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Makine Ogrenimi Yontemleri ile Bireylerin Kronik Hastahk
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Oz

Kronik hastaliklarm artan prevalansi (goriilme siklig1) ve bunlarin bireylerin yasam kalitesi iizerindeki olumsuz etkileri, kamu sagligi
alaninda Oncelikli meseleler arasinda yer almaktadir. Bu hastaliklarin erken teshis ve yonetimi, saglik hizmetlerine erisimdeki
esitsizlikler ve sosyoekonomik faktorlerle karmasiklasan bir siiregtir. Bu baglamda, makine 6grenimi yontemleri, biiyiik ve karmagik
veri kiimelerinden bilgi ¢ikararak tahminlerde bulunma konusunda 6nemli bir potansiyel sunmaktadir. Ozellikle TabNet yontemi, giiclii
tahmin yetenekleri ve karmasik iliskileri modelleme kapasitesi ile dikkat cekmektedir. Bu ¢alisma, Tiirkiye Istatistik Kurumu’nun 2023
Gelir ve Yagsam Kosullar1 Arastirmasi verilerini kullanarak, Yapay Sinir Aglar1 (YSA), Convolutional Neural Network (CNN), Long
Short-Term Memory (LSTM), Destek Vektor Makinesi (DVM), Rastgele Orman, Gradient Boosting ve TabNet gibi yontemler ile
bireylerin kronik hastalik durumlarinin siniflandirtlmasini amaglamaktadir. Bulgular, saglik hizmetlerine genel erigimin iyi oldugunu,
ancak bazi kesimlerin hala erisimde zorluklar yasadigini; kronik hastaliklarin genel saglik durumu ve istihdam gibi faktorlerle giiglii
bir iliskisi oldugunu ve TabNet yonteminin yiiksek dogruluk, kesinlik ve duyarlilik gibi performans metrikleri ile etkili bir smiflandirma
yapabildigini ortaya koymustur. Sonu¢ olarak model, %97 genel dogruluk orami ile kronik hastalik durumunu basartyla
smiflandirmigtir. Bu ¢alisma, saglik politikalarinin gelistirilmesi ve sektorel analizler igin stratejik kararlar alinmasinda kullanilabilecek
degerli bilgiler sunmakta ve makine 6grenimi yontemlerinin, dzellikle TabNet tekniginin, saglik verileri analizinde etkin bir sekilde
kullanilmasinin dnemini vurgulamaktadir.

Anahtar kelimeler: Makine Ogrenimi, Veri Smiflandirma, Kronik Hastalik Yonetimi, TabNet, Saglik Politikalari Gelistirme.

Classification of Chronic Disease Status of Individuals Using Machine Learning
Methods: An Application on The 2023 Income and Living Conditions Survey of
the Turkish Statistical Institute

Abstract

The increasing prevalence of chronic diseases and their negative impact on the quality of life of individuals is one of the priority issues
in the field of public health. Early diagnosis and management of these diseases is a process complicated by inequalities in access to
healthcare services and socio-economic factors. In this context, machine learning methods offer significant potential for making
predictions by extracting information from large and complex data sets. In particular, the TabNet method stands out for its strong
predictive capabilities and ability to model complex relationships. This study aims to classify the chronic disease status of individuals
using methods such as Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), Long Short-Term Memory
(LSTM), Support Vector Machines (SVM), Random Forest, Gradient Boosting and TabNet using data from the 2023 Income and
Living Conditions Survey of the Turkish Statistical Institute. The results showed that overall access to health services is good, but some
segments still have difficulty accessing it; chronic diseases have a strong relationship with factors such as general health status and
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employment; and the TabNet method can perform effective classification with performance metrics such as high accuracy, precision
and sensitivity. As a result, the model successfully classified chronic disease status with an overall accuracy rate of 97%. This study
provides valuable information that can be used to make strategic decisions for health policy development and sectoral analysis, and
highlights the importance of using machine learning methods, particularly the TabNet technique, effectively in health data analysis.

Keywords: Machine Learning, Data Classification, Chronic Disease Management, TabNet, Health Policy Development.

1. Giris (Introduction)

Giintimiizde, kronik hastaliklarin yaygmligi ve
bunlarin bireylerin yasam kalitesi iizerindeki etkileri,
kamu saglig1 alaninda dncelikli konular arasinda yer
almaktadir. Kronik hastaliklar, uzun siireli saglik
sorunlart olarak tanimlanir ve tedavi edilse bile
genellikle tam iyilesme saglanamamaktadir (Kumsar ve
Yilmaz, 2014; Altuntas vd., 2015). Bu hastaliklarin
erken teshisi ve yonetimi, bireylerin yasam kalitesini
onemli Olclide artirabilirken, saglik hizmetlerine
erisimdeki esitsizlikler ve sosyoekonomik faktdrler bu
siireci karmagiklagtirmaktadir (Kiigiikberber vd., 2011).
Bu baglamda, makine 6grenimi ydntemleri, biyiik ve
karmagik veri kiimelerinden bilgi ¢ikarma ve tahmin
yapma konusunda Onemli bir potansiyele sahiptir
(Sonmez ve Zengin, 2023). Yapay Sinir Aglar1 (YSA),
Uzun Kisa Siireli Bellek aglar1 (LSTM), Evrigimli Sinir
Aglart1 (CNN), Rastgele Orman, Gradyan Artirma
(Gradient Boosting), TabNet ve Destek Vektor
Makineleri (DVM) gibi makine 6grenimi modellerinin
saglik hizmetleri siniflandirma problemlerinde artan
kullanimi, tibbi veri analizi alaninda énemli bir egilimi
yansitmaktadir. Rastgele Orman ve Gradient Boosting,
saglik hizmetleri smiflandirma gorevlerinde kayda
deger basar1 gosteren topluluk 6grenme yontemleridir.
Rastgele Ormanlar, tahmin dogrulugunu ve asiri uyuma
kars1 saglamligi artirmak igin birden fazla karar agacini
birlestirmektedir. Bu yontem, yorumlanabilirligi ve ¢ok
sayida Ozellige sahip biyiik veri kiimelerini isleme
yetenegi nedeniyle risk degerlendirmesi ve hasta
smiflandirmast  dahil olmak {izere g¢esitli saglik
senaryolarinda yaygin olarak kullanilmaktadir (Luo vd.,
2018). Gradient Boosting, 6nceki modeller tarafindan
yapilan hatalar1 diizeltmeye odaklanarak modelleri
sirayla olusturur ve bu da karmagik saglik hizmeti veri
kiimelerinde tahmin giiciinii artirir. Bu yontem, giiclii
tahmin yetenekleri ve karmasik iliskileri modelleme
kapasitesi ile saglik alanindaki siniflandirma sorunlari
icin giderek daha fazla kullanilan bir yontem haline
gelmistir (Yaygm, 2019; Ozdemir, 2023). YSA'lar,
biiyiikk veri kiimelerinden Ogrenme ve verilerdeki
karmagik  Oriintlileri  belirleme yetenegine sahip
olduklar i¢in saglik uygulamalarinda 6zellikle etkili
olmaktadir. Bu yetenek, YSA’larin hastalik teshisi ve
prognozu gibi gérevler i¢in kullanildigi ve tibbi verilerin
dogasinda bulunan dogrusal olmayan iligkileri
islemedeki etkinliklerini gosteren cesitli calismalarda
gosterilmistir (Ahsan vd., 2023). Ote yandan, uzun
vadeli bagimliliklar1 hatirlama yetenekleri, LSTM’lerin
¢esitli saglik uygulamalarinda geleneksel modellerden
daha iyi performans gostermesini saglamaktadir (Ahsan

vd., 2023). Caligmalar, CNN'lerin de gesitli saglik alan1
smiflandirma goérevlerinde yiiksek dogruluk oranlarina
ulasabildigini ve boylece erken teshis ve miidahaleyi
kolaylastirdigin1 gostermektedir (Almutairi vd., 2022).
DVM’ler, saglik hizmetlerinde makine 6greniminin bir
diger temel tasidir. DVM'ler 6zellikle yiiksek boyutlu
verileri isleme konusunda ustadir ve kanser teshisi ve
genetik veri analizi de dahil olmak iizere ¢esitli alanlarda
hastalilk  smiflandirmas1  igin  yaygin  olarak
kullanilmaktadir (Guido vd., 2024). Nispeten daha yeni
bir model olan TabNet, ozellikleri dinamik olarak
se¢mek icin sirali bir dikkat mekanizmasi kullanir ve bu
da onu saglik hizmetleri ortamlarinda yaygin olarak
bulunan tablo verileri i¢in 6zellikle etkili kilmaktadir
(Arik ve Pfister, 2019). Yiiksek performans: korurken
yorumlanabilir sonuglar saglama yetenegi, TabNet'i
modelin karar verme siirecine iligkin i¢goriilere ihtiyac
duyan saglik uygulayicilari igin degerli bir arag haline
getirmektedir (Arik ve Pfister, 2019).

Bununla birlikte, gelir dagilimi ve yoksulluk,
ekonomik kalkinmanin yani sira sosyal adalet ve esitlik
acisindan da biiyliik 6nem tasiyan konulardir. Gelir
dagilimindaki adaletsizlikler ve yoksulluk, bir iilkenin
ekonomik basarisinin yani sira toplumsal dengenin ve
istikrarin da Onemli gostergeleridir. Bu nedenle,
ekonomik ag¢idan saglikli bir degerlendirme yapabilmek
icin gelir dagilimi ve yoksullukla ilgili verilere dayali
olarak politika ve sosyal programlar gelistirilmelidir. Bu
programlar, gelir esitsizligini azaltmaya, yoksullugu
onlemeye ve sosyal adaleti saglamaya yonelik olmalidir
(Yar, 2015). Ayrica, gelir dagilimi ve yoksullukla ilgili
verilerin diizenli olarak izlenmesi ve analiz edilmesi,
politika yapicilarin karar alma siireglerinde daha bilingli
kararlar almasina yardimci olacaktir (Erséz, 2003).

Tiirkiye Istatistik Kurumu’nun (TUIK) 2023 yilinda
gerceklestirdigi Gelir ve Yasam Kosullar1 Arastirmasi
(GYKA), Tirkiye’deki hanelerin sosyoekonomik
durumlart ve bireylerin yasam kosullar1 hakkinda
kapsamli veriler sunmaktadir. Bu arastirma, bireylerin
genel saglik durumlari, saglik hizmetlerine erisimde
kargilastiklar1 zorluklar, istihdam durumlari, egitim
durumlart ve sosyoekonomik kosullart gibi &nemli
gostergeleri igermektedir. Bu ¢alisma, GYKA veri setini
kullanarak, bireylerin kronik bir hastaliginin olup
olmadigini tahmin etmek igin YSA, LSTM, CNN,
Rastgele Orman, Gradient Boosting, TabNet ve DVM
gibi makine Ogrenimi modellerini uygulamaktadir.
Arasgtirma, genel saglik durumu, saglik probleminden
otirti faaliyetlerde simirlilik, doktora bagvuramama
durumu, istihdam durumu, egitim seviyesi, sosyal
yasam durumu ve tcretli sosyal faaliyetlere katilim
durumu gibi bagimsiz degiskenlerin, bireylerin kronik
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hastalik durumlarinin siiflandirilmasindaki etkilerini
incelemektedir.

Bu ¢alismanin amaci, saglik alaninda karar verme
stireglerini desteklemek ve makine &grenimi tabanl
modellerin potansiyelini gostermek adina bu yontemleri
kullanarak, Tirkiye’deki bireylerin kronik hastalik
durumlarimi siniflandirmak ve saglik durumlar {izerine
derinlemesine bir analiz sunmaktir. Makalenin bundan
sonraki bolimlerinde, makine 6grenimi yontemlerinin
saglik verileri analizindeki rolii hakkinda bir literatiir
incelemesi  sunulmustur.  Ardindan, c¢alismanin
metodolojisi anlatilmis ve kullanilan yontemlerin teorik
temelleri ve uygulama siireci detaylandirilmistir. Daha
sonra, c¢aligmanin bulgulart agiklanmis ve makine
o6grenimi smiflandirma algoritmalarinin performansi
degerlendirilmigtir. Son olarak, makalenin sonu¢ ve
oneri kisminda, elde edilen bulgularin saglik politikalari
ve sektor analizleri lizerindeki etkileri ele alinmis ve bu
sonuglarin gelecekteki aragtirmalara yon vermesi igin
oneriler gelistirilmistir. Bu degerlendirmeler, saglik
alaninda daha bilingli kararlar alinmasma ve sektoriin
ihtiyaglarma yonelik stratejilerin  olusturulmasina
katkida bulunmay1 amaglamaktadir.

2. Literatiir incelemesi (Literature Review)

Makalenin bu bdlimiinde, makine 06grenimi
yontemlerinin saglik verileri analizindeki rolii hakkinda
bir literatiir incelemesi gergeklestirilmistir. Elde edilen
caligmalarin bir kism1 bu boliimde sunulmustur.

Ozkan (2019)’in ¢alismasinda, saglik verileri
iizerinden hastalik tanisi koyma siirecinde karsilagilan
problemler ele alinarak, KEEL veri tabanindan alinan
¢esitli hastalik veri setleri lizerinde torbalama ve artirma
algoritmalar1  karsilagtirmistir.  Veri  6n  isleme
sonrasinda, artirma algoritmalar1 genel olarak torbalama
yéntemlerine iistiin performans sergilemistir. Ozellikle,
Gradient Boosting algoritmasi, hepatit hastaliginin
teshisinde %98.36 dogruluk, %98.68 kesinlik, %98.95
duyarlilik, ve %98.91 F-Skor degerleri ile dikkate deger
sonuglar elde etmigtir. Bu bulgular, veri 6n islemenin ve
secilen algoritmalarin dogru hastalik tanisinda 6nemli
rol oynadigimi gdostermektedir.

Hematolojik hastaliklar alaninda, Ahmed vd. (2019),
mikroskobik  goriintillerden 16semi alt tiirlerini
belirlemek igin CNN'leri kullanmistir. Gelistirdikleri
model %88,25'lik bir dogruluk oranina ulasarak derin
o0grenme tekniklerinin karmagsik hastaliklar i¢in teshis
dogrulugunu artirma potansiyeline isaret etmistir. Bu
durum, 16semi teshisi i¢cin CNN'lerle derin transfer
ogrenmesi  kullanan ve modelin kan hiicresi
goriinttilerinden ilgili 6zellikleri etkili bir sekilde
¢ikarma yetenegini vurgulayan Loey vd. (2020)
tarafindan da desteklenmektedir.

Gaddam ve Pattnaik (2020) tarafindan yapilan bir
¢alisma, YSA kullanarak aritmi tespiti i¢in EKG sinyal
siniflandirmasina  odaklanmigtir. Model, kardiyak
anormallikleri belirlemedeki etkinligini gostererek
%91'lik bir dogruluk elde etmistir. Bu yetenek, yaygin

kronik durumlar olan kardiyovaskiiler hastaliklarin
zamaninda teshis ve tedavisi igin ¢ok dnemlidir.

Pacci vd. (2021), yaptiklari bir ¢alismada, tiip bebek
tedavisinde pozitif gebelik sonucunu tahmin etmek
amaciyla yapay zeka tabanli bir klinik karar destek
sistemi  gelistirilmiglerdir.  Calismada,  Yeditepe
Universitesi Hastanesi'nden alinan 1154 tedavi
siklusuna ait veriler kullanilarak, bes farkl
siiflandirma yontemi (DVM, Cok Katmanli Algilayict,
Rastgele  Orman, XGBoost ve LightGBM)
kargilagtirmali  olarak test edilmistir. En yiiksek
simiflandirma performansi, Destek Vektdr Makineleri
yontemi ile elde edilmistir, AUC degeri 0.70 olarak
bulunmus ve karar esik degerinin optimizasyonu ile
gebelik sonucunun %71.7 Dogru Pozitif ve %59.4
Dogru Negatif oraniyla tahmin edilmesi saglanmistir.

Tang ve Liu (2021), yapmis olduklart bir ¢aligmada,
Alzheimer hastaliginin  (AD) ilerleyisini, beyin
manyetik rezonans goriintileme (MRI) verileri
kullanilarak cesitli makine 6grenimi algoritmalar1 ile
smiflandirmis ve tahmin etmislerdir. ADNI veri
tabanindan alinan 560 katilimci, kognitif normal (CN),
erken hafif bilissel bozukluk (EMCI), gec hafif biligsel
bozukluk (LMCI) ve Alzheimer (AD) olmak iizere dort
gruba ayrilmistir. Rastgele Orman, DVM ve Karar
Agaci algoritmalar1 kullanilarak bu gruplarin hastalik
ilerleyisi siniflandirilmistir. Rastgele Orman algoritmasi
en yiksek dogruluga (CN-AD igin %96.14) ve en
yiiksek AUC degerine (0.92) ulasarak diger modellerden
daha basarili olmustur. Siniflandirmada kullanilan MRI
ozellikleri ile Rastgele Orman modeli, hastaligin erken
teshisinde yardimeci bir arag olarak 6nerilmistir.

Gilindogdu (2021)’nun c¢aligmasinda, Kaggle veri
tabanindan alinan kalp hastaligi veri seti kullanilarak
Python araciligiyla 7 siniflandirma algoritmasi (Destek
Vektér Makineleri, Gaussian Naive Bayes, Gradient
Boosting ve Rastgele Orman) performanslarinm
karsilastirtlmast yapilmistir. En iyi performans gosteren
algoritma, %89.7 F1 skoru ve %90.2 dogruluk ile
Rastgele Orman olmustur. Ag¢lik kan sekeri 6zelliginin
O6nem siralamasinda en altta yer almasi, siniflandirma
performanst {izerinde minimal etkisi oldugunu
gostermistir. Bu bulgular, kalp hastaligi tahmininde
daha etkili ve dogru sistemlerin gelistirilmesine katki
saglayabilir.

Kim vd. (2021) tarafindan gerceklestirilen “Makine
Ogrenimi Tabanli Kardiyovaskiiler Hastalik Tahmini
Modeli: Kore Ulusal Saglik Sigortast Hizmeti Verileri
Uzerine Bir Kohort Calismas1” isimli aragtirmada, Kore
Ulusal Saglik Sigortas1 Hizmeti'nin saglik taramasi veri
setinden en uygun tahmin modelini belirlemek amaciyla
bir dizi makine 6grenimi ydntemi uygulanmistir. Bu
yontemler; Lojistik Regresyon, K-En Yakin Komsu,
Karar Agaglari, Rastgele Orman, Ekstra Agaclar,
XGBoosting, Gradyan Arttirma, AdaBoost, DVM ve
Cok Katmanli Algilayicilar icermektedir. Arastirma
sonuglaria gore, XGBoosting, Gradient Boosting ve
Rastgele Orman yontemleri, performans 6lgiitleri
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bazinda digerlerine iistiin gelerek en iyi tahmin
modellerini olusturmustur.

Togacar vd. (2021), yapmis olduklar1 bir ¢aligmada,
deri kanseri tespiti igin CNN tabanli yeni bir model
gelistirmiglerdir. Model, Autoencoder, MobileNetV2
ve Spiking Neural Networks (SNN) bilesenlerini
kullanarak, iyi huylu ve koti huylu timorleri
smiflandirmislardir. ISIC veri seti kullanilarak yapilan
deneylerde, MobileNetV2 modeli ve spiking aglart ile
%95.27'lik bir dogruluk orani elde edilmistir. Bu
sonuglar, Autoencoder ve SNN'nin MobileNetV2
modelinin performansin1 artirmada etkili oldugunu
gostermigtir. Calisma, deri kanseri tespiti igin yiiksek
hassasiyetli ve tamamen otomatik bir karar destek araci
sunmaktadir.

Bununla birlikte, Akcan ve Sertbas (2021)’in
calismasinda, gogiis kanseri teshisi ig¢in topluluk
o0grenme yontemleri kullanilarak bir dizi makine
O0grenimi algoritmasiin performansi karsilastirilmistir.
DVM, K-En Yakin Komgu (KNN), Naive Bayes, Karar
Agaclar1 ve Rastgele Orman gibi algoritmalar yaninda,
bagging, boosting ve voting gibi topluluk 6grenme
yontemleri uygulanmistir. Veri 6n isleme ve o6zellik
Olceklendirme adimlar1  yapildiktan sonra, bu
yontemlerin dogruluk, kesinlik, duyarlilik, F-Skor ve
AUC skorlar karsilagtirilmistir. En yiiksek dogruluk
oranlart Soft Voting, Bagging (SVC) ve XGBoost
yontemleriyle elde edilmistir, bu da topluluk 6grenme
yontemlerinin bireysel siniflandirma yontemlerine gore
daha {istiin performans sergiledigini gostermistir.

