
olusturulur. Ozet metin, 6zgiin metnin temel noktalarim
igerir ve orijinal metnin anlamimi korurken daha kisa ve 6z
bir yap1 sunar. Bu yontem, Malatya merkezilik
algoritmasinin kullanimiyla haber metinlerinin
Ozetlenmesini saglar. Graf tabanli bu yaklasim, metnin
igerigini temsil eden 6nemli kelimeleri belirler. Bu énemli
kelimeler iizerinden metnin 6zeti olugturulur.

Sekil-1'de, metinde yer alacak kelimelerin belirlenmesi
siirecini gosteren algoritmanin akig semast bulunmaktadir.
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Bu semada, oncelikle durak kelimelerinin belirlenmesi ve
bunlarin graftan ¢ikarilmasi yer alir. Graf olusturulduktan
sonra her ciimle grafiizerine yerlestirilir. Malatya merkezilik
algoritmas1 uygulanarak en etkili diigiim secilir. Her
asamada, en etkili diiglim graftan ¢ikarilir ve yeni graftaki en
etkili diigiim bulunur. Bu islem diigiimler bitinceye kadar
tekrarlanir. Ardindan, bu belirlenen en etkili diigimler
birlestirilerek 6zetlenmis metin olusturulur. Sekil-1 de
gosterilen sema, yeni yontemin ayrintili adimlarini gosterir.
Ayrica metin 6zetlemede Malatya merkezilik algoritmasinin
kullanimini agiklar.

Onerilen algoritmaya ait sézde kodlar verildi. Bu kodda,
baslangicta orijinal metinden tanimlayict unsurlarin
cikarilmasi ve kelime kdklerinin belirlenmesi gibi cesitli 6n
islemler uygulanir. Bu 6n islemler sonucunda metin, bir graf
yapisina doniistiiriiliir. Daha sonra, bu graf yapisindaki
diigiimlerin Malatya merkezilik degerleri, Malatya
merkezilik algoritmasi kullanilarak hesaplanir. Bu degerler
dogrultusunda, metin 6zetini olusturacak 6zetler belirlenir.
Secilen Ozetler graf yapisindan ¢ikarilir. Ardindan, olusan
yeni graf yapisi i¢in merkezilik degeri hesaplanarak se¢im
islemleri siirdiiriiliir. Metin 6zeti elde edildiginde merkezilik
degerlerinin hesaplanmasi ve se¢im islemleri tamamlanir.

Onerilen algoritmanin sézde kodu

Fonksiyon: MerkezlilikHesapla(graf)
diigiimler = GrafDiigtimleriniAl(graf)
merkezlilik_degerleri = []
Her bir diigiim i¢in:
derece = GrafDerecesiniAl(graf, diigiim)
merkezlilik_degeri =0
Her bir komsu i¢in:
merkezlilik_degeri = merkezlilik_degeri+
(derece/GrafDerecesiniAl(graf, komsu))
merkezlilik_degerini merkezlilik_degerleri'ne ekle
merkezlilik_degerlerini dondiir
Fonksiyon: MaksMerkezlilikDegeriBul(graf)
merkezlilik_degerleri = MerkezlilikHesapla(graf)
maks_indeks = MaksindexiBul(merkezlilik_degerleri)
maks_diigiim = GrafDiigiimiiniiindexleAl(graf, maks_indeks)
GrafDiigimiiKaldir(graf, maks_diigim)
maks_diigiimii dondiir
Fonksiyon: MaxDiigiimListesiHesaplal(graf)
Graftaki tiim diigimler bitinceye kadar:
maks_diigiim = MaksMerkezlilikDegeriBul(graf)
max_diigim’i listeye ekle
maks_diigiim_listesini sirala ve dondiir
Fonksiyon: GrafOlustur(ciimleler, kelime olugumlart)
durak_kelimeler = DurakKelimeleriniAl()
graf = BosGrafOlustur()
Her bir climle igin:
GrafDiigiimiiEkle(graf, ciimle)
Her bir kelime, olusum_sayist iginde:
Eger KelimeCiimledeVar(ciimle, kelime) ve
KelimeDurakKelimesiDegil(kelime):
GrafKenariEkle(graf, climle, kelime, agirlik=olusum_sayist)
graf’1 dondiir
Fonksiyon: RougeHesapla(referans, 6zet)
RougeMetrikleriniHesapla ve dondiir
Fonksiyon: Main()
metin = MetniOku()
climleler = ClimleleriAyir(metin)
kelime olusumlar1 = KelimeOlugsumlariniSay(metin)
graf = GrafOlustur(ciimleler, kelime olusumlari)
max_diigim_listesi = MaxDiigiimListesiHesaplal(graf)
etkili_ciimleler = Ciimleleriindexle(ciimleler,
min_max_digim_listesi)
referans_metin = "Ornek Referans Metin"
skorlar = RougeHesapla(referans metin, etkili_ciimleler)
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4. DENEYSEL SONUCLAR (EXPERIMENTAL RESULTS)

Bu c¢aligmada, metin Ozetleme siirecinde Malatya
merkezilik algoritmasinin etkinligi degerlendirildi. Bu
amacla, toplamda 2224 haber metni, Textrank, Lexrank,
Pagerank ve Onerilen yontem aracilifiyla 6zetlendi. Elde
edilen sonuclar, rouge degerleri iizerinden objektif bir
degerlendirmeye tabi tutuldu.

Malatya merkezilik algoritmasi, bu ¢aligmamin odak
noktasini olugturan temel algoritma olarak Onerilen
yontem kullanildi. Malatya merkezilik algoritmasinin
Ozetleme siirecindeki basar1 oranlari, metinlerin en etkili
noktalarini belirleme konusundaki yetenegiyle 6n plana
¢ikmaktadir.

Rouge degerleri incelendiginde, Malatya merkezilik
algoritmasinin Textrank, Lexrank ve Pagerank gibi diger
yaygin kullanilan algoritmalarla kiyaslandiginda genel
olarak daha yiiksek performans sergiledigi belirlendi. Bu
durum, Malatya merkezilik algoritmasinin  haber
metinlerini  6zetleme siirecinde sagladigi avantajlari
vurgular. Textrank, Lexrank ve Pagerank algoritmalar1 da
onerilen yontemdeki gibi graf tabanli algoritmalar oldugu
icin bu algoritmalar ile karsilastirildi. Bu algoritmalar
yaygin olarak bircok calismada kullanilmis, diger
yontemler ile karsilagtirilmstir.

Onerilen yontem, Malatya merkezilik algoritmasim
icerdigi icin diger yontemlere gore daha basarili bir
ozetleme saglandi. Arastirmanin bulgulari, metin 6zetleme
alaninda Malatya merkezilik algoritmasinin etkili bir
¢ozim sunabilecegi yoniinde Onemli bir perspektif
sunmaktadir.

Bu c¢alisma, Malatya merkezilik algoritmasinin metin

Ozetleme siirecindeki etkinligini vurgular ve bu
algoritmanin  gelecekteki ¢alismalarda daha fazla
kullanilmasin1 tesvik eder.
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Sekil 2. Tk Ciimledeki Graf Yapis1

Sekil-2 Ilk ciimledeki her kelimenin 1.diigiime eklendigini
gosteren bir ornek.
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Sekil 3. ikinci ciimlenin eklendikten sonraki graf yapisini
gosterir.

Sekil 3'de ikinci ciimlenin graf’a eklenmesiyle ilk
ciimledeki paylasilan digiimler belirlenerek dahil
edilmektedir. Bu siire¢ climleler arasindaki iliskiyi ortaya
cikarir.

Sekil 4. Ugiincii Ciimle Eklendikten Sonra Graf Yapisi.
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Sekil 5. Besinci Ciimle Eklendikten Sonra Graf Yapisi.
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Sekil-5 'te grafikteki 5. ciimleye ulastikca ciimleler
arasindaki iliskilerin daha da arttig1 gozlemlenebilir.
Ilerledikge daha sik kullanilan kelimeler ortaya ¢ikacak ve
bu da metnin icinden en etkili ciimlelerin se¢ilmesini
saglayacaktir.

Ayni O6rnek metin, metin O6zetlemede kullanilan diger
algoritmalarla test edildi. Onerilen yontemle karsilastirilan
algoritmalar ~ TextRank, LexRank ve PageRank
algoritmalaridir. Bu algoritmalardan elde edilen sonuglarin
rouge puanlari, dnerilen yontemden elde edilen sonuglarla
karsilagtirlldi.  Karsilastirmalar  Tablo-1'de  Rouge-1
metrigi, Tablo-2'de Rouge-2 metrigi ve Tablo-3'te Rouge-
| metrigi temel alinarak yapildi.

Tablo 1. ROUGE-1 Metrigine Dayali Metin Ozetleme igin
Onerilen Yontemin TextRank, LexRank ve PageRank
Algoritmalari ile Karsilastirilmasi

Ozetleme Rouge-1
Yontemleri
Recall Precision F-Score
TextRank 0,3286 0,7946 0,4526
LexRank 0,276 0,6919 0,3846
PageRank 0,3514 0,7606 0,4694
Onerilen 0,6088 0,4265 0,4869
Y Ontem

Tablo-1’de ROUGE-1 metriklerine dayali karsilastirmaya
gore TextRank, LexRank ve PageRank algoritmalari
tarafindan uygulanan Gzetleme yontemleri, bir 6nerilen
yontemle karsilastirildi. Rouge-1, 6zet metin ile referans
metin arasindaki tek kelime uzunlugundaki parcaciklarin
benzerligini degerlendirir. Bu puanlar kelime diizeyindeki
benzerligi dlger.

Elde edilen sonuglara gore, her bir dzetleme ydnteminin
Recall (hatirlama) degeri, 6zetin gergek metindeki 6nemli
bilgilerin yiizdesini ifade eder. TextRank, LexRank ve
PageRank sirasiyla %32,86, %27,6 ve %35,14 Recall
degerine sahipken, oOnerilen yontem bu degeri %60,88
olarak gostermektedir. Bu, 6nerilen yontemin daha fazla
onemli bilgiyi 6zette korudugunu ortaya ¢ikarir.

Precision, 6zetin i¢inde bulunan bilgilerin ne kadarimin
gerekten 6nemli oldugunu o6lger. Ozetin ne kadarmnin
gergekten gerekli ve dogru bilgilerle dolduruldugunu
gosterir. Yiiksek bir Precision degeri, ozetin genellikle
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gereksiz bilgiler igermedigini ve sadece gerekli olanlarin
bulundugunu gosterir. Yapilan ¢alismada Rouge-1
metrigine gore Precision degerleri; TextRank, LexRank ve
PageRank sirasiyla %79,46, %69,19 ve %76,06 Precision
degerine sahipken, onerilen yontem bu degeri %42,65
olarak gostermektedir. Rouge-1 metrigine gore Precision
degeri karsilastirilan diger algoritmalara gére biraz daha
diisiik ¢ikt1g1 i¢in 6zette gereksiz kelimelerin de var oldugu
sonucunu ¢ikarmaktadir.

F-Score degeri, Recall ve Precisionn harmonik
ortalamasidir. Bu deger, 6zetlemenin genel basarisini
yansitir. TextRank, LexRank ve PageRank sirasiyla
%45,26, %38,46 ve %46,94 F-Score'a sahipken, Onerilen
yontem bu degeri %48,69 olarak gostermektedir. Bulgular,
Onerilen yontemin digerlerine kiyasla daha yiiksek bir
Recall ancak daha diisiik bir Precision ile birlikte daha
dengeli bir F-Score sagladigini ortaya koymaktadir.

Tablo 2. ROUGE-2 Metrigine Gére Metin Ozetlemede
Onerilen Yontemin TextRank, LexRank ve PageRank
Algoritmalari ile Karsilastirilmasi

Ozetleme Rouge-2
Yontemleri
Recall Precision F-Score
TextRank 0,2514 0,6914 0,3566
LexRank 0,1835 0,551 0,2667
PageRank 0,2626 0,6561 0,3639
Onerilen 0,469 0,296 0,3513
Yontem

Tablo-2’de ROUGE-2 metriklerine dayali bir karsilagtirma
gerceklestirmistir.  TextRank, LexRank ve PageRank
algoritmalar1 ile uygulanan 6zetleme yontemleri, onerilen
yontemle kiyaslandi.

Rouge-2, iki kelime uzunlugundaki parcaciklarin
benzerligini Olger. Rouge-2 metrigine goére Recall
(hatirlama) degeri, metnin orijinalinde bulunan énemli iki
kelimelik obeklerin yiizdesini ifade eder. TextRank,
LexRank ve PageRank sirasiyla %25,14, %18,35 ve
926,26 Recall degerine sahipken, oOnerilen yontem bu
degeri %46,9 olarak gostermektedir. Bu sonu¢ Rouge-2
metrigine gbre onemli bilgilerin 6zet iginde daha fazla
bulundugunu gosterir.

Precision (kesinlik) degeri ise 6zetin dogrulugunu 6lger.
TextRank, LexRank ve PageRank sirastyla %69,14, %55,1
ve %65,61 Precision degerine sahipken, onerilen yontem
bu degeri %29,6 olarak gostermektedir. Bu sonug dzette
gerekli olmayan bilgilerin olabilecegini gosterir.
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F-Score degeri, Recall ve Precision'in harmonik
ortalamasidir ve bu deger, 6zetlemenin genel basarisini
yansitir. TextRank, LexRank ve PageRank sirasiyla
%35,66, %26,67 ve %36,39 F-Score'a sahipken, onerilen
yontem bu degeri %35,13 olarak gostermektedir. Bu
sonuca gore de Onerilen yontemin Rouge-2 metriginin
ortalama olarak iyi oldugu sonucu ortaya ¢ikar.

Tablo 3. ROUGE-L Metrigine Gore Metin Ozetlemede
Onerilen Yoéntemin TextRank, LexRank ve PageRank
Algoritmalari ile Karsilastirilmasi

Ozetleme Rouge-I
YoOntemleri
Recall Precision F-Score
TextRank 0,323 0,7811 0,4448
LexRank 0,2445 0,6638 0,3687
PageRank 0,3446 0,7462 0,4605
Onerilen 0,5953 0,4141 0,4744
Y ontem

Tablo-3’de ROUGE-L metriklerine dayal bir kargilagtirma
gerceklestirildi. TextRank, LexRank ve PageRank
algoritmalar1 tarafindan uygulanan 6zetleme ydntemleri,
bir onerilen yontemle karsilastirilmistir. Bulgulara gore,
her bir 6zetleme yonteminin ROUGE-L metrikleri altinda
degerlendirilmistir. Rouge-1, tiim 6zet ve referans metinleri
arasindaki en uzun paylasilan alt dizinin benzerligini dlgen
En Uzun Ortak Alt Dizi (LCS) tabanli benzerlik 6lgiisiini
kullanir.

Recall (hatirlama) degeri, TextRank, LexRank ve
PageRank sirasiyla %32,3, %24,45 ve %34,46 Recall
degerine sahipken, Onerilen yontem bu degeri %59,53
olarak gostermektedir. Bu, Onerilen yontemin daha fazla
onemli bilgiyi 6zette korudugunu gosterir.

Precision (kesinlik) degeri, TextRank, LexRank ve
PageRank sirasiyla %78,11, %66,38 ve %74,62 Precision
degerine sahiptirken, Onerilen yontem bu degeri %41,41
olarak gostermektedir. Rouge-1 metrigine gére Precision
degeri karsilastirilan diger algoritmalara gore biraz daha
disik ¢iktign  igin  Ozette gereksiz  kelimelerin
bulunabilecegi sonucu ortaya ¢ikar.

F-Score degeri, TextRank, LexRank ve PageRank sirasiyla
%44,48, %36,87 ve %46,05 F-Score'a sahipken, onerilen
yontem bu degeri %47,44 olarak gostermektedir. F-Skore
degeri hesaplanirken hem Recall hem de Precision
kullanildigr i¢in bu sonuca gore Rouge-l metriginin diger
yontemlere kiyasla daha iyi oldugu sonucuna vartlir.
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Sekil 6. ROUGE Metriklerine Gore Recall Degerlerinin
Karsilagtirilmast
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Sekil 7. ROUGE Metriklerine Gore Precision
Degerlerinin Karsilagtirilmasi
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Sekil 8. ROUGE Metriklerine Gore F-Skor Degerlerinin
Karsilagtirilmasi
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5. SONUCLAR (CONCLUSIONS)

Bu c¢aligmada, Malatya merkezilik algoritmasinin graf
tabanli bir yaklasim kullanarak Ingilizce haber metinleri ile
etkili bir sekilde 6zetleme islemi yapilabildigi gosterildi.
Algoritma, metnin icerigini temsil eden 6nemli kelimeleri
belirler. Bu kelimeler tizerinden metnin dzetini olusturur.
Bu graf tabanli yaklasim, metin dzetleme alaninda 6nemli
bir ilerleme saglamaktadir.

Malatya merkezilik algoritmasinin etkinligini
degerlendirmek amaciyla bu ¢aligma, genis bir veri kiimesi
olan bbcnews veri seti tizerinde gergeklestirilmistir.
Toplamda 2224 haber metni kullanilarak yapilan testlerle
algoritmanin performansi incelendi. Bu veri seti, farkli
konulardaki zengin ve g¢esitli haber igeriklerini
icermektedir. Bu da Malatya merkezilik algoritmasinin
genel uygulanabilirligini degerlendirmek igin uygun bir
ortam saglar. Algoritma, kelime diigiimleri arasindaki
baglantilar1 ve kelimelerin Onemini belirlemek {izere
Malatya merkezilik skorlarini kullanir. Bu skorlar, metin
icindeki kelimenin belirginligini gosterir. Yiiksek skorlara
sahip kelimeler, metnin ana fikrini ve kritik noktalarini
yansitan Onemli kelimeler olarak segilir. Segilen
kelimelerin icerdigi ciimleler birlestirilerek 6zet metin
olusturulur.

Sonuglar degerlendirildiginde, Rouge-1 metriginde Recall
ve f-skore degerlerinde iyi oldugu fakat Precision degeri
karsilagtirilan diger algoritmalara gore biraz daha diigiik
ciktig1 icin Ozet de gereksiz kelimelerin de var oldugunu
gosteriyor. Algoritma Rouge-1 de genellikle basarili olsa
da bu konuda biraz daha gelistirilmesi gerekir. Rouge-2
metrigine gore Precision ve f-skore degerlerinde diger
algoritmalara kiyasla yeteri kadar basarili olamadigi
goriildi. Bu metrik, 6zetlenen metinle referans metin
arasindaki ayni iki kelimenin yan yana gelme oraninin
diger algoritmalara gore biraz daha disik oldugunu
gosterir. Rouge-1 metrigine gore algoritmanin genel olarak
basarili oldugu goriildii. Rouge-1 de en uzun ortak alt-dizi
benzerligi diger algoritmalara gore daha basarili sonug
verdigi anlagildi.

Bu c¢alisma ile gelistirilmesi Ongoriilen kisimlar
gelistirilerek  Onerilen ydntemin daha iyi sonuglar
verebilecegi ortaya koyuldu. Malatya merkezilik
algoritmasinin bu g¢alismadaki basarilari, metin 6zetleme
tekniklerinin gelistirilmesine énemli bir katki sunacaktir.
Bu yoOntem, gelecekteki arastirmalar igin bir temel
olusturabilir ve haber metinlerinin daha etkili bir sekilde
Ozetlenmesi igin yeni stratejilere yol agabilir.
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Ozet— Civi yazisi gibi 6zel yazi bigimlerinin yapay zeka ile okunmasi, goriintii isleme teknolojisinin hizla gelismesiyle
son yillarda 6nemli bir ¢alisma alani haline gelmistir. Cesitli dillerde yazilmig tabletler iizerinde gerceklestirilmis pek cok
onemli literatiir bulunmaktadir. Buna karsin, her ne kadar diinyada farkli merkezlerde 3D modelleme ve dijitallestirme
caligmalar1 baglamis olsa da yapay zeka kullanilarak okunan ¢ivi yazili diller arasinda Hititce dili bulunmamaktadir.
Literatiirdeki bu boslugu doldurmak, Hititologlarin tablet okuma hizlarini artirarak bilimsel c¢alismalarini daha
derinlemesine analiz etmelerine olanak tanimak ve manuel yontemlerle okunan tabletlerin elle temasini azaltarak binlerce
yil dncesinden giiniimiize ulasan tabletlerin tahrip olma durumunu en aza indirmek amaciyla ¢alismamizda, Hitit ¢ivi
yazisi lizerinde transfer 6grenme yontemi ile gelistirilmis derin 6grenme modelleri denenmistir. Bunun sonucunda model
toplulugu yontemiyle %89 dogruluk elde edilmistir. Caligmamizin, Hitit ¢ivi yazist uzmanlarinin tabletler tizerindeki
¢aligma siirelerini kisaltmasi ve daha verimli isleyecek bir bilimsel siirece katki sunmasi beklenmektedir.

Anahtar Kelimeler— hitit tabletleri, yapay zeka, derin 6grenme, model toplulugu, goriintii isleme

Hittite Cuneiform Tablets with Artificial Intelligence
Algorithms * (Ingilizce)

Abstract—Artificial intelligence reading of special scripts such as cuneiform has become an important field of study in
recent years with the rapid development of image processing technology. There are many important literatures on tablets
written in various languages. However, although 3D modelling and digitisation studies have started in different centres
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1. GIRIS (INTRODUCTION)

Goriinti isleme teknolojisinin hizla geligsmesi, birgok
uygulama alanina yeni olanaklar sunmaktadir. Bu
alanlardan biri de karakter tanmima ve nesne tespiti
caligmalaridir. Bu caligmalar ¢ivi yazist gibi 6zel yazi
bicimlerinin yapay zeka ile okunmasi konusunda biiyiik
potansiyel tagimaktadir [1], [2]. S6z konusu potansiyelden
yola ¢ikilan calismamizda, Hitit ¢ivi yazisinin, goriintii
isleme teknikleriyle yapay zeka ile okunmasina
odaklanilmistir. Hititce tabletler iizerinde diinyada farkli
merkezlerde 3D modelleme ve dijitallestirme ¢alismalar
baslamis olmasina karsin yapay zeka kullanilarak okunan
¢ivi yazili diller (Siimerce, Akadga, Eblaca, Babilce)
arasinda Hititce’nin bulunmamasi, bu g¢alismanin 6zgiin
yoniinii olugturmaktadir.

Hitit ¢ivi yazili tabletler, Hititlerin baskenti Bogazkale/
Hattusa basta olmak iizere Corum-Ortakdy / Sapinuwa,
Samsun Vezirkdprii- Oymaagag / Nerik, Sivas-Kusakli /
Sarigsa, Sivas-Kayalipinar / Samuha, Kirikkale-Karakecili
Biikliikale, Corum-Alacahdyiik, Eskiyapar, Yozgat-
Sorgun Usakli Hoyiik, Kilis Oylum Hoyik gibi
Anadolu’nun farkli bélgelerinde ve Tiirkiye disindaki
arkeolojik kazilarda elde edilmistir [3, 5]. Hitit ¢ivi yazili
tabletlerinde, Hitit dili disinda Palaca, Luvice, yerli halkin
dili olan Hattice, Hurrice, Stimerce, Akad¢a ve Kikkulli
yonetmeliginde gecen Sanskritge 6gelerle birlikte toplam
sekiz farkli dil yer almaktadir. Bunlara ilaveten Hititlerin
baskenti Hattusa’da 2023 kazi sezonunda agiga c¢ikarilan
cift dilli bir tablette (KBo 71.145: CTH 470) Hititce ile
birlikte kaydedilmis yeni bir Anadolu dili olan Kalasmaca
tespit edilmistir [4]. Bu kesif, kadim Anadolu dillerine bir
yenisinin eklenmesine ve diinyanin goziinii Hititge
tabletlere ¢evirmesine neden olmustur. Hitit ¢ivi yazil
metinler incelendiginde; hem hece isaretlerinin fazla
olmasi, hem farkli katipler tarafindan yazilmis olmalari
hem de aym tablet lizerinde yukarida bahsi gegen farkli
dillerde kelimelerin olmasi tabletlerin ¢6ziimlenmesini
zorlastirmaktadir. Ayrica kil iizerine yazilan yaklasik {i¢
bin bes yiiz yillik tabletler, giinlimiize maalesef kirik,
yanmig ya da fazla tahrip olmus sekilde ulasmistir. Bu da
hece isaretlerinin  giiclikle okunmast ya da
okunamamasina sebep olmakta, tabletlerin transliterasyon
ve terclimelerini 6nemli 6l¢iide zorlastirmaktadir.

Bu metinler bir 6li dile ait olmasi sebebiyle, giiniimiizde
kullanilmayan hece ve karakterler icerir ve bu nedenle Hitit
¢ivi yazistyla yazilmis bir tableti okumak Hititoloji
konusunda egitimli bir insan igin ¢ok¢a zaman ve emek
gerektirmektedir. Ote yandan bu yazi  sistemini
¢oziimlemek, dilbilimciler ve eski¢ag tarihi uzmanlari i¢in
hayati 6nem arz eder. Zira, giiniimiizden yaklasik ii¢ bin
bes yiiz yil 6nce Anadolu cografyasina hilkmetmis ve
biiyiik bir medeniyet kurmus olan Hititlerin siyasi tarihteki
rolleri, sosyal ve Kkiiltlirel yasamlari, dini yasamlari,
donemin devletleri ile olan diplomatik iliskileri ve
giiniimiize aktardiklar kiiltiirel 6geler ile ilgili en dnemli
belgeler Hitit arsivinde bulunmaktadir. Oyle ki okunacak
ve yorumlanacak her tablet Hitit tarihinin, dolayistyla Eski
Anadolu tarihinin aydinlatilmasinda son derece énemlidir.
Ayrica Ankara Anadolu Medeniyetleri Miizesi basta olmak
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iizere, Istanbul ve Corum Miizelerinde okunmay1 ve
yayinlanmay1 bekleyen binlerce tablet bulunmaktadir [5].
Tiim bu bilgilerden yola ¢ikarak, ¢aligmanin amaci, yapay
zeka tabanli bir yontem ile Hitit ¢ivi yazisi tabletlerinin
otomatik olarak transliterasyonunu yapabilmek ve bu
sayede Hititologlarin tabletleri ¢dziimleme ve yayinlama
hizlarinin arttirilmasi ile daha fazla yayimlanmamis tabletin
bilim camiasina kazandirilmasimni saglamaktir. Ayrica
manuel yontemlerle okunan tabletlerin elle temasini
azaltarak binlerce yil Oncesinden giiniimiize ulasan
tabletlerin tahrip olma durumunu da en aza indirmek
amaglanmaktadir.