Purwaningsih (2022), kronik bobrek hastaliginin
(KBH) tahmini i¢in DVM modeli kullanmis ve ileri
ozellik se¢cimi (Forward Selection) kullanarak modeli
gelistirmigtir.  Calismada, DVM modeli farkli
cekirdekler (dot, polynomial ve RBF) ile test edilmistir
ve en yliksek dogruluk oran1 %98,50 (AUC = 1,000) ile
dot ¢ekirdekli DVM'de elde edilmistir. Ancak, ileri
ozellik se¢imi uygulanarak SVM+FS modeli ile RBF
¢ekirdegi kullanildiginda dogruluk %99,75'e (AUC =
1,000) yiikselmistir. Bu sonuglar, ileri 6zellik segiminin
DVM performansint  6nemli olgiide  artirdigini
gostermektedir. Calismada ayrica, hastalik durumunu
tahmin etmek i¢in YSA modeli de kullanilmig ve
%90,5'lik bir dogruluk elde edilmistir. YSA'nin klinik
ve laboratuvar verilerine dayali olarak risk altindaki
hastalarin belirlenmesinde saglik hizmeti saglayicilarina
yardimeci olabilecegi KBH'de erken tani ve miidahalenin
onemini vurgulamaktadir.

Sevli (2023)’nin ¢alismasinda, diyabet hastaliginin
erken teshisi i¢in Pima Indian Diabetes veri seti lizerinde
altt farkli makine 6grenimi yontemi (Destek Vektor
Makinesi, Lojistik Regresyon, K-En Yakin Komsu,
Rastgele Orman, AdaBoost, Gradient Boosting)
kullanilarak  siniflandirma ¢alismalari  yapilmstir.
Yeniden ornekleme teknikleri uygulanarak,
siiflandiricilarin basarisi artirilmaya ¢alisilmistir. En
yiiksek performans, Rastgele Orman smiflandiricisi ile
InstanceHardnessThreshold az o6rnekleme teknigi
kullanilarak elde edilmis; %96.29 dogruluk, %98.07

kesinlik, %100 geri ¢agirma, %96.22 F1 Skoru ve
%96.29 AUC degerleri raporlanmistir. Gradient
Boosting ve AdaBoost yontemleri de benzer yeniden
ornekleme teknigi ile yiiksek performans gostermistir.

Coskun ve Yiksek (2023), oliimciil hepatit
hastaliginin tanist igin Oznitelik se¢imi ydntemini
kullanarak bulanik mantik ve ¢esitli makine 6grenmesi
yontemlerinin basarisini karsilagtirmistir. UCI makine
6grenimi deposundan alinan hepatit veri seti tizerinde
oncelikle veri 6n isleme ve Oznitelik se¢imi islemleri
yapilmis, ardindan bulanik model ve makine dgrenmesi
modelleri test edilmistir. Bulanik Mantik ydntemiyle
%94 dogruluk elde edilirken, Gradient Boosting
algoritmasiyla %98.36 dogruluk, %98.68 kesinlik,
%98.95 duyarlilik ve %98.91 f-skor degerleri elde
edilmistir. Sonuglar, Gradient Boosting ydnteminin
diger makine 6grenme yontemleri ve bulanik mantik
yaklagimina gore hepatit hastaliginin teshisinde daha
basarili oldugunu gostermektedir.

Kim vd. (2023), konvoliisyonel sinir aglarin1 (CNN),
LSTM ile birlestiren ¢ok gorevli bir 6grenme gercevesi
kullanarak kronik hastalik tahminini aragtirmistir.
Yaklagimlari, birden fazla kronik hastali§i ayni anda
tahmin etmede %94,3'liik bir dogruluk elde etmistir. Bu
calisma, LSTM'nin kronik hastalik tahmini i¢in gerekli
olan zaman serisi verilerindeki zamansal iligkileri
modelleme yetenegini vurgulamaktadir.

Zhang vd. (2023) tarafindan yapilan bir bagka
calisma, solunum ses dosyalarini kullanarak akciger
hastaligt tespitine odaklanmistir. LSTM modeli
%98,82'lik etkileyici bir dogruluk ve 0,97'lik bir F1
skoru elde ederek ses verilerindeki sirali oriintiileri
yakalamadaki iistiin performansin1 gdstermistir. Bu
yiiksek dogruluk seviyesi, LSTM'nin 6ksiiriik seslerine
dayali kronik solunum yolu hastaliklarint teshis
etmedeki etkinliginin altin1 ¢izmektedir.

Ozdemir (2023)’in yapmis oldugu bir calismada,
aritmilerin smiflandirilmast ig¢in makine O6grenmesi
algoritmalart kullanilmistir. Yontem olarak Bagging
Decision Tree, Rastgele Orman, Extra Tree, Gradient
Boosting ve DVM algoritmalar1 kullanilmigtir. Calisma,
MIT PhysioNet veri seti iizerinde gerceklestirilmis ve
belirli hasta numaralar1 (203, 208, 210 ve 213) iizerinde
odaklanilmistir. Bulgular, bu algoritmalarin aritmilerin
siniflandirilmasinda  etkili  oldugunu ve  ¢esitli
algoritmalarin performanslarinin  karsilastirilmasiyla
elde edildigini gostermektedir. Ozellikle, Random
Forest ve Gradient Boosting gibi yontemlerin yiiksek
dogruluk oranlar1 sunabilecegi belirtilmektedir. Makale,
makine O6grenmesi algoritmalarinin aritmi
simiflandirmasidaki potansiyelini ve saglik alanindaki
uygulamalarii vurgulamaktadir.

Duyar vd. (2023) bagirsak mikrobiyota verilerini
kullanarak  kardiyovaskiiler hastaliklarin  tespitini
arasttrmis  ve TabNeti1 diger makine 6grenimi
modelleriyle karsilagtirmigtir.  Calisma, TabNet'in
boosting yontemlerine kiyasla daha zayif sonuglar
verdigini gosterse de, modelin kronik hastalik
simiflandirmasinda uygulanabilirligine iliskin degerli
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bilgiler saglamistir. Konuyla ilgili bir bagka caligsmada,
McLaughlin vd. (2023), TabNet kullanarak pan-kanser
varyant arama tlzerine odaklanilmistir. Calisma,
mutasyonlar1  somatik veya  germline  olarak
simiflandirmayr  amaglamig ve  TabNet'in  bu
smiflandirma gorevinde yiiksek performans elde ettigini
bildirmistir. Calisma, TabNet'in yorumlanabilirligini ve
kanser genomiginde kritik 6neme sahip olan tablo
verilerini iglemedeki etkinligini vurgulamistir. Hegde ve
Mundada (2020) tarafindan yapilan bir caligmada, diger
makine O6grenimi tekniklerinin yani sira TabNet de
kullanilmistir. Caligma, TabNet'in kronik hastaliklari
tahmin etmede %90'lik bir dogruluk elde ettigini ve
saglik analitiginde giliglii bir ara¢ olarak roliinii
giiclendirdigini bildirmistir. Ek olarak, Elkholy vd.
(2023) TabNet kullanarak kronik bobrek hastaligt igin
gelistirilmis  bir optimize smiflandirma modeli
gelistirmistir. Model %92,5'lik bir dogruluk oranina
ulasarak kronik bobrek hastaligini erken bir asamada
tespit etmedeki etkinligini ortaya koymustur. Bu yiiksek
dogruluk orani, kronik bobrek hastaliginin kiiresel
olarak artan prevalansi géz oniine alindiginda 6zellikle
onemlidir.

Choubey vd. (2024), biiyikk veri madenciligini
kullanilarak kronik hastaliklarin tahmini igin yeni bir
yaklasim sunulmustur. Bu yaklasimda, Ozellik Segimi
icin Principal Component Analysis (PCA) ve
smiflandirma igin eXtreme Gradient Boosting (XGB)
algoritmalar1  kullanilmigtir. PCA, veri boyutunu
azaltarak en 6nemli varyasyonlar1 yakalarken, XGB bu
ozellikleri kullanarak yiiksek dogrulukta hastalik
tahmini yapmaktadir. Caligmanin sonuglari, %98.8
dogruluk, %98 recall ve %98.7 F1-skoru ile yiiksek bir
performans gostermistir. Modelin iglem siiresi 8 saniye
olup, bu hizli islem kapasitesi, modeli pratik
uygulamalar i¢in uygun hale getirmektedir. Guhan vd.
(2024), kronik bobrek hastaliginin dogru teshisinin
onemini vurgulamaktadir. Arastirma, proaktif saglik
stratejilerinin iyilestirilmesine yardimci olmakta ve
kronik hastaliklarin 6nlenmesi ve yonetimi konusunda
degerli bilgiler saglamaktadir. Caligmada, kronik bir
hastalik olan bobrek yetmezligi olasiligini tahmin eden
Biiyiik Veri analizine dayali bir ¢ergeve gelistirilmistir.
Cercevede, kronik hastaliklarla iliskili risk faktorlerini
ve korelasyonlar1 tespit etmek icin MEG (Mean
Decrease Gini), MSE (Mean Square Error), Grid Search,
K-fold cross validation gibi gelismis Makine Ogrenimi
tekniklerini  kullamilmigtir.  El-Shafeiy vd. (2024),
tarafindan yapilan bir bagka calismada, dogurganlik
kalitesini tahmin etmek i¢in YSA uygulanmis ve
%85'lik bir dogruluk oran1 rapor edilmistir. Bu
arastirma, dogru tahminlerin klinik kararlara rehberlik
edebilecegi ve hasta sonuglarini iyilestirebilecegi iireme
sagligt  alaninda  YSA'nmin  ¢ok  yonliligiini
gostermektedir. Modelin performansi, karmasik veri
kiimelerine dayali olarak saglikla ilgili sonuglarin
tahmin edilmesinde daha genis uygulamalar igin
potansiyeline isaret etmektedir.

Sonug olarak, YSA, LSTM, CNN, Rastgele Orman,
Gradient Boosting, TabNet ve DVM gibi makine
6grenimi modellerinin saglik hizmetleri siniflandirma
problemlerine entegrasyonu, bu alanda doniistiiriicii bir
degisimi temsil etmektedir. Literatiirdeki ¢aligmalardan
da hareketle, bu modeller yalnizca tahmin dogrulugunu
artirmakla kalmamakta, ayni zamanda klinik karar
verme siirecini bilgilendirebilecek degerli iggoriiler de
saglamaktadir. Arastirmalar ilerlemeye devam ettikge,
bu teknolojilerin hasta sonug¢larini iyilestirme ve saglik
hizmeti siireclerini kolaylastirma potansiyeli artacak ve
modern tipta vazgegilmez aracglar haline gelecektir.
Ayrica, bu ¢alismanin 6zgiin degeri, Tiirkiye Istatistik
Kurumuw’nun (TUIK) 2023 yili Gelir ve Yasam
Kosullar1 Aragtirmasi (GYKA) veri seti kullanilarak,
bireylerin kronik hastalik durumlarinin makine 6grenimi
yontemleriyle smiflandirilmasidir. Mevcut literatiirde
bu spesifik veri seti ve yontemle kronik hastalik
durumlarinin = siniflandirilmasina  dair herhangi bir
calisma bulunmamaktadir. Caligma, bu kapsamli ve
giincel veri setini kullanarak, saglik hizmetlerine
erisimdeki esitsizlikler ve sosyoekonomik faktorlerin
saglik durumlari iizerindeki etkilerini incelemis, yiiksek
dogruluk oranlartyla smiflandirma yaparak literatiire
6nemli bir katki saglamistir. Bu 6zgiin yaklasim, saglik
politikalarinin gelistirilmesinde ve sektorel analizlerde
stratejik kararlar alinmasinda kullanilabilecek degerli
bilgiler sunmaktadir.

3. Calismanin Metodolojisi (Methodology of
the Study)

Bu calismada, Tirkiye Istatistik Kurumu’nun
(TUIK) 2023 y1li Gelir ve Yasam Kosullar1 Arastirmast
(GYKA) verileri temel alinarak, Tiirkiye’deki bireylerin
kronik hastalik durumlarini smiflandirmak amaciyla
cesitli makine Ogrenimi yontemleri kullanilmustir.
GYKA verileri, Tiirkiye’deki hanelerin sosyoekonomik
durumlart ve bireylerin yasam kosullar1 hakkinda
kapsamli  veriler sunmaktadir. Bununla birlikte,
bireylerin genel saglik durumlari, saglik hizmetlerine
erisimde karsilagtiklar1 zorluklar ve istihdam durumlari
gibi 6nemli gostergeleri de icermektedir. Caligmada,
GYKA arastirmasinda kullanilan anket formundan elde
edilen yedi bagimsiz degisken, kronik hastalik durumu
tahminlerinin yapilmasinda kullanilmistir. Yapilan 6n
analizler sonucunda eksik veriler, veri tabanindan
¢ikarilmigtir. Veri setinde toplamda 64.607 adet hiicre
verisi kullanilmistir.

Bu calismada, kullanilan bagimsiz degiskenler,
genel saglik durumu, faaliyetlerde simirlama durumu
dagilimi, doktora bagvuramama durumu, istihdam
durumu, egitim seviyesi, sosyal yasam durumu ve
ticretli sosyal faaliyetlere katilma durumu seklindedir.
Bu degiskenler, arastirmada bireylerin kronik hastalik
durumunu (bagimli degisken) etkileyen faktorler olarak
incelenmistir. Bu bagimsiz degiskenler, kronik hastalik
durumunu  anlamak ve  degerlendirmek igin
kullanilmigtir. Orijinal mikro veri setinde “Genel Saglik

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 1-24 5



Durumu” 5 farkli bicimde ifade edilmistir (1-Cok Iyi, 2-
Iyi, 3-Orta, 4-Kétii, 5-Cok Kotii). Analiz adimlarim
sadelestirmek adina Cok Iyi ve Iyi simflar1 “0- Saghig

Iyi” seklinde sadelestirilmistir. 3, 4 ve 5 siniflar1 ise “1-
Sagligi Koti” olarak siniflandirtlmistir.

Tablo 1. Degiskenlere iligkin tanimlamalar ve agiklamalar (Definitions and explanations of variables)

Degisken Adi Degisken Tanimi

Acgiklama

FS010 Ferdin genel saglik durumu

FS030 Saglik probleminden 6&tiirii faaliyetlerde sinirlama olup olmadig:

1- Cok iyi

2-Iyi

3 Orta

4-Koti

5-Cok kot

1-Evet, ¢cok smirlandi
2-Evet, sinirland1
3-Hayir, siirlanmadi

FS050 Ferdin son 12 ay igerisinde ihtiya¢ duyuldugu halde doktora bagvuramama 1-Evet, en az 1 kere

durumu

F1010 Ferdin istihdam durumu

FEO030 Ferdin Egitim Seviyesi

2-Hayir, hi¢ olmad:
3-Hayir, ihtiyag olmadi

1-Tam zamanl ticretli galigan
2-Yar1 zamanli {icretli ¢alisan
3-Tam zamanli isveren
4-Yar1 zamanli igveren
5-1s artyor

6-Egitime devam ediyor
7-Emekli

8-Engelli

9-Ev isleri ile mesgul
10-Diger

0-Okur-yazar olmayan
1-Bir okul bitirmedi
2-ilkokul

3-Tlkdgretim

4-Ortaokul ve dengi
5-Genel lise

6-Mesleki veya Teknik lise
7-Yiksekokul

8-Fakiilte

9-Yiiksek Lisans
10-Doktora

FY050 Ayda en az bir kere arkadas, aile/akraba ile yemek yemek veya bir seyler igmek  1-Evet

icin digarida (lokanta, pastane, kafe vb. yerlerde) bir araya gelme durumu

2-Hayir-maddi yetersizlik
3-Hayir-diger nedenler

FYO060 Spor, sinema, konser gibi bos zaman faaliyetlerine (iicret ddeyerek) diizenli 1-Evet

olarak katilma durumu

2-Hayir-maddi yetersizlik
3-Hayir-diger nedenler

FS020 Ferdin kronik bir hastaliginin olup olmadig1 0-Evet
(Bagimhi 1-Hayir
Degisken)

Tablo 1’de analizlerde kullanilan bagimsiz
degiskenler ve degiskenlerin agiklama ve tanimlamalari
gosterilmistir. Ilgili tabloda yer alan veri seti, icerdigi
bilgilerin tiiriinii ve bu bilgilerin nasil kodlandigini
aciklamaktadir. Tablo 1°de analizlerde kullanilan
degiskenler ve bunlara ait tanimlamalar ve agiklamalar
gosterilmektedir. Tlgili tabloda, veri setinin ne tiir
bilgiler igerdigi ve bu bilgilerin nasil kodlandig1
acgiklanmaktadir.

Kronik hastaliklarin tahmini igin ¢esitli makine
ogrenmesi siniflandirma algoritmalar1 kullanilmistir ve
analiz Python yazilimi aracilifiyla yiiriitiilmiistiir. Bu
siiregte, veri isleme ve manipiilasyonu i¢in Pandas ve
NumPy kiitiiphaneleri; veri gorsellestirme amaciyla

Matplotlib ve Seaborn; veri boliimlendirme igin Scikit-
learn’in train_test split fonksiyonu kullanilmigtir. Veri
seti %801 egitim ve %20’si test seti olmak iizere ikiye
ayrilmistir. Gradient Boosting, YSA, LSTM, CNN,
TabNet, DVM ve Rastgele Orman modellerini
kullanarak siniflandirma islemi yapmak igin c¢esitli
kiitiphaneler gereklidir. Klasik makine Ogrenmesi
modelleri olan DVM, Rastgele Orman ve Gradient
Boosting i¢in scikit-learn kullanilmigtir. Derin 6grenme
modelleri (ANN, LSTM, CNN) igin ise tensorflow ve
keras kiitiiphaneleri, alternatif olarak PyTorch tabanl
modeller i¢in torch tercih edilmistir. TabNet modeli i¢in
pytorch-tabnet kullanilmus, veri gérsellestirme ve model
degerlendirme amaciyla matplotlib, seaborn ve scikit-
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plot gibi kiitiiphaneler tercih edilmistir. Bu araglar,
kapsamli smiflandirma islemlerinin uygulanabilmesini
ve performans degerlendirmelerinin yapilabilmesini
saglamaktadir. Bu kiitiiphaneler, Python’un veri bilimi
ve makine &grenimi projelerinde standart araglari
arasinda yer almaktadir ve genis bir kullanim alanina
sahiptir (Wade ve Glynn, 2020).

Bununla birlikte, bu calismada, makine 6grenmesi
smiflandirma algoritmalarmin basarisini
degerlendirmek i¢in Dogruluk (Accuracy), Kesinlik
(Precision), Duyarlilik (Recall), F1 Puam (F1-Score)
gibi metrikler kullanilmistir. Dogruluk, toplam
tahminlerin ne  kadarmm  dogru  yapildigini
gostermektedir.

DP+DN
DP+DN+YP+YN (Toplam Ornek Sayist)

Dogruluk = (1)

Kesinlik, pozitif olarak tahmin edilen durumlarin
gercekte ne kadarinin pozitif oldugunu gostermektedir.

DpP
DP+YP

Kesinlik = (2)

Duyarliik veya hassasiyet, gercek pozitif
durumlarin ne kadarmm dogru tahmin edildigini
gostermektedir.

DP
DP+YN

Duyarlilik = (3)
F1 Puani, kesinlik ve duyarlilik degerlerinin
harmonik ortalamasidir ve dengeli bir 6l¢iimdiir.

KesinlikxDuyarlilik
F1 =2 x — XAt (4)

Kesinlik+Duyarlilik

Bu ifadeler, smiflandirma modelinin tahmin
sonuglarini temsil etmektedir. DP (Dogru Pozitif)
modelin pozitif olarak dogru tahmin ettigi durum
sayisini, DN (Dogru Negatif) modelin negatif olarak
dogru tahmin ettigi durum sayisini, YP (Yanlis Pozitif)
modelin pozitif olarak yanlis tahmin ettigi durum
sayisint ve YN (Yanlis Negatif) modelin negatif olarak
yanlis tahmin ettigi durum sayisini belirtmektedir.
Bununla birlikte, yukarida agiklanan metriklere ek
olarak kullanilan “support” metrigi, smiflandirma
raporlarinda her smif i¢in veri noktalarmin toplam
sayisini ifade etmektedir. Bu metrik, modele girdi olarak
verilen her sinifin drnek sayisini gdsterir ve modelin
performans degerlendirmesini yaparken, veri setindeki
siif dagilimmi anlamak i¢in 6nemlidir. Ozellikle
dengesiz veri setlerinde, bazi smiflarin digerlerine gore
daha az veya daha fazla 6rnege sahip olmasi durumunda,
“support” degeri bu smiflarin analizdeki agirligmni ve
Onemini gostermektedir.

3.1. Gradient boosting yontemi (Gradient boosting
method)

Makine 6greniminde karsilagilan yaygin bir zorluk,
veri setlerinden parametrik olmayan regresyon veya
simiflandirma modelleri gelistirmektir. Gergek diinya
senaryolarinda, teorik modeller cogunlukla eksik olur ve
aragtirmacilar, girdi degiskenleri arasindaki iliskiler
hakkinda oOnceden bilgi sahibi olmadan modeller
olusturmak zorunda kalabilirler. Bu eksiklik, sinir aglar1
ve destek vektdr makineleri gibi parametrik olmayan
teknikler kullanilarak, dogrudan verilerden modeller
olugturularak  giderilebilir.  Modeller  genellikle
denetimli olarak olusturulur, bu da hedef degiskenlerin
onceden tanimlanmasi gerektigi anlamina gelir. Pratikte,
genellikle giliglii tek bir model yerine, daha giigli
tahminler elde etmek igin bir¢ok zayif modelin
birlestirildigi topluluk yaklasimlart tercih edilir.
Rastgele ormanlar (Breiman, 2001) ve sinir ag1
topluluklart (Hansen ve Salamon, 1990), bu yaklasimin
basarili 6rnekleridir (Liu vd., 2004; Shu ve Burn, 2004;
Fanelli vd., 2012; Qi, 2012).

Rastgele ormanlar gibi yaygin topluluk teknikleri,
topluluktaki modellerin basit ortalamasina
dayanmaktadir. Gliglendirme yontemleri ailesi, farkls,
yapict bir topluluk olusturma stratejisini temel
almaktadir. Boosting’in ana fikri, topluluga sirayla yeni
modeller eklemektir. Her bir iterasyonda, yeni bir zayif,
temel Ogrenici model, o ana kadar Ogrenilen tiim
toplulugun hatasma gore egitilmektedir. Ik éne ¢ikan
boosting teknikleri tamamen algoritma glidiimli olmus,
bu da ozelliklerinin ve performanslarinin ayrintilt
analizini oldukga zorlastirmistir (Schapire, 2002). Bu
durum, bu algoritmalarin neden diger tiim yontemlerden
daha iyi performans gosterdigine ya da tam tersine ciddi
asir1 uyum nedeniyle uygulanamaz olduguna dair bir
dizi spekiilasyona yol agmistir (Sewell, 2011).

Bu dogrultuda, istatistiksel g¢erceve ile baglanti
kurmak i¢in, artirma yontemlerinin gradyan inis tabanl
bir formiilasyonu tiiretilmistir (Freund ve Schapire,
1997; Friedman vd., 2000; Friedman, 2001). Boosting
yontemlerinin bu formiilasyonu ve ilgili modeller,
gradient boosting makineleri olarak adlandirilmistir. Bu
cergeve ayni zamanda model hiperparametrelerinin
temel gerekcelerini saglamigs ve daha fazla gradient
boosting (gradyan artirma) modeli gelistirme igin
metodolojik temel olusturmustur. Gradyan artirma
makineleri (GBM) ile 6grenme siireci, ardigik yeni
modeller ekleyerek yanit degiskeninin daha kesin
tahminlerini elde etmeyi hedeflemektedir. Bu yontemin
temeli, her yeni temel 6grenicinin, toplulugun genel
kayip fonksiyonunun negatif gradyanina en uygun
sekilde eslesecek bicimde olusturulmasidir. Kayip
fonksiyonlari ¢esitli olabilir; 6rnegin, klasik karesel hata
kaybir kullanildiginda, siire¢ ardistk hata diizeltmeye
yonelik  olur.  GBM’lerin  yiiksek  derecede
Ozellestirilebilir yapisi, model tasariminda 6nemli bir
Ozgiirlik saglamakla birlikte c¢esitli uygulama ve
aragtirma alanlarinda etkili ¢6ziimler sunmaktadir
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(Bissacco vd., 2007; Hutchinson vd., 2011; Pittman ve
Brown, 2011; Johnson ve Zhang, 2012).

Gradient Boosting smiflandirma algoritmasinin
temel adimlari, genel olarak asagidaki matematiksel
formiillerle agiklanabilir:

Baslangi¢ Tahmini: 1k adimda, tim gozlemler igin
sabit bir baglangi¢ tahmini yapilmaktadir. Bu, genellikle
hedef degiskenin ortalamasi olabilir:

Fo(x) = argmin, ¥iL, L(y;, ) (5)

Negatif Gradyan Hesaplama: Her iterasyon m igin,
gercek degerler ile mevcut tahminler arasindaki kaybin
negatif gradyam1 hesaplanmaktadir. Bu, modelin
hatalarini belirlemektedir:

AL(y,F(xy)
T; ==\ 6
im [ OF(x)  p(x)=Fp_q(x) ©

Zayif Ogrenici  Fit Etme: Her iterasyonda,
hesaplanan negatif gradyanlara (hatalara) en iyi uyan bir
zayif 6grenici (genellikle bir karar agacr) fit edilir:

h,,,(x) = Fit model to r;, @)

Adim Boyutu (Ogrenme Orami) Belirleme: Zayif
Ogrenicinin katkisini ayarlamak i¢in bir adim boyutu (o)
kullanilir. Bu, modelin her adimda ne kadar
“Ogrenecegini” kontrol etmektedir.

Model Giincelleme: Model, her iterasyonda zayif
ogrenicinin katkisiyla giincellenmektedir. Bdylece,
modelin hatalarimdan 6grenmesi saglanmaktadir:

Fp(x) = Fpoa (X)) + a - hyy (%) ©)

Durma Kriteri: Belirlenen iterasyon sayisina
ulasilana veya bagka bir durma kriteri karsilanana kadar
adimlar tekrarlanmaktadir. Bu siireg, hedef degiskenin
tahmininde kullanilan kiimiilatif bir model olusturur.
Gradient Boosting, karmasik tahmin problemlerinde
yliksek performans gosteren giiglii ve esnek bir
algoritmadir.

3.2. Uzun kisa stireli bellek yontemi (Long Short
term memory method)

LSTM, zaman serisi verileri veya siral verilerle (dizi
verileri) caligmak tizere gelistirilmis bir tiir yapay sinir
agidir. LSTM, ozellikle uzun vadeli bagimliliklar1 ve
karmasik kaliplar1 6grenme yetenegiyle taninmaktadir.
RNN'lerin (Recurrent Neural Networks - Tekrarlayan
Sinir Aglari) gelistirilmis bir versiyonudur ve zaman
icindeki bilgi akigini korumak ve unutmak i¢in “kapilar”
kullanarak bilgi kaybmmi ve gradyan sorunlarini
onlemektedir (Vidya ve Hari, 2023).

LSTM, gelencksel RNN’lerden farkli olarak, uzun
vadeli bagimliliklar1 daha iyi 6grenebilmek igin hiicre
durumu (cell state) ve cesitli kapilar (gates)
kullanmaktadir. Bu kapilar, hiicre durumunun ne

kadarinin  gilincellenip ne kadarinin tutulacagini
belirlemektedir. Girig kapisi, yeni gelen bilginin hiicre
durumuna ne kadar eklenecegini kontrol etmektedir.
Unutma kapisi, hiicre durumundaki bilginin ne
kadarinin unutulacagini belirlemektedir. Cikis kapisi ise
hiicre durumunun hangi kisminin ¢ikisa aktarilacagim
kontrol etmektedir (Dai vd., 2020). Bu kapilar,
LSTM’nin sirali verilere dayanarak kararlar almasini
saglar ve siniflandirma gorevlerinde verinin zamansal
ozelliklerini  dikkate alarak tahminler yaparlar.
LSTM’nin siniflandirma islemlerinde ¢alisma sekline
bakildiginda, oncelikle LSTM katmanina, sirali veri
girilir. Her veri noktasi, belirli bir zamanda (time step)
olan wveriyi temsil etmektedir. Ardindan, LSTM
katmanlari, zaman igindeki bagimliliklar1 ve kaliplari
ogrenir. LSTM’den elde edilen 6zellikler, siniflandirma
katmanina (genellikle dense veya fully connected layer)
aktarilir ve son olarak softmax veya sigmoid aktivasyon
fonksiyonu ile  smif  olasiliklar1  hesaplanir
(Jongjaraunsuk vd., 2024). LSTM'deki her bir kapinin
isleyisi Denklem 9-14 ‘te gosterildigi gibi formiile
edilmektedir.
Unutma Kapist:

fe= U(Wf [he—1, xe] + bf) %)

Burada, f;, unutma kapist ¢ikisidir. o, sigmoid
aktivasyon fonksiyonudur. Wy ve by, agirlik matrisi ve
bias terimidir. h,_;, 6nceki gizli durumdur. y, ise su
anki giristir.

Girig Kapisi ve Giris Adayr:

ip = oW [he—y, xe] + b)) (10)
Ce = tanh(We - [he_y, X¢] + b) (11)
Burada, i,, giris kapisinin c¢ikisidir. C,, yeni bilgi
adayidir. W;, W, ve b;, b, ilgili agirliklar ve bias

terimleridir.
Hiicre Durumu Giincellemesi:

Co=fe Cooq +ie G (12)

Burada, C;, giincellenmis hiicre durumudur. C;_;,
onceki hiicre durumudur.
Cilas Kapisi ve Gizli Durum:

0y = o(W, - [he—1, xe] + bo) (13)
h; = o, - tanh (C}) (14)
Burada, o,, ¢ikis kapismin ¢ikisidir. A,
giincellenmis gizli durumdur ve bu, sonraki katmanlara

aktarilir. Son olarak, h;, siiflandirma katmanina girer
ve sinif tahminleri yapilir.
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3.3. Konvoliisyonel sinir aglari yontemi
(Convolutional neural networks method)

CNN, ozellikle goriintii isleme ve simiflandirma gibi
alanlarda yaygin olarak kullanilan bir derin 6grenme
modelidir. CNN'ler, verilerin mekéansal ve zamansal
iliskilerini anlamak ve yakalamak icin katmanlar
aracilifiyla ozellik ¢ikarimi yapmaktadirlar. Goriintii
smiflandirma, nesne tanima ve ses analizi gibi bir¢ok
sirali ve yapisal veriyle ¢aligabilirler (Maggiori vd.,
2017). CNN, genellikle {i¢ ana katman tipinden
olugsmaktadir. Bunlardan ilki, evrisim katmanidir
(convolutional layer). Bu katman, girdi verisine kiigiik
filtreler (kernels) uygular. Bu filtreler, veri {izerinde
kaydirilarak (stride) o6zellikler ¢ikarilir. Cikan dzellik
haritalari, girisin mekansal 6zelliklerini koruyarak daha
derin bir seviyede temsil edilmesini saglar. Ikincisi,
havuzlama katmanidir (pooling layer). Bu katman,
evrisim katmanindan gelen 6zellik haritalarinin
boyutunu azaltmak ve islem maliyetini diisiirmek i¢in
kullanilir. Genellikle “Max Pooling” veya “Average
Pooling” gibi yontemler kullanilir. Max Pooling, belirli
bir alan i¢indeki en yiiksek degeri alarak boyutu
kiigliltiir. Sonuncu ana katman ise tam baglantil
katmandir (fully connected layer). Bu katman, 6zellik
haritalarin1 diizlestirerek (flatten) klasik yapay sinir
agina benzer sekilde tiim néronlari birbirine baglar. Son
olarak, ¢ikis katmaninda softmax veya sigmoid
aktivasyon fonksiyonu kullanilarak siniflandirma yapilir
(Chan ve Fan, 2022).

Bir CNN, siniflandirma iglemlerinde belirli adimlari
takip ederek calisir. ilk olarak, model bir girdi alir; bu
genellikle bir goriintii veya sirali veri seklindedir.
Ardindan, evrisim ve havuzlama katmanlart devreye
girerek girdi verisinden 6zellikler ¢ikarir. Bu katmanlar,
verinin mekansal ve yapisal iliskilerini kullanarak
ozellikleri giderek daha soyut bir sekilde temsil eder.
Daha sonra, bu o6zellikler tam baglantili katmanlara
iletilir ve burada islenerek smif olasiliklar1 hesaplanir.
Son adimda ise, ¢ikti katmaninda her bir smif igin
olasiliklar verilir ve en yiiksek olasiliga sahip sinif,
modelin tahmini olarak belirlenir. Bu siireg, CNN’nin
veriyi isleyip dogru smiflandirmay: yapmasint saglar
(Dubey vd., 2023). Bu siirecin matematiksel
formiilasyonu Denklem 15-19°da gosterilmektedir.

Evrisim Katmant:

k
27 = W® X+ b® (15)

Burada, Zl.(f;), k filtresi i¢in evrisim sonucundaki

cikt degeridir. W (9, k filtresinin agirlik matrisi (kernel)
ve b ise bias terimidir. X, giris verisidir ve *, evrisim
iglemini ifade etmektedir.

Aktivasyon Fonksiyonu:

k
A® = RELU (%) = max(0,2%) (16)

Burada, RELU (Rectified Linear Unit) aktivasyon
fonksiyonu kullanilmaktadir.
Havuzlama Katman (Max Pooling):

() _ (k)

P ;" = max (4;; @an
Burada, havuzlama iglemi belirli bir alan i¢inde en

yiiksek degeri alir ve boylece ¢ikti boyutunu kiigiiltiir.
Tam Baglantili Katman ve Cikas:

Z=W-A+b (18)

Burada, Z, tam baglantih katmandaki ¢ikti
vektoriidiir. W, agirlik matrisi ve b bias terimidir. A4,
diizlestirilmis 6zelliklerdir.

Swiflandirma Cikust:

e
P(y =jlx) = SE 7k (19)

3.4. Tabular 6grenme ag: (Tabular learning network-
TabNet)

TabNet, tabular veri lizerinde ¢alisan ve ozellikle
siniflandirma ve regresyon gorevlerinde basarili olan bir
derin 6grenme modelidir. TabNet, dikkat (attention)
mekanizmasini kullanarak 6nemli 6zellikleri otomatik
olarak seger ve 6grenme siirecini yonlendirir. Model, her
adimda, dikkat mekanizmasini kullanarak hangi
ozelliklerin daha 6nemli oldugunu belirlemekte ve bu
Ozelliklere odaklanarak Ogrenme siirecini optimize
etmektedir. Diger derin 6grenme modellerinden farkli
olarak, = TabNet tabular  wverilerle  ¢alisirken
aciklanabilirlik (explainability) ve verimli &grenme
ozelliklerini bir araya getirmektedir (Albin Ahmed vd.,
2023).

Modelde, veriler, giris olarak almir ve dogrusal
katmanlar (fully connected layers) ile islenir. Her giris
ozelligi, dogrusal bir doniisiime tabi tutulur. Model,
hangi 6zelliklerin o adimda 6nemli oldugunu belirlemek
icin bir dikkat agi (attention network) kullanir. Bu
katmanlar, her adimda farkli 6zelliklere odaklanarak
bilgiyi verimli bir sekilde &grenir ve diger adimlara
aktarir. Dikkat mekanizmasi, verinin bir kismini
maskeler ve geri kalan kismi segerek bilgi kaybini
minimize eder. Bu sayede, her adimda yeni ve dnemli
ozellikler modele dahil edilir. Dikkat katmanlarindan
gelen bilgiler, karar katmanlarinda islenir ve bu
katmanlar, siniflandirma veya regresyon gorevleri igin
nihai tahminleri olusturur (Gao vd., 2022). Bu siirecin
matematiksel ~ formiilasyonu  Denklem  20-23’te
gosterilmektedir.

Girdi Déniigiimii:

X£=Wt'x+bt (20)
Burada, x{, girisin dogrusal doniisimiinden elde

edilen ¢iktidir. W, ve b, agirlik ve bias terimleridir.
Dikkat Mekanizmasi:
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M; = Softmax(W,, - x{ + by,) (21)

Burada, M, o adimda kullanilan maskedir. W,, ve
b, agirlik ve bias terimleridir.
Ozellik Secimi ve Maskeleme:

Xep1 =M O x; (22)

Burada, x;,, maskelenmis ve se¢ilmis 6zelliklerdir.
©, eleman bazli ¢arpma islemini ifade etmektedir.
Karar Adimlarr:

Ve = f(Xe41) (23)

Burada, y;, her adimda yapilan tahmindir. f, karar
adimindaki dogrusal doniisiimler ve aktivasyon
fonksiyonlar1 ile ifade edilen bir fonksiyondur. Son
asamada, her karar adiminda elde edilen bilgiler
birlestirilerek nihai sinif olasiliklari hesaplanir.

3.5. Yapay sinir agi-YSA (Artificial neural network-
ANN)

YSA, insan beynindeki noéronlarin ¢aligma
prensiplerinden ilham alinarak gelistirilmis bir makine
O6grenmesi modelidir. YSA’lar, katmanlar halinde
diizenlenmis noronlardan (node) olusur ve bu néronlar,
veriler arasindaki karmasik iliskileri dgrenerek cesitli
gorevleri (smiflandirma, regresyon, vb.)
gergeklestirebilirler. GOriintii tanima, metin analizi ve
zaman serisi tahmini gibi birgok farkli alanda
kullanilabilirler (Huang vd., 2020).

YSA, genellikle ¢ ana katman tipinden
olusmaktadir: Girdi, gizli ve c¢ikig katmani. Girdi
katmani, modelin aldigi ham veriyi temsil etmektedir.
Her bir girdi, bu katmandaki bir néron tarafindan islenir.
Girdi katmanindan gelen veriler, gizli katmanlarda
islenir. Gizli katmanlar, veriler arasindaki karmagik
iligkileri 6grenir. Bu katmanlar, dogrusal olmayan (non-
linear) aktivasyon fonksiyonlar ile donatilmistir ve bu
sayede  veriler arasindaki  karmasik  kaliplar
yakalayabilir ~ (Al-Shamisi  vd., 2013). Gizli
katmanlardan gelen igslenmis bilgiler, ¢ikis katmaninda
toplanir ve siniflandirma (veya bagka bir gérev) igin son
tahminler yapilir. Cikis katmanindaki ndron sayisi,
siiflandirilacak  simf sayisina  esittir. ' YSA ile
smiflandirma islemi siirecinde, girdi verileri, giris
katmanina aktarilir ve bu katmandaki noronlar, veriyi
modelin i¢ine alir. Gizli katmanlarda, her néron bir
onceki katmandan gelen veriyi agirliklarla ¢arpar ve bir
bias degeri ekleyerek bir toplam elde eder. Bu toplam,
aktivasyon fonksiyonu ile islenir ve dogrusal olmayan
bir ¢ikis iiretilir. Bu islem, katmanlar arasinda devam
eder. Cikis katmanina ulasildiginda, model her sinif igin
olasiliklar tretir ve en yiiksek olasiliga sahip simif
modelin tahmini olarak belirlenir (Arkin vd., 2020). Bu
stirecin matematiksel formiilasyonlar1 Denklem 24-
26’da gosterilmistir.

Agirlikl Toplama:

zZ = Z?:l W; X; +b (24)

Burada, z, noronun toplam agirlikli girdisidir. w;, i
girdisinin agirh@gidir. x;, i girdisinin kendisidir. b,
ndronun bias (sapma) terimidir.

Aktivasyon Fonksiyonu:

a = Activation(z) (25)

z, degeri bir aktivasyon fonksiyonuna (sigmoid,
ReLU vd.) uygulanarak dogrusal olmayan bir doniisiim
yapilir. Burada, a, ndronun aktivasyon ¢ikigidir.

Cikis Katmani:

. eZi

P(y=]|x)=w (26)

Burada, P(y = j|x), girisin j smifina ait olma
olasihgidir. Zj, j smifi i¢in ¢ikis katmanindan gelen
toplamdir. Bu siire¢, YSA’nin her néronunun ¢iktisini
hesaplamak i¢in tekrar edilir ve en sonunda, modelin
verdigi en yiiksek olasilikli sinif, tahmin edilen sinif
olarak belirlenir.

3.6. Rastgele orman yontemi (Random forest method)

Rastgele Orman, siniflandirma ve regresyon
gorevlerinde kullanilan, birden fazla karar agacinin
(decision tree) bir araya getirilmesiyle olusturulan bir
makine 6grenmesi modelidir. Temel mantig1, birgok
karar agacint egiterek bu agaclarin tahminlerini
birlestirip (cogunlukla oylama veya ortalama alma
yontemi ile) daha dogru ve genellestirilebilir sonuglar
elde etmektir. Bu yodntem, karar agaglarinin zayif
yonlerini azaltarak daha saglam ve etkili bir model
olugturur (Liu vd., 2023). Siniflandirma siirecinde,
model, egitim veri setinden rastgele 6rnekler segerek
(bootstrap yontemi) her bir agac i¢in farkli alt kiimeler
olusturur. Bu yontem, ormanin her agacinin farkli veri
ornekleriyle egitilmesini saglar ve cesitliligi artirir. Her
bir agag, her diigiimde tiim 6zellikler yerine rastgele bir
alt kiime 6zellik kullanir. Bu sayede, her aga¢ farkli bir
6zellik kombinasyonu kullanarak egitilir ve bu, agaglar
arasinda cesitliligi artirarak asirt uyumu (overfitting)
onler. Rastgele secilen veri Ornekleri ve ozellikler
kullanilarak her agac¢ egitilir. Her agag¢, kendi veri
kiimesi tizerinde en iyi boliinmeyi bulmak i¢in ¢aligir ve
bir karar agaci olusturur. Model, yeni bir veri 6rnegi
geldiginde, ormandaki her agag bu veri 6rnegi igin bir
smif tahmini yapar. Siniflandirma igin, en ¢ok oyu alan
smif nihai tahmin olarak kabul edilir (Anjum vd., 2023).
Bu siirecin, matematiksel formiilasyonu Denklem 27-
30’da gosterilmektedir.