Calismada bu dogrultuda, Hitit ¢ivi yazis1 lizerinde derin
Ogrenme tabanli goriintl isleme tekniklerinin kullanilmasi
incelenmis, Hititce veya baska olii dillerdeki ¢ivi yazisi
sistemlerini kullanmak isteyen arastirmacilar igin ¢dziim
Onerileri  sunulmustur. Caligmamizin, ¢ivi  yazisi
arastirmalarini desteklemek i¢in 6nemli bir adim olacagi
diisiiniilmektedir. Ote yandan bu calismanin, Hitit civi
yazisi uzmanlarmin tabletler {izerindeki ¢aligma siirelerini
kisaltmasi ve daha verimli isleyecek bir bilimsel siirece
katki sunmasi da onciil ve beklenen hedefler arasinda
bulunmaktadir.

2. ILGILI CALISMALAR (RELATED WORK)

Derin 6grenme kullanan bildigimiz ilk harf tanima
caligmasinda LeCun vd. [6], el yazisiyla yazilmig posta
kodlarin1 tanimak icin geri yayilim (backpropagation)
algoritmasini kullanan bir sinir ag1 mimarisini incelemistir.
Ag, ABD Posta Servisi'nin verileri iizerinde test edilmis ve
el yazisi rakamlarini yiiksek dogrulukla
smiflandirabilmistir. Ag tasariminda yenilik¢i 6zellikler,
ozellikle agirlik paylasimi ve Ozel mimari katkilar
vurgulanmistir. Bulgular, geri yayilim (backpropagation)
yonteminin el yazisi tamma gorevlerinde pratik ve etkili
oldugunu gostermistir [6].

Williams vd. [7], ¢ivi yazisi isaretlerini tanimlamak ve
smiflandirmak i¢in DeepScribe adinda bir yapay zeka
sistemi gelistirmistir. Sistem, Ahamenis Imparatorlugu
donemine ait kil tabletler {izerindeki yazitlar1 analiz etmek
icin kullanilmis ve bu isaretleri dogru bir sekilde
yerellestirebilme ve tanimlayabilme kabiliyetine sahip
oldugunu gostermistir. Sistem, bu tabletlerin fotograflari
tizerinde yiiksek dogrulukta isaret Onerileri sunarak
aragtirmacilara transkripsiyon konusunda yardimci olmayi
amaglamugtir [7].

Stotzner, Homburg ve Mara’nin [8] calismasinda, ¢ivi
yazisini dijital olarak isleyen araglar gelistirilmistir. Civi
yazisi, giiniimiizden yak. 5. Bin y1l 6nce icat edilmis, ¢ok
genis bir cografyada ve en az sekiz farkli dilde kullanilmis
3D bir yazi tipidir. Arastirma, 500 etiketlenmis tablet
iceren HeiCuBeDa ve MaiCuBeDa veri setlerini kullanmig
ve fotograflarla 3D renderlar arasinda etiketlemeyi
aktarabilen bir ara¢ sunmustur. Civi yazisi karakterlerinin
yerlerini tahmin etmek i¢in RepPoints dedektorii
kullanilmistir. 3D render edilmis goriintiilerin, fotograflar
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tizerindeki karakter tespitinde daha iyi sonug¢ verdigi
bulunmustur [8].

Diger taraftan, Homburg vd. [9], ¢ivi yazili kil tabletlerin
3D taramalarini ve bu taramalar iizerindeki 3D
notasyonlar1 iceren bir veri seti tanimlamistir. Calismada,
iki farkli tarihi doneme ait tabletlerin, 6zellikle arkeoloji ve
dil bilimi c¢aligmalari i¢in kullanilabilecek bigimde
islenmesi ve yorumlanmasi lizerine odaklanilmistir. 3D
notasyonlarin, karakter tanima ve dil ¢aligmalarina katki
saglamak  i¢in  makine  Ogrenimi  gorevlerinde
kullanilabilecegi oOne siiriilmistiir. Veri seti, farkli
yazilimlarla kullanim i¢in ¢esitli formatlarda yayimlanmis
ve ¢ivi yazili aragtirmalarda 3D verinin modern islenisine
dair 6neriler sunulmustur [9].

Tel Aviv Universitesi'nde Gai Gutherz isimli bir
aragtirmacinin yiiksek lisans tezi i¢in bir tez projesi olarak
baslayan proje ¢alismasinin son adimi, 2023 Mayis ayinda
Oxford University Press'in PNAS Nexus dergisinde,
Akadca'dan Ingilizce'ye ndral makine ¢evirisini anlatan bir
(Translating Akkadian to English with Neural Machine
translation) arastirma makalesi olarak yayimlanmistir.
Google Translate, Baidu translate ve diger ¢eviri motorlari
tarafindan da kullanilan ndral makine gevirisi, kelimeleri
bir say1 dizisine doniistiirerek c¢alisan ve baska bir dildeki
bir ciimleyi kelimesi kelimesine ¢evirmekten daha dogru
ve dilin dogal yapisina uygun bir sinir ag1 adi verilen
karmasik bir matematiksel formiil kullanilmustir [10].

Horst Kremers’in editorliigiinde 2020 yilimda yayimlanan
Digital Cultural Heritage adli kitapta, Charles University
(Prague) ekibi tarafindan (Petr Zemanek, Jana Mynatrova,
Petra Stefcova & Jaroslav Valach) yayimlanan ‘Virtual
Collection of Cuneiform Tablets as a Complex Multilevel
System with Interdisciplinary Content’ adli ¢aligmada,
sanal bir ¢ivi yazisi tablet koleksiyonun mimarisi ele
alimmigtir. Kiiltepe kazilarindan elde edilen yaklasik 400
Eski Asurca tableti iceren koleksiyon, ¢ivi yazistyla
yazilmis ek bir metin bilgisi katmanina sahip &zel bir
koleksiyonun  dijitallestirilmesi,  eserlerin dijital
modellerini (3D modeller, stereometrik ve standart
fotograflar, Structure-from-Motion) ve ayn1 zamanda tek
tek nesnelere iliskin ek verileri (boyutlar, renk, sekiller,
kompozisyon gibi fiziksel 6zellikler) igeren ¢alismada, ¢ivi
yazili metin kismi da bir corpus olarak dilbilimcilerin
kullanimina sunulmug ve filolojik veriler bazi 6nemli
nitelikler (kisiler, mallar, baglantilar) igin bir araya
getirilmigtir. Koleksiyondan elde edilen veriler, baska
verilerle iliskilendirilerek veritabani kiiltiirel ve tarihsel
gelisim baglamina yerlestirilmistir [11].

Dijital dokiimantasyona dair bir diger 6nemli ¢alisma ise
‘Cuneiform Tablets Micro-Surveying in an Optimized

Photogrammetric  Configuration’ yani Civi Yazil
Tabletlerin Optimize Edilmig Fotogrametrik
Konfigiirasyonda Mikro-Olgiilmesi adli  ¢alismadir.

Boylelikle ¢ivi yazili tabletlerin iizerindeki her bir isaret
mikroskobik Ol¢limleri ile alinmakta, okunmakta ve
arsivlenebilmektedir. Universita degli Studi di Salerno,
Politecnico di Milano ve Department of Languages and
Cultures, Ghent University boliimlerinden aragtirmacilara
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gore, mikrometrik 6lgme sistemi, ¢ivi yazili tabletlerin
sayisallagtirnlmas1 ve Dbelgelenmesi icin verimli ve
giivenilir ¢oziimler sunmaktadir [12].

Tyndall’in [13] ¢aligmasi, Hititge dilinde yazilmis ¢ivi
yazili tablet parcalarmi daha biiyiik metinlere otomatik
olarak toplamayi amaglayan bir yaklasimi sunmaktadir.
Calisma, parcali (fragman tabletler) ve hasar gormiis
metinlerin siniflandirilmasinda bilinen metin siniflandirma
metriklerinin ve Hititge ¢ivi yazili metinlerin yapisina dair
baz1 bilgilerin kullanilmasini 6nermektedir. Bu sayede,
¢ivi yazili tablet pargalarini, var olan tam metinlerin altinda
smiflandirmak miimkiin olabilir. Calismada, Naif Bayes
(Naive Bayes) ve Maksimum Entropi (Maximum Entropy)
smiflandiricilar: kullanilarak bu pargalar analiz edilmis ve
¢ivi yazisindaki Sumer ve Akad ideogramlar1 kullanilarak
siiflandirma performansi artirilmistir [13].

He vd. [14] derin sinir aglarmi egitmenin zorlugunu
gidermek igin artik(residual) Ogrenme ¢ergevesini
tanitmustir.  Yazarlar, katmanlari, girdilere  gore
artik(residual) fonksiyonlar olarak yeniden formiile ederek
aglarn daha derin olmasina ragmen daha kolay optimize
edilmesini saglamigtir. 152 katmana kadar derinlikteki
artik(residual) aglar, diisiik karmasiklikla ImageNet'te
yiiksek dogruluk elde etmis ve cesitli yarigsmalarda
birincilik kazanmustir [14].

Tan ve Le’nin [15] ¢ahismasinda, ConvNets'in
performansini  artirmak i¢in derinlik, genislik ve
¢Ozinlirliiglin esit oranda Olg¢eklendirilmesine dayanan
yeni bir yontem Onerilmistir. Tasarlanan EfficientNets,
ImageNet ve diger veri setlerinde daha az parametre ile
mevcut modellere gore daha yiiksek dogruluk ve verimlilik
saglanmustir [15].

Yapay zeka kullanilarak tablet okuma konusunda énemli
calismalar yapan bir diger merkez ise Chicago Oriental
Institute ile yine Chicago Universitesi Bilgisayar Bilimleri
Boliimii’diir (The Department of Computer Science).
1990’lardan bu yana 3D ¢izim konusunda ve okuma
konusunda  bilisim  teknolojilerinden  faydalanan
aragtirmacilar, tablet okumada %80 basariya ulastiklarini
ancak tekrar eden fiiller ve kaliplar diginda, yorum
gerektiren kelime ve ifadelerde basari oranin distiigiinii
dile getirmislerdir [16].

Mevcut literatiirde, ¢esitli dillerde yazilmis ¢ivi yazili
tabletlerin yapay zeka ile transliterasyonuna dair
calismalar bulunmaktadir. Bu ¢alismalardan farkli olarak
bizim c¢aligmamiz, Hitit ¢ivi yazili tabletler ilizerinde
gergeklestirilmistir. Ote yandan Baskent Universitesi
Bilgisayar Miihendisligi Boliimii’nde Hitit Civiyazisinin
Bilgisayar Destegi ile okunmas: ile ilgili yiiriitiilen
calismalar sonucunda bir teknik rapor ve yiiksek lisans
tezleri tamamlanmustir. Calismalarda Hitit tabletlerinden
bilgisayarl1 gorii uygulamalarinin ¢aligma ilkeleri ayrintili
olarak agiklanarak, algoritmalar dilin isaretlerine
uygulanmigtir ve Hitit isaretlerine karsilik gelen
sozciiklerin dilbilgisi yapisi izerinde durulmustur. [17, 18,
19] Ayrica Tyndall [13], Hititce tabletler lizerinde ¢aligmig
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ancak kirik tabletleri birlestirmek iizerine bir calisma
ylriitmiigtir. Bunu  yaparken de  smflandirma
algoritmalarindan yararlanmistir. Bundan farkli olarak
bizim g¢aligmamizda, Hitit tabletlerinin transliterasyonu
gerceklestirilmistir.

3. METOT (METHOD)

Yapay zeka tabanli bir yontem ile Hitit ¢ivi yazisi
tabletlerinin ~ otomatik  olarak transliterasyonunu
yapabilmek amaciyla c¢aligmamizda, oncelikle Hititge
tabletlerin yiliksek ¢oziiniirliiklii fotograflart ¢ekilmis ve
dijital ortama aktarilmigtir. Daha sonra, gelistirdigimiz
web sayfasi araciligiyla tabletler, Hititologlar tarafindan
etiketlenmistir. Her bir heceyi igine alan bir dortgen
cizilerek etiketleme gergeklestirilmistir. Sekil 1’de buna
ornek gosterilmistir.

1000

2000 +

3000 +

4000

5000

T T — T T T T
0 1000 2000 3000 4000 5000 6000 7000 8000

Sekil 1. Hititge isaretlerin dortgensel etiketleme yontemi
(Quadrilateral labelling of Hittite signs)

Etiketleme sonucunda, fotograflar parcalara ayrilmis, ayni
hecelerin farkli fotograflart gruplandirilmistir. Ancak Hitit
isaret listesinde bazi hecelerin gériiniimii ayni oldugu igin,
bu isaretler projede bir igaret olarak kabul edilmistir.
Bunlara 6rnek bazi isaretler Tablo 1°de verilmistir.

Tablo 1 Gésterimi ayni olan isaretler

DINGIR an
at AD
ag ak
bu pu
pé pi
har HUR

GIS ez

GIS iz
ke ki
Si LIM
lu UDU

Bu isaretlere 6rnek gorseller Sekil 2°de verilmistir. Burada
Hitit ¢ivi yazili metinlerde gecen Siimerce DINGIR ve
Hititce an isaretlerinin ayni oldugunu goriilmektedir.
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“DINGIR” isareti

“an” isareti

Sekil 2. DINGIR ve an igaretlerinin goriiniimii
(View of DINGIR and an signs)

Etiketleme sonuclarma gore Hititge isaretlerin fotograflart
incelendiginde, veri setimizdeki isaretlerin fotograflarinin
sayica dagiliminin dengesiz oldugu goézlenmistir. Bu
durum Sekil 3’te gosterilmektedir.

Hecelerin resim sayisi

50
40 1
30
204
104
04

==1 ==2 <= 10 <= 50
Resim sayisi

Sekil 3. Hititce isaretlerin elde edilen veri setindeki

dagilim
(Distribution of Hittite signs in the obtained data set)

Ayrica veri setinin daha detayll bir grafigi Sekil 4’te
verilmistir. Bu grafikte x ekseninde etiketler ve isimleri
goriilmektedir. Y ekseninde ise bu etiketlerin sahip oldugu
toplam resim sayist verilmistir. Bu grafik bir sagilim
grafigidir ve sahip olunan veri setinin dagilimi hakkinda
detayli bir bakis sunmaktadir.
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Sekil 4. Veri setinin sagilim grafigi
(Scatter plot of Hittite signs in the obtained data set)

Veri setindeki dengesizligi ortadan kaldirmak igin veri
artirma(data augmentation) yontemi kullamilmistir. Veri
artirma yontemleri segilirken uygulanacak olan hecenin
anlaminin degismemesi dikkate alimustir.

Veri setini iyilestirmek i¢in ¢esitli yontemler denenmistir.
Oncelikle egitim verileri her bir grup 400x400 piksel’e
yeniden Olceklendirilmistir. Sonrasinda her bir gruptan
rastgele 360x360 piksellik bir bolge alinmistir. Boylece
modelin daha iyi genellesebilmesi amaglanmigtir. Alinan
her 360x360 piksellik resimlere %30 olasilikla 5 derece
dondiirme uygulanmistir. %30 olasilikla rastgele afin
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donistimii(random  affine  transformation)  yontemi
uygulanmistir. En son islem olarak resimler ImageNet
istatistikleriyle normalize edilmistir ¢iinkii kullandigimiz
her model imagenet iizerinde 6n egitilmistir. Test verileri
icin, fotograflar Oncelikle 400x400 piksel boyutlarina
indirilmistir. Sonrasinda, 360x360 piksel kalacak sekilde
resmin orta yerinden kirpilmis ve imagenet istatistikleriyle
normalize edilmistir.

Veri setinin ResNet101 modelinde veri artirma yapilmamig
ve yapilmig degerleri Tablo 2’de gosterilmistir.

ResNet101 modeli karsilastirirken kullanilan
hiperparametreler aynidir, dolayisiyla metrikler arasindaki
fark sadece veri artirma etkisiyle olugsmustur. Buradan da
anlasilabilecegi iizere, veri artirma yontemi derin 6grenme
modelinin performansini 6nemli 6l¢iide iyilestirmistir.

Isaretlerin, 3930 tanesi egitim ve 860 tanesi test olmak
tizere ikiye ayrilmigtir. Hititge isaret sayisi 1 olan
fotograflar, modeli egitirken egitim ve test diye
ayrilamayacagi i¢in, bu harfler veri setinden ¢ikarilmustir.
Buna ek olarak, Tablo 1°de verilen ayni gosterime sahip
isaretler de aynmi sayildiktan sonra, toplamda 181 farkl
etikete sahip bir veri seti elde edilmistir.

Tablo 2 Veri setinin ResNet101 modelinde veri artirma yapilmamis ve yapilmis dederleri

Esitim Gegerleme Tk-3- Tlk-5-
MODELLER Y%timi Yitimi Dogruluk Dogruluk Dogruluk Kesinlik Duyarhilik | F1-Skoru
(Train Loss) (Validation (Accuracy) | (Top-3- (Top-5- (Precision) | (Recall) (F1-Score)
Loss) Accuracy) | Accuracy)
ResNet101 181 Etiket
. 0.01 0.72 %84.3 %93.7 %95.6 0.811 0.843 0.826
(veri artirma yokken)
ResNet101 181 Etiket
. 0.05 0.64 %85.7 %93.5 9%96.1 0.836 0.857 0.846
(veri artirma varken)

3.1 Kullanilan modellerin agiklamalar: (Descriptions of
the models used):

ResNet: Her bir katman kendinden &nceki katmanin hem
¢ikigint hem de girisini alir. Bu yap1 sayesinde katmanlar
arasi bilgi akisi artar ve patlayan gradyan sorunu ¢oziiniir.
DenseNet: Her bir katman kendisinden oOnceki tiim
katmanlarin ¢ikigini giris olarak alir. Bu yogun baglantilar
modelin daha iyi 6grenmesini saglar.

EfficientNet: Modelin derinligi ve genisligi
katsayilariyla dengelendiginden, daha hizli ve daha iyi
performansla ¢alisan evrisimli sinir aglarindan olusur.
ConvNext: Geleneksel evrisimli sinir aglarmin yani sira
0zel yontemlerle tasarlanmis yeni katmanlar igerir. Bu
katmanlar daha etkili 6zellik ¢ikarir ve modele daha iyi

Olcek

O0grenme imkan saglar.

Model Toplulugu (Model Ensembling) Yéntemi: Farkli
modellerin  ¢iktilarin1  birlestirerek daha giiglii  ve
genellesmis bir model elde edilmesini saglar. Bu yontem

genellikle basarimi arttirir fakat daha fazla hesaplama
istediginden dolay1 daha fazla zaman harcar.

Olusturdugumuz  modellerde  yaptigimiz  deneyler
sonucunda, derin &grenme modellerinin  dnceden
egitilmesi (ImageNet iizerinde), veri setimiz {izerinde daha
iyi sonu¢ vermis ve daha hizli yakinsamasini saglamistir.
Bu yiizden olusturdugumuz modellerinin hepsi imagenet
agirliklartyla baslatilarak egitilmistir.

Olusturdugumuz model tablosunda bazi modellerin diger
modellere gore daha biiylik olmasindan dolay1 daha iyi
genellesebilmeleri i¢in kiigiik modellere uyguladigimizdan
daha fazla diizenlilestirme (regularization) gerektirmistir.
Daha fazla diizenlilestirme  gerektiginde  yitim
fonksiyonu(loss function) ve iyilestirici(optimizer) igin
etiket diizlestirme (label smoothing) ve L2 cezasi(L2
pentaly) kullamilmigtir. Model, Tablo 3’te * isaretiyle
belirtilmistir.
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Tablo 3 Modellerin Performans degerleri

Egitim | Gegerleme iIk-3- 1lk-5- F1- Model
- . Yitimi Yitimi Dogruluk Dogruluk | Dogruluk Kesinlik( | Duyarlilik | Skoru
Model Isimleri (Train (Validation | (Accuracy) (Top-3- (Top-5- Precision) (Recall) (F1- Pasrametre
Loss) Loss) Accuracy) | Accuracy) Score) ayist
ResNet50 0.03 0.70 %84.4 %93.2 %96.0 0.816 0.844 0.830 23,878,901
ResNet101 0.05 0.64 %85.7 %93.5 %96.1 0.836 0.857 0.846 42,871,029
ResNet152 0.01 0.64 %386.9 %94.4 %96.1 0.836 0.868 0.852 58,514,677
ResNet50-101-152
o - - %87.1 %95.5 %96.5 0.843 0.871 0.856 -
toplulugu (ensemble)
DenseNet201 0.01 0.59 %87.6 %94.3 %96.4 0.848 0.875 0.861 18,440,629
EfficientNetB5 0.01 0.77 %86.1 %93.3 %94.7 0.833 0.860 0.846 28,711,653
ConvNext-base 0.01 0.59 %87.7 %095.5 %97.4 0.847 0.877 0.862 87,751,989
ConvNext-large 002 | 061 %85.6 %951 | %969 | 0827 0.856 0ar | 39050853
ConvNext-large* 048 | 0.94 %87.9 %956 | %977 | 0853 0.879 0ges | 3000853
En iyi 4 model
< - - %89.0 %96.0 %97.3 0.861 0.889 0.875 -
toplulugu (ensemble)

4. SONUCLAR (CONCLUSION)

Yapay zeka tabanli bir yontem ile Hitit ¢ivi yazisi
tabletlerinin ~ otomatik  olarak transliterasyonunu
yapabilmek ve bu sayede Hititologlarin tablet okuma
hizlarint  artirarak,  bilimsel  ¢alismalarim1  daha
derinlemesine analiz etmelerine olanak tanimak amaciyla
gerceklestirilen ¢aligmada, derin 6grenme tabanli goriintii
isleme tekniklerinin kullanilmasi incelenmis, Hititge veya
baska oli dillerdeki ¢ivi yazist sistemlerini kullanmak
isteyen aragtirmacilar i¢in ¢éziim onerileri sunulmustur.

Calisma kapsaminda 6ncelikle Hititge’de ayni gosterime
sahip isaretler tek isaret olarak kabul edilmistir. Veri
setimizde sadece 1 adet bulunan heceler, test ve egitim
olarak ayrilamayacagi igin veri setinden ¢ikarilmigtir. Veri
setinin dengesizlik problemini ¢oziimlemek igin veri
artirma uygulanmistir. Bu uygulamalardan sonra ortaya
¢ikan veri seti ile ResNet, DenseNet, EfficientNet,
ConvNext, model toplulugu(model ensemble) yontemleri
ile modeller olusturulmustur. Cikan sonuglara gore, model
toplulugu yontemi, %89 ile en yiliksek bagarimi
gostermigtir.  Modellerin ~ basarimlarinin  farklarinin
arkasindaki nedeninin model dizayn yapisi ve icerdikleri
parametre sayist oldugu disiiniilmektedir. Ortaya g¢ikan
ilging bir sonug ise DenseNet201 yapisinin karsilastirilan
modeller arasinda en az parametre sayisina sahip olmasina
ragmen en iyi sonug veren algoritmalardan birisi olmasidir.
DenseNet yapisinda her katmanin ileri yonde tim diger
seviyelere yogun bir sekilde baglandig1 bilinmektedir bu
sayede sonraki tiim katmanlarin resimlerin daha digiik
seviye Ozelliklerden yararlanmasini saglar. DenseNet bu
yapis1 geregi Hititge isaretleri siniflandirma goérevinde iyi
sonu¢  verdigi  digiiniilmektedir. =~ Ayrica  tabloda
goriilmektedir ki  EfficientNet modeli ResNetl01
modelinden %34 daha az parametre sayisina sahip
olmasima ragmen dogruluk orani olarak daha iyi sonug
vermistir ayrica Fl-skorlar1 aynidir. Bunun sebebi ise
EfficientNet modelinin derinliginin ve genisliginin dl¢ek

katsayilariyla dengelenmesidir dolayisiyla bu model daha
az parametreyle daha iyi sonu¢ vermistir.

Elimizdeki veri, 4790 adet isaret ile smirlidir. Sonraki
calismalarda, daha fazla isaret ile ¢alisildiginda basarim
oranlarinin artmasi beklenmektedir. Ayrica etiketleme
yontemlerinde de gelistirilme yapilmasi planlanmaktadir.
Mevcut literatiirde, ¢esitli dillerde yazilmis ¢ivi yazili
tabletlerin yapay zeka ile transliterasyonuna dair
calismalar bulunmaktadir. Bu ¢alismalardan farkli olarak
bizim ¢aligmamiz, Hitit ¢ivi yazili tabletler {izerinde
gerceklestirilmistir. Caligmamizin, ¢ivi yazisi
arastirmalarini desteklemek i¢in 6nemli bir adim olacag
diisiiniilmektedir. Ote yandan bu calismanm, Hitit civi
yazist uzmanlariin tabletler {izerindeki ¢aligma siirelerini
kisaltmasi ve daha verimli isleyecek bir bilimsel siirece
katk1 sunmasi da beklenen etkiler arasindadir.
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Ozet— Bu makale, iiretken yapay zeka (GenAl) ile giiglendirilmis yenilik¢i bir bireysel emeklilik bilgi ve tavsiye
sisteminin tasarimini sunmaktadir. Sistem, kullanici verilerini analiz etmek ve kisisellestirilmis emeklilik planlama
tavsiyeleri tiretmek icin gelismis Al algoritmalarini kullanacak sekilde 6zellestirilmistir. GenAl entegrasyonu ile sistem,
kullanicilar arasinda finansal okuryazarligt 6nemli 6l¢iide artirmayi, emeklilik planlamasi ve finansal iiriinler hakkinda
daha derin bir anlayis saglamay1 hedeflemektedir. GenAl destekli i¢goriiler, kullanicilarin uzun vadeli emeklilik hedefleri
ve risk tercihleriyle uyumlu bilingli kararlar alabilmelerini saglayacak sekilde Ozellestirilmis yatirim stratejilerini
kolaylagtiracaktir. Bu yaklasim, sadece bireysel finansal sonuglart iyilestirmeyi amaglamakla kalmayip, geleneksel olarak
yalnizca finansal danigmanlar araciligiyla erisilebilen finansal tavsiyeye erisimi demokratiklestirmeyi de hedeflemektedir.
Sistem gelistikge, degisen ekonomik kosullara ve kisisel durumlara uyum saglamasi, kullanicilarin yasam
degisiklikleriyle uyumlu dinamik tavsiyeler sunmasi beklenmektedir. Bu sistemin amaci, emeklilige yaklasirken ve
emeklilige girerken kullanicilarinin finansal refahini ve giivenligini artiracak sekilde proaktif bir emeklilik planlamasi
yaklasimini tesvik etmektir.

Anahtar Kelimeler— bireysel emeklilik, iiretken yapay zeka, yapay zeka, karar destek sistemi

GenAl-Based Private Pension Information and
Recommendation System

Abstract— This paper presents the design of an innovative private pension information and recommendation system
powered by generative artificial intelligence (GenAl). The system is tailored to leverage GenAl algorithms to analyze
user data and generate personalized retirement planning advice. By integrating GenAl, the system seeks to significantly
enhance financial literacy among users, providing them with a deeper understanding of retirement planning and financial
products. The GenAl-driven insights will facilitate tailored investment strategies, enabling users to make informed
decisions that align with their long-term retirement goals and risk preferences. This approach aims not only to improve
individual financial outcomes but also to democratize access to financial advice that is traditionally available only through
financial advisors. As the system evolves, it is expected to adapt to changing economic conditions and personal
circumstances, offering dynamic advice that keeps pace with users' life changes. The goal of this system is to foster a
proactive approach to retirement planning, thereby enhancing the financial well-being and security of its users as they
approach and enter retirement.