Bootstrap Yontemi:

D;cD 27)

Burada, D;, i. karar agaci i¢in se¢ilen veri alt kiimesidir.
Ozellik Alt Kiimesi Secimi:
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F S {X,Xp )Xo} (28)

Burada, her diigtimde, toplam M 6zellik arasindan
rastgele m sayida ozellik segilir. F, secilen 6zellik alt
kiimesidir ve m < M.

Karar Agaclarinin Egitimi:

t* = arg max (Gain(t)) (29)

Burada, her bir karar agaci, kendi veri kiimesi ve
segilen  Ozellikler kullanilarak  egitilir.  Gain(t),
diigiimdeki bilgi kazancim ifade etmektedir (bilgi
kazanci veya Gini indeksi).

Tahmin ve Oylama:

5; = mOde(yl'j}Z' ---'5;3) (30)

Burada, J, rastgele ormanin nihai tahminidir. ¥;, her
bir agacin yaptig1 tahmindir ve B, ormandaki agag
sayisidir. Smiflandirmada, tim agaglarin tahminleri
almir ve en sik tekrar eden sinif segilir (mode).

3.7. Destek vektor makinesi — DVM (Support vector
machine- SVM)

DVM, smiflandirma ve regresyon gibi makine
ogrenmesi gorevlerinde kullanilan, veri noktalarini
smiflandirmak i¢in hiper diizlemler olusturan bir
algoritmadir. DVM, dogrusal ve dogrusal olmayan veri
kiimeleri igin ¢alisabilen, 6zellikle yiiksek boyutlu veri
setlerinde etkili sonuglar veren bir modeldir. Temel
amaci, veri noktalarini en iyi sekilde ayiracak ve smiflar
arasindaki mesafeyi maksimize edecek bir hiper diizlem
bulmaktir (An ve Liang, 2012).

DVM, veri noktalarini iki farkli sinif arasinda ayiran
bir hiper diizlem olusturur. Bu hiper diizlem, siniflar
arasindaki maksimum marjini (margin) saglayacak
sekilde yerlestirilir. Model, ayirict hiper diizleme en
yakin olan veri noktalarma (destek vektorleri)
dayanarak bu hiper diizlemi optimize etmektedir (Lee
vd., 2016). DVM, veri noktalarmi 6zellik uzaymda
temsil eder. Her bir veri noktasi, bu uzayda bir vektor
olarak ifade edilir. Algoritma, veri noktalarini ayiracak
bir hiper diizlem bulmaya ¢aligir. Bu hiper diizlem, veri
noktalarim1 dogru sekilde siniflandiracak ve marjini
maksimum yapacak sekilde optimize edilir. Hiper
diizleme en yakin olan ve bu diizlemin olugturulmasinda
en etkili olan veri noktalari, destek vektorleri olarak
adlandirilir. Bu noktalar, hiper diizlemin konumunu ve
yoniinii belirler. Model, hiper diizleme dayali olarak her
yeni veri noktasi i¢in bir karar fonksiyonu kullanarak
tahmin yapar. Veri noktast bu fonksiyona gore
smiflandirtir  (Xi  vd., 2017). Tim bu siireg,
matematiksel formiilasyonlar1 ile birlikte Denklem 31-
35°te gosterilmektedir.

Hiper Diizlem Denklemi:

w-x+b=0 (31)

Burada, w, hiper diizlemin normal vektériidir. x,
veri noktasi ve b, bias terimidir.
Marjin Maksimizasyonu:

minimize é [lw]|? (32)

Iki sinif arasindaki mesafeyi maksimize etmek icin
hiper diizlem Denklem 32°de gosterildigi gibi optimize
edilmektedir. Bu optimizasyon, w vektoriiniin normunu
minimize etmeyi amaglar ve boylece maksimum marjin
elde edilir.

Kisit Kosullari:

Hiper diizlem, her sinif i¢in veri noktalarinin dogru
tarafta olmasini saglayacak sekilde Denklem 33’teki
gibi diizenlenir. Burada, y;, veri noktasmnin sinif
etiketidir (+1 veya -1). x;, veri noktasidir. DVM, marjini
maksimize  ederken, genellikle dual problem
kullanilarak ¢ozilir. Bu asama Denklem 34’te
gosterilmektedir.

Lagrange Carpanlart ve Dual Problem:

1
Lw,b,a) =%\ a; — ;Z?’=1 Yy aiyiyi(x; - %) (34)

Burada, «;, Lagrange carpanlaridir ve her veri
noktast i¢in optimize edilir. Egitim tamamlandiktan
sonra, yeni bir veri noktast x i¢in karar fonksiyonu
Denklem 35’teki gibidir.

Karar Fonksiyonu:

f(x) =sign(w-x+ b) (35)

Burada, sign fonksiyonu, x noktasinin hangi sinifa
ait oldugunu belirlemektedir.

4. Bulgular (Findings)

Bu calismada, siniflandirma iglemi igin kullanilan
tim makine Ogrenimi  yoOntemlerinin  optimal
hiperparametrelerinin belirlenmesinde Optuna
kiitiphanesi  kullanilmistir.  Optuna, hiperparametre
optimizasyonu i¢in bir otomatiklestirme kiitiiphanesidir
ve makine Ogrenimi modellerinin  performansini
artirmak i¢in en 1iyi hiperparametreleri bulmay:
amaglamaktadir. Siniflandirma islemi igin YSA, LSTM,
CNN, TabNet, Gradient Boosting, Rastgele Orman (RF)
ve DVM modellerinin optimal hiperparametrelerinin
belirlenmesinde Python programlama dili kullanilarak
Optuna kiitiiphanesi kapsamli bir sekilde uygulanmustir.
Optuna, her modelin 6zel gereksinimlerine uygun
olacak sekilde arama alanlart (search spaces)
tanimlayarak hiperparametre optimizasyonu
saglamistir. ' YSA, LSTM ve CNN modellerinde
TensorFlow ve PyTorch kiitiiphaneleri kullanilarak ag
derinligi (katman sayis1), ndron sayisi, 6grenme orani
(learning rate), aktivasyon fonksiyonlar1 ve batch size
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gibi parametreler optimize edilmigtir. TabNet i¢in ise,
Optuna kullanilarak TabNet’in dikkat (attention)
katmanlarinin sayisi, 6grenme orani ve maskeleme orani
gibi spesifik hiperparametreler ayarlanmistir. Gradient
Boosting (GB) modelinde, learning rate, max_depth ve
n_estimators gibi agac tabanli yapilarin performansini
artiran parametreler optimize edilmistir. Rastgele
Orman modelinde, aga¢ sayist (n_estimators),
maksimum  derinlik  (max_depth)  vd.  gibi

hiperparametreler belirlenmistir. DVM modeli i¢in ise,
kernel tipi (linear, rbf vb.), diizenleme parametresi (C),
ve kernel parametreleri (gamma) gibi ayarlar Optuna
araciligyla titizlikle optimize edilmistir. Bu sayede, her
modelin performansi en st diizeye ¢ikarilarak
siniflandirma gorevinde yiliksek dogruluk oranlari elde
edilmistir. Sonug¢ olarak, bu optimizasyon siireci
sonunda elde edilen tiim hiperparametreler Tablo 2’de
gosterilmistir.

Tablo 2. Modellerin optuna ile belirlenen optimal hiperparametreleri (Optimal hyperparameters of the models determined by optuna)

Model Hiperparametreler Deger
YSA n_layers 3
Units_LO 127
Activation_L0O ReLU
Units_L1 55
Activation_L1 tanh
Units_L2 61
Activation_L2 RelLU
Learning Rate 0.0037
Batch Size 108
LSTM Istm_units 76
n_layers 1
Units_LO 75
Learning Rate 2.162e-05
Batch Size 128
CNN n_filters 24
Kernel size 2
n_layers 2
Units_LO 119
Units_L1 57
Learning Rate 0.0006
Batch Size 74
TabNet n_d 16
n_a 16
n_steps 5
gamma 1.5
Lambda_sparse 0.0001
Optimizer_fn Torch.Optim.Adam
Optimizer_params "Ir: 1e-2
Mask_type sparsemax
n_independent 2
n_shared 2
virtual_batch_size 128
Momentum 0.02
Clip_value 2.0

Scheduler_fn
Scheduler_params

torch.optim.Ir_scheduler.StepLR
"step_size": 10, "gamma": 0.1

Epsilon le-15
GBM n_estimators 120
Learning Rate 0.1373
max_depth 9
Rastgele Orman n_estimators 272
min_samples_split 5
max_depth 9
min_samples_leaf 8
Bootstrap True
DVM Kernel Linear
Cc 0.0959
Gamma 0.0012
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Tablo 3'te yer alan smiflandirma raporuna gore,
kronik hastaligi olan bireyleri (0 Simifi) ve olmayan
bireyleri (1 Smifi) simiflandirmak tizere kullanilan
modellerin test performanslart karsilagtirilmistir. YSA
modelinde, 0 smifi i¢in F1 puam1 0,92 olarak
hesaplanmis olup, duyarlilik degeri 0,93 ve kesinlik
degeri 0,92°dir. 1 smifi i¢in ise F1 puan1 0,96, duyarlilik
0,96 ve kesinlik 0,95 olarak gézlenmistir. LSTM modeli
benzer sonuclar vermekle birlikte, 0 sinifi i¢in F1 puani
0,92 ve 1 smifi i¢in 0,95 olarak hesaplanmigtir. CNN
modeli, her iki smifta da yiiksek performans
sergileyerek 0 sinifinda F1 puani 0,94 ve 1 sinifinda
0,96’ya ulagsmistir. TabNet modeli ise en yiiksek
dogruluga ulasarak, 0 smifinda F1 puanini 0,96, 1
sinifinda ise 0,97 olarak vermistir. GBM ve RF
modelleri nispeten daha diisiik performans gostermis,
her iki model de 0 sinifi igin 0,90 civarinda bir F1 puani
elde etmis, 1 smift i¢in ise 0,95 seviyesine ¢ikmustir.
DVM ise genel olarak daha diisiik performans
sergilemis olup, 0 simifinda F1 puan1 0,87, 1 sinifinda ise
0,93 olarak gozlenmistir. Genel olarak, TabNet ve CNN
modelleri tiim smiflarda daha yiliksek dogruluk ve
smiflandirma performans: sergilerken, GB ve RF

modelleri daha ortalama bir performans gdstermistir.

DVM ise kronik hastaligt olan  bireylerin
siniflandirilmasinda  daha diisiik  bir performans
sergilemistir.

Sekil 1, en basarili smiflandirma performansini
gosteren TabNet modelinin egitim siirecindeki hatanin
iterasyon sayisina bagli olarak nasil degistigini gosteren
bir egriyi gostermektedir. Grafikte gozlemlendigi tizere,
egitim siireci baslangicta yiiksek bir kayip degeriyle
(yaklagik 0,24) baslamis ve ilk birkag epoch boyunca
kayipta hizli bir diisiis gerceklesmistir. ilk 10 epoch
sonrasinda, kayip degeri onemli 6l¢iide azalarak 0,10
seviyelerine ulagsmistir. Bu noktadan itibaren, kayipta
onemli bir degisim goriilmemekte ve modelin
performans1 stabil hale gelmistir. Ozellikle 20.
epoch’tan sonra kaybin sabitlenmesi, modelin daha fazla
O0grenme  saglayamadigmi  ve  biiyik  olgiide
yakmsadigint  (converge) gostermektedir.  Grafik,
modelin egitim siireci boyunca etkin bir sekilde
optimize oldugunu ve asirt &grenme (overfitting)
belirtisi gostermeden kayip fonksiyonunu minimize
ettigini gostermektedir.

Tablo 3. Modellerin test sonuglarina iligkin siniflandirma raporu (Classification report on the test results of the models)

Model Kesinlik Duyarlilik F1 Puani Destek
YSA 0 0,93 0,92 0,92 4.492
1 0,95 0,96 0,96 8.430
Dog. 0,95 12.922
Genel Ort. 0,94 0,94 0,94 12.922
Agir. Ort. 0,95 0,95 0,95 12.922
LSTM 0 0,93 0,91 0,92 4.492
1 0,95 0,96 0,95 8.430
Dog. 0,94 12.922
Genel Ort. 0,94 0,94 0,94 12.922
Agir. Ort. 0,94 0,94 0,94 12.922
CNN 0 0,95 0,93 0,94 4.492
1 0,96 0,97 0,96 8.430
Dog. 0,96 12.922
Genel Ort. 0,95 0,95 0,95 12.922
Agir. Ort. 0,96 0,96 0,96 12.922
TabNet 0 0,96 0,95 0,96 4.492
1 0,97 0,97 0,97 8.430
Dog. 0,97 12.922
Genel Ort. 0,97 0,97 0,97 12.922
Agir. Ort. 0,97 0,97 0,97 12.922
GBM 0 0,90 0,90 0,90 4.492
1 0,94 0,95 0,95 8.430
Dog. 0,93 12.922
Genel Ort. 0,92 0,92 0,92 12.922
Agir. Ort. 0,93 0,93 0,93 12.922
RF 0 0,90 0,89 0,90 4.492
1 0,94 0,95 0,95 8.430
Dog. 0,93 12.922
Genel Ort. 0,92 0,92 0,92 12.922
Agir. Ort. 0,93 0,93 0,93 12.922
DVM 0 0,89 0,85 0,87 4.492
1 0,91 0,94 0,93 8.430
Dog. 0,91 12.922
Genel Ort. 0,90 0,90 0,90 12.922
Agir. Ort. 0,91 0,91 0,91 12.922
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Training Loss over 50 Epochs
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Sekil 1. TabNet modelinin egitim hatasi (Training error of
the Tabnet model)

Sekil 2, TabNet modelindeki bagimsiz degiskenlerin
onem derecelerini goésteren bir siralama gubuk
grafigidir. Burada, FS030, FS010, FI010, FSO050,
FEO030, FY050 ve FY060 olarak gosterilen degiskenler
(Tablo 1°de agiklanmigtir), modelin tahmin performansi
iizerindeki etkilerine gore siralanmigtir. FS030 olarak
ifade edilen ve ferdin saglik probleminden G&tiirii
faaliyetlerde sinirlama olup olmadigini gdsteren 6zellik
model i¢in acik ara en 6nemli degisken olarak belirtilmis
ve en yiksek O6neme sahip oldugu goézlemlenmistir.
Bunu 0.70 6nem derecesi ile FS010, ardindan 0.60 énem
derecesine sahip FEO030 takip etmektedir. Diger
ozellikler arasinda FY060 ve FS050’nin her ikisi de 0.50
onem derecesi ile benzer 6neme sahipken, FI010’1n
onemi 0.40 olarak belirlenmistir. FY050, 0.30 ile en
diisiik 6nem derecesine sahip 6zellik olarak siralamada
yer almaktadir. Bu sonuglar, TabNet modelinin dikkat
mekanizmasi araciligiyla bazi ozelliklere daha fazla
agirlik  verdigini  ve bu  ozelliklerin  modelin
smiflandirma performansi tizerindeki etkisinin farkli
oldugunu gostermektedir. Ozellikle FS030 ve FS010
ozellikleri, modelin 6grenme siirecinde kritik bir rol
oynamaktadir.

TabNet Model Feature Impartance Ranking

freee --- o
Frese == o

e -_ o

Fiole { 040

010 =_ 030

F5030

00 02 04 06 08
Impartance

Sekil 2. TabNet modeline gore bagimsiz degiskenlerin
6nem siralamasi (Importance ranking of independent variables)

Sekil 3’te, TabNet modelinin test performansini
gosteren karmasiklik matrisi yer almaktadir. “0” etiketi
kronik bir hastaligi olan bireyleri, “1” etiketi ise
hastaligi olmayan bireyleri temsil etmektedir. Kronik
hastaligi olan bireyler i¢in (0), model 4.322 dogru
smiflandirma (Gergek Pozitif) yaparken, 170 bireyi

yanlis bir sekilde kronik hastaligi yok olarak tahmin
etmigtir (Yanlis Negatif). Kronik hastaligi olmayan
bireyler i¢in (1), model 8.248 bireyi dogru smiflandirmig
(Gergek Negatif), ancak 182 bireyi yanlis bir sekilde
kronik hastaligi var olarak smiflandirmistir (Yanlis
Pozitif). Modelin genel performansma bakildiginda,
hem kronik hastaligi olan bireyler hem de olmayan
bireyler i¢in yiiksek dogruluk oranlari elde ettigi
goriilmektedir.

Karmasiklik Matrisi

Gergek Etiket

Tahmin Edilen Etiket

Sekil 3. TabNet modelinin test sonuglarina iligkin
karmagiklik matrisi (Confusion matrix for the test results of the
TabNet model)

Bu agamadan sonra, modelin genel performansini
degerlendirmek ve genelleme yetenegini 6lgmek igin
kullanilan yaygin bir dogrulama teknigi olan capraz
dogrulama yontemi uygulanarak, modelin sadece tek bir
egitim ve test veri setiyle degil, farkli veri parcalariyla
egitilip test edilmesi saglanmistir. Bu sayede, modelin
asir1 uyum (overfitting) veya eksik uyum (underfitting)
yapma olasihg degerlendirilmis ve modelin daha
genellestirilebilir sonuglar {iretebilme yetenegi daha
dogru bir gekilde dlciilmiistiir. Bu siiregte, veri seti 5 esit
pargaya boliinmistiir. Her bir iterasyonda, bu 5 par¢adan
biri test seti olarak ayrilirken geri kalan 4 parca modelin
egitimi i¢in kullanilmistir. Bu islem 5 kez tekrarlanmig
ve her seferinde farkli bir parga test seti olarak
kullanilmigtir. Sonug olarak, modelin performansi her
bir iterasyonda hesaplanmig ve tiim iterasyonlarin
ortalamasi alinarak daha dengeli bir performans 6l¢iimii
elde edilmistir. Bu siirece iliskin sonuglar, Tablo 4’te
gosterilmistir.

Tablo 4. TabNet modelinin 5 Katl: ¢apraz dogrulama sonuglart
(5-fold cross-validation results of the TabNet model)

Model  Ort.Dogruluk Katl Kat2 Kat3 Kat4 Kath
TabNet 0,972 0.973 0,969 0,975 0,973 0971

Tablo 4’teki sonuglar incelendiginde, her bir
katmandaki dogruluk degerleri sirasiyla Kat 1: 0,973,
Kat 2: 0,969, Kat 3: 0,975, Kat 4: 0,973 ve Kat 5: 0,971
olarak hesaplanmistir. Bu degerlerin ortalamasi ise
0,972 olarak belirlenmistir. Sonuclar, TabNet modelinin
siiflandirma performansinin her bir dogrulama setinde
oldukga istikrarli oldugunu ve genelleme yeteneginin
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yiksek oldugunu  gostermektedir. Farkli  wveri
boliimlerinde  modelin  performansindaki  kiigiik
farkliliklar (0,969 ile 0,975 arasinda degisen dogruluk
oranlart) modelin tutarli oldugunu ve asirt uyuma
(overfitting) karst direngli oldugunu isaret etmektedir.
Ortalama dogruluk orant olan 0,972, modelin genel
olarak veri setinde yiiksek bir dogruluk sagladigini ve
giivenilir  bir  performans sergiledigini ortaya
koymaktadir. Bu sonuglar, TabNet modelinin test
edilmemis veriler iizerinde de benzer sekilde basarili
olabilecegini Ongdérmektedir. TabNet modelinin tiim
veri  seti  lizerinde  tahmin  performansinin
degerlendirilmesi, modelin genelleme yetenegini daha
kapsamli bir sekilde incelemek agisindan kritik bir adim
olacaktir. 5 katli ¢apraz dogrulama sonuglari modelin
farkli  veri  bolimlerinde istikrarli  performans
sergiledigini gosterse de, tiim veri seti lizerindeki tahmin
performansimnin  degerlendirilmesi, modelin gergek
diinyadaki veri kiimeleri {izerindeki etkinligini daha net
ortaya koyacaktir. Bu degerlendirme, modelin yalnizca
egitim ve test verilerindeki basarisini degil, tiim veri seti
ile ne kadar iyi genelleme yapabilecegini gosterecektir.
Boylece, elde edilen performans olgiitleri (dogruluk,
kesinlik, duyarlilik, F1 puani vb.), modelin ¢esitli veri
yapilar1 kargisinda saglam ve giivenilir sonuglar
tiretebilme kapasitesini dogrulayacaktir Bu asama,
modelin  pratik uygulamalarda kullanilabilirligini
belirleyecek ve potansiyel zayif yonlerini ortaya
¢ikararak olasi iyilestirmeler i¢in yol gdsterecektir.
Modelin tiim veri seti iizerindeki tahmin performasina
iligskin siniflandirma raporu Tablo 5°te sunulmaktadir.

Tablo 5. TabNet modelinin tiim veri seti tahmin performansini
gosteren siniflandirma raporu (Classification report showing the
prediction performance of the TabNet model across the entire dataset)

Model Kesinlik  Duyarlihk F1 Destek
Puani
0 0,96 0,95 0,95 22459
1 0,97 0,97 0,97 42148
TabNet Dog. 0,97 64.607
Genel 0,96 0,96 0,96 64.607
Ort.
Agir. 0,97 0,97 0,97 64.607
Ort.

Ilgili tablodaki siniflandirma raporuna gore, kronik
hastalig1 olan bireyler (0) i¢cin modelin kesinlik degeri
0,96, duyarlilik degeri 0,95 ve F1 puani 0,95 olarak
hesaplanmigtir. Kronik hastaligi olmayan bireyler (1)
icin ise, modelin kesinlik ve duyarlilik degerleri 0,97
olup, F1 puami da yine 0,97 olarak kaydedilmistir.
Modelin genel dogruluk oran1 0,97 olarak belirlenmis ve
modelin siniflandirma performans: her iki smifta da
oldukga yiiksektir. Genel ortalamalar incelendiginde,
kesinlik, duyarlilik ve F1 puanlarinin tiim veri seti igin
sirastyla 0,96, 0,96 ve 0,96 oldugu goriilmektedir.
Agirlikli ortalama degerler de aynmi dogrultuda, tiim
metriklerde 0,97 seviyesinde olup, TabNet modelinin
genis bir veri seti iizerinde tutarli ve giiclii bir

performans sergiledigini gdstermektedir. Bu sonuglar,
modelin smiflar arasinda dengeli bir performans
sundugunu ve hem kronik hastaligi olan hem de
olmayan bireyleri yiiksek dogrulukla
siiflandirabildigini ortaya koymaktadir. Bununla
birlikte, modelin bu siniflandirma siirecine iligkin
karmasiklik matrisi Sekil 4’te sunulmustur.

Karmasikhk Matrisi

o 21613 846

Gergek Etiket

- 1009

Tahmin Edilen Efiket

Sekil 4. TabNet modelinin tiim veri seti tahmin
performansini gosteren karmasiklik matrisi (Confusion matrix
showing the prediction performance of the TabNet model across the

entire dataset)

Gergek etiketlerle karsilastirildiginda, model kronik
hastaligt olan bireyleri (0) 21.613 kez dogru
siiflandirmig (Gergek Pozitif) ve 846 bireyi yanlis bir
sekilde kronik hastaligi yok olarak tahmin etmistir
(Yanlhs Negatif). Kronik hastaligi olmayan bireyler (1)
icin model 41.139 dogru smiflandirma yapmis (Gergek
Negatif) ve 1.009 bireyi yanlis bir sekilde kronik
hastaligi var olarak siniflandirmigtir (Yanhs Pozitif).
Modelin genel dogruluk orani oldukga yiiksek olup, her
iki smifta da dengeli bir performans sergiledigi
gozlenmektedir. Ancak, yanlis negatif ve yanlis pozitif
sayilarinin varligi, modelin siiflandirma
performansinda bazi iyilestirme firsatlarinin oldugunu
gostermektedir. Genel olarak, bu matriste TabNet
modelinin kronik hastaliga sahip olan ve olmayan
bireyleri yiiksek dogrulukla siniflandirdig: ve genelleme
yeteneginin gii¢lii oldugu anlasilmaktadir.

Ek olarak, Sekil 5, TUIK’in 2023 Gelir ve Yasam
Kosullar1 Arastirmasi (GYKA) verilerine dayanarak,
Tiirkiye’deki  bireylerin  genel saglik durumunun
dagilimmi gostermektedir. GYKA, Tiirkiye’de 64607
birey Tlzerinde uygulanmistir. Arastirmaya katilan
bireylerin biiyiik bir kismi (%60.1) kendilerini “iyi”
saglik durumunda olarak tanimlarken, “orta” saglik
durumunda olanlarin orani %25.1°dir. “Koti” saghik
durumuna sahip bireyler %7.8, “cok iyi” durumda
olanlar %6.1 ve “¢ok kotii” saglik durumunda olanlar ise
%1.0 olarak belirlenmistir.  Gradient Boosting
smiflandirma ydntemi kullanilarak yapilan bu analiz,
niifusun saghik durumlart iizerine degerli icgoriiler
saglamakta ve saglik politikalarinin sekillendirilmesi
icin kullanilabilecek 6nemli bilgiler sunmaktadir.
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Genel Saglik Durumu Dagilimi
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Sekil 5. Genel saglik durumu dagilimu (Distribution of general
health status)

Sekil 6, bireylerin giinlik faaliyetlerindeki
siirlamalarin - dagilimimi  gostermektedir. Bireylerin
biliylik bir ¢ogunlugu (%74.3) giinlik faaliyetlerinde
herhangi bir sinirlamaya sahip olmadiklarini belirtirken,
%19.0’lik bir kesim bazi smnirlamalar yasadigini,
%6.6’11k bir grup ise faaliyetlerinde ciddi sinirlamalar
oldugunu ifade etmistir. Bu veriler, niifusun saglikla
ilgili kisitlamalarinin kapsamli bir resmini ¢izmekte ve
bu konularda miidahale gerektirebilecek alanlari
belirlemekte kullanilabilir.

Durumu

50000 48032 (74.3%)

40000

30000

Frekans

20000
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Hayir, sinirlanmadi Evet, simirlandi Evet, cok sinirlandi
Faaliyetlerde Simirlama Durumu

Sekil 6. Faaliyetlerde sinirlama durumu dagilimi
(Distribution of restrictions on activities)

Buna ek olarak, Sekil 7°de, bireylerin istihdam
durumu  dagilimmi  gdsteren  bir  histogram
gosterilmektedir. En yiiksek frekansli kategori, tam
zamanli Tcretli c¢alisanlart temsil etmekte (%30.0),
ardindan ev igleri ile mesgul olanlar (%28.4)
gelmektedir. Emekliler %10.9 ile tglincii en biylik
grubu olustururken, tam zamanli igverenler ve egitime
devam edenler swrasiyla %10.5 ve %8.6 ile takip
etmektedir. Is arayanlar ve engelliler de sirastyla %5.6
ve %2.5’lik bir orana sahiptir. Yar1 zamanli ¢alisanlar ve
diger kategoride yer alanlar ise toplamin daha kiigiik bir
ylizdesini  olusturmaktadir. Bu veriler, istihdam
piyasasinin yapisi ve ig gilicine katilimin gesitli yonleri
hakkinda 6nemli bilgiler sunmaktadir.

istihdam Durumu Dagilimi
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Sekil 7. istihdam durumu dagilimi (Employment status
distribution)

Sekil 8, bireylerin ihtiya¢ duyduklari halde doktora
basvurup bagvurmadiklarini gésteren bir dagilimi temsil
etmektedir. %76.0’lik biiylik bir ¢ogunluk, ihtiyag
duydugunda doktora bagvurmadigini séylememis yani
herhangi bir engelle karsilasmadiklarini belirtmistir.
%17.9’luk bir kesim belirli durumlarda doktora
bagvuramama durumu yagadigini ifade ederken, sadece
%6.1°1ik bir grup ihtiya¢ duyduklarinda en az bir kez
doktora bagvuramama durumu yasadigini belirtmistir.
Bu veriler, saglik hizmetlerine erisim konusunda genel
olarak olumlu bir tablo ¢izerken, azinlikta olan bir
grubun kargilastig1 zorluklara dikkat cekmektedir.

intiyag gu Halde Doktora Durumu Dagilimi

Hayr, hic olmadi (76.0%)

£ Hayr, intiyag olmadi

Doktora Basvu

Evet, enaz 1 kere
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Sekil 8. Thtiyag duyuldugu halde doktora bagvuramama
durumu dagilimi (Distribution of inability to consult a doctor when
needed)

Sekil 9°da, bireylerin kronik hastalik durum dagilim1
gosterilmektedir. Gorselde  gorildigii  Tlizere,
katilimeilarin %65.2°si herhangi bir kronik hastaliga
sahip olmadiklarint belirtmis, buna karsin %34.8°1
kronik bir hastaliga sahip olduklarimi ifade etmistir. Bu
oranlar, tilkedeki kronik saglik sorunlariin yayginligini
ve toplum sagligma yonelik politika ve kaynak dagilimi
icin 6nemli bir veri noktasini temsil etmektedir.
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Kronik Hastalik Durumu Dagihimi
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Sekil 9. Kronik hastalik durumu dagilimi (Chronic disease
status distribution)

Sekil 10, bireylerin egitim seviyesi dagilimini
gostermektedir. En yiiksek frekansa sahip egitim
seviyesi 18.027 birey ile "Ilkokul" kategorisi olurken, bu
grubu 9.486 birey ile "Ortaokul ve dengi" ve 7.996 birey
ile "Genel lise" kategorileri takip etmektedir. "Fakiilte"
mezunlarmin sayisi 7.074 iken, "Okur-yazar olmayan"
bireyler 5.732, "Mesleki veya Teknik lise" mezunlar ise
5.131 frekansa sahiptir. Daha diisiik frekanslar ise
"Yiiksekokul" (3.617), "Bir okul bitirmedi" (3.583), ve
"{lkdgretim" (3.113) kategorilerinde gdzlemlenmistir.
En az sayida birey "Yiiksek Lisans" (669) ve "Doktora"
(179) seviyelerinde bulunmaktadir. Bu dagilim, veri
setinde egitim seviyesi bakimindan bir yogunlagsmanin
ilkokul ~ve ortaokul seviyelerinde oldugunu,
yliksekogrenim diizeylerinde ise nispeten diisiikk bir
temsil oldugunu géstermektedir.
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Sekil 10. Egitim seviyesi durumu dagilimi (Distribution of
educational status)

Sekil 11, bireylerin sosyal yasam durumlarina gore
dagilimint gostermektedir. Verilere gore, bireylerin
biiyiikk cogunlugu (46.842) "Evet" kategorisinde yer
alarak  sosyal = yasam  etkinliklerine  katilim
saglamaktadir. Buna karsin, "Hayir-diger nedenler"
kategorisinde yer alan bireylerin sayist 11.482 olup,
sosyal etkinliklere katilmayanlarin 6nemli bir kismini
olugturmaktadir. "Hayir-maddi yetersizlik" sebebiyle
sosyal etkinliklere katilamayan bireylerin sayisi ise

6.283 olarak tespit edilmistir. Bu dagilim, sosyal
etkinliklere katilimin genellikle yiiksek oldugunu, ancak
maddi yetersizliklerin katilimi kisitlayan bir faktor
oldugunu gostermektedir. Diger nedenler ise maddi
yetersizlikten daha  biiylik bir engel olarak
gozlemlenmektedir. Bu durum, sosyoekonomik
faktorlerin bireylerin sosyal yasamlarina olan etkisini
daha derinlemesine incelemek icin dnemli bir bulgu
olarak degerlendirilebilir.

Sosyal Yagam Durumu Dagihimi

Sesyal Yasam Durumu

Sekil 11. Sosyal yasam durumu dagilimi (Distribution of
social life status)

Sekil 12, bireylerin iicretli sosyal faaliyetlere katilim
durumuna gore dagilimmi gostermektedir. Verilere
gore, tcretli sosyal faaliyetlere katilmayan bireylerin
cogunlugu "Hayir-diger nedenler" kategorisinde yer
almakta olup, bu grupta 46.565 birey bulunmaktadir.
Buna karsin, maddi yetersizlik nedeniyle bu tiir
faaliyetlere katilamayan birey sayist 5.977 ile sinirlidir.
Ucretli sosyal faaliyetlere katilan bireylerin sayisi ise
12.065 olarak belirlenmistir. Bu dagilim, bireylerin
ticretli sosyal faaliyetlere katiliminda "diger nedenlerin"
maddi  yetersizlikten daha biiyiik bir engel
olusturdugunu  géstermektedir. Ucretli faaliyetlere
katilimimn diisiik olmasinin, bireylerin zaman yonetimi,
ilgi alanlar1 veya sosyal faktorler gibi ¢esitli nedenlerden
kaynaklanabilecegi degerlendirilebilir. Tiirkiye gibi
ilkelerde  sosyal aktivitelerin  iicretli  olmasi,
sosyoekonomik durumun sosyal katilim iizerindeki
etkisini de vurgulamakta olup, bu tiir analizler
sosyoekonomik politikalar ve sosyal programlarin
gelistirilmesi agisindan 6nemli bilgiler sunmaktadir.

Bununla birlikte Sekil 13, bireylerin genel saglik
durumlart ile kronik hastalik varligi arasindaki iligkiyi
gosteren bir siitun grafigi icermektedir. “Iyi”, “Cok iyi”,
“Orta”, “Koti” ve “Cok kotii” kategorileri, bireylerin
kendilerini saglik acgisindan nasil degerlendirdiklerini
temsil ederken, renkler kronik hastalik durumunu
(“Evet” ve  “Hayw”)  gostermektedir.  “Iyi”
kategorisindeki siitunun yiiksekligi, bu saglik durumunu
rapor eden bireylerin 6nemli bir kisminin kronik hastalik
rapor etmedigini gdstermektedir. Benzer sekilde,
"”Orta” kategorisinde de kronik hastalik olmadigini
belirten bireylerin sayisi dikkate degerdir. Bu gorsel,
genel saglik algisi ile kronik hastaliklarin varlig
arasinda 6nemli bir iliski oldugunu gostermektedir.
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Sekil 12. Ucretli sosyal faaliyetlere katilim durumu
dagilimu (Distribution of participation in paid social activities)
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Sekil 13. Genel saglik durumu ve kronik hastalik durumu
arasindaki iliski (The relationship between general health status
and chronic disease status)

Sekil 14, saglik problemleri nedeniyle giinliik
faaliyetlerde sinirlama yasayan bireylerin kronik
hastalik durumlart ile iliskisini gostermektedir. Grafikte
goriildigii  gibi, saglik problemlerinden  &tiirii
faaliyetlerinde herhangi bir simirlama olmayan
bireylerin ¢ogunlugu kronik hastalik bildirmemistir.
Buna karsin, faaliyetlerinde sinirlama yasayanlarin
biiyiik bir kismmin ayni zamanda kronik hastaliklara
sahip oldugu goriilmektedir. Bu durum, kronik
hastaliklarin  bireylerin gilinliikk yasam aktiviteleri
iizerindeki etkisini agik¢a ortaya koymaktadir.

Sekil 15, bireylerin istihdam durumlar ile kronik
hastalik durumlar1 arasindaki iliskiyi gostermektedir.
Istihdam durumu kategorileri arasinda, tam zamanl
iicretli ¢alisanlar arasinda kronik hastalik bildirenlerin
sayisi, bildirmeyenlere gore daha azken, emekliler
arasinda kronik hastalik bildirenlerin sayis1 daha fazla
goriinmektedir. Yar1 zamanl ¢aliganlar ve is arayanlar
arasinda da kronik hastaliklar yayginken, ev isleri ile
mesgul olanlar ve egitime devam edenler arasinda daha
az yaygindir. Bu dagilim, istihdam tiirii ve kronik saglik
durumlar1 arasindaki potansiyel korelasyonlar1 gozler
oniine sermektedir. Gorseldeki veriler, istthdam durumu
ve kronik hastaliklarin varligr arasindaki iliskiyi

incelerken, emeklilik ve tam zamanli ¢aligma gibi
hayatin farkli evrelerinin saglik {izerinde belirgin bir
etkisi olabilecegini isaret etmektedir. Emeklilik durumu,
muhtemelen yasla baglantili olarak kronik hastalik
prevalansinin (belirli bir siire i¢inde bir hastaligin
toplumda goriilme sikligini gosteren 6lgiit) yiiksekligini
gosterirken, tam zamanli ¢alisanlar arasinda bu oranin
daha diisiik olmasi, calisan niifusun genel saglik
durumunun daha iyi olabilecegine isaret edebilir. Yari
zamanli caliganlar ve ig arayanlar arasindaki kronik
hastalik oranlari, bu gruplarin stres ve yasam tarzi
faktorlerinin  saglik iizerinde etkili olabilecegini
diistindlirmektedir. Egitim gorenler arasinda kronik
hastalik oranmin diisiik olmasi, gen¢ niifusun genel
saglik durumunun daha iyi olabilecegini veya egitimin
saglik {izerinde olumlu bir etkisinin olabilecegini
yansitiyor olabilir. Bu tiir veriler, halk saglig1 planlamas1
ve istihdam politikalarinin olusturulmasi agisindan
degerli bilgiler saglamaktadir.
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Faaliyetlerde Simirlama
Sekil 14. Faaliyetlerde siirlama ve kronik hastalik durumu
arasindaki iliski (The relationship between limitation of activities
and chronic disease status)

istihdam Durumu ve Kronik Hastalik Durumu iliskisi

16000

Kronik Hastal ik Durumu
- et
- Hayir

istihdam Durumu

Sekil 15. istihdam durumu ve kronik hastalik durumu
arasindaki iliski (The relationship between employment status and
chronic disease status)
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Sekil 16, bireylerin egitim seviyesi durumlari ile
kronik  hastalik  durumlart  arasindaki iliskiyi
gostermektedir. Grafikte her bir egitim seviyesi, kronik
hastaligi olan bireyler (mavi) ve olmayan bireyler
(turuncu) olarak ikiye ayrilmistir. En yiiksek frekansa
sahip grup ilkokul mezunlar1 olup, bu grupta kronik
hastalig1 olan bireylerin orani diger egitim seviyelerine
gore oldukca yiiksektir. Ortaokul ve dengi okullardan
mezun olan bireylerde de kronik hastalig1 olan bireylerin
orani dikkat ¢ekicidir. Genel lise ve mesleki/teknik lise
mezunlarinda ise kronik hastalig1 olan bireylerin orani
nispeten daha diisiiktiir. Doktora ve yiiksek lisans
mezunlart ise, hem toplamda daha diisiik sayida temsil
edilmekte hem de kronik hastalik orani ¢ok diisiik
seviyelerde kalmaktadir. Genel olarak, egitim seviyesi
arttikca  kronik  hastalik  oraninin  azaldig
gozlemlenmektedir. Bu bulgu, diisiik egitim seviyesine
sahip bireylerde kronik hastaliklarin daha yaygimn
oldugunu ve egitimin bireylerin saglik durumu iizerinde
onemli bir etkiye sahip olabilecegini gostermektedir.

Egitim Seviyesi ve Kronik Hastalik Durumu Arasindaki iligki
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Sekil 16. Egitim seviyesi ve kronik hastalik durumu
arasindaki iliski (The relationship between education level and
chronic disease status)

Sekil 17, bireylerin sosyal yasam durumlari ile
kronik  hastalilk  durumlart  arasindaki  iliskiyi
gostermektedir. Grafikte sosyal yasam durumlari "Evet"
(sosyal etkinliklere katilanlar), "Hayir-diger nedenler"
(katilmayanlar)  ve  "Haywr-maddi  yetersizlik"
(katilamayanlar) olarak {i¢ ana gruba ayrilmistir. Sosyal
etkinliklere katilan bireylerin (Evet) arasinda kronik
hastalig1 olanlarin sayis1 dnemli bir orana sahip olup, bu
grup icerisindeki bireylerin biiylik ¢ogunlugunu kronik
hastaligi olmayanlar olusturmaktadir. "Hayir-diger
nedenler” kategorisinde, kronik hastaligi olan bireylerin
orani dikkate deger sekilde yiiksektir, ancak bu grupta
da kronik hastaligi olmayan bireyler g¢ogunlugu
olusturmaktadir. "Hayir-maddi yetersizlik"
kategorisinde ise kronik hastaligi olan bireyler ve
olmayan bireyler arasinda daha dengeli bir dagilim
oldugu gozlemlenmektedir. Genel olarak, sosyal
etkinliklere katilma oran1 diisiik olan bireyler arasinda
kronik hastaligin daha yaygin oldugu ve sosyal yagamin
saglik durumu tizerinde belirgin bir etkisinin olabilecegi
anlasilmaktadir. Bu bulgu, sosyal etkilesimlerin saglikla
iligkili sonuglar tizerindeki roliinii vurgulamaktadir.