Keywords— private pension, generative artificial intelligence, artificial intelligence, decision support system
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1. INTRODUCTION

The importance of private pension planning cannot be
overstated in today's financial landscape. In an era marked
by rapid economic changes and increasing life expectancy,
effective retirement planning has become crucial for
ensuring long-term financial security. Retirement planning
involves understanding and managing various financial
elements, including savings, investments, pensions, and
other income streams, to achieve a financially secure
retirement. However, financial literacy—the ability to
understand and effectively use various financial skills,
including personal financial management, budgeting, and
investing—is a critical component that influences the
effectiveness of individual retirement planning. Financial
literacy is not merely about understanding basic financial
concepts; it's about applying that knowledge to make
informed decisions about saving, investing, and managing
money, which ultimately affects one's quality of life in
retirement. Unfortunately, many individuals lack the
financial literacy required to navigate the complex
landscape of retirement options effectively. Studies have
shown that a significant portion of the population lacks the
knowledge necessary to make decisions that optimize their
retirement outcomes. This lack of understanding can lead
to poor financial choices, such as inadequate savings,
inappropriate investments, and a general lack of
preparation for retirement.

In response to these challenges, the emergence of
generative artificial intelligence (GenAl) in financial
services presents a transformative opportunity to enhance
decision-making and improve individual outcomes.
GenAl, particularly models like Generative Pre-trained
Transformer (GPT), has revolutionized various sectors by
providing advanced data processing capabilities and
generating human-like text based on the input they receive.
In the context of financial services, GenAl can analyze vast
amounts of financial data, recognize patterns, and provide
personalized advice based on an individual's financial
status, goals, and risk tolerance. The application of GenAl
in financial decision-making extends beyond mere
automation. It involves understanding complex financial
scenarios, adapting to new financial information, and
evolving with the user's changing financial conditions and
life stages. For retirement planning, this means that GenAl
can assist users in crafting a comprehensive, dynamic
financial plan that adjusts over time, providing
recommendations on savings rates, investment choices,
and other financial decisions that align with the user’s
retirement goals and financial situation.

The primary objective of the proposed GenAl-driven
system is to develop a tool that harnesses the power of
GenAl to deliver personalized retirement planning advice
directly to end-users, empowering them with tailored
financial insights and strategies. While the system
primarily targets individual users seeking to enhance their
retirement planning, it also offers valuable support for
financial advisors and intermediaries by providing them
with advanced tools to better serve their clients. This
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system aims to bridge the gap between complex financial
knowledge and the average individual's understanding. By
integrating GenAl, the system can process detailed
personal financial information provided by users, including
their current financial status, retirement goals, risk
tolerance, and other relevant data. Utilizing advanced
algorithms, the system can generate customized advice that
guides users through the myriad options available,
suggesting strategies to increase their retirement savings,
optimize their investment portfolio, and manage risks
associated with their financial decisions. Moreover, the
GenAl system is designed to be interactive, allowing users
to receive explanations and clarifications on financial
concepts and the reasoning behind specific advice. This
educational component is crucial as it helps to enhance the
user's financial literacy over time, empowering them to
make informed decisions independently. The system’s
ability to learn from user interactions and feedback also
enables it to improve its advice, ensuring that it remains
relevant as economic conditions change and as the user's
personal financial situation evolves.

2. BACKGROUND and LITERATURE REVIEW
2.1. Rationale to enter the Individual Pension System (IPS)

2.1.1. A Comfortable Retirement

The IPS has been created as a supplement to the social
security system to increase one’s wealth by providing them
with an additional income during retirement. One can
participate in the IPS by acquiring a pension product from
their choice of pension company. Eligibility for retirement
requires to have been stayed in the system for at least 10
years and attained the age of 56. There are three different
options to be chosen from after becoming eligible for
retirement. (1) One can simply request a lump-sum
payment of some or all the accumulations in the individual
pension and state contribution account (2) One choose to
stay in the IPS and receive accumulations in part from the
pension company according to the reimbursement plan
they decide. (3) One can earn regular income by purchasing
an annuity with some or all the accumulations.

2.1.2.  Transparency

One can access their daily individual pension account
information via two different platforms: (1) from the BES
Mobile application, provided by the Pension Monitoring
Center (EGM) (2) from the customer portal on one’s
pension company's website (3) from the mobile app
provided by the pension company. Since the individual
pension accounts are kept by the Istanbul Settlement and
Custody Bank (TakasBank), participants can also keep
track of their daily fund shares from TakasBank's accounts.
2.1.3. Rightto Choose the Fund

The pension company offers participants a pension plan
suitable for their pension expectations, income level and
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age. It is up to the participants to decide on the funds in
which they wish to invest their contributions. If one does
not choose any funds, their contributions shall be invested
in the funds stipulated by the legislation. Also, Pension
Fund Trading Platform (BEFAS) enables participants to
purchase funds from different companies without requiring
them to change their pension companies. Fund distribution
can be changed 12 times per year.

2.1.4. State Contribution

A state contribution is paid into the participant’s account in
the amount of up to 30 percent of the contributions they
made to the IPS. A participant can benefit from the state
contribution for the contribution payments up to the total
amount of the gross minimum wage determined for the
relevant year within a calendar year. Contribution
payments exceeding the limit will be considered in the
calculation of the state contribution as carryover
contribution shares transferred to the company accounts on
the first day of each year. Separate state contribution limits
have been set for the contracts within the scope of Auto
Enrollment System (AES) and IPS, respectively.

2.1.5. Professional Fund Management

Participant’s accumulations are managed by the portfolio
management companies overseen by the Capital Markets
Board of Turkey (SPK).

2.1.6. Purchasing Service from Licensed Intermediaries

Only licensed intermediaries can engage in the IPS
promotion, marketing and sales activities. The professional
competency of these intermediaries is tested with
an exam conducted by the Pension Monitoring Center.

2.1.7.  Flexible Contribution Payments

In addition to the regular contributions, participants can
also make initial or additional contribution payments in
interim periods to the IPS; they can also suspend
contributing anytime.

2.1.8.  Transfer to Another Pension Company

If one wishes, savings can be transferred to another pension
company at least two years after the effective date of the
contract. The waiting period is one vyear for
subsequent transfers.

2.1.9. Tax Advantage for Employers

Employers can enter employees into the IPS by drawing up
a group pension contract. In this case, the contributions
paid on behalf of employees are recorded as expenses when
calculating business income without associating them with
the salary. Employers may determine the vesting period for
the accumulations arising from contributions paid for the
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employees and from their earnings on the condition of not
exceeding seven years. This is a good way to achieve
employee motivation and loyalty to the company.

2.1.10. Reliability

All elements of the system are under supervision. The
operations of all the pension companies are supervised by
the Insurance and Private Pension Regulation and
Supervision Agency (SEDDK) while the operations of the
funds, portfolio managers and custodians are supervised by
the SPK. The company's accounts and transactions are
subject to independent external audits at least once a year.
EGM monitors all pension companies' operations
electronically daily. Assets that belong to pension
companies and to pension mutual funds are separate from
each other. Fund assets cannot be pledged, used as
collateral except for portfolio-related transactions, seized,
or included in bankruptcy assets. SEDDK may impose
sanctions against a pension company if the financial
structure of the pension company is deemed to have been
weakened to a level that may put the participants’ rights
and interests in danger and if it is impossible to remedy the
situation. In the event of the death of the participant during
the contract period, their accumulations and all of the state
contributions in their account shall be paid to the
beneficiaries stated in the pension contract or lawful heirs
stated.

The procedures and principles regarding instant
monitoring of the return performance of pension mutual
funds, rewarding the managers of the funds with relatively
high returns during the evaluation period, and imposing
sanctions on the managers of relatively unsuccessful funds
have been regulated. The task of operating the system has
been entrusted to EGM stakeholders.

2.2. Challenges of entering the IPS
2.2.1. Complexity and Accessibility

One of the primary challenges is the inherent complexity
of many retirement systems. The options available can be
bewildering, with a range of investment -choices,
contribution levels, and rules regarding withdrawal. This
complexity can act as a barrier to effective participation,
particularly for those with lower levels of financial literacy.

2.2.2.  Lack/Level of Financial Literacy

Financial literacy plays a critical role in effective
retirement planning. It influences an individual's ability to
make informed financial decisions, which in turn affects
their financial well-being in retirement. However, financial
literacy levels vary significantly across different
demographics, impacting the effectiveness of retirement
planning efforts. Studies have shown that financial literacy
is not uniformly distributed across populations. Younger
people, women, and those with lower income levels often
exhibit lower levels of financial literacy. This demographic
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variation presents a challenge to universal retirement
planning efforts, as these groups are often the most
vulnerable to poverty in retirement. Lower levels of
financial literacy are strongly correlated with poor
retirement planning. Individuals with limited financial
knowledge are less likely to calculate their retirement
needs accurately, less likely to invest in diversified
portfolios, and more likely to opt out of beneficial
retirement plans.

3. THEORETICAL FRAMEWORK AND
METHODOLOGY

3.1. Generative Al

GenAl signifies a major leap in Al, especially for its
capacity to create new content. This technology leverages
large language models (LLMs) that process extensive
datasets of text and documents to produce coherent outputs
in various formats, including text, images, and languages.
Its capabilities have substantial implications across
multiple sectors, particularly in finance. A pivotal
advancement in LLMs was the introduction of the
Transformer architecture by Vaswani et al. in their seminal
paper "Attention is All You Need" in 2017 [1]. This
architecture, using the self-attention mechanism [2],
supports parallel processing and effectively manages long-
range dependencies. This framework underpins models
like OpenAl’s GPT series [3] and Google’s BERT [4],
which have achieved remarkable results across various
language tasks. These models are designed to interpret
entire  contexts, providing genuine  contextual
understanding [5]. Notable variations of the GPT
architecture include models like ChatGPT, Llama, and
Mistral [6] which share a consistent training approach:
During pre-training, the models learn grammar,
information, reasoning abilities, and some level of
common-sense knowledge from a wide range of internet
text [7][8]. This broad linguistic understanding equips
them well for various tasks. Fine-tuning then focuses these
models on specific applications, like conversational
contexts for ChatGPT, making them suitable for
applications such as chatbots and virtual assistants
[9][10][11]. While models like Llama and Mistral are less
well-known, they may represent advancements or
specialized variants designed for specific research or
practical uses. These models are at the forefront of NLP
developments, facilitating more natural human-like
interactions through advanced Al-driven language models
[12][13][14].

3.2. Generative Al in Financial Advisory

Robo-advisors are digital platforms that provide financial
investment services through algorithmic processes,
modernizing and automating traditional financial advising
and wealth management using advanced information
technologies [15] [16]. These platforms enhance passive
indexing strategies to reduce costs, risks, and the time
required for portfolio rebalancing. They also mitigate
behavioral biases and improve financial transaction
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efficiency [17]. The Covid-19 pandemic has boosted the
popularity of robo-advisors, which currently manage over
$1 trillion in assets and are expected to grow annually by
16.72% from 2022 to 2025 [18][19] noted that the
pandemic highlighted the value of online investment
services, prompting even those who preferred traditional
in-person banking or human advisors to shift towards
digital solutions. This shift has led to a significant increase
in robo-advisor-related research, particularly over the past
Six years.

Research on robo-advisors covers several domains,
including their impact on financial literacy, adoption and
acceptance, investment performance, risk management,
regulation and compliance, and human-robot interactions.
[16] examined design principles, factors influencing
adoption and acceptance, and portfolio recommendations.
Additionally, the ongoing digitalization of the economy
and the rise of fintech have accelerated the integration of
digital experiences in financial services, transforming how
services and channels converge [20]. The high-quality and
effective services offered by robo-advisors ensure client
satisfaction by providing tailored and personalized
solutions [21][22]. Personalization, a key competitive
edge, enhances sales by improving conversion rates,
strengthening customer relationships, fostering loyalty,
and boosting revenues. It involves tailoring offers to meet
individual customer needs, but understanding these unique
needs can be challenging. Personalization anticipates needs
based on previously gathered data, whereas customization
directly responds to specific client requests. Al and digital
technology enable these personalized experiences by
analyzing patterns from contextual and personal data [23]
[24]. As technology and the industry continue to develop,
the research focus within the robo-advisory services sector
is expected to adapt and expand. Despite increased
academic attention, there is still a notable research gap in
understanding how robo-advisory services can be more
effectively cater to the distinct preferences and
requirements of individual investors.

3.3. Impact on Financial Literacy and Retirement Planning

GenAl and robo-advisors significantly influence financial
literacy and retirement planning. Individuals need to
possess sufficient financial knowledge about pension
products and information provided by pension companies
and be capable of making informed investment decisions.
[25] developed a private pension literacy scale to determine
the pension literacy levels of academic and administrative
staff and found that 36.7% of respondents had medium and
8% had high levels of individual retirement literacy. The
findings suggest that participants have a low level of
private pension literacy. A significant difference was
observed between individual retirement literacy levels and
variables such as gender, marital status, and age. [26]
studied the relationship between financial literacy levels of
students and their awareness of the individual pension
system. They found that students who attend financial
courses more frequently have higher financial literacy
scores and greater awareness of the private pension system.
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A positive but weak correlation was found between
students' financial literacy levels and their awareness of the
private pension system. The influence of GenAl and robo-
advisors extends into the realm of financial literacy and
retirement planning. Literature suggests that Al tools can
enhance users' understanding and engagement with their
retirement plans, simplifying complex financial concepts
and promoting proactive management of retirement
savings.

3.4. Trust and Satisfaction in Retirement Systems

A critical factor in adopting new technologies in personal
finance is user trust and satisfaction. [27] study on trust and
satisfaction perceptions within individual retirement
systems indicates that Al's personalization capabilities can
lead to higher satisfaction and trust among participants,
fostering more robust engagement with the retirement
planning process. The Private Pension System has been
promoted through recent regulations and legislative
changes. Examining these applications reveals that the
system has a solid legislative structure, which creates trust.
This trust and the profitability provided by the system are
significant factors in customer satisfaction. The study
found that participants' perceptions of trust and satisfaction
were slightly above average and that customer trust
positively impacted customer satisfaction.

To establish trust in the Individual Retirement System,
accurate and complete information must be provided to
potential participants in a clear and understandable
manner. Individuals are reluctant to commit to a system
they do not fully understand. Therefore, it is recommended
that investment advisors assigned by banks provide
personalized and frequent updates rather than just general
investment bulletins. This approach enhances the
perception of helpfulness, which significantly impacts
trust. Additionally, investment advisory services are a key
advantage of individual pension funds. Through fund
management, individuals can generate additional income
beyond their contributions. In investment and savings
systems, the perception of competence stands out more
than accuracy/honesty and helpfulness, as the primary goal
of these systems is to enable individuals to save in addition
to their social security retirement income. Thus, increasing
individuals' perception of competence can be achieved by
ensuring they believe they are part of a profitable
investment system [27].

4. DECISION SUPPORT SYSTEM DEVELOPMENT

The proposed GenAl-driven decision support system
(DSS) is designed to address the complexities of retirement
planning by integrating advanced GenAl technologies.
This system aims to provide dynamic, personalized
retirement planning advice tailored to individual user
profiles, enhancing both the precision of financial guidance
and the user's financial literacy over time.
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4.1. System Architecture

The architecture of the proposed system (Figure 1) is
structured around a core GenAl engine that leverages a
GenAl model, similar in functionality to models like
ChatGPT, which is fine-tuned for financial advising and

retirement planning.
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Figure 1. System architecture

The system architecture is composed of several key
components:

e User: This component represents the end-user who
interacts with the system. Users are the primary actors
who initiate queries and receive responses, driving the
operational flow of the application.

e Web Application: Serves as the interface through
which users interact with the system. It is designed to
be user-friendly and responsive, facilitating easy
navigation and efficient access to services provided by
the underlying architecture.

e User Service Layer: This layer acts as a mediator
between the user and the data layer. It processes user
requests, retrieves the necessary data from the data
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layer, and ensures that responses are tailored to the
user's needs. This layer improves user experience by
optimizing data retrieval and response generation.

e Data Layer:

Central to the system's operation, this layer manages the
acquisition, storage, and provision of data. It fetches data
from both internal and external sources and serves it to
other parts of the system for further processing. The data
layer is essential for ensuring that the GenAl system and
its agents have access to high-quality, relevant data
necessary for generating accurate and personalized
retirement planning advice.

The Extract, Transform, Load (ETL) process is a crucial
component of the data layer, converting raw data into a
structured format suitable for machine learning models.
The ETL process consists of three main stages:

Extract:

Data is extracted from various internal and external
sources, including user input, financial databases, market
data feeds, and other relevant financial information. The
data layer connects to external databases or APIs to fetch
data that enriches the application's responsiveness and
functionality. This include integrating real-time data feeds
or accessing large datasets relevant to the user's queries.
The data can come in various formats such as CSV, JSON,
XML, and SQL databases. Extraction tools and custom-
built scripts are used to gather data efficiently from the
aforementioned multiple sources.

Transform: Raw data is cleaned to remove
inconsistencies, duplicates, and errors. This step ensures
the quality and reliability of the data. Data is standardized
to a consistent format, making it easier to integrate and
analyze. This includes converting currencies, normalizing
date formats, and ensuring consistent units of
measurement. Additional relevant information is added to
the data to enhance its value. This include deriving new
features, aggregating data, or integrating supplementary
data from external sources. Transformation tools (Apache
Spark, AWS Glue) and Python libraries (Pandas, NumPy)
are used to process and transform the data.

Load: Transformed data is loaded into a data warehouse or
a data lake, where it can be accessed by the GenAl system
and its agents for further analysis and processing. For our
system, we chose a hybrid approach using both a data
warehouse and a data lake.

We use data lake for storing raw data, log files, market data
feeds, and other large datasets. This allows for flexible data
exploration and transformation before loading into the data
warehouse for detailed analysis. We chose Amazon S3
which provides a highly scalable and flexible storage
solution for unstructured and semi-structured data. It
allows for the storage of large volumes of data in its raw
form.
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We use data warehouse for storing structured data, such as
user profiles, financial transactions, and historical
performance metrics. We chose Amazon Redshift which
offers high-performance, scalable, and cost-effective data
warehousing solutions. It supports complex queries and
integrates seamlessly with other AWS services.

Model Creation and Training Layer: This critical layer
receives data from the data layer and utilizes it for training
and refining language models. The layer incorporates
machine learning algorithms and data processing
techniques to develop models that understand and generate
language effectively.

e Model Repository: Acts as a storage unit for all the
language models created and refined by the model
creation and training layer. This repository ensures
that models are readily accessible for use, updates, and
further refinements.

e LLM Service: This service utilizes the models stored
in the model repository to process user gueries and
generate appropriate responses. It is an essential
component that applies natural language
understanding and generation capabilities to meet user
needs effectively.

The architecture illustrated in Figure 1 underscores a
structured approach to managing user interactions, data
processing, and language model utilization. Each
component is strategically placed to optimize data flow and
service delivery, ensuring the system is efficient, scalable,
and responsive to the dynamic needs of users. This system
architecture supports continuous improvement and
adaptation of language models, enhancing the overall
quality and effectiveness of the web application.

4.2. User Interface Design

The Ul is designed to be intuitive and accessible, catering
to users with varying levels of financial literacy. It provides
clear navigation, straightforward data input methods, and
the presentation of advice in a digestible format.

4.2.1. Frontend

Figure 2 details the process flow from a user query to the
response delivery in a web application environment. Each
step in the sequence diagram is explained below:

e User: Represents the individual or system initiating
the interaction. The user inputs a query through the
user interface (Ul), initiating the sequence of
operations. The user's role is crucial as the originator
of requests that drive the application's functional
responses.

e Ul: The front-end component where the user inputs
their query. This interface is designed to be intuitive
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and user-friendly, providing a seamless experience
that efficiently captures user inputs and communicates
them to the back-end systems.

User Service Layer

e Forward Query: Once the query is received from the
Ul, it is forwarded to the User Service Layer. This
layer acts as a conduit, passing the query deeper into
the system for processing.

e Authentication & Authorization checks: Critical for
security, the User Service Layer performs checks to
verify the user's identity and ensure they have the
necessary permissions to perform the query. This step
prevents unauthorized access and ensures compliance
with security policies.

LLM Service

e Forward Query: After passing authentication and
authorization, the query is forwarded to the LLM
Service. This transition is crucial as it moves the query
to the processing phase.

e Process Query: The LLM Service processes the query
using pre-trained language models. This involves
interpreting the query's intent and generating an
appropriate response based on the information
available to the model.

e Send Response: Once the response is generated, it is
sent back through the User Service Layer to the Ul.
This marks the completion of the query processing
phase.

Ul (User Interface)

o Display Response: The final step in the sequence
where the processed response is displayed to the user.
This phase is critical as it provides the user with the
information or feedback they sought, completing the
interaction cycle.

This sequence diagram illustrates a streamlined interaction
flow within a web application, emphasizing the critical
steps of query processing and response generation. Each
component—from the Ul to the LLM Service—plays a
pivotal role in ensuring the system's responsiveness and
security. The process effectively demonstrates how user
queries are handled, authenticated, processed, and
responded to within a modern web application architecture,
providing a clear and efficient pathway from user input to
system output.
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Display response

Figure 2. Front-end Sequence Diagram

4.2.2. Back-end

Figure 3 represents a back-end sequence diagram detailing
the workflow from data collection to model utilization in a
system that employs LLMs.

Training Layer

Collect data

Process and clean data

Update Al models

Store updated models

Use updated models

Figure 3. Back-end sequence diagram
External Sources

e Collect Data: This initial step involves gathering data
from various external sources. These sources may
include databases, web services, APIs, and other data
repositories that provide the raw data necessary for
training and refining language models. The efficiency
and breadth of data collection are crucial for building
robust and versatile models.

Data Layer

e Process and Clean Data: Once data is collected, it
moves to the data layer, where it undergoes processing
and cleaning. This step is essential to ensure the
quality and usability of the data. Processing involves
converting raw data into a more structured format,
while cleaning involves removing inaccuracies,
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duplicates, and irrelevant information, which helps in
enhancing the data's reliability for training purposes.

e Provide Processed Data: After processing and
cleaning, the data is made available to the next layer.
This provision ensures that the data is in a usable state,
formatted correctly, and free from elements that could
degrade the model's performance.

Model Creation and Training Layer

e Update Al Models: This layer receives the processed
data and uses it to update or train new Al models.
Updating models involves adjusting existing models
based on new data, which can include retraining or
fine-tuning. This step is crucial for keeping the models
current and effective, allowing them to adapt to new
information or changes in data trends.

Model Repository

e Store Updated Models: Once the models are updated,
they are stored in the Model Repository. This storage
is vital for wversion control, accessibility, and
deployment. The repository ensures that all model
versions are tracked and can be retrieved or rolled back
if needed. This feature supports continuous
improvement and testing of models before they are
deployed into production.

LLM Service

e Use Updated Models: The final step in the sequence
involves the LLM Service utilizing the updated
models to perform tasks such as data analysis,
prediction, or any other language-related processing
required by the application. This step highlights the
practical application of the models, where they serve
the end-user or automated systems by providing
intelligent responses based on learned patterns and
data.

Each step in the bacj-end sequence is geared towards
enhancing the data quality, model accuracy, and overall
system efficiency, ensuring that the end-service remains
relevant and effective in real-world applications. This
workflow not only underscores the systematic approach to
data-driven model training but also highlights the
continuous cycle of improvement and adaptation that
characterizes advanced Al-driven systems.

4.3. Integration of LLM for Dynamic, Personalized
Pension Planning

The integration of GenAl into the system allows for
dynamic and personalized pension planning in several
ways. Firstly, the system can simulate various financial
scenarios based on current trends and possible future
events, such as economic downturns, inflation changes, or
shifts in the stock market. This helps users understand
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potential risks and the impact of different retirement
planning decisions. Secondly, as financial markets
fluctuate and personal financial situations change, the Al
updates its advice in real-time. This ensures that users
always have access to the most current and relevant
financial guidance.

4.3.1. User Query LifeCycle

Figure 4 represents the User Query Life Cycle, detailing
the process and infrastructure required for managing user
queries within the system. This comprehensive breakdown
of the User Query Life Cycle illustrates how each
component is crucial for ensuring the system not only
responds accurately to user queries but also manages these
interactions securely and efficiently. This cycle is pivotal
for maintaining high user satisfaction and system
reliability.

USER QUERY LIFE CYCLE

=Y

T —

Figure 4. User Query Life Cycle

1. User Interface (Ul): The interface serves as the primary
interaction point between the user and the system. It's
designed to be intuitive, enabling effortless navigation and
query input. Innovation in Ul design incorporates adaptive
interfaces that adjust to user preferences and behaviors,
enhancing engagement and satisfaction.

2. Authentication Service

e API for Authentication Service: This component is
critical for security and personalization. It ensures that
user interactions are secure and that data is only
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accessible to authenticated users. The innovative use
of session management and advanced encryption
enhances user trust and system integrity.

3. User Query Service

e User Query Service API: Central to the query
processing framework, this service efficiently
manages the distribution and logging of user queries.
Its innovative aspect lies in its ability to handle
massive volumes of queries simultaneously while
maintaining high performance and reliability.

4. Feedback Service

o Feedback Service API: This service collects user
feedback to continuously refine and improve the
response quality. The innovative use of machine
learning algorithms to analyze feedback helps in
dynamically adjusting query responses based on real-
time user input, greatly enhancing the learning
capabilities of the system.

5. Data Management and Processing

e Embedding Query and Semantic Manager: By
converting queries into semantic embeddings, this
manager plays a crucial role in understanding user
intent more deeply. The use of cutting-edge natural
language processing technologies to generate and
manage these embeddings represents a significant
innovation, leading to more precise and context-aware
responses.

e Prompt Manager: This component manages a library
of query prompts to streamline response generation.
The innovation here includes the use of advanced
retrieval algorithms that can quickly match user
queries with the most effective prompts, greatly
speeding up response times and improving accuracy.

6. LLM Cache: The caching mechanism is vital for
enhancing system efficiency. It reduces latency by storing
frequently or recently accessed data. The innovative
application of smart caching algorithms predicts which
data is likely to be reused, thus optimizing resource
allocation and speeding up query processing.

7. LLM Manager: It intelligently coordinates between
cached and new data processing, ensuring optimal system
performance. This manager's innovative feature includes
the use of decision algorithms that automatically determine
the most efficient way to process a query, considering
current system load and query complexity.

8. Model Authorization and Access

e Model Authorization Service API: This ensures that
all operations within the system comply with legal and
ethical standards. The innovative use of policy-driven
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access controls and real-time monitoring tools
safeguard sensitive data and ensure compliance with
global data protection regulations.

e Model Gateway: Acts as a secure conduit between the
query services and the LLMs, managing access
permissions and resource allocation. Its innovative
aspect is the dynamic scaling capability, allowing it to
handle varying loads seamlessly and ensuring that
resources are efficiently utilized.

9. LLM Model Pool: A sophisticated collection of
language models tailored to various aspects of query
processing. The innovation here lies in the models' ability
to learn from interactions continuously and adapt to new
information, improving their accuracy and relevance over
time.

4.3.2. Integration of Agents within the GenAl System

Agents are employed to perform specific, well-defined
tasks such as mathematical calculations, data
preprocessing, and basic financial modeling. For instance,
calculating the future value of retirement savings based on
current contributions and expected interest rates can be
handled by a simple machine learning model or even a
deterministic algorithm. By delegating these tasks to
smaller models, the system can operate more efficiently,
reserving the computational power of the GenAl model for
more complex, context-aware tasks such as generating
personalized advice and interpreting user queries.

LangChain Agents facilitate the integration of multiple
machine learning models and APIs into a cohesive system.
This approach allows for modularity, where each agent
performs a specific function, and their outputs are fed into
the GenAl system for further processing. Using LangChain
Agents, the system optimizes workflows by chaining
together different models and tools, ensuring that each task
is handled by the most appropriate component.

In our system, a user’s query about their retirement savings
initiate the following sequence: (1) The user inputs their
current savings, expected contributions, and retirement
goals. (2) An agent model calculates the projected future
value of the savings using a basic financial formula. (3)
The result is passed to the GenAl system, which integrates
this information with broader financial data and generates
a comprehensive retirement plan. The GenAl model
provides personalized advice, considering the user’s risk
tolerance and investment preferences. (4) The user
interacts with the GenAl system to refine their plan, ask
questions, and explore different scenarios.

4.3.3. LLM Training Life Cycle

This life cycle (Figure 5) demonstrates the sequential and
structured processes involved in preparing, training, and
deploying LLMs:
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Data Sources: This is the initial phase where diverse
data sets are collected to train the LLMs. The data
encompasses:

e Documents: Written content sourced from
various formats and domains.

e User Query Logs: Data collected from user
interactions, providing insight into user intent
and language usage.

o Feedback Data: Information derived from
user responses to the system, crucial for
iterative model improvements.

e Oracle EGM Data Repo: A specialized
repository that might include structured data,
relevant for domain-specific training.

Data Crawler Layer:

This layer is designed to handle the systematic retrieval and
processing of data. This layer encompass both web
scraping (for real-time data extraction from the web) and
the transfer of "cold data" or file-based data into a
structured data catalogue.

Web Scraping for Real-Time Data Retrieval: Aims
to extract real-time financial data, market trends, and
news relevant to retirement planning from various
online sources. There are three types of patterns: (1)
Factory pattern is used to create different types of web
crawlers based on the source and data structure. For
example, one factory might create a crawler for
financial news websites, while another creates a
crawler for market data APIs (2) Iterator pattern
allows the crawler to systematically iterate through the
pages or API responses to retrieve data. (3) Visitor
pattern applies specific operations to each element of
the retrieved data, such as parsing HTML, extracting
relevant information, and transforming it into a usable
format.

The process initializes by crawler’ identifying the
target websites or APIs and the data structures used.
The crawler navigates through web pages or API
endpoints, extracting the necessary data. This can
include parsing HTML content, handling pagination,
and managing API rate limits. The extracted data is
processed to remove unnecessary elements, normalize
formats, and ensure consistency. The cleaned and
structured data is then stored in the data warehouse or
data lake for further analysis and use by the GenAl
system.

Use Case: The system initializes a web scraper for a
financial news website. The scraper navigates through
the website, extracting headlines, summaries, and
publication dates. The HTML content is parsed, and
the extracted data is cleaned and structured into a
JSON format. The structured data is stored in the data
lake for real-time analysis and integration into user
recommendations.
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Crawling for Cold Data Transfer: Aims to transfer
large volumes of historical or "cold" data from various
sources such as databases, file systems, and data
repositories into a structured data catalogue. There are
three types of patterns: (1) Factory Pattern is used to
create different types of crawlers for various data
sources, such as SQL databases, CSV files, or cloud
storage. (2) lterator pattern enables the crawler to
systematically process files or database records,
ensuring no data is missed. (3) Visitor pattern applies
specific operations to each data item, such as
validating, cleaning, and transforming it before
storage.

The process initializes by crawler identifying the
source locations (e.g., database connections, file
directories). The crawler reads data from the source,
handling different formats such as CSV, JSON, XML,
or SQL tables. The retrieved data undergoes
transformation  processes, including cleaning,
normalization, and enrichment. The processed data is
organized into a data catalogue, stored in the data.

Use Case: The system initializes a crawler for an on-
premises SQL database containing historical financial
transaction records. The crawler reads data from the
database, processing one table at a time. The retrieved
data is cleaned to remove duplicates, normalized to
ensure consistent formats, and enriched with
additional metadata. The processed data is uploaded to
a data warehouse, indexed in a data catalogue, and
made available for query and analysis.

The data crawler layer plays a vital role in the GenAl-
based private pension information and
recommendation system by ensuring comprehensive
and flexible data retrieval. Whether through web
scraping for real-time data or transferring cold data
into a structured data catalogue, this layer ensures that
the system has access to high-quality, relevant data
necessary for providing accurate and personalized
retirement planning advice. By leveraging design
patterns like Factory, Iterator, and Visitor, the data
crawler layer is both robust and adaptable, capable of
handling diverse data sources and structures
effectively.

Data Storage: The crawled data is stored in a robust
system like Amazon S3 bucket, ensuring security,
scalability, and accessibility. This setup supports
various data types and is critical for large-scale data
operations.
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Figure 5. LLM Training Life-Cycle

o Data Parser Layer: Following storage, data is parsed
using Factory and Lambda/Mediator patterns into
structured formats like AVRO or Parquet. This
transformation is crucial for standardizing data before
it undergoes cleaning and further processing.

o Data Cleaning Layer: This layer focuses on refining
the data using defined rules and real-time processing
via Kafka to ensure quality and relevance. Non-valid
data is identified, logged, and handled appropriately to
maintain the integrity of the training set.

e Cleaned Data Persist Layer: Post-cleaning, the data
is persisted in systems that support efficient retrieval
and management, employing NoSQL databases with
ACID compliance to ensure reliability and
performance during the data retrieval phase.

e Model Gateway: Acts as a checkpoint that integrates
with model authorization services to ensure all data
used for training complies with regulatory and ethical
standards, safeguarding against the misuse of sensitive
information.

e LLM Model Pool: This is the core repository where
various pre-trained and to-be-trained models are
stored. The models available here are ready to be fine-
tuned or trained with the newly cleaned and structured
data.
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e LLM Ops: This operational unit manages the
continuous integration and deployment of language
models, ensuring they are up-to-date and perform
optimally. It incorporates advanced automation tools
for monitoring, scaling, and managing the models
within a production environment.

e Training Environment: The actual training of
models occurs in a controlled environment, often
cloud-based platforms like AWS, which provide the
necessary computational power and scalability to
handle extensive model training sessions efficiently.

4.3.4. Selection of LLMs for the Proposed System

The choice of LLMs for the GenAl-based private pension
information and recommendation system is critical for its
effectiveness and reliability. The selection should be based
on several factors including the model’s ability to
understand and generate human-like text, its performance
on financial data, and its adaptability to the specific needs
of the system. Most used LLMSs and their capabilities are:

GPT-4 (Generative Pre-trained Transformer 4) by
OpenAl

GPT-4 has demonstrated superior capabilities in
understanding and generating human-like text across
various contexts. It can maintain context over long
conversations, making it suitable for interactive financial
advising. Fine-tuning capabilities allow the model to be
adapted specifically for financial data and personalized
advice. GPT-4 has been extensively tested and validated
across numerous applications, ensuring reliability. Its
ability to handle a wide range of queries and provide
detailed explanations makes it ideal for a complex domain
like financial planning. GPT-4 can handle large-scale
deployments, making it suitable for use in a system
intended for a broad user base.

BERT (Bidirectional Encoder Representations from
Transformers) by Google

BERT processes text in both directions, allowing for a
deeper understanding of context. It is trained on extensive
text corpora, making it robust in various language tasks. It
can be fine-tuned for specific tasks, such as financial data
analysis and personalized recommendations. BERT’s
bidirectional nature enhances its ability to understand
nuanced financial queries. Fine-tuning BERT on financial
datasets improve its performance in providing accurate and
relevant advice. For institutions already using Google’s
cloud services, BERT offers integration and optimization.

LLaMA (Large Language Model Meta Al) by Meta

LLaMA is designed to be efficient and effective in various
NLP tasks, making it suitable for experimental
applications. It delivers high accuracy and performance in
generating human-like text. Can be fine-tuned for specific
applications, including financial advising. LLaMA’s
design ensures it can provide accurate responses quickly,
enhancing user experience. Its optimization for research
allows continuous improvement and adaptation based on
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feedback. Suitable for integration into systems requiring
high performance and adaptability.

For our system, GPT-4 by OpenAl is the most suitable
LLM. Several factors contribute to this selection. Firstly,
GPT-4's advanced natural language understanding
capabilities enable it to comprehend and generate human-
like text with high accuracy, essential for interpreting
complex financial queries and providing detailed,
personalized advice. Secondly, its ability to maintain
contextual awareness over long conversations ensures that
users receive consistent and coherent advice throughout
their interaction with the system. Thirdly, GPT-4’s
customization potential allows it to be fine-tuned
specifically for financial data and personalized
recommendations, enhancing its relevance and accuracy
for users. Additionally, GPT-4's proven performance
across numerous applications demonstrates its reliability
and effectiveness in delivering high-quality responses.
Finally, its scalability makes it suitable for large-scale
deployments, ensuring that the system can accommodate a
broad user base without compromising performance. These
attributes make GPT-4 the optimal choice for enhancing
the user experience and effectiveness of the GenAl-based
private pension information and recommendation system.

4.3.5. Language Model Operational Framework

Figure 6 represents a streamlined structure within a
language model operational framework, emphasizing the
integration of model management and prompt
categorization to enhance response generation.

General Prompt  Domain Prompt Ethical Prompt

Model Gateway

LLM Model Pool

LLMOps

Figure 6. LLM Operational Framework

e Model Gateway: This is the primary interface
between the stored language models and the
operational environment. It functions as a regulatory
node that ensures all requests for model utilization
pass through a uniform gateway, providing a
centralized point of control. This setup allows for
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efficient management of model resources, security
protocols, and compliance checks. The gateway's
innovation lies in its ability to dynamically route
requests based on model availability, query
complexity, and priority, ensuring optimal allocation
of computational resources.

e LLM Model Pool: A robust repository of pre-trained
language models that cater to a wide range of tasks and
domains. This pool is fundamental in providing
diversity in response capabilities and specialization in
content generation. The innovative aspect of the model
pool is its extensive coverage of different linguistic
styles and domain-specific knowledge, enabling
highly accurate and contextually appropriate outputs.

e Prompt Categorization

o General Prompt: These prompts cater to a broad
range of queries without specific domain
constraints. They are designed to handle general
knowledge questions and everyday informational
needs, making them versatile and widely
applicable.

o Domain Prompt: Specifically tailored to address
queries within a particular field or industry, these
prompts enhance the accuracy and relevancy of
responses by utilizing domain-specific language
models. This allows for specialized knowledge
processing, which is crucial in fields like
medicine, law, or finance.

o Ethical Prompt: Designed to ensure responses
adhere to ethical guidelines and social norms.
These prompts are crucial for maintaining the
integrity and trustworthiness of the system,
especially when dealing with sensitive topics.
They incorporate filters and checks that prevent
the generation of harmful or biased content.

e LMM Operations (LLMOps):

The LLMOps component is crucial for the ongoing
maintenance, monitoring, and optimization of language
models within the GenAl-based private pension
information and recommendation system. This component
encompasses a comprehensive suite of tools and processes
designed to ensure that the models perform at their peak
efficiency, adapting to changing usage patterns and
requirements. Key processes in LLMOps include: (1)
Automated Model Tuning: Continuously improve the
language model’s performance through regular fine-tuning
based on new data and user feedback. The process begins
with gathering new data from user interactions, financial
markets, and other relevant sources. Then we periodically
retrain the model with this updated data to enhance its
accuracy and relevance. We utilize machine learning
frameworks (TensorFlow, PyTorch, or Hugging Face’s
Transformers library) for efficient model tuning. (2) Real-
Time Performance Analytics: Monitor the model’s
performance metrics in real-time, ensuring it meets the
desired accuracy and efficiency standards. We use BLEU
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score to evaluate the quality of generated text against
reference texts. We monitor the response time of the model
(latency) to ensure it meets performance expectations.
Then we implement our custom dashboards to visualize
and track these metrics. (3) Adaptive Deployment
Strategies: Deploy the language model in a manner that
optimally balances performance and resource usage. The
process initializes with distributing requests across
multiple instances of the model to prevent overloading any
single instance (Load Balancing). Then the system
automatically scales the number of active model instances
based on current demand. We use serverless computing
solutions (Kubernetes and AWS Lambda) for scalable and
adaptive deployment. (4) Monitoring Post-Training
Performance: To ensure that the language model maintains
its performance after retraining or fine-tuning. The process
initializes with comparing the model’s performance
metrics (accuracy, BLEU score) against previous versions
to detect any regressions (Baseline Comparison). Then we
Implement continuous integration/continuous deployment
(CI/CD) pipelines to automatically test and deploy updates.
We use tools MLflow for tracking and versioning model
performance. (5) Debugging and Validation: To identify
and resolve issues that may arise from model updates or
changes in data patterns. The process initializes with
analyzing incorrect predictions to understand the root
causes and make necessary adjustments. Then we conduct
thorough validation tests using a separate validation dataset
to ensure the model’s robustness. We employ debugging
frameworks (TensorBoard, integrated with Jupyter
notebooks) for in-depth analysis. As an example, suppose
the GenAl model is retrained after a year to incorporate the
latest financial data and user feedback. Post-training, the
model’s performance is tracked using metrics such as
accuracy and BLEU scores. These metrics are compared to
the baseline established before retraining. If any
performance drop is detected, the system triggers an error
analysis process to identify the issues. Continuous
monitoring tools ensure that any significant deviations are
promptly addressed, and adaptive deployment strategies
help in balancing the load and scaling the resources as
needed.

By integrating advanced prompt management with robust
model control and operations, the system ensures that
outputs not only meet the diverse needs of users but also
adhere to high standards of accuracy, relevance, and ethical
consideration. This framework is pivotal in deploying
GenAl-driven  applications that require  nuanced
understanding and generation of human-like text.

5. DECISION SUPPORT SYSTEM
IMPLEMENTATION and USE CASE

5.1. Implementation Challenges and Strategies
5.1.1. Integration with Existing Financial Platforms

Integrating the GenAl-based private pension information
and recommendation system with existing financial
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platforms presents several technical and operational
challenges. One major challenge is ensuring compatibility
with diverse systems that use different technologies and
data formats. Financial platforms often have established
infrastructures, proprietary software, and specific data
standards that can complicate seamless integration. To deal
with these challenges we will start with a phased
(incremental) integration approach, beginning with less
critical components and gradually expanding to more
complex systems. This allows for the identification and
resolution of integration issues without disrupting the
entire system. We will then develop robust APIs that allow
seamless communication between the GenAl system and
existing financial platforms. These APIs are designed to
handle different data formats and protocols, ensuring
compatibility and ease of integration. We will also
implement data standardization practices to ensure that the
data exchanged between the GenAl system and financial
platforms is consistent and accurate. This involves using
industry-standard data formats and protocols. Moreover we
ensure that robust security measures are in place to protect
sensitive financial data during integration. This includes
encryption, secure data transmission protocols, and regular
security audits.

5.1.2. Ethical Implications of Using GenAl in Financial
Advice

The first ethical risk is that: the system collects and
processes sensitive financial data, raising concerns about
data privacy and security. To mitigate this risk we use
advanced encryption techniques to protect data both at rest
and in transit. Also we collect only the data necessary for
providing accurate recommendations, reducing the risk of
data breaches. Moreover we clearly communicate data
usage policies to users, ensuring they are informed about
how their data is handled.

The second risk is; Al algorithms can inadvertently
perpetuate biases present in training data, leading to unfair
or discriminatory recommendations. To mitigate this risk
we implement regular audits to identify and correct biases
in the algorithms. We use diverse and representative
datasets to train the Al models, reducing the risk of biased
outcomes. Moreover we develop and monitor fairness
metrics to ensure that recommendations do not
disproportionately favor or disadvantage any user group.

Transparency and explainability is the third risk. Users
need to understand how and why specific
recommendations are made to trust the system. To mitigate
this risk we develop models that can provide clear,
understandable explanations for their recommendations.
We implement feedback mechanisms that allow users to
ask questions and receive explanations about the advice
given.

Accountability is another risk that we should consider.
Determining accountability for financial advice provided
by an Al system can be complex. To mitigate this risk we
establish clear policies outlining the roles and
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responsibilities of the Al system, financial advisors, and
the institution. We ensure that human advisors are
available to review and validate the recommendations
provided by the Al system.

5.1.3. Ensuring User Adoption

User adoption is another significant challenge, as users
may be hesitant to trust and rely on an Al-based system for
their retirement planning. Factors such as lack of
familiarity with Al, concerns about data privacy, and
resistance to change can hinder adoption. To deal with
these challenges we start with designing a user-friendly
interface that is intuitive and easy to navigate. The system
provides clear instructions, feedback, and support to help
users feel comfortable and confident in using it. Then we
will conduct educational campaigns to inform users about
the benefits and functionalities of the GenAl system. This
includes webinars, tutorials, and detailed user manuals that
explain how the system works and how it can enhance their
retirement planning. We will also implement and
communicate strong data privacy measures to assure users
that their personal and financial data is secure. This
includes transparent data handling policies and compliance
with relevant data protection regulations.

5.1.4. Real-World Testing

We will perform a pilot program involving a small group
of users to test the system in a real-world setting. This pilot
will target a diverse user base to gather comprehensive
feedback. We will choose participants based on
demographics, financial literacy levels, and retirement
planning needs to ensure a representative sample. We will
establish a robust feedback mechanism (survey and where
necessary, interview) to collect user experiences, identify
issues, and gather suggestions for improvement. We will
define clear performance metrics to evaluate the system'’s
effectiveness. These metrics include user satisfaction,
accuracy of recommendations, ease of use, and impact on
financial literacy. We will continuously collect data on
these metrics during the pilot phase to assess performance
and make necessary adjustments. We will use the feedback
and performance data to iteratively improve the system.
This involves refining algorithms, enhancing user interface
design, and addressing any technical issues identified
during the pilot phase.

5.1.5. Scaling

Collaborating with a range of partners facilitates broader
adoption and integration thus we will establish partnerships
with multiple financial institutions to expand the system's
reach. Moreover we will invest in scalable infrastructure
to support increased user loads and data processing
demands. This includes cloud-based solutions that offer
flexibility and scalability. Also we will ensure compliance
with financial regulations and standards. This involves
continuous monitoring of regulatory changes and adapting
the system accordingly. Then we will launch a
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comprehensive marketing campaign to promote the system
to a wider audience. This includes digital marketing,
participation in financial industry conferences, and
leveraging social media platforms. Finally we will provide
ongoing support and updates to users to maintain
engagement and satisfaction. This includes customer
service, regular system updates, and continuous
improvements based on user feedback.

5.1.6. Use Case

Obijective of our use case is to enhance retirement planning
services using GenAl technology to provide personalized
advice and improve user engagement. There are three
actors: (1) User: The end-user seeking personalized
retirement advice. (2) System: GenAl-based private
pension information and recommendation system. (3)
Financial Advisor: A SecurePension financial advisor
providing support and additional consultation. Our primary
goals are: (1) To provide personalized retirement planning
advice. (2) To improve financial literacy and user
engagement. (3) To ensure adaptive recommendations.
Steps and LLM utilization are explained below:

Step 1: User Profile Creation

Activity: User logs into the platform and creates a profile
by providing personal and financial information (e.g., age,
income, current savings, retirement goals).

LLM Utilization: The LLM analyzes user input to ensure
completeness and clarity, providing prompts for missing or

unclear information. Example output: "1t 1ooks like you
haven’t specified your current savings. Can you
please provide this information to tailor vyour

retirement plan better?"

Step 2: Initial Analysis and Recommendation

Activity: The system uses the provided data to generate an
initial retirement plan recommendation.

LLM Utilization: The LLM processes the user data,
applying financial models and algorithms to generate
personalized advice. The LLM provides a summary and
detailed explanation of the recommended retirement plan.

Example output: "Based on your current savings and
retirement goals, we recommend increasing your
monthly savings by $200 to meet your target.
Here’s a detailed breakdown of how this will
impact your retirement fund."

Step 3: Scenario Simulation

Activity: The user can simulate various financial scenarios
(e.g., changes in income, market fluctuations) to see how
they impact the retirement plan.

LLM Utilization: The LLM generates and explains
multiple financial scenarios, highlighting potential risks
and benefits. Example output: "1f you experience a 10%

increase in income next year, your retirement fund
could grow by an additional $50,000 by the time
you retire. Conversely, a 5% market downturn could
reduce your fund by $20,000."
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Step 4: Interactive Q&A

Activity: The user asks specific questions about the
retirement plan and financial concepts they don’t
understand.

LLM Utilization: The LLM provides real-time, context-
aware responses to user queries, enhancing financial
literacy. Example prompt: "what are the benefits of
diversifying my investment portfolio?" The LLM

responds, example output: "Diversifying  your
portfolio reduces risk by spreading investments

across various asset classes, which can help
protect your retirement fund from market
volatility."

Step 5: Feedback and Continuous Improvement
Activity: The user provides feedback on the system’s
recommendations and overall experience.

LLM Utilization: The LLM collects and analyzes user
feedback to improve its algorithms and user interactions

continuously. Example: "How satisfied are you with
the clarity of the advice provided? Your feedback
will help us enhance our recommendations."

This use case illustrates the practical application of a
GenAl-based private  pension information and
recommendation system within a financial institution. By
leveraging LLMs, the system can provide personalized,
real-time, and adaptive retirement planning advice while
enhancing user engagement and financial literacy. The
LLM’s capabilities in processing and analyzing data,
generating detailed explanations, simulating scenarios, and
interacting with users in a context-aware manner are
crucial for delivering a comprehensive and user-friendly
experience. This approach ensures that users receive the
most relevant and effective financial advice tailored to their
unique needs and circumstances.

6. CONCLUSION

The development and implementation of the GenAl -based
private pension information and recommendation system
outlined in this paper represents a significant step forward
in individual retirement planning. The system's use of
GenAl algorithms to process and analyze user data has
demonstrated substantial potential in enhancing users'
financial literacy and ability to make well-informed
retirement planning decisions. Through personalized
advice, the system facilitates a deeper understanding of
various financial products and investment strategies
tailored to individual risk preferences and retirement goals.
One of the notable outcomes of this system is its ability to
democratize financial advice, historically the domain of
professional financial advisors. By making personalized
financial guidance accessible and affordable, the system
breaks down barriers to financial knowledge and planning
tools, potentially leveling the playing field for a broader
range of individuals. Furthermore, the system's dynamic
adaptability to both macroeconomic conditions and
personal life changes ensures that the advice remains
relevant and timely, providing users with confidence in
managing their retirement planning proactively. The
continuous learning capability of the GenAl algorithms
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ensures that the system evolves with the latest financial
trends and data, enhancing its reliability and accuracy over
time.

Potential limitations of this study are: (1) Different users
have diverse financial goals, risk tolerances, and
investment preferences. A one-size-fits-all approach may
not adequately address individual needs. To mitigate this
limitation, we will utilize the system’s personalization
capabilities to tailor advice to individual profiles and
preferences. (2) Economic conditions and cultural attitudes
towards savings and investments vary across regions and
demographics. Recommendations that are effective in one
context may not be suitable in another. To mitigate this
limitation, we will incorporate localized economic data and
culturally relevant advice to ensure applicability across
diverse contexts.

Future developments should focus on: (1) Exploring
advanced personalization techniques using deeper machine
learning models to cater to highly specific user needs.
Since there is a potential for improved user satisfaction and
engagement through more accurate and relevant
recommendations. (2) Investigating methods for seamless
integration with a wider range of financial platforms and
services. Since providing a unified financial management
experience will increase system adoption and user
convenience. (3) Developing algorithms capable of
processing and acting on real-time financial data more
efficiently. This will enhance responsiveness and relevance
of financial advice in dynamic market conditions.
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Ozet—Isletmeler acisindan rekabetin hizla yiikseldigi giiniimiizde dijital doniisiim ile ilgili yapilan altyap: ¢aligmalart
oldukga fazladir ve isletmelerin verileri koruma siireglerini saglikli bir sekilde yonetmesinde de siber giivenligin etkili
oldugu bilinmektedir. Bu ¢alismada, siber giivenlik anahtar kelimesi ad1 altinda yapilan bibliyometrik analiz sunulmustur.
Yiiksekdgretim Kurumu Ulusal Tez Merkezi (YOKTEZ) arsivinde yer alan 408 lisansiistii tez ile ilgili karsilastirmali
veriler analiz edilerek yorumlanmistir. “Siber Giivenlik” alaninda yapilan analiz sonucunda en fazla tezin 2022 yilinda
yayimlandig1 gériilmiistiir. Universite tiirlerine gore en fazla tez devlet iiniversitelerinde yayimlanmugtir. Devlet
iiniversiteleri ad1 altinda yer alan Gazi Universitesi’nde en fazla yayim yapildig1 goriilmiistiir. Siber giivenlik alaminda
yapilan caligmalarin Fen Bilimleri Enstitlisii ve Bilgisayar Miihendisligi Ana Bilim Dali’'nda en fazla oldugu tespit
edilmistir. Bilgisayar Miihendisligi Bilimleri-Bilgisayar ve Kontrol konusunda en ¢ok yayim bulunmaktadir ve arastirma
yontemi olarak ise en fazla nicel yontem kullanilmistir. Calisma bu konuda gelecekte yazilacak lisansiistii tezleri
desteklemeyi hedeflemektedir.

Anahtar Kelimeler— siber giivenlik, bibliyometrik analiz, lisansiistii tezler

Bibliometric Analysis On Cybersecurity Studies

Abstract—In today's world where competition is rapidly increasing for businesses, there are many infrastructure studies
related to digital transformation, and it is known that cyber security is effective in businesses managing their data
protection processes in a healthy way. In this study, a bibliometric analysis was presented under the keyword cyber
security. Comparative data on 408 postgraduate theses in the archive of the Higher Education Council National Thesis
Center (HECNTC) were analyzed and interpreted. As a result of the analysis conducted in the field of "Cyber Security",
it was seen that the most theses were published in 2022. According to the types of universities, the most theses were
published in state universities. It was seen that the most publications were made in Gazi University, which is under the
name of state universities. It was determined that the studies conducted in the field of cyber security were the most in the
Institute of Science and Technology and the Department of Computer Engineering. There are the most publications in the
subject of Computer Engineering Sciences-Computer and Control, and the quantitative method was used the most as a
research method. The study aims to support future postgraduate theses on this subject.