Sosyal Yasam Durumu ve Kronik Hastalik Durumu Arasimdaki lligki

sosyal Yasam Durumu

Sekil 17. Sosyal yasam durumu ve kronik hastalik
durumu arasindaki iliski (The relationship between social life
status and chronic disease status)

Sekil 18, iicretli sosyal faaliyetlere katilma durumu
ve kronik hastalik durumlart arasindaki iliskiyi
gostermektedir. Ucretli sosyal faaliyetlere katilan
bireyler ("Evet") arasinda kronik hastalifi olan
bireylerin (mavi) orani olduk¢a diisiik olup, biiyiik
cogunluk kronik hastalifi olmayan bireylerden
(turuncu)  olusmaktadir. "Hayir-diger nedenler”
kategorisinde, sosyal faaliyetlere katilmayan bireyler
arasinda kronik hastaligi olanlarin orani daha yiiksektir,
ancak yine de kronik hastaligi olmayan bireyler bu
grupta ¢ogunlugu olusturmaktadir. Maddi yetersizlik
nedeniyle tcretli sosyal faaliyetlere katilamayan
bireyler arasinda ise kronik hastalig1 olan ve olmayan
bireylerin sayisi daha dengeli olup, kronik hastalig1
olmayanlar az bir farkla ¢ogunluktadir. Genel olarak,
iicretli sosyal faaliyetlere katilmayan bireyler arasinda
kronik hastaligin daha yaygin oldugu ve 6zellikle maddi
yetersizlik durumunda bu oranin daha belirgin hale
geldigi goriilmektedir. Bu bulgular, sosyoekonomik
faktorlerin ve saglik durumunun sosyal etkinliklere
katilim {izerindeki etkilerini ortaya koymaktadir.

icretli Sosyal Faaliyetlere Katilma Durumu ve Kranik Hastalik Durumu Arasindaki iliski
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Sekil 18. Ucretli sosyal faaliyetlere katilma durumu ve
kronik hastalik durumu arasindaki iligki (The relationship
between participation in paid social activities and chronic disease
status)
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5. Sonuclar (Conclusions)

Bu calismada, Tiirkiye Istatistik Kurumu’nun
(TUIK) 2023 Gelir ve Yasam Kosullar1 Arastirmasi
(GYKA) verileri kullanilarak, bireylerin kronik hastalik
durumlarinin ¢esitli makine 6grenimi yontemleri ile
siniflandirilmas1 amaglanmistir. Literatiirdeki mevcut
bosluk, genis ve karmasik veri kiimelerinden edinilen
bilgiyi etkili bir sekilde kullanarak saglik alaninda karar
verme stireglerini destekleyecek modellerin
gelistirilmesine yoneliktir. Bu ¢alisma, makine 6grenimi
yontemlerinin, 6zellikle de giiclii tahmin yetenekleri ve
karmasik iliskileri modelleme kapasitesi ile dikkat
¢eken TabNet derin 6grenme tekniginin, saglik verileri
analizinde etkin bir sekilde kullanilmasinin &nemini
vurgulamaktadir. Arastirmanin odak noktasi, saglik
hizmetlerine erisimdeki esitsizlikler ve sosyoekonomik
faktorlerin saglik durumlari iizerindeki etkisini anlamak
ve degerlendirmektir. Bu ¢alismanin bulgulari, saglik
politikalarinin gelistirilmesi ve sektdrel analizler igin
stratejik kararlar alinmasinda kullanilabilecek degerli
bilgiler saglamaktadir.

Bu ¢alismanin 6ne ¢ikan bulgulari arasinda, TabNet
modelinin %97 dogruluk oran1 ile en yiiksek
performanst gosterdigi tespit edilmistir. YSA, LSTM,
CNN, GBM ve RF gibi modeller de yiiksek dogruluk
oranlar1 sunmakla birlikte, TabNet modeli 6zellikle
genelleme yetenegi ve smiflar arasindaki dengeli
performanst ile one c¢ikmistir. Optuna kiitiiphanesi
kullanilarak tim modellerin hiperparametre
optimizasyonu yapilmis ve bu sayede modellerin tahmin
giicli artirnnlmistir. Ayrica, egitim seviyesi, sosyal yasam
katilimi, genel saglik durumu ve ekonomik faktorlerin
kronik hastalik riskleri tizerinde dnemli bir etkisi oldugu
bulgulanmistir. Sosyal yasam katilimimin ve ekonomik
yetersizliklerin kronik hastalik durumu ile gii¢lii bir
iliskiye sahip oldugu gdzlemlenmistir, bu da sosyal ve
ekonomik faktorlerin saglik iizerindeki roliiniin altim
¢izmektedir.

Bu bulgular dogrultusunda, saglik politikalarinin
kronik hastaliklarin 6nlenmesi ve yonetilmesine yonelik
olarak sosyal ve ekonomik faktorleri dikkate alacak
sekilde yeniden yapilandirilmast  gerekmektedir.
Ozellikle, sosyal yasam katiliminmn saglik iizerindeki
olumlu etkisi goz oOniinde bulundurularak, bireylerin
sosyal faaliyetlere katilimini tesvik eden programlar
gelistirilebilir. Maddi yetersizliklerin kronik hastaliklar
iizerindeki olumsuz etkisini azaltmak igin, disiik gelirli
bireyler ve gruplar igin saglik hizmetlerine erigimi
kolaylastirict politikalar hayata gegirilmelidir. Ayrica,
egitim seviyesinin kronik hastalik riskini azaltic1 etkisi
g0z Oniinde bulundurularak, saglik egitimi programlari
yayginlastirilmali ve ozellikle risk altindaki gruplara
yonelik farkindalik c¢aligmalart artirilmalidir. Bu tiir
biitiinciil politikalar, bireylerin hem fiziksel hem de
sosyal sagligimi iyilestirmeyi hedeflemeli ve sagligin
sosyal belirleyicilerini goz ardi etmeden daha kapsayici
bir yaklasim benimsemelidir.  Sektorel bazda
alinabilecek stratejik kararlar, saglik, egitim ve sosyal

hizmetler sektorleri arasinda is birligini artirmaya
yonelik  olmalidir.  Saglik  sektdriinde, kronik
hastaliklarin 6nlenmesi ve yonetimi i¢in daha entegre ve
kisisellestirilmis tedavi yaklagimlar1 gelistirilmelidir.
Bu dogrultuda, saglik teknolojilerine ve yapay zeka
destekli erken teshis sistemlerine yapilan yatirimlar
artirilabilir. Egitim sektoriinde, halk sagligma yonelik
bilinglendirme kampanyalart ve saglik egitimi
programlar1  gelistirilerek,  bireylerin  hastaliklar
hakkinda daha fazla bilgi sahibi olmalar1 saglanabilir.
Sosyal hizmetler sektoriinde ise, sosyal yasam katilimini
destekleyen projeler ve ozellikle diisiik gelirli gruplara
yonelik sosyal destek programlari uygulanabilir. Ayrica,
is diinyasinda ¢alisanlarin  saglik  durumlarinin
iyilestirilmesi amaciyla, is yerlerinde saglik taramalari,
fiziksel aktivite programlar1 ve psikososyal destek
hizmetleri tesvik edilmelidir. Bu stratejik adimlar,
sektorler arasi is birligi ile toplum sagliginin genel
olarak iyilestirilmesine katki saglayacaktir.

Bu ¢alismanin bulgularini literatiirde yer alan diger
calismalara kiyasladigimizda, TabNet modelinin kronik
hastalik siniflandirmasindaki %97 dogruluk oraniyla
one ciktigini ve ozellikle Tiirkiye Istatistik Kurumu
(TUIK) wverileri iizerinde elde edilen sonuglarm
literatiire Onemli bir katki sagladigimi gormekteyiz.
Ozkan (2019)'un Gradient Boosting algoritmasiyla
hepatit hastaligini %98.36 dogruluk, %98.68 kesinlik ve
9%98.95 duyarlilikla smiflandirmasi, veri 6n isleme ve
model se¢iminin 6nemini vurgulamakla birlikte, bu
calismada kullanilan TabNet modeliyle elde edilen
sonuglar, farkli bir saglik alaninda benzer bir
performans sergilemistir. Ahmed vd. (2019)'un CNN ile
16semi alt tiirlerini smiflandirma ¢alismasinda %88.25
dogruluk elde edilmistir, bu da CNN'in 6zellikle goriintii
tabanli verilerdeki basarisin1 gostermektedir. Ancak,
TabNet modeli, ozellikle tabular veri lizerinde daha
yiiksek dogruluk saglamasiyla fark yaratmaktadir.
Gaddam ve Pattnaik (2020)'in YSA ile aritmi tespitinde
%91 dogruluk elde etmesi de kardiyovaskiiler
hastaliklar i¢in etkili bir smiflandirma sunarken,
TabNet’in kronik hastaliklarin simiflandirilmasindaki
basaris1 daha genig bir veri seti {izerinde daha yiiksek
performans saglamaktadir. Pacci vd. (2021)'in tiip bebek
tedavisinde gebelik tahmini i¢in Destek Vektor
Makineleri ile elde ettigi %71.7 dogru pozitif ve %59.4
dogru negatif oranlari, TabNet modelinin kronik
hastalik simiflandirmasindaki %97 dogruluk oranina
kiyasla daha diisiik bir performans sergilemistir. Tang
ve Liu (2021)'in Alzheimer hastaliginin ilerleyisini
smiflandirmada Rastgele Orman algoritmasi ile elde
ettikleri %96.14 dogruluk orani, TabNet modeline yakin
bir basar1 gostermektedir, ancak TabNet’in daha genel
bir veri seti ilizerinde bu basarty1 saglamasi dikkat
cekicidir. Akcan ve Sertbas (2021) ile Purwaningsih
(2022) tarafindan yapilan ¢alismalardaki sonuglarla
karsilastirlldiginda,  ozellikle  topluluk  6grenme
yontemleri ve DVM gibi algoritmalarin basarili bir
sekilde uygulandigi goriilmektedir. Akcan ve Sertbas’in
gogiis kanseri teshisinde topluluk 6grenme yontemlerini
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kullanarak Soft Voting, Bagging ve XGBoost ile en
yiiksek dogruluk oranlarina ulagmasi, bu yontemlerin
bireysel smiflandirma algoritmalarina goére {stiin
performans sergiledigini gostermektedir. Ayni1 sekilde,
bu calismada kullanilan TabNet modeli de kronik
hastaliklarin smiflandirilmasinda benzer bir sekilde
yiiksek dogruluk orani (%97) elde etmistir. Topluluk
ogrenme yontemleri gibi, TabNet de karmasik saglik
verileri ilizerinde genelleme yetenegi acisindan etkili
sonuglar sunmaktadir. Purwaningsih’in ¢aligmasinda
ise, DVM modeli ve ileri 6zellik se¢imi (forward
selection) kullanilarak kronik bobrek hastaliginin
%99.75 dogrulukla smiflandirilmast, DVM
algoritmasmin  optimize edilmis haliyle yiiksek
performans sagladigimi gostermektedir. Bu dogruluk
orani, TabNet’in kronik hastaliklar iizerinde elde ettigi
%97 dogruluk oranina kiyasla biraz daha yiiksek olsa da,
her iki galismada da ozellik se¢imi ve dogru model
optimizasyonunun siniflandirma basarilarint artirdigt
vurgulanmaktadir. Ayrica, Purwaningsih'in
calismasindaki YSA modelinin %90,5 dogruluk orani
ile  TabNet’in elde ettigi %97  dogruluk
karsilagtirildiginda, TabNet’in daha yiiksek bir
performans sergiledigi goriilmektedir. Sevli (2023)'nin
diyabet hastaligini %96.29 dogruluk ile siniflandirmasi,
Gradient Boosting ve AdaBoost gibi yontemlerle
yiiksek basari elde edilmistir. Coskun ve Yiiksek (2023)
ise Gradient Boosting ile hepatit hastaliginin
smiflandirilmasinda %98.36 dogruluk oranina ulasarak
basarili bir sonu¢ elde etmislerdir, ancak TabNet’in
kronik hastaliklar iizerindeki uygulamalar1 bu basariya
oldukga yakindir. Son olarak, Kim vd. (2023)'tiin LSTM
ve CNN tabanli modelle %94.3 dogruluk elde etmesi,
kronik hastaliklarin zaman serisi verileri iizerinde
incelenmesi agisindan O6nemlidir. Bu c¢aligmadaki
TabNet modeli, tablo verisi iizerinde yiiksek dogrulukla
calisarak, kronik hastalik tahmini gibi kritik saglik
problemlerinde basarili bir performans sergilemektedir.
Coskun ve Yiiksek (2023)’in ¢alismasinda Gradient
Boosting algoritmast  %98.36 dogruluk ile One
¢ikmigken, bu ¢alismada TabNet %97 dogruluk oraniyla
olduk¢a yakin bir performans sergilemistir. Bununla
birlikte, Gradient Boosting hepatit hastaliginda yiiksek
basar1 saglamig olsa da, TabNet'in genis bir kronik
hastalik yelpazesinde benzer bir basari elde etmesi,
modelin genel uygulanabilirligi agisindan onemli bir
avantajdir. Kim vd. (2023)’in CNN ve LSTM
kombinasyonunu kullanarak kronik hastalik tahmininde
%94.3 dogruluk elde etmesi, derin Ogrenme
modellerinin zaman serisi verilerde etkili oldugunu
gostermektedir. Ancak, TabNet modeli %97 dogruluk
ile daha yiiksek bir performans sergilemis ve 6zellikle
tabular veri iizerinde giiglii bir alternatif olarak One
¢ikmustir. Zhang vd. (2023)’in LSTM modeliyle %98.82
dogruluk orani elde etmesi de LSTM'nin ses verileri
iizerinde yiiksek performans sagladigini gosterirken,
TabNet'in saglik verisi gibi tabular yapilar iizerinde
etkili sonuglar vermesi onu farkli bir baglamda rekabetci
hale getirmektedir. Ozdemir (2023)’in  aritmi

smiflandirmasinda Gradient Boosting ve Rastgele
Orman gibi yontemlerle yiiksek dogruluk elde etmesi,
bu c¢alismanin  bulgularin1  desteklemekte olup,
TabNet'in kronik hastalik tahmininde bu ydntemlerle
rekabet edebilecek diizeyde performans sundugunu
gostermektedir. Ayni sekilde, Duyar vd. (2023)’iin
TabNet’in boosting yontemlerine kiyasla daha diisiik
performans gosterdigini belirttigi calismada, bu modelin
farkli  veri tlirlerine ve saglik  kosullarina
uygulanabilirliginin  incelenmesi gerektigi ortaya
citkmaktadir. Choubey vd. (2024)’iin PCA ve XGBoost
kullanarak kronik hastalik tahmininde %98.8 dogruluk
elde etmesi, TabNet ile karsilastirildiginda biraz daha
yiiksek bir sonug¢ sunmaktadir. Ancak, TabNet’in islem
stiresi ve model yapisindaki avantajlar1 gz Oniine
alindiginda, bu caligmanin genis capl saglik verisi
tizerinde sagladigt %97 dogruluk orani 6nemli bir
bagaridir. Ayrica, Elkholy vd. (2023)’tin TabNet
kullanarak kronik bobrek hastaligini %92.5 dogrulukla
tahmin etmesi de, TabNet’in kronik hastaliklar tizerinde
etkili olabilecegini vurgulayan diger bir bulgudur.
Sonug olarak, TabNet modeli, yukarida bahsi gecen
diger caligmalarla karsilastirildiginda, ozellikle genis
tabular veri kiimeleri iizerinde yliksek dogruluk ve
genelleme yetenegi sunarak rekabetci bir performans
sergilemistir. Gradient Boosting, LSTM ve CNN gibi
modellerin spesifik veri setlerinde basarili sonuglar elde
etmesine ragmen, TabNet’in  kronik  hastalik
siniflandirmasindaki basarisi, genis veri setleri ve
uygulama alanlar1 i¢in giiglii bir alternatif oldugunu
gostermektedir.

Bu calisma, Tiirkiye Istatistik Kurumu’nun 2023
Gelir ve Yasam Kosullari Arastirmasit verileri
kullanilarak makine 6grenimi yontemleri ile bireylerin
kronik  hastalik  durumlarinin  siniflandirilmasina
yoneliktir. Veri setinde kullanilan bagimsiz degiskenler,
kronik hastaliklarin siniflandirilmasinda énemli bir rol
oynamis ve elde edilen yiiksek dogruluk oranlarina katki
saglanmustir. Ozellikle bireylerin egitim seviyesi, sosyal
yasam katilimi, ekonomik durumu ve genel saglik
durumu gibi demografik ve sosyoekonomik degiskenler,
kronik hastaliklarin tahmin edilmesinde belirleyici
olmustur. Egitim seviyesi diisiik bireylerde kronik
hastalik riskinin daha yiiksek oldugu goézlemlenirken,
sosyal yasamdan uzak olan ve maddi yetersizlik ¢eken
bireylerde de hastalik riskinin arttig1 bulgulanmistir. Bu,
sosyal ve ekonomik faktorlerin bireylerin saglik durumu
tizerindeki etkisini dogrulamakta ve sagligin sosyal
belirleyicileri kavramimnin &nemini vurgulamaktadir.
Ayrica, veri setinde yer alan diger degigkenler,
bireylerin genel saglik durumu ve yasam kosullariyla
iligkili olup, kronik hastalik riskini etkileyen ¢ok yonlii
faktorler  olarak  karsimiza  ¢ikmaktadir.  Bu
degiskenlerin modelde dogru sekilde kullanilmasi,
TabNet ve diger makine Ogrenimi algoritmalarmin
yiksek  performans gostermesini saglamig ve
hastaliklarin siniflandirilmasinda 6nemli bir basari elde
edilmigtir.
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Bu calismanin bazi kisithliklar: bulunmaktadir. Tlk
olarak, kullamlan veri seti Tiirkiye Istatistik
Kurumu’nun (TUIK) belirli bir zaman dilimine ait
verilerine dayandigi i¢in, veriler cografi ve zamansal
olarak simirlidir; bu da modelin farkli popiilasyonlar ve
zaman dilimlerinde genelleme yetenegini sinirlayabilir.
Ikinci olarak, veri setindeki bagimsiz degiskenler
aguilikli  olarak  sosyoekonomik ve demografik
faktorlerden olusmakta olup, biyomedikal ve klinik
verilerin  eksikligi, kronik  hastaliklarin  daha
derinlemesine ve biyolojik temelli bir analizine olanak
saglamamaktadir. Ayrica, modelin performansi yiiksek
olmasina ragmen, kullanilan degiskenlerin dogrulugu ve
eksiksizligi modele dogrudan etki etmektedir; eksik
veya hatali veriler modelin tahmin giiciinii zayiflatabilir.

Gelecekte yapilacak caligmalar i¢in birkag 6nemli
dneri ve tavsiye sunulabilir. flk olarak, veri setinin
cografi ve zamansal sinirlarinin tesine gegerek, farkli
iilkelerden ve bolgelerden elde edilen daha genis
kapsamli ve ¢ok merkezli veri setlerinin kullanilmasi,
modelin genelleme yetenegini artirabilir. Ayrica,
mevcut c¢aligmada kullanilan  sosyoekonomik ve
demografik degiskenlerin yan1 sira, biyomedikal
verilerin (genetik, klinik test sonuglari ve hastalik
geemisi vs.) entegrasyonu, kronik hastaliklarin daha
derinlemesine analiz edilmesini saglayarak modelin
tahmin dogrulugunu artirabilir. Ayrica, gelecekte hibrit
model yaklagimlariin denenmesi, tahmin
performansini daha da iyilestirebilir. Ayrica, modelin
aciklanabilirligi ve yorumlanabilirligini artirmak igin
SHAP ve LIME gibi model agiklama tekniklerinin
kullanilmasi, saglik profesyonellerinin ve politika
yapicilarin sonuglar1 daha iyi anlamalarina ve karar
stireclerine dahil etmelerine yardimci olabilir. Son
olarak, zaman serisi analizine dayali c¢aligmalarin
genigletilmesi, kronik hastaliklarin ilerleyisi ve uzun
vadeli saglik sonuglar1 iizerine Ongoriiler sunarak
proaktif ~ ve  Onleyici  saglik  politikalarinin
gelistirilmesine katki saglayabilir.
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Abstract

The growing population and industrialization have resulted in an increased demand for energy, which has worsened environmental
problems such as pollution and climate change. Renewable energy sources are considered a promising solution due to their
environmental benefits and limited potential. This study examines the use of neural networks and time series analysis to predict
electricity generation rates from renewable energy sources in Turkey. We use the LSTM, NNAR, and ELM models, all of which utilize
the backpropagation algorithm for neural network forecasting. Additionally, we apply ARIMA, Holt’s trend, linear regression, mean,
and exponential smoothing models for time series analysis. We evaluate the performance using the mean absolute error and root mean
square error on the training and test data. The study showed that LSTM models outperformed the ARIMA (1,2,1), ARIMA (2,2,1),
ARIMA (3,2,1), and NNAR methods in forecasting accuracy. Although the NNAR model initially had the lowest error, its linear
predictions made it less suitable for practical applications. This study highlights the effectiveness of neural networks and time series
analysis in predicting renewable energy sources. The ARIMA (1,2,1), LSTM and ARIMA (3,2,1) modeling methods are useful for
optimizing the planning and management of Turkey's renewable energy future, contributing to a more sustainable energy landscape.

Keywords: Renewable energy, Turkey, time series, neural networks, climate change, ARIMA, LSTM

Tiirkiye'de Yenilenebilir Enerji Tahmini: Analitik Yaklasimlar

Oz

Artan niifus ve sanayilesme, enerji talebinin artmasina neden olmus, bu da kirlilik ve iklim degisikligi gibi ¢evre sorunlarini daha da
kotiilestirmistir. Yenilenebilir enerji kaynaklari, ¢cevresel faydalari ve smirsiz potansiyelleri nedeniyle imit verici bir ¢dziim olarak
degerlendirilmektedir. Bu ¢alisma, Tiirkiye'de yenilenebilir enerji kaynaklarindan elektrik {iretim oranlarini tahmin etmek i¢in sinir
aglarnin ve zaman serisi analizinin kullanimin1 incelemektedir. Sinir ag1 tahminleri i¢in her ikisi de geri yayilim algoritmasini temel
alan LSTM, NNAR ve ELM modellerini kullaniyoruz. Ayrica zaman serisi analizi icin ARIMA, Holt trendi, dogrusal regresyon,
ortalama ve listel diizeltme modellerini kullaniyoruz. Performansi, egitim ve test verilerinde ortalama mutlak hata ve kok ortalama kare
hata kullanarak degerlendiriyoruz. Caligma, LSTM modellerinin tahmin dogrulugunda ARIMA (1,2,1), ARIMA (2,2,1), ARIMA
(3,2,1) ve NNAR yontemlerinden daha iyi performans gosterdigini gostermistir. NNAR modeli baslangigta en diisiik hataya sahip
olmasina ragmen dogrusal tahminleri onu pratik uygulamalar i¢in daha az uygun hale getirdi. Calisma, yenilenebilir enerji
kaynaklarinin tahmin edilmesinde sinir aglarinin ve zaman serisi analizinin etkinligini vurguluyor. ARIMA (1,2,1), LSTM ve ARIMA
(3,2,1) modelleme yontemleri, Tiirkiye'nin yenilenebilir enerji geleceginin planlanmasi ve yonetimini optimize etmek ve daha
stirdiiriilebilir bir enerji ortamina katkida bulunmak i¢in kullanighdir.