Keywords—cyber security, bibliometric analysis, graduate theses
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1. GIRIS ONTRODUCTION)

Bilgi ¢ag1 olarak adlandirilan donemde, bilginin degeri
giderek artmaktadir. Internet ve bilgisayar teknolojileri
stirekli olarak gelismekte olup, gereksinim duydugumuz
bilgiye daha hizli ve kolay bir sekilde erismemizi
saglamaktadir.  Insanlar interneti dijital ~diinyanin
kisaltmasi olarak kullanirken, bu teknolojilerin arkasindaki
insanlar ve toplumlarini nasil etkiledigini igeren bir siber
uzay bulunmaktadir[1]. Bilgi sistemleri teknolojilerindeki
son ilerlemeler, isletmelerde ¢esitli alanlarda otomasyonun
benimsenmesine yol a¢mustir. Isletmelerde verilerin
giderek dnemli bir kaynak haline gelmesi, verilere erigim,
paylagim, bilgi olusturma ve kullanma ihtiyacini
artirmustir. Veri ve bilgi yonetimine olan talebin artmasiyla
birlikte, veri tabanlari, uygulamalar ve bilgi sistemlerinin
giivenliginin saglanmasi son derece kritik hale gelmistir.
Verilerin ve bilgilerin yetkisiz erisimlere karst korunmasi,
yolsuzluklar kadar 6nemlidir. Internetin yayginlagmasiyla,
bu verilere bir¢ok kiginin erisimi miimkiin hale gelmistir,
bu nedenle verilerin ve uygulamalarin korunmasi i¢in etkili
mekanizmalara ihtiyag vardir[2]. Siber giivenlik, kontrol
edilemeyen bir durumda endise vericidir. Siber saldirilar ve
siber suglar potansiyel bir tehdit olusturacaktir.
Hiikiimetler arasinda i¢ i¢e ge¢mis ve birbirine bagimli
sistemlerden olusan karmasik aglarda siber giivenlik
saldirilar1 ve siber savas tehdidi biiyilk maliyetler ve
sorunlar getirebilir[3]. Siber saldirilar ve siber suglarin
artmasi, siber giivenlik arastirmalarina daha fazla
odaklanmay1 gerektirmekte ve bu konuda yapilan bilimsel
¢aligmalarin kapsami son yillarda genislemektedir. Bu
caligsmanin amaci, siber giivenlik, siber sug, siber saldirilar,
siber savag arastirma egilimlerinin bibliyometrik bir

incelemesini sunmaktadir. Siber giivenlik alanindaki
aragtirmalarin ve yayim performansinin
degerlendirilmesine ve alan hakkinda farkindalik

kazandirilmasina katki saglamak amaglanmaktadir. Ayrica
siber gilivenlik konusunda gelecekte hazirlanacak olan
lisansiistii tezler i¢in mevcut durumun ortaya konulmast
hedeflenmektedir. Bdylelikle son donemlerde giderek
onemli hale gelen siber gilivenlik konusunda yapilacak
calismalara  destek  saglanilacagi  disiiniilmektedir.
Yiksekogretim Kurumu Ulusal Tez Merkezi’nde
(YOKTEZ) bulunan tiim lisansiistii tezlerin siber giivenlik
alanindaki calismalar Microsoft Excel tablolama araci
kullanilarak derlenmistir.

2. KAVRAMSAL CERCEVE (CONCEPTUAL
FRAMEWORK)

1917'de Cole ve Eales, karsilastirmali anatomi tarihi
iizerine yapilan caligmalari 1550-1860 yillar1 arasinda
inceleyerek, arastirma alaninin  mevcut gelisimini
bibliyometrik analiz ile ilk kez ortaya koyan arastirmacilar
arasindadir[6]. "Bibliometric" terimi, Yunanca ve Latince
kokenli olan "biblio" ve "metric" kelimelerinin
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birlesiminden olusur; "biblio" kitap veya belgelere,
"metric" ise Ol¢glim anlamina gelir. Bu nedenle,
"bibliometric" kelimesi kitap veya belgelere iligkin bir
6l¢lim birimini ifade eder[7]. Bibliyometri, 6ziinde sayim
yapmaya dayali bir inceleme alan1 olarak belirtilmektedir.
Bibliyometrik  caligmalar, belirli 06zelliklere sahip
belgelerin veya yayimlarin analiz edilmesine dayanir ve
bilimsel iletisimle ilgili ¢esitli bulgularin elde edilmesini
saglar[8]. Konu ile ilgili yapilan aragtirmalarda; 2012 ve
2024 yillarinda yayimlanan caligmalar yillar bazinda,
tiniversitelere, ana bilim dallarima ve arastirma yontemi
gibi bibliyometrik parametreler acisindan incelenmistir.

Calisma sonucunda 2012 yillindan itibaren “siber
giivenlik” anahtar kelimesi altinda yayimlanan tez
sayilarinin giderek artig1 goriilmektedir. Bunun sebebi On
Birinci Kalkinma Planinda siber giivenlik konusunda
farkindalik ve yetkinliklerin artirilacagindan, ulusal siber
giivenlik  stratejisinin  giincelleneceginden, toplumsal
yonelimin bu alana da odaklanmasi saglanacagindan, siber
giivenlik ihtiyaglarinin planlanmasi i¢in mekanizma
gelistirileceginden ve bu alanda yer alan firmalara tesvik
verileceginden bahsedilmistir. Bu plan dogrultusunda 2019
yilinda Siber Giivenlik ile ilgili yayimlanan tezlerde biiyiik
bir artis oldugu goriilmektedir[9]. On Ikinci Kalkinma
Planinda ise iilkeler arasi siber giivenlik gii¢c dengelerinde
belirleyici olmasi, siber giivenlige iliskin calismalara
agirlik verilmesi, siber giivenlik tiriinlerinin kullaniminin
artirtlacagi, bu konuda insanlarin bilinglendirilecegi
beklenmektedir[10].

Bu calismada YOKTEZ’de bulunan lisansiistii tezlerin,
yillara, {iniversite tiiriine, iiniversitelere, enstitiilerine, ana
bilim dallarina, konularina, arastirma ydntemlerine ve
anahtar kelimelerine gore inceleme yapilmistir. Kavramsal
cergeve  incelendiginde  benzer  bir  ¢aligmaya
rastlanmamugtir ve bu sebeple 6zgiin bir igeriktir. Caligsma
YOKTEZ veri tabaninda yer alan tezleri inceleyerek ileride
yazilabilecek tez g¢aligmalari igin yol gosterici olmay1
hedeflemektedir. Siber giivenlik kapsaminda farkl
konularda ¢aligmalar yapilmis olsa da tezlerin mevcut
durumunu  inceleyen  bibliyometrik  bir  analiz
bulunmamaktadir. Bu bibliyometrik analiz mevcut durumu
ortaya koyarak siber giivenlik konusunda
gerceklestirilecek lisansiistii tez ¢alismalarma destek
olmay1 amaglamaktadir.

3. YONTEM (METHOD)

Bu c¢alismada, tiim lisansiistii tezlerde “Siber Giivenlik”
alaninda  hazirlananlar  incelenmistit.  Incelemenin
yapilabilmesi i¢in YOKTEZ’in tez tarama motorunda
anahtar kelime boliimiine “Siber Giivenlik” yazilmigtir.
Arama motorunda aranilacak alan olarak “6zet” secilmistir.
Tarama sirasinda  herhangi  bir yil  smirlamasi
yapilmamigtir. Siber giivenlik konusunda ilk ¢alisma 2012
yilinda gergeklestirilmis olup 17.03.2024 tarihine kadar



BILISIM TEKNOLOJILERI DERGISI, CILT: 17, SAYI: 3, TEMMUZ 2024

olan calismalar analize dahil edilmistir. Calisma sadece
YOKTEZ veri tabaninda bulunan ulusal tezleri
kapsamaktadir. Gergeklestirilen tarama sonucunda 341
yiiksek lisans ve 67 doktora tezine ulagilmistir. Bu ¢aligma
17.03.2024 tarihinde sonlandirilmigtir. Tezlerin yillara gore
dagilimi, yayimlandig1 {iniversite, yayimlandig1 enstitii,
ilgili anabilim dali, tezin arastirma ydntemi, tezin konusu,
tez tiirli, tez yili, tezin ¢dziim yOntemi, anahtar kelimeler
olarak siralanan kriterler belirlenmistir. Derleme isleminde
Microsoft Excel tablolama araci kullanilmustir.

4. BULGULAR (FINDINGS)

4.1. Tez Tiirlerinin Yillara Gére Dagilimi (Distribution of
Thesis Types by Years)

Siber giivenlik alaninda gercgeklestirilen 341 yiiksek lisans
ve 67 doktora tezlerinin yillara gore yayimlanan tez tiirii
sayilar1 Sekil 1°de verilmistir.
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Sekil 1. Yillara gére yayimlanan tez tiirii sayilar
(Figure 1. Number of published thesis types by years)

Calismalarin ozellikle 2019 yilinda yiiksek lisans tezi
olarak artisa gectigi goriilmektedir. 2019 yilindan 2024
yilina kadar {istel sekilde artig vardir. Benzer trend 2019-
2024 doktora tezinde de goriilmektedir. Ancak sayisal
olarak doktora, yiiksek lisans tezlerine gore daha azdir. Bu
durum soyle agiklanabilir. Akademik bir c¢alismanin
doktora seviyesine gelmesi icin yiikksek lisansin
tamamlanmas1 beklenmektedir. Doktora tezinin dort yil
strdiigi diisiiniiliirse 2024 yilina kadar artan bir trend
olagandir. Doktora tezinin sayilarinin azligi genellikle
akademik camiada doktora yapilmasi sdylenebilir. Yiiksek
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lisans tezi gerek akademik gerekse sektdrel olarak daha sik
yapilmaktadir.

4.2. Lisansiistii Tezlerin Yillara Gore Dagilimi (Distribution
of Graduate Theses by Years)

Siber giivenlik alaninda gergeklestirilen 408 tezin yillara
gore yayimlanan tez sayilart Sekil 2°de verilmistir.
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Sekil 2. Yillara gore yayimlanan tez sayilar
(Figure 2. Number of theses published by year)

Lisansiistii tezlerin %1,22°si (5 tez) 2024 yilinda,
%17,641 (72 tez) 2023 yilinda, %22,79’u (93 tez) 2022
yilinda, %12,74’1 (52 tez) 2021 yilinda, %12,99’u (53 tez)
2020 yilinda, %13,48’i (55 tez) 2019 yilinda
yayimlanmistir ve %19,14’0 (78 tez) diger yillarda
yayimlanmuistir.

4.3. Universite Tiiriine Gére Dagilimi (Distribution by Type of
University)

Siber giivenlik konulu lisansiistii tezlerin iiniversite
tirlerine gére dagilimi Sekil 3'te verilmistir.

Ozel
Universite;
132; 32%

Devlet
Universites
i; 276;
68%

= Devlet Universitesi = Ozel Universite

Sekil 3. Universite tiirii oranlari
(Figure 3. Proportions of university type)

Yayimlanan tezlerin %68’si (276 tez) devlet iniversitesi ve
%32’si (132 tez) vakif Universitesi  oldugu
gozlemlenmistir.
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4.4. Universitelere Gore Dagilimi (Distribution by Universities)

tezin
4’te

Siber giivenlik alaninda gergeklestirilen 408
iniversitelerde yayimlanan tez sayilart Sekil
verilmistir.
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Batman Universitesi
Canakkale Onsekiz Mart..
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Gebze Teknik Universitesi
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Kirikkale Universitesi
Konya Teknik Universitesi
KTO Karatay Universitesi
Mersin Universitesi
Mugla Sitk1 Kogman..
Nevsehir Hac1 Bektas..
Osmaniye Korkut Ata..
Tiirk Hava Kurumu. .
Uludag Universitesi
Uluslararasi Kibris..
Yeditepe Universitesi

o
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Sekil 4. Universitelerde yayimlanan tez sayilari
(Figure 4. Number of theses published in universities)

Lisansiistii tezlerin %6,61°1 (27 tez) Gazi Universitesi’nde,
%35,88°1 (24 tez) Bahgesehir Universitesi’nde, %5,14’ (21
tez) Istanbul Teknik Universitesi’nde, %3,67’si (15 tez)
Firat Universitesi’'nde, %2,94’ti (12 tez) Istanbul
Universitesi’nde yayimlanirken %75,76’s1 (309 tez) diger
iniversitelerde yayimlanmustir.
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4.5. Enstitiilere Gére Dagilimi (Distribution by Institutes)

Siber giivenlik konusunda yayimlanan lisansiistii tezlerin
enstitiilere gore dagilimi Sekil 5’°te verilmistir.
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Teknolojileri Enstitiisii

Yurtdis1 Enstitii |

Lisansiistii Egitim
Enstitiisii

Avrupa Birligi Enstitiisii |

Alparslan Savunma

Bilimleri Enstitiisii

Atatiirk Stratejik |
Aragtirmalar ve. ..

0 50 100 150

Sekil 5. Enstitiilere gore yayimlanan tez sayilari
(Figure 5. Number of published theses by institutes)

Lisansiistii tezlerin %30.88’1 (126 tez) Fen Bilimleri
Enstitiisii’'nde, %30.39’u (124 tez) Sosyal Bilimler
Enstitisii’'nde, %18.13°i (74 tez) Lisansiisti Egitim
Enstitiisii’'nde, %4,16’s1 (17 tez) Bilisim Enstitiisii’nde,
%2,20’si (9 tez) Egitim Bilimleri Enstitiisii'nde ve
%14,14°1 (58 tez) diger enstitiilerde yayimlanmustir.

4.6. Ana Bilim Dallarina Gére Dagilimi (Distribution
According to Main Departments)

Ana bilim dallarina gore siber giivenlik konusunda
yayimlanan tez sayilart Sekil 6’da verilmistir.
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Sekil 6. Ana bilim dallarina gdre yayimlanan tez sayilari
(Figure 6. Number of published theses according to main disciplines)

Lisansiistii  tezlerin %16,17°si (66 tez) Bilgisayar
Miihendisligi Ana Bilim Dali’nda, %9,80°1 (40 tez)
Uluslararast Ana Bilim Dali’nda %4,90°1 (20 tez) Siber
Giivenlik Ana Bilim Dali’nda, %3,92’si (16 tez) Isletme
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Ana Bilim Dali’nda, %3,67’si (15 tez) Yonetim Bilisim
Sistemleri Ana Bilim Dali’nda yayimlanirken %61,54’1
(251 tez) diger ana bilim dallarinda yayimlanmigtir.

4.7. Konulara Gore Dagilimi (Distribution by Subjects)

Siber giivenlik konusunda yayimlanan tezlerin konulara
gore dagilimi Sekil 7°de gosterilmistir.
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Sekil 7. Konulara gore yayimlanan tez sayilari
(Figure 7. Number of published theses by subject)
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Lisansiistii  tezlerin %40,44’t (165 tez) bilgisayar
mithendisligi bilimleri-bilgisayar ve kontrol, %9,31°1 (38
tez) uluslararasi iliskiler, %6.37’si (26 tez) bilim ve
teknoloji, %5,63’1 (23 tez) isletme, %3,92si (16 tez) kamu
yOnetimi konularinda yayim yapilirken %34,33°11 (140 tez)
diger konularda yapilmustir.

4.8. Lisansiistii Tezlerin Yillara Gore Yontem Dagilimi
(Method Distribution of Graduate Theses by Years)

Lisansiistii tezlerin siber giivenlik alaninda yillara gore
arastirma yontemi dagilimi Sekil 8’de gosterilmistir.
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Sekil 8. Yillara gore arastirma yontemi sayilari
(Figure 8. Number of research methods by year)

Siber giivenlikle ilgili ¢aligmalarin aragtirma yontemine
gore dagilimi gosterilmistir. 2023  yilindaki tezlerin
%45,83’1 (33 tez) nitel, %54,17’si (39 tez) nicel
aragtirmadir. 2022 yilindaki tezlerin %45,16’s1 (42 tez)
nitel yayim iken, %54,84’l (51 tez) nicel yayimdir. 2021
yilindaki tezlerin %40,38°1 (21 tez) nitel, %59,62’1 (31 tez)
nicel arastirmadir. 2020 yilinda %32,07’si (17 tez) nitel,
%67,93’1 (36 tez) nicel arastirma olarak yayimlanmustir.
2019 yilinda %21,81°1 (12 tez) nitel, %78,19°u (43 tez)
nicel arastirma oldugu gozlemlenmistir.

Siber giivenlik alaninda yayimlanan tezlerde kullanilan
yontemler Tablo 1’de gdsterilmistir.
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Tablo 1. Siber giivenlik alaninda kullanilan yontemler
cizelgesi

(Table 1. Chart of methods used in the field of cyber security)

Kullanilan Yontemler Miktar

Makine §grenmesi yontemleri %25,49 (104 yéntem)

[statistiki yontemler %14,71 (60 yontem)

Derin 6grenme metotlari %7,11 (29 yontem)

Matematiksel model algoritmalari %3,19 (13 yontem)

Karar verme yontemleri %2,70 (11 yontem)

Nicel yontemler %46,81 (191 yéntem)

Tablo 1’de siber giivenlikle ilgili ¢alismalarda kullanilan
yontemlerin miktarlar1 ortak bagliklar altinda verilmistir.
En fazla kullanilan nicel yontem %48 (104 yontem) ile
makine 6grenmesi yontemleri olmustur.

4.9. Lisanstistii Tezlerde Kullanilan Anahtar Kelimeler
(Keywords Used in Graduate Theses)

Lisansiistii tezlerde kullanilan anahtar kelimeler ile ilgili
“Word Cloud Generator” lizerinden olusturulan kelime
bulutu Sekil 9°da verilmistir.
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Sekil 9. Tezlerde kullanilan anahtar kelimelerin bazilar
(Figure 9. Some of the keywords used in theses)

Sekil 9’da lisansiistii tezlerde kullanilan anahtar
kelimelerin %9,38’inde (109 kelime) siber giivenlik,
%3,87’sinde (45 kelime) siber saldiri, %2,15’inde (25
kelime) giivenlik, %1,63’tinde (19 kelime) biligim
teknolojisi, %1,37’sinde (16 kelime) bilgi giivenligi
kelimeleri kullanilirken %81,6’sinda (752  kelime)
gorlilmektedir.
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5. SONUC VE ONERILER (CONCLUSIONS AND
RECOMMENDATIONS)

Bibliyometrik analizlerde siber gilivenlik ile ilgili
yayimlarin danigmanlari, tezlerin tiirleri, yayimlanma
yillari, tiniversite ve tiirleri, enstitiiler, ana bilim dallari,
aragtirma yontemleri, konular1 ve anahtar kelimeleri
yoniinden analizleri yapilarak gelecege yonelik yapilacak
calismalara katki saglanmasi hedeflenmistir. Ozellikle
mevcut durum ortaya koyularak lisansiistii tezler icin
gelecekte hazirlanacak calismalara destek vermek
hedeflenmistir.

Bu calisma, lisansiistii tezlerin siber giivenlik alanindaki
caligmalar1 Microsoft Excel tablolama araci kullanilarak
derlemistir. Yiksekogretim Kurulu Tez Merkezi veri
tabaninda 2012 yilindan 2024 yilina kadar yer alan siber
giivenlik anahtar kelimesi bagligi altinda yayimlanan
tezlerin bibliyometrik analizi yapilmistir ve toplam 408 tez
yayimi incelenmistir.

Analiz sonucunda 2022 yilinda en fazla tez yayimlandigi
goriilmiistiir. Universite tiirlerine gore en fazla devlet
tiniversitelerinde tez yayimlanmustir. Devlet {iniversiteleri
ad1 altinda yer alan Gazi Universitesi’nde en fazla yayim
yapildig1 goriilmiistiir. Siber giivenlik alaninda yapilan
calismalarin Fen Bilimleri Enstitiisi ve Bilgisayar
Miihendisligi Ana Bilim Dalinda en fazla oldugu tespit
edilmistir. Bilgisayar Miihendisligi Bilimleri-Bilgisayar ve
Kontrol konusunda en ¢ok yayim bulunmaktadir ve
aragtirma yontemi olarak ise en fazla nicel ydntem
kullanilmistir. Incelenen ¢alismalarin anahtar kelimeleri
analiz edilmis olup en ¢ok kullanilan kelimenin siber
giivenlik oldugu tespit edilmistir.

Calismada elde edilen bulgularin, gelecekte siber giivenlik
ile ilgili gerceklestirilecek caligmalarda konu ile ilgili
verilerin belirlenmesine katki saglayacagi
diisiiniilmektedir. Analizde herhangi bir yil kisitlamasi
yapilmadan biitlin tezler bibliyometrik analiz kapsaminda
degerlendirilmistir.  Elde  edilen  veriler literatiir
kapsaminda bibliyometrik analiz igin yeterli oldugu
distiniilmektedir. Kapsamli veri analizi i¢in sistematik
literatiir ¢aligmalar1 6nerilmektedir. Ayrica siber giivenlik
konusunda uluslararas1 tezleri kapsayan c¢aligmalarin
gergeklestirilmesi Onerilebilir.
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Abstract— This paper focuses on an artificial intelligence based worn tire detection system proposed to detect cracks in
the tires of vehicle drivers. Although drivers are generally aware of the importance of tire tread depth and air pressure,
they are not aware of the risks associated with tire oxidation. However, tire oxidation and cracks can cause significant
problems affecting driving safety. In this paper, we propose a new hybrid architecture for tire crack detection,
CTLDF+ENC (Cascaded Transfer Learning Deep Features + Ensemble Classifiers), which uses deep features from pre-
trained transfer learning methods in combination with ensemble learning methods. The proposed hybrid model utilizes
features from nine transfer learning methods and classifiers including Stacking, Soft and Hard voting ensemble learning
methods. Unlike X-Ray image-based applications for industrial use, the model proposed in this study can work with
images obtained from any digital imaging device. Among the models proposed in the study, the highest test accuracy
value was obtained as 76.92% with the CTLDF+EnC (Stacking) hybrid model. With CTLDF+ENnC (Soft) and
CTLDF+ENC (Solid) models, 74.15% and 72.92% accuracy values were obtained respectively. The results of the study
show that the proposed hybrid models are effective in detecting tire problems. In addition, a low-cost and feasible
structure is presented.

Keywords— transfer learning, deep features, ensemble learning, tire cracks.

Lastik Kusurlarinin Tespiti i¢in Yapay Zeka Destekli Yeni
Bir Hibrit Model: CTLDF+ENC

Ozet— Bu calisma, arag siiriiciilerinin lastiklerindeki catlaklari tespit etmek igin dnerilen yapay zeka tabanli bir asinmig
lastik tespit sistemine odaklanmaktadir. Siiriiciiler genellikle lastik dis derinligi ve hava basincinin 6neminin farkinda
olsalar da, lastik oksidasyonu ile iligkili risklerin farkinda degillerdir. Ancak, lastik oksidasyonu ve catlaklari siiriis
giivenligini etkileyen 6nemli sorunlara neden olabilir. Bu makalede, lastik catlag: tespiti i¢in, onceden egitilmis transfer
o0grenme yontemlerinden elde edilen derin 6zellikleri topluluk 6grenme yontemleriyle birlestirerek kullanan yeni bir hibrit
mimari olan CTLDF+EnC (Basamaklandirilmis Transfer Ogrenme Derin Ozellikler + Ensemble Smiflandiricilar)
onerilmektedir. Onerilen hibrit model, dokuz transfer 6grenme ydnteminden gelen zellikleri ve istifleme, Yumusak ve
Kat1 oylama topluluk 6grenme yontemlerini igeren siniflandiricilart kullanmaktadir. Endiistriyel kullanima yonelik X-
Ray goriintii tabanli uygulamalardan farkli olarak bu c¢alismada Onerilen model herhangi bir dijital goriintiilleme
cihazindan elde edilen goriintiilerle ¢alisabilmektedir. Calismada 6nerilen modeller arasinda en yiiksek test dogruluk
degeri %76,92 olarak CTLDF+EnC ( Istifleme) hibrit modeli ile elde edilmisti. CTLDF+EnC ( Yumusak) ve
CTLDF+EnC (Kati) modelleri ile sirasiyla %74,15 ve %72,92 dogruluk degerleri elde edilmistir. Caligmanin sonuglari,
Onerilen hibrit modellerin lastik sorunlarini tespit etmede etkili oldugunu gostermektedir. Ayrica, diigiik maliyetli ve
uygulanabilir bir yap1 sunulmustur.

Anahtar Kelimeler— transfer 6grenme, erin 6znitelikler, topluluk 6grenme, lastik gatlaklari.
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1. INTRODUCTION

Tire problems are a difficult to detect issue that can cause
serious risks when traveling at high speeds. The tire is one
of the vehicle's key safety elements and even simple
defects can affect safe driving and cause accidents.
Therefore, tire quality is critical to the safe and smooth
movement of the vehicle. Drivers often overlook
problems such as tire aging, oxidation and cracking and
do not carry out regular checks [1].

Contamination of tire components on the production line
can lead to the production of defective tires, which can
cause explosions at high speeds and risks to life. As
traditional methods are not efficient, computer-aided
systems are important to improve tire quality. In these
systems, traditional visual detection [2,3] methods as well
as deep learning [4,5] techniques can also be used. Tires
may have cracks that can affect the safety of the vehicle
while driving. Tire problems pose significant risks to
drivers, especially at high speeds. However, while drivers
are often aware of risks such as tire pressure and tread
depth, they are not aware of problems related to tire life.
Therefore, computer and Al-assisted applications using
digital images are useful tools when manual checks are not
safe [1].

Deep learning methods are used as a successful tool in
many fields thanks to their ability to extract features [6—
15]. However, they usually require large amounts of data
and long training times. To overcome this problem, pre-
trained Transfer Learning (TL) methods are used to speed
up the training process of deep networks and provide
effective learning with less data. In this study, the
methods Xception [16], VGG16 [17], NASNet [18],
ResNet50 [19], DenseNet [20], InceptionV3 [21] and
MobileNet [22] advanced deep networks, such as the one
used in this study.

In this study, a hybrid model is proposed to detect cracks
on the tire surface and distinguish normal/cracked tires.
The proposed model is a modified version of Ozaydin and
Tekin's DeepFeat-E model [9] In this model, deep
features from pre-trained TL models are reduced and then
cascaded and applied to stacking [23] and voting [24]
ensemble classifiers. This approach enables more stable
and accurate detection of oxidation-related problems in
tires. Thus, it can enable drivers to detect tire problems in
advance and minimize risks by taking preventive
measures. Furthermore, the proposed system has the
potential to save time and labor and increase efficiency
for organizations with a large number of vehicles, such as
fleets, logistics companies and public transport providers.