Anahtar kelimeler: Yenilenebilir enerji, Tiirkiye, zaman serileri, sinir aglari, iklim degisikligi, ARIMA, LSTM

1. Introduction with a nearly limitless supply, ensuring sustainability

- . . . over time (“Renewable energy explained - U.S. Energy
Energy, in its basic form, is a system's ability to perform Information Administration (EIA),” 2023). Renewable
work or generate heat, while renewable energy refers to energy sources may vary among countries. Turkey
naturally replenished sources of energy (Coburn and possesses a diverse range of renewable energy sources,
Farhar, 2004). Renewable energy is a source of energy including hydropower, wind, and solar energy.
continually replenished by natural processes (Hersh, According to information from the YTBS website,

2006). Renewable energy can be obtained from sources
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Turkey's renewable energy usage rates in 2023 were as
follows: biomass accounted for 2.65%, solar for 5.83%,
geothermal for 3.43%, and wind for 10.52%. To
increase energy production, it is important to utilize
different sources and invest in renewable energy. In this
regard, energy prediction studies are of critical
importance in accurately forecasting future energy
demand and planning necessary investments. Many
studies have demonstrated the success of methods such
as artificial neural networks (ANNS) in numerical
estimation problems. In this study, various prediction
models were employed, including neural network
autoregression (NNAR), extreme learning machines
(ELM), exponential smoothing, Holt's trend, linear
regression, mean model, autoregressive integrated
moving average (ARIMA) and long short-term memory
(LSTM). ANNSs can learn dispersed relationships in data
(Mossalam and Arafa, 2018). ANNs models possess a
structure that mimics the learning functions of the
human brain. Information is transmitted through
connections between neurons, and the network is trained
with preexisting datasets. The goal is to find the network
configuration that will produce the most accurate
prediction. Various components, such as the learning
algorithm and the activation function, contribute to
achieving this configuration. Determining the optimal
network structure can be considered an optimization
problem. Once this structure is established, the
developed network model can be used to make future
predictions with minimal inaccuracy. Typical ANN
models use simplified neuron models similar to human
neurons (Nastos et al., 2013). ANN, ARIMA, NNAR,
and LSTM models are widely used and effective
methods for energy prediction. ANNs have the ability to
learn from complex datasets and forecast future trends,
enabling the prediction of energy production and
consumption levels, price fluctuations, and other factors.
Many of these methods have been tested to establish
standards, and the selection of the estimation model is
based on error rates.

A time series consists of observations produced
sequentially over time. A set is considered continuous if
it is continuous; otherwise, it is discrete (Baskan, 2008).
The primary objective of time series analysis is
prediction. The fundamental idea is to utilize past
observations to forecast the future, and the model that
best describes the data is then employed to predict future
outcomes based on historical records (Baccar, 2019).
This study investigated the usability of current methods
such as artificial neural networks, ARIMA, ELM,
NNAR and LSTM in estimating Turkey's renewable
energy production rate.

This study aims to guide Turkey's decision-making
process for its renewable energy future and identify the
most effective methods. The use of new technologies
such as ANNSs is important for improving Turkey's
energy production capacity and ensuring energy
security. Forecasts regarding Turkey's energy
production capacity in the future are important for

planning investments and ensuring energy security. In
this study, the findings of these predictions obtained
from the most up-to-date methods are presented.

2. Literature Review

The literature has been surveyed to provide brief
summaries of studies conducted chronologically in
Turkey and around the world that employ forecasting
methods related to renewable energy sources.

Paoli et al. employed neural network (MLP), ARIMA,
the k-nearest neighbors algorithm, Bayesian
decipherment, and Markov chain estimation methods to
predict preprocessed daily solar radiation time series
(Paoli et al., 2010a). Hocaoglu and Karanfil utilized
Granger causality and impulsive response analysis
estimation methods in their study, adopting a time
series-based approach to renewable energy modeling
(Hocaoglu and Karanfil, 2013a). Golestaneh et al.
employed the ELM estimation method (Golestaneh et
al., 2016). Jiang et al. utilized the ELM estimation
method. Additionally, the investigation incorporated the
bacterial-foraging optimization algorithm (BFOA) and
empirical mode decomposition (EMD) as estimation
methods. This study applied empirical mode
decomposition and an advanced ELM optimized with
the BFOA to estimate China's renewable energy
terminal power consumption (Jiang et al., 2019).
Tharani et al. utilized various machine learning
techniques to comprehensively examine and project
renewable energy trends (Tharani et al., 2020).
Goncalves et al. utilized vector autoregression, privacy
preservation, and distributed learning prediction
methods. Additionally, they conducted a study on
confidentiality-preserving distributed learning for
renewable energy prediction (Goncalves et al., 2021). In
their research, Gullu and Kartal focused on the
electricity  production  objectives derived from
renewable energy sources, including solar, wind, and
hydroelectric power. They adopted the Box-Jenkins
ARIMA methodology to estimate the individual
installed capacities of these various renewable energy
types. (Giilli and Kartal, 2021). In another study
conducted by Cetin et al., future energy production was
predicted using real data from a solar power company
and employing machine learning algorithms. This study
utilized the LSTM method, a type of ANN, to conduct
predictions and analyses. The results revealed an error
rate ranging from 1% to 15%. Future studies will focus
on other renewable sources like wind, geothermal, and
hydro energy (Cetin and Isik, 2021).

Erturk et al. developed ANN models using MATLAB
for four provinces located in different climatic zones of
Turkey (Kayseri, Rize, Hakkari, and Izmir) to accurately
determine the amount of solar radiation. The solar
radiation predictions made by the model yielded the best
results for the province of Hakkari, with an R? value of
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0.93, followed by Izmir, Kayseri, and Rize. There was a
consistent agreement between the values predicted by
the ANN models and the measured values for each
province (Ertiirk et al., 2023).

Kaysal et al. conducted a study using data from a wind
farm located in the Mediterranean region, spanning the
years 2018 to 2020. They employed convolutional
neural network (CNN) and binary long short-term
Memory (BLSTM) algorithms for prediction purposes
(Kaysal et al., 2023). Cakir (2023), highlighted the
increasing challenge of forecasting REG for effective
energy management. Various time series models,
encompassing physical models, statistical techniques,
and artificial intelligence algorithms, have been
proposed to address this challenge. Notably, fuzzy time
series (FTS) models were applied to forecast Turkey's
REG between 2000 and 2020. The results indicate that
the proposed integrated model demonstrates high
accuracy and serves as a valuable tool not only for REG
forecasting but also for addressing other time series
forecasting problems. Cakir suggested further
exploration of this integrated model (Cakir, 2023).

Rajni et al. examined monthly energy production data
spanning from January 1973 to December 2019. They
conducted a study on renewable energy production in
the United States from January to December 2020. This
investigation employed ARIMA time series analysis
techniques to forecast ten future time periods (months),
specifically considering total renewable energy
production (Rajni et al., 2024).

In a 2024 study, Bquet et al. developed an Al-based
framework at the Swiss Federal Institute of Technology
(EPFL) using a Long Short-Term Memory (LSTM)
model to predict solar energy for different time horizons.
The dataset consisted of 17,297,280 Global Horizontal
Irradiance (GHI) measurements taken every 10 seconds
between January 1, 2016, and November 1, 2021. The
LSTM model proved highly effective for short-term
forecasts, particularly for horizons a few hours ahead
(Bouquet et al., 2024).

Solano et al. used Support Vector Regression (SVR),
Extreme Gradient Boosting (XGBT), Categorical
Boosting (CatBoost) machine learning algorithms for
solar radiation prediction and proposed an ensemble
feature selection method to select the most relevant
input parameters and their past observations. The
method called Voting Average (VOA) is an ensemble
learning method that includes SVR, XGBT and
CatBoost. As a result of the study, they proved that VOA
outperformed the other algorithms (Solano et al., 2022).

In this study, in comparison to other studies identified
through a literature review, the commonly utilized
forecasting methods were ARIMA, employed by Paoli
etal., Giillii and Kartal, Rajni et al. Golestaneh et al. and
Jiang et al. utilized ELM in their studies. Additionally,
LSTM was utilized by Cetin and Isik, Kaysal et al...

Furthermore, Cetin and Isik, Erturk et al. and Han et al.
employed ANNSs.

Previous studies by Cetin and Isik and Ertiirk et al. had
a narrower focus, examining a single company's
production capacity or a localized region, respectively.
Giilli and Kartal used the ARIMA methodology to
predict solar, wind, and hydroelectric power. In contrast,
this study estimates the share of renewable energy in
total energy production, excluding hydroelectric power.
Unlike previous studies, this research evaluates the most
recent data from 1960 to 2023, encompassing all
renewable energy sources in Turkey. Additionally, it
compares several established algorithms using the most
recent data. This study stands out by testing eight
different  forecasting methods on the most
comprehensive dataset and demonstrating the suitability
of the ARIMA and LSTM algorithms predictive models
by focusing on the top five results.

Upon reviewing the literature, it is evident that studies
have focused on forecasting solar energy alone (Cetin
and Isik, 2021; Ertiirk et al., 2023; Goncalves et al.,
2021; Paoli et al., 2010b), wind energy (Kaysal et al.,
2023), both solar and wind energy (Cakir, 2023), and a
combination of solar, wind, and hydropower
(Golestaneh et al., 2016; Giillii and Kartal, 2021; Jiang
et al.,, 2019). Additionally, numerous studies explore
renewable energy consumption (Jiang et al., 2019),
trends (Tharani et al., 2020), and the relationships
between various parameters of renewable energy
(Hocaoglu and Karanfil, 2013b).

When examining studies on renewable energy sources
in Turkey, Cetin et al. employed the LSTM algorithm,
but their work was limited to a specific region within
Turkey, and similar to Erturk et al., they only forecast
solar energy. Our study, on the other hand, covers the
entire country and focuses on predicting energy
generation from all renewable sources, excluding
hydropower. Hocaoglu et al. investigated the
relationships between parameters of renewable energy
in their study, while Gilli and Kartal included
hydropower among renewable energy sources. Cakir
aimed to forecast solar and wind energy generation
using a dataset spanning 2000 to 2020. An analysis of
Cakar’s predictions reveals that the aim was to estimate
total production volume. However, our study focuses on
predicting the share of renewable energy in Turkey's
total energy production as a percentage. When
comparing the trends, both studies indicate an upward
trend. Moreover, while Cakir's study produced forecasts
only up to 2020, our work extends the predictions to
2028, offering continued insights beyond 2020, thus
contributing to a more sustained forecasting approach.

3. Method
3.1. Methods Used for Prediction
3.1.1. Extreme Learning Machine (ELM) Method
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The single hidden layer feed-forward neural network
consists of three neural layers. Its name derives from the
nonlinear hidden layer in the model, which processes
input layer data features. When the hidden layer
performs no computations, the output layer becomes
linear and is devoid of any transformation function or
bias (Akusok, 2016). The single-layer hidden-layer
neural network model with L, a number of training
samples in with N, a weight vector between the input and
hidden layers with w, an activation function with g, a vias
vector with b and an input vector with x. The ELM
method is formulated as equation g(x) as shown in
Equation 1 (Erdem, 2020), which includes hidden
neurons and an activation function.

L
ZB] g((Wj'Xi) + b])zyl, i=1,2,..,N (1)
j=1

Extreme Learning Machine (ELM) is a fast algorithm
for Single-Layer Feedforward Networks (SLFN),
randomly assigning input weights and biases, while
analytically determining output weights using the
generalized inverse of the hidden layer's output, thus
greatly improving learning speed and generalization
performance (Guang-Bin Huang et al., 2004).

3.1.2. Neural network autoregression (NNAR) model
method

The neural network autoregression (NNAR) model is a
three-layer feedforward neural network (Maleki et al.,
2018), as illustrated in Figure 1.

Input Layer [ Output Layer
(tx)
F (1) .
FIE2) Hidden Layer
rw
yep) +

et}

Figure 1. Schematic representation of the NNAR model
(Gibson, 2020).

The NNAR (Neural Network Autoregression) model is
a data-driven, feedforward neural network that uses the
backpropagation algorithm for training and parameter
estimation (Sadia et al., 2022). The input layer of the
network receives the lagged values of the time series,
representing past observations and in the hidden layer,
the model learns complex nonlinear relationships
between these past values (Daniyal et al., 2022). The
backpropagation algorithm is used to minimize the error
between the predicted and actual values by adjusting the
network's weights. This error is propagated backwards

from the output layer through the network, updating the
weights to improve future predictions.

3.1.3. Autoregressive Integrated Moving Average
(ARIMA) Modeling Method

The ARIMA model was developed according to the
methodology described by Box and Jenkins (Box et al.,
1994). There are three basic types of ARIMA models:
the moving average (MA) model, autoregressive (AR)
model, and integrated (1) model (Yang et al., 2020). The
nonseasonal model is one of the various ARIMA
models. The general equation for the ARIMA (p, d, q)
model is formulated in Equation 2 and approximated as
shown in Equation 3. In these equations, d represents the
number of differences, t denotes the discrete time, @,, is
the autoregressive parameter, e represents the residual
and 6, is the moving average parameter. Additionally,
X.and U,are both reliable variables. The symbol d
represents the difference (Nyatuame and Agodzo,
2018).

UL’ = ®1UL'—1 + ®2Ut—2+ "+®pUt—p + & — 9185_1 (2)

— Oy6i5— .. 0454

U= X — Xiq 3)

During the tuning of the ARIMA models,
autocorrelation ~ function (ACF) and  partial
autocorrelation function (PACF) plots were constructed
to identify the optimal ARIMA parameters based on the
lag observations. An automatic configuration was
preferred for the lambda parameter. Additionally, the
ACF graph is shown in Figure 2, and the PACF graph is
shown in Figure 3.

ACF

Figure 2. Representation of the ACF Graph
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Figure 3. Representation of the PACF Graph

3.1.4. Holt’s trend method

Holt's trend method estimates the parameter for trend
correction using the Holt-Winters method. The
multiplicative model for Holt's trend method is
formulated in Equation 4, while the additive model is
expressed in Equation 5. In Equation 5, when examining
the equation symbols, the symbol S: represents
exponential correction at time t, Sii signifies
exponential correction at time t-1 corresponding to
seasonal elements, b denotes trend elements at time t
and bya represents trend elements at time t-1
(Nurhamidah et al.,, 2020). In addition, B is the
smoothing factor for the trend and F is the forecast at
steps ahead (Mrutyunjaya, 2020).

By = B (Fi—q1 — Fip) + (1 — B)B—» (4)

by = B (St — Se-1) + (1 = B) b4 (%)

3.1.5. LSTM neural network model

The LSTM model (Hochreiter and Schmidhuber, 1997)
is a powerful recurrent neural system specially designed
to overcome the exploding/vanishing gradient problems
that typically arise when learning long-term
dependencies, even when the minimal time lags are very
long (Van Houdt et al., 2020).

LSTMs are a type of recurrent neural network (RNN)
designed to capture long-term dependencies in time
series data, utilizing “cell states” to store important
information and “gates” to determine which information
should be remembered and which should be forgotten
(Olah, 2015)

An LSTM neural network model typically comprises an
input sequence layer, one or more LSTM layers
arranged sequentially to capture time dependencies in
the data, a fully connected layer to transform the output
size of preceding layers into the number of classes to be
recognized, and a softmax layer to compute the

probability of belonging to each class. Additionally, it
includes a classification output layer to calculate the cost
function (Ghislieri et al., 2021). LSTM networks offer
several advantages, including dynamic system modeling
capabilities in diverse application domains such as
image processing, speech recognition, manufacturing,
autonomous systems, communication, and energy
consumption (Lindemann et al., 2021).

The adaptive moment estimation (Adam) stochastic
gradient descent method, which is based on the adaptive
estimation of first and second-order moments, was
employed for optimizing the LSTM algorithm.

3.2. Criteria used in the analysis of the results
3.2.1. Mean absolute error (MAE)

The MAE is calculated as the average of the absolute
differences, referred to as errors, between the expected
and actual observations. As shown in Equation 6, the
MAE is calculated as the average of the absolute
differences (errors) between the expected and actual
observations a,, represents the actual value, is the
observed value, n is the number of observations and N
is the number of observations.

N -
MAE = Zn=t8n=2n] (6)

3.2.2. Root mean square error (RMSE)

As indicated in Equation 7, the RMSE is employed to
calculate the average magnitude of the differences
between the predicted and observed values. In this
equation, o,, represents the observed value, a,
represents the actual value, n is the number of
observations and N represents the number of tuples in
the test dataset.

N -
RMSE = _|Zn=1(0n=an)® )
N

3.3 Dataset

In the experiments, we utilized a dataset encompassing
the total rate of electrical energy obtained by Turkey
from  renewable energy  sources, excluding
hydroelectricity, for the years 1960-2023. The data for
the years 1960 to 2015 were sourced from the World
Bank website, while the data for the years 2015 to 2019
were obtained from the Ministry of Energy.
Subsequently, data for the years 2019 to 2023 were
acquired from the YTBS-TEIAS website (“Yiik Tevzi
Bilgi Sistemi (YTBS)-Tiirkiye Elektrik Istatistikleri,”
2023).
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The dataset contains two attributes: "Date" and
"Electricityproduction”. Since the dataset was provided
as structured Excel and .csv files by the relevant
institutions, no additional data cleaning was performed.
However, due to the absence of records for the year
1982, the Kalman Filter method was employed to
impute the missing data in the time series. Using this
method, the data for 1982-1983 was automatically filled
in without disrupting the integrity of the series.

The R programming language, with the R-Studio
application, was used for the data analysis. In the
experimental results section, the outcomes of the
estimation processes are discussed in depth. The R
programming language is employed for statistical
analysis, particularly by data scientists, academics, and
health researchers (Lanovaz and Adams, 2019).

4. Experimental Design

The available data were partitioned into training and
testing sets, and the dataset underwent time series
estimation using the most preferred methods. Among
the time series analysis estimation methods, we
employed the ARIMA, Holt’s trend, linear regression,
mean, and exponential smoothing models. On the other
hand, artificial neural network estimation methods
include the use of the ELM method, the LSTM neural
network model and the neural network autoregression
(NNAR) method. The methods employed in the study
were implemented using the R programming language
in the R-Studio application. The 'Keras3' library and the
"TensorFlow' library were utilized within the R software
environment to employ the LSTM algorithm. The data
used in the analysis from 1960 to 2018 are labeled
training data, while the data from 2019 to 2023 are
designated test data. The reason for selecting the data
from the last few years as the test set is to evaluate the
model's predictive ability based on recent trends and
variables. This approach may help the model to better
predict future trends. We developed several prediction
models using training data from 2019 to 2023. The
performance of these models was then evaluated using
the MAE and the RMSE. This sequence represents a
widely accepted approach to solving this type of
problem. Furthermore, these values were compared to
determine which method yielded better results. Five
results were obtained from each estimation method for
the years 2019-2023. Finally, future projections were
made for the years 2024 to 2028. As a result of this
process, 5 outcomes were obtained, contributing to the
overall assessment.

5. Experimental Results

The dataset used is displayed in Figure 4. Upon
examination of the graph, it becomes evident that certain
irregular increases and decreases occurred in the

percentage share lines. Consequently, the observed
dataset is identified as having a trend component. The
absence of a seasonality component is attributed to the
uneven distribution of lines in the graph.

Electricity Production From Renewable Sources
Excluding Hydroelectricity (Percentage of Total)
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Figure 4. Graphical Representation of the Data Set

Forecasting for the years 2019-2023 was conducted
using the training data. First, we tested popular models,
and the results are presented in Table 1. Table 2 lists the
five estimation methods that yielded the best results.
Among the five methods, NNAR demonstrated the best
performance when examining the test data segment of
the estimation process.

The second-best method was the LSTM modeling
method, followed by the ARIMA (1,2,1) modeling
method as the third-best estimation approach. The
fourth-best estimation method was the exponential
smoothing method, followed by the ARIMA (3,2,1) as
the fifth best.