2. LITERATURE REVIEW

Defective tire detection methods are generally divided
into two main categories based on the type of defect
detection algorithm: traditional visual detection and deep
learning-based methods. Traditional visual detection
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techniques can be classified as statistical, frequency and
model-based methods. In the literature, there are several
methods that use X-Ray images to detect tire defects
during production. In a study by Zhao and Qin [3], tire
texture images obtained by non-destructive X-Ray were
used for the detection of internal structural tire defects on
the production line. The researchers extracted the features
of these images with the local inverse difference moment
(LIDM) method, calculated the Hausdorff distance using
the LIDM features to obtain a defect feature map (DFM)
and proposed a pixel-level defect detection algorithm
with high accuracy. Similarly, in another study by Guo et
al. [2], an effective defect detection method that exploits
the feature similarity of tire X-Ray images to detect tire
surface abnormalities that may occur during production
for the production of quality tires is proposed. In this
method, the feature vectors of the tire images are obtained
using a local kernel regression (LKR) descriptor to
evaluate the feature dissimilarity of pixels and an
abnormality map is generated. A simple thresholding
process on the abnormality map was used to successfully
locate the defects. It is reported that this method gives
successful results for both cheek images and back images.

Another area of research is the studies in which
convolutional neural network (CNN) models, which are
deep learning methods, are included in the literature, as
well as methods that directly use tire images. Wang et al.
[5] successfully detected tire faults that occurred during
production using X-Ray images of tires produced in an
industrial area with a fully convolutional neural network
(FCN) structure. The network architecture includes the
first stage, where a traditional deep network method is
applied to extract tire image features. In the second stage,
a sampling layer is added to obtain outputs of the same
size as the original images. In the last stage, the scaled
feature map is added to the outputs and the correct defects
are obtained as a result. In this study, the basic
architecture of VGG16 was used using a total of 914
images and the results obtained were validated by
comparing with AlexNet, VGG11, VGG13 and VGG16.

Another study by Zheng et al. [4] aimed to perform tire
defect detection from X-Ray images to detect invisible
defects in the internal structure of tires. In this research, a
Concise Semantic Segmentation Network (Concise-SSN)
model based on VGG16 is proposed for automatic tire
visual inspection. This model performs purely pixel-
based defect detection. The model combines the
capabilities of an optimized semantic segmentation
network and an integrated convolutional neural network.
Experimental results show that the proposed model
outperforms FCN, Mask R-CNN, Faster R-CNN, SegNet
and U-net networks in segmentation and classification.
The accuracy of the Concise-SSN model in detecting
defective tires is reported to be 96.5%.

Another study by Zhang et al. [25] proposes a
segmentation method based on wavelet transform using
X-Ray images to detect tire surface defects. In this
method, the edge information utilizes wavelet transform
features that can be represented by larger coefficients in
the high frequency band. The larger curve coefficients
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corresponding to the edge information are selected by
thresholding. Comparisons show that the proposed
method outperforms traditional edge detection methods
(such as Canny, Sobel and LoG).

The TireNet method developed by Li et al. [26] uses X-
Ray images of tires to reduce the high rate of tire returns
due to manufacturing defects. In this method, a Siamese
network is used for image feature extraction and then the
model is built by adding the structure of the Siamese
network to the Fast R-CNN classifier. Using 120,000
labeled tire images, the TireNet model outperformed
expectations by reducing the error rate to 0.17%
compared to Faster R-CNN, SSD and YOLO models.

Finally, Lin [1] proposed a ShuffleNet model with a deep
learning architecture for the detection of tire defects
caused by oxidation. The proposed ShuffleNet model is
able to effectively detect defects on normal tire images
and outperforms the GoogLeNet, traditional ShuffleNet,
VGGNet and ResNet models.

Phase 2:

Reduction

h 3 >
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3. MATERIAL and METHOD

In this paper, we propose a hybrid system, CTLDF+ENC,
which aims to detect cracked and normal tires. This hybrid
system combines deep features extracted from the outputs
of a set of TL models, where traditional machine learning
(ML) methods are evaluated in an ensemble classifier.

3.1.  General Structure of the System

The hybrid architecture proposed in this study aims to
detect cracked and normal tires. Figure 3.1 shows the
general structure of the proposed system including four
basic stages. The dataset used in the study contains 1028
images. These images include digital camera images of
oxidized (cracked) and non- oxidized (normal) tires.

Phase 3:
Cascading &
Model Selection

Figure 3.1. Stages of the proposed hybrid system.

Phase 1 (Preprocessing): This stage includes the data
preprocessing step. All visual data are scaled to a size
(224x224x3) suitable for the TL models. Then, image
manipulation operations such as horizontal/vertical
translation, size scaling, horizontal/vertical rotation,
angular rotation, and brightness adjustment are applied
for data enhancement. These operations are applied to
make the model more robust to various conditions. Then,
the dataset is divided into training and test subsets and
analyzed, and the next step is taken.

Phase 2 (Features and Reduction): In this stage, the
deep features obtained from each pre-trained TL model
used are reduced. Each TL model is applied
independently of the others to extract and then reduce the
deep features of the training and test datasets.

Phase 3 (Cascading and Model Selection): In this stage,
the deep features of the reduced training and test datasets
obtained from each ML method are combined
(cascading). Then, the five most successful ML methods
are selected using the training set. The selection of the five
best models is performed using 10 cross-validations and
the AUC scale. The top five ML models are selected to
be used in the next stage, the ensemble classifier stage.

Phase 4 (Ensemble Classifier): In this final stage,
normal and cracked tires are predicted by stacking and
voting based ensemble classifiers using the top five ML

models identified in the previous stages and the resulting
cascaded deep features.

All applications using the hybrid system proposed in this
study and direct TL models are implemented in Python
programming language using Tensorflow, Keras and
scikit-learn libraries. The models and analyses were
performed in a personal computer environment with an
AMD Ryzen 7 (5800H) processor with 16 CPUs at
3.2GHz, 4GB GDDR6 memory / Nvidia GeForce RTX
3050 GPU at 1.5GHz and 16 GB RAM.

3.2. Data Set

In this study, we use a publicly available tire image dataset
that includes cracked (oxidized) and normal (non-
oxidized) tires. The dataset consists of a total of 1028
images, including tire sidewall and tread images [27]. The
dataset used in this study has not undergone any
augmentation or preprocessing, and the training and test
sets are shared separately. The dataset is publicly
available and can be downloaded from Harvard's
dataverse webpage [27]. The current dataset contains 491
normal (non-oxidized) and 537 cracked (oxidized) tire
images. Table 3.1 details the distribution of cracked and
normal tire images between the training and test datasets.
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Table 3.1. Data set image distributions.

Normal | Cracked | Total

Train 376 327 703

Test 115 210 325

Total 491 537 1028

As seen in the table, since there are 703 samples in the
training set and 325 samples in the test data set, the
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training-test data set ratios are approximately 68% and
32% respectively. The resolutions of the images in the
dataset are not standardized and are composed of images
with different resolutions. For this reason, the images
were adjusted to standard sizes in the preprocessing stage
and data augmentation  methods such as

horizontal/vertical shifting, horizontal rotation, scaling,
rotation, etc. were applied to prevent overlearning.
Examples of normal and cracked images are shown in
Figure 3.2.

Figure 3.2. Sample tire images, a) Cracked and b) Normal.

3.3.  Proposed Hybrid System

In this study, two main applications were carried out. In
the first application group, pre-trained TL models were
directly used to predict tire conditions. In the second
application group, the proposed hybrid model named
CTLDF+EnC (Cascaded Transfer Learning Deep
Features + Ensemble Classifiers) is used. This model has
a structure in which deep features obtained from TL
models are cascaded and applied to ensemble classifiers.

Figure 3.3 shows the block diagram of the CTLDF+EnC
hybrid system proposed in this study. In the figure, the
Deep Features Generator (DFG) block extracts the deep
features of a given TL model and the Reduced Features
Set (RFS) is generated by the feature reduction process.
This process is performed separately for the 9 TL models
used in this study. Since the highest performance values
were obtained with the Extra Tree Classifier (ETC), ETC
was used as the feature reduction method and IDSs were
created. The number of features before and after
reduction for each TL is presented in Table 3.2.

Table 3.2. Number of features before and after reduction
for each TL model.

TL Models Before After
Reduction Reduction
Xception 2,048 527
NASNet 4,032 1,119
MobileNet 1,024 232
DenseNet169 1,664 360
DenseNet201 1,920 381
VGG16 512 139
InceptionV3 2,048 573
ResNet50V?2 2,048 497
ResNet101V2 | 2,048 526
Total 35,714 4,354
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In the Cascading and Ensemble Classification (CEC)
block, the RFSs of each TL model are cascaded. The
Model Selector evaluates 14 different ML methods after
10 cross-validations with these cascaded features, and the
first k chooses the ML model (k = 5). Although the
selected ML methods vary for each TL, RF (Random
Forest), LDA (Linear Discriminant Analysis), LGBM
(Light Gradient Boosting Machine), LR (Logistic
Regression), ETC (Extra Trees Classifier), GB (Gradient
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Boosting) and KNN (K Neighbors Classifier) ML models
were generally used. When the features obtained from TL
models were cascaded, LDA, ETC, LR, GB and LGBM
were selected as the best k =5 ML models (ranked
according to the top 5 AUC metric). Table 3.3 presents
the performance metrics of the ML Models ranked
according to the AUC value.

Table 3.3. Best ML models ranked by AUC value.

Model Accuracy | AUC Recall Prec. F1
Linear Discriminant Analysis 0.9474 0.9863 0.976 0.9311 0.9522
Extra Trees Classifier 0.9361 0.9836 | 0.9841 0.9074 0.9433
Logistic Regression 0.9517 0.9828 | 0.9814 0.9337 0.9564
Gradient Boosting Classifier 0.9531 0.981 0.9894 0.9293 0.9579
Light Gradient Boosting Machine 0.9503 0.9805 0.9841 0.9288 0.9552
Random Forest Classifier 0.9375 0.9798 | 0.9841 0.9092 0.9444
K Neighbors Classifier 0.9488 0.9705 | 0.9706 0.9369 0.953
Ada Boost Classifier 0.9317 0.9684 | 0.9496 0.9261 0.9372
Naive Bayes 0.9261 0.9372 | 0.9733 0.8998 0.934
Decision Tree Classifier 0.8734 0.8727 | 0.8859 0.8791 0.882
Quadratic Discriminant Analysis 0.5065 0.5087 | 0.4814 0.5466 0.5086
Dummy Classifier 0.5348 0.5 1.0 0.5348 0.6969
SVM - Linear Kernel 0.9531 0.0 0.9788 0.9377 0.9574
Ridge Classifier 0.9559 0.0 0.9787 0.9428 0.9599

The best k ML models selected in the Ensemble Learning
Model (EnsLM) block are used in the Ensemble
Classifier sub-block. This sub-block predicts tire state
(Cracked and Normal) using three different ensemble

classifiers, one based on Stacking and the other two based
on voting, using selected ML models.

Data Set
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Figure 3.3. Schematic representation of the proposed hybrid system
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3.4. Pre-Trained Transfer Learning Models

Transfer learning methods are a technique that enables the
use of pre-trained models in a new problem or application
and provides an effective solution in ML processes. This
methodology is not considered as a different type of ML
algorithm, but rather as a strategy or method used to train
models. It involves applying the parameters and weights
obtained from previous training to a new problem. The
reused pre-trained model must have a high level of
generality in order to be used in different problems. TL
models can be applied to new or different problems
without training, saving time and resources for training.
Through reuse, problems such as resource shortages and
long training times are minimized. With these advantages,
TL offers more effective and efficient solutions in ML
processes.

TL also offers a solution to the time-consuming process
of accurately labeling large datasets [28]. This is a
significant advantage, especially when considering the
large datasets required to train a ML algorithm. Transfer
methods are often preferred when large resources are
required for the training phase in a system. Since the pre-
trained structures of these models can be used directly,
they can be used directly for similar problems related to
the model. These aspects of transfer models make them
general- purpose. TL allows for the development of more
generalizable models rather than models being strictly
bound to a training dataset. In this way, the models
developed can be used under varying conditions and with
different data sets.

3.5. Feature Selection with Extra Tree Classifier

Feature selection is an important step in ML models to
improve prediction accuracy and reduce computational
cost. For this purpose, the Extra Tree Classifier (ETC)
method is used in this study to identify the most
appropriate deep features obtained from ML models [29].
ETC is a decision-based method similar to the Random
Forest classifier and provides a common framework
between feature selection and classification. The method
has the ability to generate many sub-trees and randomly
select subsets. For feature selection, features are
evaluated using the Gini metric and the most important
features are identified. In this way, redundant or low-
contributing features are eliminated and the complexity
of the model is reduced, reducing computational cost and
increasing success.

c—1
Gini =1— Z pi(£)? 3.1)
i=0

where ¢ is the number of unique classes at this node and
p; (t) is the frequency of class i at node t.
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3.6. Ensemble Classification Methods

Ensemble classification methods are approaches that use
multiple decision makers instead of a single decision
maker in order to reduce the number of incorrect
predictions and to increase the achievement. In this study,
the best five models are selected among traditional ML
models and the best five models are selected among 14
models based on the AUC metric after 10 cross-validation
procedures. In the applications, the features obtained
from the pre-trained TL models were reduced and
cascaded, and then applied to ensemble classifiers using
these selected models. The common decision of the
ensemble classifiers was determined by Stacking and
Voting based ensemble learning methods. Voting
strategies include two main approaches, Hard Voting and
Soft Voting; Hard Voting is based on the majority
decision, while Soft Voting uses the average of the
prediction probabilities of the available classifiers. These
strategies aim to achieve more efficient and reliable
classification results.

3.6.1. Voting Based Ensemble Classifiers

Voting-based ensemble classifiers aim to obtain a
common ensemble prediction by combining the
classification predictions of various ML techniques. The
most commonly used methods are called Hard VVoting and
Soft Voting. In Hard Voting, the prediction of the majority
of classifiers in the ensemble is taken and this prediction
is considered as the collective prediction of the ensemble.
In Soft Voting, the ensemble prediction is formed by
averaging the probabilistic weights of the classifiers'
predictions. The contribution of each classifier is
calculated with a specific weight and the final prediction
is based on this weighted sum. These methods aim to
achieve a more reliable and efficient classification result
by combining the power of different classifiers in the
ensemble. In this way, more accurate predictions can be
made, avoiding the potential mispredictions that can arise
from a single model. For example, these ensemble
classifiers, when predicting the class of a sample x, allow
to choose between k class {s,, s, s3, ..., S} predictions
of n different classifiers {h,, h,, hs, ..., h,} according to
certain criteria [24].

The Hard Voting method accepts the prediction of the
majority of classifiers in the ensemble as the final
prediction of the ensemble. In this method, the
predictions of the classifiers in the ensemble are equally
weighted and only the decision of the majority is taken
into account. In this case, in the Hard Voting approach,
the class of any instance x in the dataset is predicted as
follows [24],

H(x)=s (3.2)

paNIe))
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The Soft Voting method makes class prediction by
averaging the probabilistic weights of the predictions of
the classifiers in the ensemble. This method aims to
achieve a more accurate classification result by weighting
the predictions of different classifiers in the ensemble
according to their reliability. In this case, in the Soft
Voting approach, the class of any instance x in the dataset
is estimated as follows [24]:

H(X) =S ?=1wih{(x) (33)
The weight of the prediction of each classifier h; among
the other predictions in the ensemble is denoted by w;.

3.6.2.  Stacking Based Community Classifier

The Stacking Based Ensemble Classifier is a method
proposed by Wolpert [23] and basically consists of two
stages. In the first stage, the predictions of the different
methods used in ensemble classifiers are obtained. Then,
these predictions are processed by a meta-classifier to
produce the final prediction of the ensemble. The aim of
this approach is to improve the accuracy by balancing the
incorrect predictions of a single classifier with the
predictions of other classifiers. In this way, more reliable
predictions are obtained through ensemble classifiers
[23].

3.7. Performance Evaluation Metrics

In this study, a confusion matrix is used to analyze the
performance of the proposed hybrid models and the TL
methods used for comparison. The confusion matrix is
presented in the form of a table as in Table 3.4, which
shows the number of correct and incorrect classifications
between the actual class labels of the examples in the
dataset and the prediction labels of the models used.

Table 3.4. Confusion matrix

Actual/

Estimated Cracked Normal
Cracked | True Positive (TP) | False Positive (FP)
Normal | False Negative (FN) | True Negative (TN)

Where, TP (True Positive) refers to how many images
with cracked true class labels are correctly predicted by
the model used. TN (True Negative) refers to how many
images with normal true class labels are correctly
predicted by the model used. FP (False Positive) refers to
how many images with real class labels cracked are
incorrectly predicted as normal by the model used, while
FN (False Negative) refers to how many images with real
class labels normal are incorrectly predicted as cracked
by the model used.
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TP (True Positive): Refers to how many images with
true class labels "Cracked" were correctly predicted by
the model.

TN (True Negative): Refers to how many of the images
with true class labels "Normal" were correctly predicted
by the model.

FP (False Positive): Refers to how many of the images
with true class labels "Normal" are predicted as
"Cracked" by the model.

FN (False Negative): Refers to how many images with
real class labels "Cracked" are predicted as "Normal" by
the model.

The following four metrics were used to analyze and
evaluate the performance of the models used in the study
[30].

Accuracy: Refers to the ratio of correctly estimated
samples to the total number of samples and is calculated
by the formula below,
2 TP +TN
CUracY =Tp Y TN+ FN + FP

(3.4)

Precision: Refers to the probability that samples predicted
as Cracked are actually Cracked and is calculated by the
following formula,
TP

Precision TP L FP (3.5)
Recall: Refers to the proportion of samples whose true
class is Cracked that are correctly predicted to be Cracked
and is calculated by the formula below,

TP
= 3.6

Recall TP T FN (3.6)
fl-score: Provides a balanced measure of performance by
taking the harmonic mean of precision and recall and is
calculated by the following formula,

Precision * Recall (3.7)

1-— =2
f score * Precision + Recall

4. EXPERIMENTAL ANALYSIS

In order to compare the performance of the hybrid model
proposed in this study, firstly, a set of applications were
performed in which each of the Transfer Learning (TL)
models was used as a direct classifier separately. In
another set of applications, within the proposed method,
after the features of all TC models are obtained and
reduced, they are combined together and Stacking, Soft
and Hard Voting ensemble classifiers are used separately.
In all the applications, the classifiers used were aimed to
classify oxidized (Cracked) and non-oxidized (Normal)
tires. Table 3.5 presents the values of the performance
metrics obtained on the training and test datasets for the
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first applications where the TL models were used directly.
In these applications, the highest training and test
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with 91.89% and 70.77%, respectively. The lowest
accuracy values were observed for the VGG16 TL model

accuracies were obtained with the ResNet50V2 TL model with 72.69% and 56.31%, respectively.

Table 3.5. Training and test success criterion values of the TL models.

Train (%) Test (%)
IModeI Name | Acc. | Prec. | Rec. [fl-scr. Acc. |Prec. Rec. [fl-scr.
Xception 89.05 | 90.41 8843 | 8879 [61.23 |[71.65 [69.21 | 61.04
|NA5N€t 91.18 | 914 |90.94 | 91.09 [66.15 |71.79 |72.04 | 66.15
|'V'0b"e'\'et 87.2 | 8841|8658 | 8691 |5754 |67.1 |65.18 | 57.32
|Den59N9t169 8691 |89.11 [86.09 | 86.49 [59.38 |71.45 [67.98 | 59.01
[PenseNet201 fo09 [ 012 (0061 | 908 [eso2 [7424 7477 | 6801
VGG16 7269 | 74.03 |7341 | 7261 |5631 |[54.79 |55.18 | 54.49
InceptionV3 lgg 19 | 88.39 (87.93 | 88.08 |6554 |71.48 |7156 | 65.54
|Res'\'et50V2 9189 | 9211 [91.66 | 91.82 |7077 |7422 |7561 | 70.68
|R‘35N‘9t101V2 909 | 918 (9041 | 90.73 |63.08 |[71.07 [70.05 | 63.03

Figure 3.4 shows the training and test confusion matrices
of the most successful TL model, ResNet50V2. In the
Confusion matrix for the training dataset in Figure 3.4.(a),
out of 327 cracked tire images, 289 were correctly
classified and 38 were incorrectly predicted. Of the
normal tire images, 357 were correctly classified and 19
were incorrectly predicted. In total, there are 376 normal

(a) ResNet50V2 (Acc.: 91.89%)
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tire images. In the complexity matrix for the test dataset
in Figure 3.4.(b), 124 out of 210 cracked tire images are
correctly classified and 86 are incorrectly predicted. Of
the normal tire images, 106 were correctly classified and
9 were incorrectly predicted. In total, there are 115
normal tire images.

(b) ResNet50V2 (Acc.: 70.77%)
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Figure 3.4 ResNet50V2 TL training and test confusion matrices.

Table 3.6 shows the performance of the CTLDF+EnC
based ensemble classifiers on the test dataset. The table
shows the performance of all TL models when deep
features are applied to the ensemble classifiers. The
highest success rate is obtained with the hybrid model
with Stacking ensemble classifier
(CTLDF+ENC(Stacking)), which has an accuracy of
76.92% and precision, sensitivity and f1-score of 79.10%,
81.36% and 76.75% respectively. The hybrid models of
Soft CTLDF+ENnC(Soft) and Hard CTLDF+EnC(Hard)
voting methods have an accuracy of 74.15% and 72.92%

respectively. The precision, sensitivity and f1-score values
of these models are given in Table 3.6. It was observed that
all ensemble classifiers achieved 100% success rate on
the training dataset. The reason for this difference
between the accuracy values for the training and test
datasets is considered to be overfitting. In the case of
overfitting, while the model learns each sample in the
training set very well, it loses its generalization capability
and classifies the samples in the test data set, which it has
never seen, with low accuracy.
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Table 3.6. CTLDF+ENC based ensemble classifier performance values.

Train (%) Test (%)

Model Acc. |Prec. Rec. | fl-scr. | Acc. |Prec. Rec. | fl-scr.
CTLDF+EnC(Stacking) 100 100 100 100 | 76,92 | 79,1 | 81,36 | 76,75
CTLDF+EnC(Soft) 100 100 100 100 | 74,15 | 77,26 | 79,02 | 74,05
CTLDF+EnC(Solid) 100 100 100 100 | 72,92 | 76,6 | 78,06 | 72,85

Figure 3.5 shows the test data set confusion matrices for values of the cracked tire images for the

each ensemble classifier. Since the training dataset
achievements are 100%, they are not presented
separately. In Figure 3.5(a), the CTLDF+ENC (Stacking)
model predicts 135 correct and 75 incorrect images of
cracked tires. For normal tire images, 111 were correctly
predicted and 4 were incorrectly predicted. In Figure
3.5(b) and Figure 3.5(c), the correct/incorrect prediction

(a) CTLDF+ENnC(Stacking) (Acc.: 76.92%)

CTLDF+ENnC(Soft) and CTLDF+ENnC(Solid) models are
134/76 and 128/82, respectively. The true/false prediction
values for normal tire images are 111/4 and 110/5,
respectively. These matrices show the ability of each
hybrid model to correctly and incorrectly predict cracked
and normal tire images.

(b) CTLDF+ENnC(Soft) {(Acc.: 74.15%)
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Figure 3.5. Ensemble classifier test confusion matrices

Within the scope of the study, Table 3.7 was created to
determine the classification performance of hybrid
models using the deep features of the proposed TL
models and to more clearly demonstrate the advantages
of deep feature-based models. In this table, the first
column, TL Model (TLM), contains the success metrics
obtained directly with the TL models, while the other
columns show the test accuracies and improvement
amounts obtained with ensemble classifiers such as
Stacking Hybrid Model (SHM), Soft Voting Hybrid
Model (SVHM) and Hard Voting Hybrid Model
(HVHM), which are built using all the features obtained
from the TL models. From Table 3.7, it can be seen that
the proposed SHM, SVHM and HVHM ensemble

classifiers all exceed the performance measures of the TL
models and provide more accurate predictions. This table
clearly shows that the proposed deep feature-based hybrid
models provide higher classification performance
compared to the direct TL models.

Table 3.7. Comparison of the quantities of improvement
in the test performance of the hybrid models.

Imp. Dif. (%)
Models TLM SHM | SVHM | HVHM
Xception 61.23 15.69 | 12.92 | 11.69
NASNet 66.15 10.77 8 6.77
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MobileNet 57.54 19.38 | 16.61 | 15.38
DenseNet169 | 59.38 1754 | 1477 | 13.54
DenseNet201 | 68.92 8 5.23 4

VGG16 56.31 20.61 | 17.84 | 16.61
InceptionV3 65.54 11.38 8.61 7.38
ResNet50Vv2 70.77 6.15 3.38 2.15
ResNet101V2 | 63.08 13.84 | 11.07 9.84

In Table 3.7, it is seen that the highest accuracy values
obtained with the SHM, SVHM and HVHM are 76.92%,
74.15% and 72.92%, respectively. When these values are
compared with the accuracy values of the TL models, it
is determined that the highest improvement differences
are 20.61%, 17.84% and 16.61% for the VGG16 TL
model, respectively. On the other hand, the lowest
improvement differences were 6.15%, 3.38% and 2.15%
for the ResNet50V2 TL model, respectively. It is
expected that the improvement differences would be low
considering that ResNet50V2 was the model with the
highest success in the first group of applications. It is
clear from Table 3.7 that the proposed hybrid models of
SHM, SVHM and HVHM significantly improve the
accuracy of ResNet50V2 in particular.

5. DISCUSSION

Vehicle drivers are often aware of the importance of tire
tread depth and tire air pressure, but overlook the risks of
tire oxidation. Tire oxidation and related cracks pose
potential hazards that seriously affect driving safety. In
this context, this study aims to detect cracks in tires based
on the use of pre-trained TL methods and ensemble
classifiers.

According to the World Health Organization (WHO), a
large number of fatal traffic accidents occur every year
and the majority of these accidents are caused by tire
defects [31]. While manual detection of such defects can
be difficult and inaccurate, Al-enabled systems have
significant potential in this area. Therefore, we propose
an Al-assisted model for easy and fast detection of tire
defects by vehicle users. In the proposed model, three
different hybrid models based on the five best classical
ML algorithms are proposed by combining the deep
features of nine pre-trained ML models obtained from tire
images with ensemble classifiers:
CTLDF+ENnC(Stacking), CTLDF+ENnC(Soft) and
CTLDF+ENnC(Solid). This approach provides an effective
solution for tire defect detection.

The use of non-destructive testing techniques for the
detection of tire defects is widespread. These techniques
include laser shearing [32], ultrasonic methods [33] and
electromagnetic pulse [34]. However, these methods are
often expensive and difficult to implement and are not
widely used. Moreover, most of the studies based on
traditional visual detection [2,3] and deep learning [4,35]
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methods use X-Ray imaging and these studies usually
focus on the production line. In this study, we aim to
detect tire defects that are worn or oxidized due to usage.
Furthermore, a more efficient structure is proposed by
replacing the expensive and complex X-Ray images with
more cost-effective and easily available digital camera
images. This approach provides a more accessible and
practical solution for tire defect detection.

Although the use of digital images is almost non-existent
in the literature, a similar approach was adopted in a study
by Lin [1]. However, since the dataset of this study was
not shared, the success of the hybrid models proposed
here could not be tested on this dataset. This shows that
each study has its own unique datasets and model success
is dataset dependent. However, on the basis of the
applications with TL models, it is seen that the hybrid
models proposed in this study significantly increase the
success. This shows that the study offers a new and
effective approach.

In this study, the proposed CTLDF+ENnC (Stacking)
hybrid model has the highest test accuracy of 76.92%.
The other hybrid models, CTLDF+EnC (Soft) and
CTLDF+ENnC (Hard) architectures have 74.15% and
72.92% accuracy respectively. According to these results,
it is concluded that the proposed hybrid model performs
at an acceptable level in general and can be an effective
tool for tire defect detection.

When the performance of the proposed hybrid models is
compared to the performance of the directly used TL
models, it is seen that they are more successful. For
example, in Table 3.5, the highest test accuracy rate is
70.77% with ResNet50V2 when the TL models are used
directly. On the other hand, the test accuracy rate obtained
with the proposed CTLDF+ENC (Stacking) method is
6.15% higher than ResNet50V2. As can be seen in Table
3.5and Table 3.7, all of the ensemble TL models have
lower accuracy values than the proposed hybrid
classifiers. These results show that the proposed hybrid
models are more effective than the TL models in detecting
tire problems and have a reasonable level of success. In
this context, the proposed hybrid models are considered to
be a promising method for future studies in tire defect
detection.

The original contributions of this work can be listed as
follows: First, we propose a new architecture,
CTLDF+ENC, which enables inspection from tire images.
This architecture represents an important step forward in
tire defect detection. Second, the architecture has the
ability to combine deep features of TL models and classical
ML methods in an ensemble classifier. This provides an
efficient way to achieve more comprehensive and
accurate results. Finally, the study emphasizes the use of
images acquired with a digital camera, which is a cheaper
and easy-to-use method to replace expensive and
complex imaging techniques. This provides a more
accessible and cost-effective solution for tire defect
detection. Therefore, the proposed system can be
considered as a useful tool to improve safety standards in
the tire industry and solve tire-related problems more
effectively.
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6. CONCLUSION

This paper presents a novel approach, CTLDF+ENC, for
tire defect detection. This architecture combines deep
features derived from TL methods and classical ML
methods to propose an effective solution for tire defect
detection. The proposed architecture can work with cheap
and easy-to-use digital images that can be acquired with
regular digital cameras, which reduces the cost and
increases the applicability. In addition, this work aims to
detect problems that occur during the lifetime of tires,
such as oxidation and aging, unlike the studies in the
literature, which are usually aimed at detecting defects that
occur on the production line. Nine different TL models
were used to extract features, which were then combined
and fed to ensemble classifiers containing classical ML
models. Stacking, Soft and Hard voting methods are used
as ensemble classifiers. The implementations show that
the proposed architecture achieves satisfactory
performance compared to other alternatives. The results
show that the CTLDF+ENC architecture can successfully
detect oxidized or worn tires and is advantageous in terms
of cost and applicability. This study is considered to
propose an effective system to improve safety standards
in the tire industry and solve tire-related problems more
effectively.
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Ozet— Cevrimigi uyarlanabilir gezinme ortamlarina yonelik ilkelerin e-saglik uygulamalarina uyumu ve diizenlenmesi
amaciyla gergeklestirilen ¢aligmada, nitel ve nicel aragtirma yaklagimlarmin ise kosuldugu yapilandirilmis ¢evrimici
Delphi Tekniginden faydalanilmistir. Uzmanlarin ¢alismaya katilimi ile ilgili onaylar1 sonrasinda baslatilan Delphi
stirecinde tek bir soru kagidinda nitel ve nicel veriler eszamanli olarak toplanarak veri ¢esitlemesi yapilmistir. Elde edilen
veriler ve bu verilerin degerlendirilmesi ile elde edilen sonuglarin uzmanlara sunumu seklinde tekrarlanan siire¢
uzmanlarin uzlastya ulagsmalariyla son bulmustur. Calismanin ilk turu sonucunda uzmanlarin gezinmenin uyarlanmasina
yonelik ilkeleri yapisal olarak uygun buldugu belirlenmistir. Ancak, ¢evrimi¢i 6grenme ortamlarina yonelik ilkelerin e-
saglik uygulamalari ¢er¢evesinde yeniden yorumlanmasi gerekliligi uzmanlar tarafindan bildirilmistir. Uzman goriisleri
dogrultusunda her turda yeniden sekillenen ilkeler {izerinde artik yeni fikirlerin tiretilmedigi, maddelere iligskin tim giiglii-
zay1f yanlarin belirlendigi ve uzmanlardan herhangi bir goriis ya da 6nerinin gelmedigi goriilen iigiincli Delphi turunda
calisma sonlandirilmistir. Calisma sonucunda e-saglik uygulamalar tasariminda gezinmenin uyarlanmasina yonelik tiim
ilkeler tizerinde uzmanlarin uzlasi sagladiklar1 ve edilen gozlemciler arasi uyumun (ICC=.930) miikemmel diizeyde
oldugu belirlenmistir.

Anahtar Kelimeler— e-saglik, saglik hizmetleri, uyarlanabilir sistemler, gezinmenin uyarlanmasi, uzlasi, delphi teknigi.

Integration of Adaptive Navigation Structures Into E-health
Applications

Abstract— The structured online Delphi Method, which included qualitative and quantitative research methods, was used
in the study to integrate and regulate the principles for online adaptive navigation environments to e-health applications.
Data triangulation was accomplished in the Delphi process by concurrently gathering qualitative and quantitative data in
a single questionnaire, which was started following the experts' approval of their involvement in the study. The experts
finally reached an agreement after repeatedly presenting the data acquired and the outcomes generated by the examination
of this data to the experts. The first round of the investigation led to the conclusion that the experts deemed the principles
for the adaption of navigation were structurally adequate. Yet, experts reported that the principles for online learning
environments should be reinterpreted within the framework of e-health applications. The study was terminated in the third
Delphi round when it was observed that no new ideas were produced on the principles that were reshaped in each round
in line with the expert opinions, all the strengths and weaknesses related to the items were determined, and no views or
suggestions were received from the experts. As a result of the study, it was determined that experts reached a consensus
on all the principles for the adaptation of navigation in the design of e-health applications. It was also concluded that the
agreement between observers (ICC=.930) was excellent.

Keywords— e-health, health services, adaptive systems, adaptive navigation, agreement, delphi technique.

'Bu makale, birinci yazarin ikinci yazar danigmanliginda tamamlamig oldugu doktora tez ¢aligmasindan tiiretilmis olup
elde edilen sonuglar farkli bir alana uyarlanmustir.
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1. GIRIS (INTRODUCTION)

Saglik sistemindeki dijitallesme siirecinin hizlanmasiyla
birlikte saglik sistemini olusturun paydaslar ile vatandaglar
arasinda dijital bir kopriiniin olusum siireci de hiz
kazanmaya baslamistir. Dijitallesme ile birlikte saglikta
paradigma kaymasmin sonucu olarak vatandaglarin
saglikla ilgili siireclerini yonetebilecekleri hizmetlerin de
yayginlastig1 goriilmektedir. Bu noktada Avrupa Birligi
iilkeleri ve ABD basta olmak tiizere birgok iilkede dijital
saglik hizmetleri Onemli o6l¢iide ivme kazanmaya
baslamistir. Bireyler ve toplumlar igin insan saglig: ile
saglik hizmetlerinin iyilestirilmesinde bilgi ve iletisim
teknolojilerinin ise kosulmasi olarak tanimlanan dijital
saglik [1] ile sunulan hizmetler bireye kendi sagliginda
aktif bir katilime1 olma firsati saglamaktadir. Temelde
saglik hizmetlerini anlik olarak ulasilabilir kilarak,
tasarlanan bu sistemlerin insan yasamimin kalitesini
dogrudan etkileme potansiyeline sahip oldugunu sdylemek
miimkiin gézilkmektedir. Her ne kadar saglikta dijitallesme
stirecinin tarihi eskiye dayaniyor olsa da saglik sistemi ile
vatandaglar1 bir araya getirebilecek yapilar olduk¢a yenidir
ve sayilari da hizla artmaktadir. Dijitallesen saglik sistemi
teshis, terapi, 6nleme ve tedavi siirecleri igin yeni firsatlar
sunmakla birlikte saglik profesyonellerinin yani sira
vatandaslarin da saglik verilerine kolaylikla ulagmalarina
olanak saglamaktadir. Bu yapilar aracilig ile bireylerin
mevcut igerikle etkilesim i¢inde olmalar1 ve saglikla ilgili
bilgilerine erisimlerine olanak saglanarak iletisim
stirecinde de aktif olarak katilmalarinin desteklenmesi
amaglanmaktadir [2].

Saglik hizmetlerinden etkin bir sekilde faydalanilmasi
noktasinda e-saglik hizmetlerinin verimli bir sekilde ise
kosulmasi ve bireylerin bu hizmetlere erisebilmelerinin
saglanmast olduk¢a Onemlidir. Bu durumda e-saglik
hizmetlerinden faydalanabilecek Kitlenin heterojen bir
yaptya sahip oldugunun g6z ardi edilmemesi
gerekmektedir.  Nitekim, bu Kkitlenin  demografik
ozelliklerinin (yas, cinsiyet, egitim durumu, vb.) yani sira
teknoloji ve saghga iliskin okuryazarlik diizeyleri de
birbirinden farklilik gosterebilmektedir [bkz., 3, 4, 5, 6, 7].
Yine bireylerin teknoloji ve saglikla ilgili yetkinliklerini
ifade eden dijital saglik okuryazarlig1 giiniimiizde 6nemle
tizerinde durulan yetkinliklerden biri olsa da tiim bireylerin
bu yeterliliklere sahip olmasi beklenemez. Bireylerin bu
becerilere sahip olmalart saghkla ilgili verileri
anlamlandirabilmeleri ve siireglerini ydnetebilmeleri igin
ise hayati 6nem tagimaktadir. Ancak, bu bir siire¢ olup
yetkinliklerin kazandirilabilmesi igin egitimin yani sira
zamana da ihtiya¢ vardir. Nihayetinde, dijital doniistimler
halk ve niifus sagligina fayda saglamak i¢in muazzam bir
potansiyele sahip olsa da mevcut esitsizlikleri
siddetlendirme konusunda da esit derecede yeteneklidirler
[7]. Bu noktada e-saglik uygulamasi ya da hizmeti
gelistiricilerinin tiim kullanicilarin dijital saglik okuryazari
olmadig1 gercegini géz Oniinde bulundurmalar1 ve bu
yapilar1 tiim paydaslar agisindan kullanilabilir nitelikte
tasarlamalar1 gerekmektedir. Ozellikle de istenilen bilgi ve
baglantilara, kullanicilarin  kolaylikla erisebilecekleri
gezinme unsurlarini barindiran kullanilabilirligi yiliksek
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ortamlarin tasarlanmasi, temelde saglik sistemi ile
vatandaglar1 bir araya getirmeyi amaglayan bu yapilarin
stirdiiriilebilirligi agisindan da olduk¢a 6nemlidir.

Geligen teknoloji, bilgiyi daha ulasilabilir hale getirmis ve
siirekli artan bilgi miktarinin karmasaya yol agmadan
bireyin ihtiyaglarina gore sunulmasini gerekli kilmistir. Bu
gerekliligin yani sira bilginin, bireyin 6zellikleriyle birlikte
zamanla degisen ihtiyaclar dogrultusunda yeniden
sekillenen yapilar olusturmak i¢in uyarlanabilir sistemlerin
gelistirilme calismalar1 hiz kazanmaya baslamistir. Bu
duruma paralel olarak geleneksel ortamlara yonelik “biri
hepsine uyar (one size fits all)” goriisii terk edilmeye [8, 9,
10] ve “biri hepsine uymaz (one size does not fit all)”
goriisii [11] yaygin olarak benimsenmeye baglamistir [12].
Uyarlanabilir ¢evrimigi sistemler, yapay zeka, veri
madenciligi gibi tekniklerin siirece dahil edilmesi ile
birlikte hizli bir sekilde gelismeye devam ederek farkli
kullanic1 gereksinimlerine ya da kullanicinin zamanla
degisen gereksinimlerine uygun olarak degistirilebilen
yapilar haline gelmistir. Genel olarak kullanicr tercihlerine

ve ihtiyaglarmma gore sekillenen ortamlar sunmay1
amaclayan uyarlanabilir yapilarin [10] 06n plana
¢itkmasindaki en onemli unsurlarin ~ baginda

kisisellestirilmis servisleri sunmak i¢in davraniglarin
gozden gegirilmesi, ilgi ve tercihlerin g6z Oniinde
bulundurularak tasarimlarin gerceklestirilebilmesi
gelmektedir [13]. Sistemdeki mevcut bilgilerin yani sira
kullanicimin sistem igindeki anlik davranmislart dinamik
bilgilerin anlamli bir sekilde yeniden yapilandirilmasi
kritik 6neme sahiptir. Bu yapilandirma bireyin sistem
icinde gezinme stratejileri ile birlikte istenilen bilgiye
erisiminde kilit rol oynamaktadir. Ozellikle cevrimici
ortamlarda kullanicinin istedigi bilgiye ulasmada en kisa
yolu bulmasin destekleyecek tasarimlarin
gerceklestirilmesi 6nemli bir unsur olarak karsimiza
cikmaktadir. Uyarlanabilir yapilar igerisinde gezinmenin
uyarlanmasi énemli bir basamak olup, kullanict modelinin
yapilandirilmast  ve uyarlamalarin  gergeklestirilmesi
noktasinda olduk¢a Onemlidir. Gezinmenin uyarlanmasi,
kullanicinin ortamda izleyecegi en uygun yolu bulmasi igin
destek sunulmasidir [14, 15] ve sistemin saglikli
isleyebilmesinde kilit rol oynamaktadir. Nitekim ¢evrimigi
ortamlarda iyi diizenlenmemis gezinme stratejilerinin basta
kaybolma ve asir1 biligsel yiiklenme olmak iizere bir¢ok
olumsuzluga yol agabilecegi goriilmektedir [bkz., 16, 17,
18, 19]. Bu tiir ortamlarda agir1 biligsel yiikklenen ve buna
bagh olarak da kaybolan kullanicilarin performanslari
diiserek istedikleri bilgilere ulasmada daha fazla zaman ve
caba harcamalar1 gerekecektir [20]. Bu noktada asir1
biligsel yiiklenmeyi engelleyecegi belirlenen tasarim
ilkelerinin ~ kullanildigi  arastirma  sonuglart  ise
kullanicilarin basari, hatirlama ve transfer puanlarmin
arttigini gostermektedir [16].

Genel olarak kullanici 6zelliklerinin ¢evrimigi ortamda
gezinmelerinde etkili oldugu ve diisiik 6n bilgi diizeyine
sahip bireylerin gezinme ve baglanti yapilari1 anlama
konusunda daha ¢ok sorun yasamaya yatkin olduklari
goriilmektedir [bkz., 16, 19, 21, 22, 23]. Ozellikle yeni
kullanicilarin ~ sistem iginde hangi bilgiye nasil
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ulasabileceklerini kestirebilmeleri ¢ok daha giictlir ve
sistemin kullaniciy1 destekleyici nitelikte tasarlanmasi
gerekmektedir. Bu durum hizla yayginlagan ve ilk kullanici
sayis1 hizla artmaya devam eden e-saglik uygulamalari i¢in
de gegerlidir. Yasamin birgok alanina neredeyse
durdurulamaz bir sekilde giren dijitallesme, politikacilar ve
saglik sigortacilar1 tarafindan, genellikle gelecekteki
sorunlarin ¢6ziimiiniin en azindan bir pargasi olarak
goriilmektedir [24]. Ancak, diger taraftan da teknik altyapi,
hizla artan veri hacmi ile birlikte sistemle etkilesim,
istenilen verilere etkili bir bi¢imde erisimin saglanmasi ve
korunmasi gibi ¢oziimlenmeyi bekleyen birgok sorun da
beraberinde gelmektedir. Her ne kadar veri madenciligi ve
yapay zeka tekniklerinden faydalanilarak makine temelli
¢oziimler {iretilmeye baslanmis olsa da oOzellikle son
kullanicilarin ~ kolaylikla  istenilen bilgiye erisim
saglayabilecekleri sistemlerin tasarlanmasi bir
zorunluluktur. Yine bu dogrultuda kullanicinin sistem
icerinde gezinirken kaybolmasi ve asiri biligsel yliklenmesi
gibi risklerin géz Onilinde bulundurularak iyi tasarlanmis
uyarlanabilir ~ gezinme  yapilarmimn  gelistirilmesi
gerekmektedir. Bu cergevede gergeklestirilen c¢aligmada,
Cetinkaya (2013) tarafindan uyarlanabilir &grenme
ortamlaria yonelik gelistirilen tasarimi ilkelerinden [25]
hareketle c¢evrimi¢i e-saglik uygulamalarinin  son
kullanicilarina yonelik uyarlanabilir gezinme ortamlarinin
diizenlenmesine iliskin ilkelerin uzman goriiglerine dayali
olarak belirlenmesi amaglanmistir. Bu genel amag
dogrultusunda ¢aligmada;

e Uzman goriislerine gore Cetinkaya (2013) tarafindan
gelistirilen uyarlanabilir 6grenme ortamlarina yonelik
tasarimu ilkeleri, ¢evrimi¢i e-saglik uygulamalarimin
son kullanicilarina yonelik uyarlanabilir gezinme
ortamlarimnin diizenlenmesinde de benimsenebilir mi?

e uzmanlarin s6z konusu ilkelerin uygunluguna katilim
diizeyleri nedir? sorularina yanit aranmistir.

2. YONTEM (METHOD)
2.1. Arastirma modeli (Research model)

Calismada nitel ve nicel arastirma becerilerinin ige
kosuldugu yapilandirilmis ¢evrimi¢i Delphi tekniginden
faydalanilmistir. Genel olarak bir grup uzmanin goriisii ile
kontrolli geri bildirim saglanarak, uzlasi aranan giivenilir
bir anket elde etme siireci olarak tanimlanan Delphi teknigi
[26] biiyiik 6l¢iide amaca hizmet edebilen, deneysel bilgi
eksikligi nedeni ile sosyal siireclerin anlagilamadigi
durumlarda kullanilmaktadir [27].

2.2. Calisma Gurubu (Study Group)

Delphi teknigi stirecinde katilimeilarin, konular hakkinda
bilgi ve ilgi sahibi olan bireylerden olugmasi gerektiginden
[28, 29], c¢alisma grubunun belirlenmesinde amagh
ornekleme yaklasimi benimsenmistir. Amagli 6rnekleme
yaklasiminda temel amag¢, arastirmanin konusunu
olusturan kisi, olay ya da durum hakkinda ve belirli bir
amag¢ dogrultusunda derinlemesine bilgi toplamaktir [30].
Gergeklestirilen bu g¢alismada ¢evrimi¢i Delphi uzman
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grubu katilimcilarini belirlemek i¢in amagli 6rnekleme

kapsaminda Olciit Orneklemesi yoluna gidilmistir. Bu

cergevede olusturulan ¢aligma grubu doktora egitimini

tamamlamis olmak kosuluyla;

* uyarlanabilir ortamlar, yapay zeka ve Ogretimsel
uygulamalara yonelik arastirmalari olan (n=7),

» saglik bilisimi, tip bilisimi ve tip egitimi alanlarinda
ders vermis ya da aragtirmalart olan (n=8) uzman
kisilerden olusmustur.

Delphi tekniginin ise kosuldugu calismalarda katilimet
grubun uzmanlik &lgiitlerine gdre homojenliginin sz
konusu oldugu arastirmalarda 10-15 kisinin yeterli oldugu
bildirilmistir [26]. Bu dogrultuda belirtilen 6lgiitleri
kapsayacak Dbigimde olusturulan ¢alisma grubunu
¢evrimigi ortamda ulasilabilen 15 uzman olusturmus ve bu
uzmanlar ¢aligmanin tiim agamalarinda katilim saglamistir.
Cevrimi¢i ortamda gerceklestirilen Delphi ¢aligmasinin
giivenirligini saglamak i¢in veriler anlik olarak kayit altina
almmustir.

2.2. Verilerin Toplanmas: (Data Collection)

Yapilandirilmig gevrimigi Delphi yonteminin
benimsendigi calismada metodi¢i karisim (Intramethod
mixing) yaklasimi ise kosulmustur. Bu yaklagim tek bir
soru kagidinda eszamanli olarak veri toplamak igin
kullanilan bir karma yontem stratejisidir [31]. Bu strateji
dogrultusunda tekrarlanan turlar iceren yapilandirilmis
cevrimi¢i Delphi uygulama siireci asamalar1 asagida
belirtilmistir.

1. llkelere yonelik goriis belirlenmesi amaciyla énceden
belirlenen 22 uzmana ¢alismanin amacini belirten bir
metin ile birlikte davet mektubu gonderilmistir. Davete
olumlu yanit veren 15 uzman ile siire¢ baslatilmigtir.

2. Cevrimi¢ci  O0grenme  ortamlarinin  tasariminda
gezinmenin uyarlanmasi siirecinde Cetinkaya (2013)
tarafindan gelistirilen ilkeler [25] tizerinde degisiklik
yapilmadan ¢evrimi¢i ortama aktarilmig ve uzmanlara
gonderilmigtir.  Ilkelere  iliskin  aciklama  ve
yonergelerin de yer aldigi ¢evrimi¢i anket formu, her
bir ilkenin altina ilkeye yonelik uzmanlarin varsa goriis
ve Onerilerini belirtmeleri amaciyla serbest metin alani
olusturularak diizenlenmistir. Ayrica, 6lgme aracinin
en sonunda eklemek istedikleri yeni bir ilke 6nerisi ya
da ilkelerin geneline iligkin varsa goriis ve Onerilerini
paylasabilecekleri serbest metin alani olusturulmustur.

3. Uzmanlarin Cetinkaya (2013) tarafindan gelistirilen
gezinmenin uyarlanmasina iligkin ilkeleri [25], e-saglik
uygulamalart  gercevesinde irdeleyerek yaptiklart
degerlendirme sonucunda gelen veriler arastirmacilar
tarafindan incelenmistir. Uzmanlarin yorumlar ile
birlikte ilkelere yonelik degerlendirmeleri goézden
gegirilip diizenlenmistir. Diizenleme sirasinda 6grenme
ortamlarma ydnelik gelistirilen ilkelerin e-saglik
uygulamalarina uyumu ve uygunlugu g6z Oniinde
bulundurulmustur. Bu agamada ilkelerin uygunlugunun
belirlenmesi amaciyla 5’li (Tamamen uygun, Uygun,
Kismen uygun, Uygun degil, Hi¢ uygun degil) likert
tipi ¢evrimi¢i degerlendirme formu olusturulmustur.
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Form uzmanlarmn her fikri gézden gegirmesi, giiglii ve

zaylf yanlarim1  belirtmesi ve yeni fikirlerini
ekleyebilmelerine olanak saglayabilecek sekilde
diizenlenmistir.  Kolaylikla ~ kullanilabilecek  ve

uzmanlarin her fikri serbestge paylasabilecekleri
sekilde tasarlanan ikinci anket formu aciklayici
yonergelerle birlikte uzmanlara gonderilmistir

4. Gergeklestirilen ikinci  Delphi turu sonucunda
uzmanlardan  gelen  degerlendirme  sonuglari
aragtirmacilar  tarafindan  incelenmistir.  Yapilan

incelemeler sonucunda ilkelerin ifade edilis bigimine
yonelik uzmanlar tarafindan kiigiik diizeltme Onerileri
geldigi belirlenmistir. ilkelerin uygunluguna yonelik
derecelendirme verileri dogrultusunda ise uzmanlarin
uzlasiya ulagma dereceleri hesaplanmis ve bir sonraki
anket formu hazirlanmaya baslanmistir. Ugiincii Delphi
turu i¢in hazirlanan anket formu; uzmanlarin ikinci
Delphi turundaki Onerileri dogrultusunda yeniden
diizenlenen ilkelerin yani sira tiim uzmanlara ait
yanitlarin ortalama, standart sapma degerleri ile birlikte
uzmanin maddeye kendi verdigi puaninda bulundugu
bir formatta yeniden diizenlenerek gonderilmistir.

5. Uzmanlardan gelen figiincii Delphi turu verilerinin
incelenmesi  sonucunda arttk  yeni fikirlerin
iiretilmedigi, maddelerin tim giigli-zayif yanlarinin
belirlendigi ve uzmanlardan ilkelere diizenlenmesine
yonelik herhangi bir goriis ya da Onerinin gelmedigi
gOriilmiistir. Uzmanlarin tiim maddeler iizerinde
uzlasiya vardiklari belirlenen bu turdan sonra
uzmanlara katilimlar igin tesekkiir edilerek en son
veriler dogrultusunda olusturulan ilkeler yonergeleri ile
birlikte gonderilmistir.

2.3. Verilerin Analiz Edilmesi (Analysis of the Data)

Her turunda verilerin toplandigi Delphi ¢alismasimnin ilk
turunda, Cetinkaya (2013) tarafindan gezinmenin
uyarlanmasina  yonelik  gelistirilen  ilkeler  [25]
gonderilmistir. Ayrica, bu turda gonderilen ilkelere yonelik
ek goriis belirtebilecekleri bir serbest yazim alanini igeren
veri formu diizenlenerek nitel veriler elde edilmistir. Tkinci
ve lclincii turda ise, hem nitel hem de nicel veriler elde
edilirken siirecin son turu olan dérdiincii turu sadece nicel
verilerden olusmustur. Uzmanlardan gelen goriis ve
onerilerden olusan nitel veriler arastirmacilar tarafindan
incelenerek ilkeler tizerinde gerekli diizenlemeler yeniden
uzman gorisiine sunulmak iizere gergeklestirilmistir.
Uzmanlarin uzlasiya ulagma derecelerinin belirlenmesi
icin ise; aritmetik ortalama, standart sapma ve ilk ¢eyrek
kayma degerlerinden faydalamlmigtir. Her bir ilkeye
iliskin uzmanlarin uzlag1 diizeyleri tablo 1’de belirlendigi
gibi dort kategoriden olugmus [32] ve her etki altinda
standart sapma ile ortalamaya gore belirlenmistir.

Tablo 1. Kategori Olgeklendirme Matrisi

5 Standart Sapma Degeri

)qc)l) Diigiik < > Yiiksek
A 1 1

g Yiiksek Biiyitk Oneme Sahip Yiiksek Oneme Sahip
< Yiiksek Diizeyde Anlagma | Diisiik Diizeyde Anlagsma
] " v

S Diisiik Alt Oneme Sahip Alt Oneme Sahip
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| Yiiksek Diizeyde Anlagma | Diisiik Diizeyde Anlagma |

Delphi yonteminin kullanildigi ¢alismalar incelendiginde
aritmetik ortalama, standart sapma ve medyan (ortanca)
degerlerinin uzlas1 derecelerinin belirlenmesinde ise
kosuldugu goriilmektedir. Ancak, kategorik
siniflandirmalarda bu degerlerin araliklaria yonelik belirli
bir standart olugturulmamistir. Bu nedenle her bir 6l¢iitiin
birlikte ele alinarak uzlasi kategorilerinin olusturuldugu ve
Cetinkaya (2013) tarafindan diizenlenen deger araliklari
[25] uzmanlarin  uzlasiya ulasma  derecelerinin
belirlenmesinde ise kosulmustur (bkz. tablo 2).

Tablo 2. Uzlas1 Araliklari

X Ss Q1 Yorum

1.00-1.49 Onemsiz uzlagma olmast 1

1.50-2.99 S$s>.75 3<Q Orta derecede uzlagsma 2
olmasi

3.00-3.74 Ekseriyetle uzlagma olmasi | 3

3.75-4.49 | 50 <Ss<.75| 3< Q<4 |Onemliderecedeuzlagma |-,
olmasi

4.50-5.00 Ss < 50 4< Q.<5 Neredeyse miikemmel 5
uzlagma olmasi

Delphi siireci sonunda belirlenen ilkelerin tamamina
yonelik degerleyici giivenirligini belirlemek amaci ile ise
Siif-i¢gi Korelasyon Katsayisi (Intraclass Correlation
Coefficient-ICC) hesaplanmistir. Degerleyici giivenirligi,
degerleyiciler arasindaki uyusma derecesini Olgmek
amaciyla ise kosulan Sinif-i¢i Korelasyon Katsayist [33]
ile ilgili giivenirlik aralig1 tablo 3’ de verilmistir [34].

Tablo 3. Simif-i¢i Korelasyon Katsay1 Giivenirlik Aralig

ICC Yorum

<.69 Diisiik diizeyde giivenirlik
0.70—0.79 Yeterli/Orta diizeyde giivenirlik
0.80 —0.89 Yiiksek diizeyde giivenirlik
0.90 — 1.00 Miikemmel diizeyde giivenirlik

3. BULGULAR VE YORUMLAR (FINDINGS AND
INTERPRETATIONS)

Gezinmenin  uyarlanmasi, kullanicinin ~ ortamda
izleyebilecegi en uygun yolu bulmast i¢in destek
sunulmasidir [14, 15]. Cetinkaya (2013) tarafindan

gerceklestirilen calismada gezinmenin uyarlanmasina
yonelik tiim ilkeler [25] iizerinde bagill Onemlilik
Olgiitlerine gore uzmanlarin miilkemmel uzlagi sagladigt
sonucuna ulagilmistir.  Yine arastirmaci bulgularin
saglamligt  degerlendirme  &lgiitleri  gercevesinde
alanyazina dayal1 olarak elde edilen veriler dogrultusunda
tim ilkelerin gii¢lii arastirma destegine sahip oldugunu
belirlemistir. Bu noktada alanyazindan elde edilen bulgular
ile birlikte uzman gorislerine dayali olarak ilkelerin
gecerliliginin saglandigi ve farkli sistemler iizerinde de
degerlendirilmesinin faydali olabilecegi belirtilmistir. Bu
bulgulardan hareketle gergeklestirilen caligmada hizla
yayginlasan ve neredeyse tiim toplumun sagliga iliskin
ihtiyaglarin karsilamay1 hedefleyen e-saglk
uygulamalarinin tasariminda da uyarlanabilir gezinme
ilkelerinin uyumunun degerlendirilmesi amaglanmistir. Bu
dogrultuda elde edilen ilkelerle birlikte her bir ilkenin
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aciklayicisi bigiminde diizenlenen yonergeler Tablo 4’te
sunulmustur.

Tablo 4. E-Saglik Uygulamalarinda Gezinmenin
Uyarlanmasia Yonelik lkeler

F11x*
Gezinmenin Uyarlanmasi (GU.) *GU Bagil
Onem
Gu1 Kullan}m rflodehndekl bilgiler d?gmltusunda, bir 55 |5
sonraki baglantiya ulasmasini saglayin.

Kullanic1 modelindeki verilere dayali olarak kullanicilarin bir sonraki
baglanti ya da igerige ulagmasinin saglanmasi gerekmektedir. Bul
dogrultuda kullanicilara uyarlanabilir baglant1 yapilart sunularak asiri
biligsel yiiklenme ve kaybolma problemleriyle karsilagmamalar1 igin
gezinme unsurlarinda gerekli diizenlemelerin yapilmasi gerekmektedir.

Bu kapsamda gerceklestirilen ¢alisma sonucunda belirlenen ilkenin e-|
saglik uygulamalart i¢in de gegerli oldugu ve uzmanlarin, neredeyse
imiikemmel uzlasma sagladigi belirlenmistir  (X'=4.93, Ss=0.26,
Q1=5.00).

GU.2 |ilgili baglantilara agiklama/yonerge ekleyin. |5/5 |5

Gezinme sirasinda baglanti agiklamalari kullanicilarn sistem igindel
kaybolmalarini ve bogulmalarini engelleyerek gezinmelerini destekleme]
potansiyeli tagimaktadir.

Bu dogrultuda gergeklestirilen ¢aligma sonucunda belirlenen ilkenin e-|
saglik uygulamalar1 icinde gegerli oldugu ve uzmanlarm, neredeyse

imiikemmel uzlasma sagladigi belirlenmistir  (X'=4.79, Ss=0.59,

Q1=5.00).

cu.3 K~ullan‘101 Inodelmdekl bllgller dogrultusunda 55 |5
dinamik baglant1 yapilari saglayn.

IKullanict modelindeki bilgiler dogrultusunda uygun dinamik baglanti
yapilarinin sunulmast ve bu dogrultuda ilgililik durumlarina gore|
baglantilarin gosterilmesi gerekmektedir. Boylece kullanicilara dinamik|
baglant1 yapilari sunularak ortamda kaybolmalarin engellenebilecegi gibi
istenilen bilgi ya da baglantiya ulagim kolaylastirilabilir.

Bu dogrultuda gergeklestirilen ¢aligma sonucunda belirlenen ilkenin e-|
saglik uygulamalar i¢in de gegerli oldugu ve uzmanlarn, neredeyse
imiikemmel uzlasma sagladigr belirlenmistir  (X'=4.80, Ss=0.41,
Q1=5.00).

Kullanicinin uygulamanin neresinde oldugunu
GU.4 |g6rmesini saglamak igin kisiye 6zel geribildirim |5/5 |5
saglayin.

Ortamda gezinme siirecinde kullanicilarin mevcut durumlart bilgi
almalar1, bulunduklar1 konuma nasil geldikleri ve bir sonraki ilgili
baglantiy1 gorebilmeleri; kaybolmalari ve asirt biligsel yiiklenmelerinin|
engellenmesinde olumlu katk saglayabilir.

Bu dogrultuda gerceklestirilen ¢alisma sonucunda belirlenen ilkenin e-
saglik uygulamalar icinde gegerli oldugu ve uzmanlarm, neredeyse

imiikemmel uzlasma sagladigi belirlenmistir  (X'=4.93, Ss=0.26,

Q1=5.00).

GUs Kullanicilara yonelik uyarlanabilir igerik haritasi 55 |5
olusturun.

Kullanicilarin ortamin igerigini olusturan unsurlarin genel yapising
gormelerini saglayan igerik haritalarinin sunulmasi gezinmeye olumlul
katki saglayabilir. Bu durum tiim igerigi ve ilgili baglantilarin bir noktadal
goriilmesine olanak saglayarak sistem igerisinde istenilen igerik ya da
baglantiya kolaylikla ulasabilmelerini destekleyebilir.

Bu dogrultuda gergeklestirilen ¢aligma sonucunda belirlenen ilkenin e-
saglik uygulamalar igin de gegerli oldugu ve uzmanlarin, neredeyse|
miikemmel uzlasma sagladigi belirlenmisgtir (X' =4.78, Ss=0.36,
Q1=5.00).

Kullanicilarin daha dnce girmis olduklar1 baglanti,
GU.6 |icerik ve sayfalara iliskin istatistiksel bilgileri |5/5 |4
gormelerine izin verin.
Kullanicilarin gezinme siirecindeki hareketlerine iliskin istatistiksel
verileri gormeleri, gezinmelerine olumlu katki saglayabilir. Béylelikle
kullanicinin ortamda yaptig1 islem ve girilen baglantilarin goriilebilir|
olmasi, gegmise ait siirecini nicel olarak ve hizli bir bigimde gézden|
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biligsel yiiklenmesi ve kaybolmalari gibi problemlerin de Oniing|
igecilmesine katki saglayabilir.

Bu dogrultuda gergeklestirilen ¢calisma sonucunda belirlenen ilkenin e-
saglik uygulamalar i¢inde gegerli oldugu ve uzmanlarin, 6nemli derecede
luzlagsma sagladigi belirlenmigtir (X'=4.33, Ss=0.72, Q1=4.00).

Kullanici modelindeki Dbilgiler goz Oniinde
bulundurularak islevsel arama sonuglari saglayn.
IKullanicinin gereksinim duydugu bilgiye kolaylikla ulasabilecekleri bir|
sistemin gelistirilmesi, ortam igerisinde gezinmelerine ve istenilen igerige|
iya da baglantiya kolay ulasabilmelerine olumlu katki saglayacaktir.
JArama motorlarinin tasariminda uyarlanabilir sistem Ozelliklerinin
lkullanilmasi kisiye 6zel en ilgili icerik ya da baglantinin sunulmasina
olanak saglayabilir. Bu noktada uyarlanabilir yapilarin islevsel sonug|
ctkarma mekanizmalarnin  ortama  entegre edilmesi istenilen|
lkullanicilarin ~ bilgi ya da baglantiya tek bir yol ile ulagarak sistem
icerisinde kaybolmalari riski azaltilabilir. Yine boylelikle kullanicinin|
igereksiz igerik ya da baglantilarla karsilagmalar1 engellenerek sistem|
icinde bogulmalarinin da 6niine gegilebilir.

GU.7 5/5 |5

Bu dogrultuda gergeklestirilen ¢aligma sonucunda belirlenen ilkenin e-|
saglik uygulamalar i¢inde gegerli oldugu ve uzmanlarm, neredeyse

miikemmel uzlasma sagladigi belirlenmigtir (X =4.87, Ss=0.35,

Q1=5.00).

GU.8 Ku}lanlclnlp arama pefformansml gelistirmek i¢in 55 |5
kisiye 6zel ipuglari saglayin.

|Arama motorlari araciligi ile kullanicinin gereksinim duydugu bilgi ya da
[baglantiya kolaylikla ulasabilecekleri bir sistemin gelistirilmesi, ortamda|
lgezinme siirecine olumlu katki saglayacaktir. Ancak, arama motorlarj
kullanilarak en uygun igerik ya da baglantinm bulunabilmesi noktasindal
kullanicilara dogru arama stratejileri yapabilmeleri i¢in ip uglari
saglanmalidir.  Uyarlanabilir sonu¢ ¢ikarma mekanizmalarindan|
kullanicilarin etkili bir bigimde faydalanmalar1 saglanmali ve bu konuda|
kisiye 6zel destekleyici ip uglar1 verilmelidir.

Bu dogrultuda gergeklestirilen ¢alisma sonucunda belirlenen ilkenin e-|
saglik uygulamalar i¢inde gegerli oldugu ve uzmanlarin, neredeyse
miikemmel uzlasma sagladigi belirlenmistir (X =4.80, Ss=0.41,
Q1=5.00).

Kullanici modeline bagl kalmarak kullanicinin
GU.9 [icerik tercihlerine gore, yeni eklenen igerigi |5/5 |5
kolaylikla takip edebilmesini saglaym.
Kullanicilarm ilgili igerige ya da baglantiya kolaylikla erisebilmesi igin|
luygun gezinme araclarmnim ise kosulmas1 gerekmektedir. Ozellik e-saglik
luygulamalar1 ile beraberinde verilen hizmetlerin gesitlenerek arttigi goz
6niinde bulunduruldugunda, kullanicinin yeni igerik ya da hizmetleri
lkolaylikla gorebilmeleri saglanmalidir. Bunu saglayabilecek araglardan
biri olan RSS (Rich Site Summary) yapilar1 araciligi ile yeni eklenen|
icerikler kolaylikla takip edilebilir. Ayrica, uyarlanabilir sistemler ile|
lentegre calisabilir olan bu yapilar aracigiyla kullanici 6zelliklerine gore|
luyarlanabilen ve dinamik olarak giincellenebilen igerik haritalar1 dal
sunulabilir.

Bu dogrultuda gergeklestirilen ¢alisma sonucunda belirlenen ilkenin e-|
saglik uygulamalan i¢inde gegerli oldugu ve uzmanlarm, neredeyse
imiikemmel uzlagsma sagladigi belirlenmistir (X =4.87, Ss=0.35,
Q1=5.00).

IKullanicinin 6nemli gordiigl alanlar (baglanti,
GU.10 |metin, konu, sayfa, vb.) isaretlemelerine izin [5/5 |5
erin.

Kullanicinin kendine gore 6nemli gordiigii konu, sayfa ya da boliimleri
isaretleyebilmelerine olanak taninmasi gezinmelerine olumlu katkil
saglayacaktir. Ozellikle gezinme sirasinda kolaylikla isaretleme ya da not]
lalmalarina olanak saglayan sistemlerin gelistirilmesi kullanicinin ortamal
Ibir sonraki girisinde ge¢miste yapmis oldugu islemler ile birlikte siireg|
icinde 6nemli gordiikleri unsurlarin hatirlanmasina da olanak saglanmig
olacaktir.

Bu dogrultuda gergeklestirilen ¢aligma sonucunda belirlenen ilkenin e-|
saglik uygulamalan iginde gecerli oldugu ve uzmanlarin, neredeyse|
“miikemmel uzlagsma” sagladigi belirlenmistir (X'=4.93, Ss=0.26,
Q1=5.00).

lgecirmesine olanak tanir. Bu durum ortam igerisinde kullanicilarm agiri

*GU: Bagil onemlilik/Bulgularin Saglamligi: Gezinmenin uyarlanmasi
[25]

“*Bagil Onem: Gezinmenin uyarlanmasi ilkelerinin  e-saglik

luygulamalarina uyumu
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Elde edilen sonuglar Cetinkaya (2013) tarafindan
gelistirilen modelin uyarlamalarin  gerceklestirilmesi
baslig1 altinda yer alan uyarlanabilir ¢evrimici 6grenme
ortamlarinda gezinmenin uyarlanmasina yonelik 10 ilke
iizerinde elde edilen uzlaginin [25], e-saglk
uygulamalarina yonelik gelistirilen ¢evrimigi ortamlar igin
de saglandigint gostermektedir. Bu noktada belirlenen 10
ilkenin 9’u tlizerinde bagil 6nemlilik dlgiitlerine gore tiim
uzmanlarin uzlasiya vardiklart ve “neredeyse miikemmel
uzlagma (5)” saglandigi belirlenmigtir.  Belirlenen
ilkelerden 1’in de ise uzmanlarin, “6nemli derecede
uzlagma (4)” sagladigi belirlenmistir.

Tablo 5. Delphi Uygulamasi Anket Turlar1 Uzlagi

Dereceleri
Delphi Uygulamasi Anket Turlart
1. Tur 2. Tur 3. Tur
Uzmanlar arasindaki
uzlasi (ICC) 0.799 0.892 0.930
Ortalama degerleri 4.42 4.62 4.79

Gezinmenin uyarlanmasina yonelik ilkelerin e-saglik
uygulamalarina iligkin uyumu noktasinda degerleyiciler
arasindaki uyusma derecesini belirlemek amaci ile
hesaplanan sinif-i¢ci korelasyon katsayisi (ICC= .930),
ilkelere iliskin uzmanlar arasinda yiiksek diizeyde
giivenirlik saglandigint gostermektedir. Veriler iizerinde
uzlasinin saglandigini gdsteren ve verilerin uyumlulugunu
analiz etmek i¢in kullanilan sinif-i¢i korelasyon katsayist
degerleri tablo 6’da sunulmustur.

Tablo 6. ilkeler Uzerinde Delphi Panelistleri Arasindaki

Uyusma
. . |Giiven Araligy
Korelasyon (2699 F e

YO [ ATt Sinur [Ust Simir
Omekdem | g3 0861 | 0972 |14.237|.000*
Ortalamasi
Bagil oOnemlilik degerlendirme sonuglari, e-saglik
uygulamalarinda  gezinmenin uyarlanmasina iligkin
belirlenen ilkelere yonelik alan uzmanlarinin ortak

egilimlerini géstermektedir.

4. TARTISMA, SONUC VE ONERILER
(CONCLUSION, RESULT AND RECOMMENDATIONS)

Yapilan analizler sonucunda elde edilen sonuglar
alanyazinla birlikte tartisilmis ve bu dogrultuda gelistirilen
oOneriler bagliklar altinda sunulmustur.

4.1. Tartisma ve Sonug¢lar (Conclusion and Results)

Dijital saglik hizmetlerinin, saglik profesyonelleri ve
vatandaglar acisindan faydalarindan bahsetmek elbette
miimkiin, ancak bu hizmetlerin aynm1 zamanda
kullanilabilirlik acisindan da ele alinmasi oldukca
onemlidir. Nitekim hizla artan veri miktar1 ile birlikte
sistemi kullanan paydaslarin istenilen bilgiye Kkolay
erisiminin saglanmasi kullanilabilirligi yiiksek e-saglik
uygulamalarinin gelistirilmesiyle miimkiin olabilir. Bu
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noktada farkl sistemleri bir araya getirebilecek ve uyum
icerisinde c¢aligabilmelerine olanak saglayan islevsel
yapilarin  olusturulmasi  gerekmektedir.  Uyarlanabilir
sistemler bu baglamda o©nemli bir alternatif olarak
karsimiza  ¢ikmaktadir.  Uyarlanabilir  sistemlerin
gelistirilmesinin disiplinler aras1 arastirma yaklagimi
gerektiriyor olmasi; ¢ogu zaman tasarim, metot ve
degerlendirmeye  uyum  saglayamayan  ortamlarin
gelistirilmesine sebep olabilmektedir. Gelistirilen farkl
sistemlerin birlikte iglerlik kazanabilmesi noktasinda ortak
bir dilin olusturulmast ve ortak bir paydada uzlasilmasi
stirdiiriilebilir verimli yapilarin olusturulmasi agisindan
olduk¢a dnemlidir. Bu durum goz 6niinde bulundurularak
gerceklestirilen calismada gezinmenin uyarlanmasina
yonelik  onceden  gelistirilen  ilkelerin  e-saglik
uygulamalarina uyumu ve diizenlenmesi hedeflenmistir.
Bu dogrultuda nitel ve nicel aragtirma becerilerinin ise
kosuldugu yapilandirilmig ¢evrimi¢i Delphi tekniginden
faydalanilan c¢alismaya 15 wuzman dahil edilmistir.
Metodi¢i karisim yaklasiminin benimsendigi veri toplama
siirecinde tek bir soru kagidinda nitel ve nicel veriler
eszamanli olarak toplanarak veri ¢esitlemesi yapilmistir.
Uzmanlardan elde edilen veriler ve bu verilerin
degerlendirilmesi ile elde edilen sonuglarin uzmanlara
sunumuyla tekrarlanan bir siirecin izlendigi calisma,
uzmanlarin uzlasiya ulagsmalariyla son bulmustur.

Calismanin ilk turu sonucunda uzmanlarin gezinmenin
uyarlanmasina yonelik ilkeleri yapisal olarak uygun
oldugu belirlenmistir. Ancak, ¢evrimi¢ci Ogrenme
ortamlarina yonelik ilkelerin e-saglik uygulamalari
cergevesinde yeniden yorumlanmasi gerekliligi uzmanlar
tarafindan bildirilmistir. Uzman goriisleri dogrultusunda
her turda yeniden sekillenen ilkeler {izerinde artik yeni
fikirlerin ~ iretilmedigi, maddelerin tim giglii-zay1f
yanlarinin ~ belirlendigi  ve uzmanlardan ilkelerin
diizenlenmesine yonelik herhangi bir goriis ya da 6nerinin
gelmedigi goriilen tglinci Delphi turunda ¢aligma
sonuglandirilmigtir.  Uzman  goriisleri  g¢ergevesinde
uyarlanabilir yapilarda gezinmenin uyarlanmasina yonelik
gelistirilen 10 ilke iizerinde tiim uzmanlarin uzlasilartyla e-
saglik uygulamalarina yonelik uyumu saglanmistir (bkz.,
Tablo 4). Diger taraftan belirlenen ilkelere iliskin
degerleyiciler arasi uyusma derecesini 6lgmek amaci ile
kullanilan sinif-igi korelasyon katsayis1 (ICC= .930),
miitkemmel diizeyde giivenirlik saglandigini
gostermektedir. Bagil 6nemlilik Slglitlerine gore uzlast
saglanan ilkelerin tamami gezinmenin uyarlanmasiyla
iligkili olmakla birlikte sistemin diger bilesenlerinin
isleyisiyle de dogrudan iligkilidir. Bu noktada gezinmenin
uyarlanmasina yonelik tasarimin sistemin saglikli bir
sekilde igleyebilmesi igin kritik 6neme sahip oldugunu
sdylemek miimkiin goziikmektedir. Ozellikle bilgi
yogunlugu ve etkilesimin yiiksek diizeyde oldugu
cevrimi¢i ortamlarin tasariminda kullanicilarin - kendi
istekleri ve ihtiyaglarina uygun sekilde sistem iginde
gezinmelerine olanak saglayabilecek sekilde diizenlenmesi
gerekmektedir. Aksi takdirde asiri biligsel yiiklenme ve
kaybolma gibi birbiriyle iligkili sorunlarin ortaya
¢tkmasina neden olunabilir. Ozellikle ok fazla bilesen, yol
ve araca sahip ortamlardaki secenekler nedeniyle,
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kullanicilarin  sistem iizerinde kaybolarak kafalarinin
karigmasi sonucu istenilen bilgilere ulasmada daha fazla
zaman ve ¢aba harcamalar1 s6z konusu olacaktir [18, 20].
Bu durum o6zellikle sayilar1 giin gectikge hizla artan e-
saglik uygulamalar1 igin de s6z konusu olmakla birlikte

gezinmeye yonelik unsurlara dikkat edilmemesi
durumunda risklerin  gesitlenerek  artabilecegi  de
sOylenebilir.

Dijital doniisiim bireylerin hizmetlere erisim ve esitligin
saglanmasinda muazzam bir potansiyele sahip olsa da tiim
bireylerin bu hizmetlerden faydalanabilmelerine olanak
saglayan ortamlarin gelistirilmesi gerekmektedir. Ozellikle
de saglik sisteminin hizla dijitallesmesi ile birlikte saglhga
erisimde e-saglik uygulamalarimin kullanimu kritik 6neme
sahip olmaya baglamigtir. Bu noktada e-saglik
uygulamalarinin yeni kullanicilarin istenilen bilgiye hizl
ve dogru bir sekilde wulagmalarimin desteklenmesi
gerekmektedir. Bunun ig¢in ise uyarlanabilir gezinme
yapilariyla Dbirlikte kullanicilarin - dogru  bir sekilde
yonlendirilmeleri saglanarak sistem i¢inde kaybolmalari ve
bogulmalar1  engellenmelidir. Ozellikle  bilginin
yapilandirilmast ve anlamin gekillenmesinde dogru yolun
izlenerek en kisa siirede istenilen igerige ulasilmasinin
olduk¢a onemli oldugu g6z oniinde bulunduruldugunda
gezinmeye iliskin unsurlarin dinamik olarak uyarlanabilir
bir yapiyla tasarlanmasi kritik rol oynamaktadir. Nitekim
bireylerin  bilgiye  ulasma  stratejileri  farklilik
gosterebilmekte ve bu durum bilginin edinimi siirecinde
bireysel farkliliklarin gozetildigi uyarlanabilir ortamlarin
gelistirilmesini  zorunlu hale getirmektedir. Bunun
yapilabilmesi i¢in ise kullanicinin sistemle ve sistem ile
iligkili tiim bilesenlerle etkilesim siirecinin iyi tasarlanmasi
gerekmektedir. Bir bagka ifadeyle kullanicin sistem
tizerindeki tiim hareketleri gozlenerek bir sonraki
adimlarinda sistem {izerinde kaybolmalarini engelleyecek
nitelikte uyarlanabilir gezinme yapilar: sunulmalidir. Aksi
takdirde saglik gibi kritik bir temel hakka erisimde
esitsizliklerin artmasina yonelik risklerin yani sira dijital
saglik hizmetlerinin siirdiiriilebilirliginin  saglanmasi
noktasinda da sorunlarla karsilasilmasi s6z konusu olabilir.

4.2. Oneriler (Recommendations)

Aragtirmanin amact dogrultusunda elde edilen sonuglara
dayali olarak gelistirilen 6neriler agsagida sunulmustur.

1. Calisma sonucunda gerek alanyazin gerekse alan
uzmanlarinin ortak egilimleri ile elde edilen ilkelerin,
e-saghik wuygulamalarinda gezinme unsurlarinin
tasariminda ise  kosulmasinin  faydali  olacagi
sOylenebilir.

2. Uyarlanabilir gezinmeye iliskin ilkeler ¢evrimigi
ortamlara  yoOnelik  olarak  gelistirilmis  olup
gergeklestirilen  bu  g¢alismada  ise  e-saglik
uygulamalarina uyumu degerlendirilmistir. Bu noktada
¢evrimi¢i olmayan ya da farkli cihaz tiirlerinde (tablet,
akilli telefon, vb.) belirlenen ilkelerin gegerliligine
bakilabilir.
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3. Hizla yayginlasan mobil e-saglik uygulamalari igin de
benzer bir ¢alismanin planlamas: ¢ok daha dogru bir
yaklasim olacaktir.

4. Calismada belirlenen ilkeler alanyazin dogrultusunda
uzman goriiglerine dayali olarak belirlenmistir. B4
belirlenen ilkelerin  deneysel etkililiginin  test
edilmesine yonelik caligmalarin da yapilmasi faydali
olacaktir.

5. E-saglik hizmetlerine yonelik tasarimlarin, ¢alismada
belirlenen ilkelere uygunlugunu degerlendirmeye
yonelik ¢aligmalar yapilmalidir.
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