Table 1. Performance Values of All Methods

Forecasting Method MAE RMSE
NNAR 0.99 1.48
ELM 7.54 8.49
Exponential Smoothing 6.52 7.00
Holt’s Trend 7.54 8.50
Linear Regression 20.27 20.42
Mean (constant) Model 22.91 23.05
ARIMA (1,2,1) 1.65 1.84
ARIMA (2,2,1) 7.24 8.28
ARIMA (3,2,1) 6.52 7.18
LSTM 1.40 1.73

Table 2. The Accuracy Values of the Test Data of the Five
Methods That Give the Best Results

Forecasting Method MAE RMSE
NNAR 0.99 1.48
LSTM 1.40 1.73
Exponential Smoothing 6.52 7.00
ARIMA (1,2,1) 1.65 1.84
ARIMA (3,2,1) 6.52 7.18

Table 3 displays the estimated values and the actual
values for the methods that produced the best results.
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The table clearly shows that the values obtained using
the ARIMA (3,2,1) and ARIMA (2,2,1) modeling
methods are closely aligned. Although they exhibit an
increase compared to the exponential smoothing
method, they do not align well with the actual values.
Conversely, it has been revealed that the values obtained
through the NNAR method and the LSTM method are
more congruent with the actual values than those
obtained through other methods.

The actual values in Table 3, along with the estimated
values, are depicted in Figure 5. While the estimated
values of the ARIMA (3,2,1) and ARIMA (2,2,1)
models closely align on the graph, an unrelated pattern
is evident in the graph line representing the actual
values. The graph shows that the estimation values of
the NNAR method, the LSTM method and the ARIMA
(1,2,1) modeling method are closer to the graph line of
the actual values than those of the other estimation
methods.

Table 4 displays the estimated energy percentage values
projected for the years 2024-2028, utilizing the five
estimation methods that demonstrated the best results on
the test data by leveraging the entirety of the training
dataset.

Table 3. Estimated and actual values of the models

Table 4. Forecasts of the Models for the Next 5 Years

ARIMA ARIMA

Year NNAR LSTM Exp. Smooth. 1.21) (321)
2024 26.072  34.087 28.453 31875 31.245
2025 25.303 37.958 28.453 35.422  35.306
2026 25.029 40.576 28.453 39.254  38.903
2027 24928 43.130 28.453 43.377 42874
2028 24.890 45.017 28.453 47806 47.412

Estimated Values on Test Data (2019-2023)

60-
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s
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Ve 2019 2000 2021 2022 2023
NNAR  21.639 24182 26.143 27547 28.499
LSTM 2279 24466 26435 28249 29.393
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Smooth.
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Figure 5. Estimated Values of the Models versus the
Actual Values

Estimated Values of the Models

While the percentile values estimated in the NNAR
model and the exponential smoothing model, as shown
in Table 4, remained relatively stable, those calculated
using the LSTM, ARIMA (1,2,1), and ARIMA (3,2,1)
modeling methods increased over the years. Notably, the
increase observed in the ARIMA (1,2,1) modeling
method surpassed that of ARIMA (3,2,1).

In addition, upon examining the estimated values on the
graph shown in Figure 6, it is evident that the graph line
representing the percentile values obtained in the neural
network autoregression (NNAR) model remains
constant. In contrast, the values obtained through the
LSTM, ARIMA (1,2,1) and ARIMA (3,2,1) modeling
methods increase.
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6. Conclusions and Discussion

We are witnessing the escalating impacts of global
warming each day, and it is evident that carbon dioxide
emissions, in particular, are the primary cause of this
situation. One of the most effective methods for
mitigating this effect is to accelerate the adoption of
renewable energy resources. Understanding the
potential of existing renewable energy sources and
assessing the degree to which this potential is already
being harnessed will provide valuable insights into the
broader landscape. Additionally, for planners and
strategists, envisioning the future utilization of
renewable energy sources is a crucial consideration.
Examining our renewable energy potential and
strategizing its future utilization allows us to formulate
a comprehensive plan. In this study reviews various
estimation approaches for forecasting the future
utilization of renewable energy sources and these
approaches can be applied to other countries and
regions.

The dataset includes information on the electricity
generated from renewable sources in Turkey spanning
64 years (1960-2023). For modeling purposes, the
initial 59 years of data were used as training data, while
the remaining 5 years served as test data. Various time
series estimation methods were applied to the dataset,
revealing that the NNAR method, a type of artificial
neural network method, demonstrated the best
performance. However, NNAR consistently iterated a
constant value for its future predictions. In contrast, the
series exhibited an upward trend, which NNAR failed to
capture. The NNAR model makes predictions by
establishing a linear relationship from past observations.
This may have resulted in an inability to adequately
capture the non-linear dynamics inherent in complex
and variable processes such as energy production, which
is the focus of this study. As a result, NNAR's linear
predictions may fail to account for these complexities,
making them less suitable for long-term and precise
forecasting. Therefore, LSTM algorithm, which had the
second-best prediction results, was considered more
suitable for forecasting.

Considering the upward trend, the LSTM, ARIMA
(1,2,1) and ARIMA (3,2,1) modeling methods produced
the best results. According to our findings, it can be
predicted that the share of renewable energy in Turkey's
total energy production (excluding hydroelectric) from
2024 to 2028 will fall within the range of 34.09% to
45.02%. The techniques employed in this study can be
tested for the quantitative estimation of both
underground and surface resources. In similar tests,
researchers may opt for LSTM and ARIMA modeling
methods.

Unlike previous studies that focused on specific regions
or types of renewable energy, this study aimed to
forecast the share of all renewable energy production in
Turkey, excluding hydroelectric power. Furthermore,
the study employs eight distinct forecasting methods,

thereby offering a more comprehensive understanding
of the predictive models applied in the field. Notably,
the study validates the effectiveness of well-performing
algorithms such as ARIMA and ELM, further
contributing to the empirical knowledge base in
renewable energy forecasting.

Furthermore, the fact that these forecasting methods can
be applied to other resource types and geographical
areas implies that comparable approaches can be applied
to provide reliable energy projections on a global scale.
For their forecasting requirements, researchers and
practitioners might investigate the usage of LSTM and
ARIMA models. Researchers by modifying the models
to take into consideration local characteristics and data
accessibility, they can improve future predictions.

In conclusion, by highlighting the advantages of both
conventional and modern modeling approaches and
offering useful data for future studies and policy
formulation, this work seeks to add to the body of
knowledge on renewable energy forecasting.
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Abstract

Objective: There are a limited number of pathogenic variants known in the MEFV gene. In silico tools fail to classify many MEFV
gene variants. Therefore, it is essential to implement novel approaches. Our goal is to develop a new strategy to solve the even number
classification problem while improving MEFV gene variant prediction accuracy using small datasets.

Material - methods: First, we determined the optimal humber of computational tools for the model. We then applied eight distinct
ML algorithms on the training dataset containing MEFV gene variants using the determined tools. We initiated the application of
modified hard voting machine learning algorithms, using a training and validation dataset. Subsequently, we implemented a
comparative analysis between the prediction results and existing algorithms and studies. Finally, we evaluated the gene and protein
level ascertainment to identify hotspot regions.

Results: The ensemble classifier scored an average ROCAUC of 88%. The modified hard voting method correctly classified all known
variants with 82% accuracy, outperforming both the soft voting (75%) and hard voting (70%) methods. The results showed that the
prevalence of LP variants was approximately 2.5 times higher in domains compared to LB variants(y2: 13.574, p <0.001, OR: 2.509
[1.532-4.132]).

Conclusion: Considering the limited understanding of the clinical implications associated with MEFV gene mutations, employing a
modified hard voting classifier approach may improve the classification accuracy of computational tools.

Keywords: Classification, FMF, Machine learning, MEFV, Voting Classifier

MEFY Gen Varyantlarinda Modifiye Edilmis Sert Oylama Siniflandiricisi
Uygulamasi, In-Silico Ara¢ Performansim Artiryor: Kiiciik Orneklem Boyutu
Icin Yeni Bir Yaklasim

Oz

Amac: MEFV geninde bilinen smirli sayida patojenik varyant bulunmaktadir. In siliko araglar, bircok MEFV gen varyantini
siniflandiramamaktadir. Bu nedenle, yeni yaklasimlarin uygulanmasi gerekmektedir. Sert oylama siniflandiricilart ve saglam
dogrulama teknikleri siniflandirma igin kullanilabilir; ancak cift say1 siniflandirmasi dogru bir sekilde yapilamamaktadir. Amacimiz,
hem ¢ift say1 siniflandirma sorununu ¢6zmek hem de kiigiik veri setleri kullanarak MEFV gen varyanti tahmin dogrulugunu artirmak
icin yeni bir strateji gelistirmektir.

Yéntem: ilk olarak model igin optimal sayida hesaplama aracini belirledik. Daha sonra, belirlenen araglar kullanilarak MEFV gen
varyantlarint igeren egitim veri setinde sekiz farkli makine 6grenme algoritmasi uygulandi. Egitim ve dogrulama veri setinin
kullanimiyla, modifiye edilmis sert oylama makine 6grenme algoritmalarinin uygulanmasina baglandi. Bundan sonra, tahmin sonuglari
ile mevcut algoritmalar ve c¢aligmalar arasinda karsilastirmali bir analiz gergeklestirildi. Son olarak, gen ve protein diizeyinde
degerlendirme yapilarak hotspot bolgeler belirlendi.

Bulgular: Topluluk smiflandiricisi, ortalama ROC AUC puanlarinin %88 oldugunu gosterdi ve modifiye edilmis sert oylama
siniflandirict yontemi ile bilinen tiim varyantlart %82 dogrulukla siniflandirdi. Bu oran, hem yumusak (%75) hem de sert oylama
smiflandirici (%70) yontemlerinden daha yiiksektir. Tiim varyantlarin kolektif degerlendirilmesi, LP varyantlariin, LB varyantlarina
gore alanlarda yaklagik 2,5 kat daha yaygin oldugunu ortaya koymustur (y2:13.574, p < 0.001, OR: 2.509 [1.532-4.132]).
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Sonu¢: MEFV gen mutasyonlarmim klinik sonuglariyla ilgili bilgi yetersizligi goz 6niine alindiginda, modifiye edilmis sert oylama
smiflandirict yaklagimimi kullanmak, hesaplama araglarinin siniflandirma dogrulugunu artirmak igin kiigiik 6rneklemlerde makul bir

yontem olabilir.

Anahtar Kelimeler: Simflandirma, Ailevi Akdeniz Atesi, Makine Ogrenmesi, MEFV, Oylama Smiflandiricist

1. Introduction

The widespread utilization of next-generation
sequencing technology enhances the probability of
diagnosing familial Mediterranean fever (FMF),
ascertains the carrier rates within the population, and
forecasts the likelihood of disease recurrence. Although
the widespread utilization of Next-Generation
Sequencing (NGS) assays has led to the discovery of a
multitude of novel variants within the MEFV
gene(Kirnaz, Gezgin and Berdeli, 2022)[1], The
International Study Group on Systemic
Autoinflammatory Disorders (INSAID) consensus
criteria found that the clinical outcomes of more than
half of the MEFV gene variants are categorized as
variation of unknown significance fort the American
College of Medical Genetics (ACMG)(Van Gijn et al.,
2018) [2].

Physicians and patients face difficulties in
comprehending and interpreting the clinical
implications of variants of uncertain significance
(VOUS). In order to ascertain the clinical implications
of the VOUS variant, it is necessary to conduct well-
executed functional and hereditary investigations.
However, these studies are associated with substantial
costs and time requirements. Consequently, there is a
need for innovative approaches that are both rapid and
cost-effective, while also posing minimal risk, to predict
the consequences of MEFV variants(Richards et al.,
2015; Nykamp et al., 2017) [3, 4]. The utilization of
existing variant prediction tools was considered as the
second option. Nevertheless, there is a divergence of
viewpoints regarding the selection and utilization of
protein prediction methods and meta-predictors for the
purpose of clinical variant evaluation, as highlighted by
Richards et al. (Richards et al., 2015)[3]. The ACMG
and Clingen organizations have recommended
conducting extensive evaluations at the gene
level(Pyeritz and for the Professional Practice and
Guidelines Committee, 2012; Stewart et al., 2018;
Harrison, Biesecker and Rehm, 2019; Burdon et al.,
2022; Lai et al., 2022)5-9]. Although despite these
efforts, it is still insufficient to accurately predict the
clinical implications of most genes, including MEFV.

Our research endeavours focused on the exploration
of a novel approach that incorporates an optimal
selection of tools and machine learning algorithms,
aiming to achieve a level of accuracy that is close to
perfection. The accuracy of predicting outcomes is
dependent on the training data exhibiting high levels of
responsiveness. Therefore, the implementation of novel
machine learning selection methods is expected to
mitigate uncertainties. Nevertheless, numerous machine
learning algorithms are currently employed in various
amino acid prediction scores, meta scores, and ensemble

algorithms. However, conventional machine learning
(ML) algorithms are developed by choosing the
classification method that yields the highest level of
accuracy. This process fails to adequately acknowledge
the success achieved by other machine learning
algorithms. Many ML algorithms work well in large
datasets(Song et al., 2021). However, some datasets
contain many uncertainties, making it impossible to
achieve larger sample sizes(Accetturo, Bartolomeo and
Stella, 2020; Alay, 2024). Therefore, in these situations,
it is imperative to develop novel methodologies. Hard
and soft voting classifiers are employed to enhance the
performance of in silico tools and to evaluate the
contribution of multiple scores to the classification
process. However, hard voting classifiers perform
binary classification (1 or 0), making accurate
assignments in cases involving an even number of
classifiers challenging. Many previous studies have
reported difficulties in achieving consensus with an even
number of algorithms(Awe et al., 2024). To address this
specific limitation, it may be beneficial to develop a
method that incorporates only the most effective
algorithms into the prediction process.In this study, we
propose and evaluate a method called the "modified hard
voting classifier" designed to overcome this issue.

This study aims to present a novel methodology for
improving the accuracy of MEFV gene variant
classification by utilizing optimal amino acid prediction
scores and machine-learning algorithms. Our objective
is to establish a more precise categorization of MEFV
variants while minimizing uncertainty through the
development of a new voting classifier. The findings of
this study will provide valuable insights for clinicians in
interpreting the clinical significance of variants with
ambiguous effects on health outcomes and contribute to
the development of gene-specific interpretation
guidelines.

2. Material-Methods

2.1. Machine Learning Analyses

Libraries

Python were utilized for machine learning analysis
step. The following libraries were utilized: sklearn for
machine learning analysis, seaborn and matplotlib for
data visualization, statsmodel for statistical models, and
pandas and numpy for data manipulation. All versions
of libraries were compatible with Python 3.7.1.
Evaluation.

2.2. Data Retrieval Process

We obtained 389 MEFV variants from the Infevers
database (https://infevers.umai-montpellier. fr/web, last
access date:05/04/2022), focusing solely on single
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nucleotide variants within the coding region such as
missense and silent variants. Variants such as
frameshift/inframe  deletions, termination  gain,
termination loss, insertions, , and indels were omitted for
analysis. In line with Clingen and ACMG guidelines,
only clinically validated SNV predictors endorsed or
evaluated by the Clingen group or ACMG guidelines
were considered(Richards et al., 2015; loannidis et al.,
2016; Tian et al., 2019; Savige et al., 2021; Pejaver et
al., 2022; Cheng et al., 2023)

2.3.Feature Determination

During the process of selecting in-silico tools, we
evaluated a number of conditions. First, we chose in-
silico tools because they were up-to-date, validated, and
recommended by ACMG guidelines(Richards et al.,
2015) and Clingen Group (Savige et al., 2021; Waring
et al., 2021; Pejaver et al., 2022; Wilcox et al., 2022).
Second, we meticulously determined that missing values
for relevant variant scores in the entire dataset should
not be included(Palanivinayagam and Damasevicius,
2023). Third, we compared all scores multicollinearity
by using Spearman correlation. According to these rules,
four in silico tools (Revel,MetaLR,SIFT, FATHM)
were detected compatible with our algorithms. Other
details of the selection in silico tool process are indicated
in Supplementary File 1.

2.3. Feature Engineering

Data Preprocessing

For encoding dummy variables, the "Label Encoder”
and "Ordinal Encoder" methods of
sklearn.preprocessing are utilized. The "standard scaler"
method was implemented for data standardization. The
standard scaler method implemented after dataset split
into training validation and prediction.

X%“ (1) Standardization(Z-score normalization)

Checking for Normality, Data Transformation and
Dimension Reduction

We examined the distribution patterns for four
distinct scoring metrics and determined that three of
them were right-skewed, while the remaining one was
left-skewed. In response to these findings, we applied
square root and logarithmic transformations to
normalize our dataset. Given the non-normal
distribution of all four scores, we employed the Kruskal-
Wallis H test as the appropriate non-parametric
statistical method.

After conducting a thorough investigation, we found
a total of 266 distinct MEFV gene mutations in our
dataset. The breakdown can be outlined as follows: The
recorded values are as follows: The distribution of the
classifications of the variations is as follows: Benign
(B): 3, Likely Benign (LB): 46, Likely Pathogenic (LP):

44, Pathogenic (P): 5, Variations of Unknown
Significance (VOUS): 110, Not Categorized (NC): 26,
Unsolved (US): 32. Given the diverse attributes of this
dataset and the challenges associated with the seven-tier
classification system, we recognized the need to
decrease the number of dimensions to achieve a fairer
and more understandable analysis. Several prior
research employed the same methodology. (Accetturo et
al., 2020; Accetturo, Bartolomeo and Stella, 2020;
Mighton et al., 2022) Figure 1 provides a visual
depiction and comparative examination of the seven-tier
and three-tier classification systems. By employing
dimensionality  reduction techniques, we have
circumvented the "curse of dimensionality," thereby
defining boundaries that facilitate more accurate
discrimination between damaging and benign genetic
variants.

Upon conducting an extensive review, we identified
98 clinically recognized variants, evenly split between
49 likely benign and 49 likely pathogenic. These
variants were selected to form a balanced training
dataset. The dataset was subsequently partitioned,
allocating 80% (n=78) for training purposes and 20%
(n=20) for validation. Utilizing this set of clinically
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Figure 1. MEFV variants distributions according to seven-tier
and three-tier categories. For this step, we verified whether REVEL,
SIFT, MetaLR, and FATHMM scores for the classes "LB" vs. "B" and
"LP" vs. "P" did not show a statistically significant difference. In no
cases, the medians of the two benign and two pathogenic classification
groups demonstrated statistically significant differences (Kruskal-
Wallis test not significant for non-parametric ANOVA of "LP" vs.
"LP/P vs. "P" and "B" vs. "LB"). Therefore, we merged into LB and B
as LB, LPand P as LP, and NC, VOUS, and US as VOUS. al,b1) The
frequency of variants according to infevers seven-tier classification
system and our three-tier classification system,respectively.
a2,a3,a4,a5) The box and plot distribution of infevers seven-tier
classification according to Revel, MetaLR, SIFT, and FATHMM
classification systems. b2,b3,b4,b5) The box and plot distribution of
new three-tier classification according to Revel, MetaLR, SIFT, and
FATHMM classification systems c1,d1) Comparison of variants
according to exonic placements betwen seven-tier Infevers
Classification and three-tier new classification system. Most of the
pathogenic variants were placed in exon 10. c2,c3,c4,c5) Variant
distribution by cDNA position according to Infevers seven-tier
classification system. No certain pattern of clustering detected
d2,d3,d4,d5) Variant distribution by cDNA position according to new
three-tier classification system. Higher than 0.9 Revel scores most
likely associated with variant pathogenicity similar to Clingen PP3
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classification evaluation. No clear distinguished threshold is evident
for other scores e1,f1) Variant distribution according to pyrin protein
domains. PF02758: PAAD/DAPIN/pyrin domain, PF00643: Domain
b-Box Zinc Finger domain, PF13765:SPRY-associated domain,
PF00622: SPRY domain Most of the pathogenic variants placed in
SPRY domain of pyrin protein. e2,e3,e4,e5) Variant distribution by
aminoacid position according to infevers seven-tier classification
system. f2,f3,f4,f5) Variant distribution by aminoacid position
according to new three-tier classification system

Corroborated variants, our aim was to ascertain the
optimal number of features necessary for reliable
predictions. A review of existing literature, coupled with
sample size determinations, revealed that a quartet of in-
silico tools yielded the most favorable performance
(Ogundimu, Altman and Collins, 2016; Riley et al.,
2019; Accetturo et al., 2020; Acharjee et al., 2020; Luan
etal., 2020).

2.4. Feature Selection

2.4.1. Selection of Machine learning Methods

We utilized seven machine learning techniques—K-
nearest neighbor (KNN), Decision Tree(DT), Random
Forest (RF), Multilayer perceptron Logistic regression
(LR), Linear Support Vector Machine (SVM-linear),
and Radial basis function Support Vector Machine
(SVM-RBF)—to analyze four scores (SIFT, FATHMM,
Revel, and MetalLR).

2.4.2. Dataset Evaluation

We trained RF, DT, KNN, LR, LSVM, KSVM, and
PSVM on four scores (REVEL, MetaLR, SIFT,
FATHMM). We did k-fold crossvalidation, leave one
out of crossvalidation, leave p out of crossvalidation,
and validation dataset techniques for a model validation
and generalizability techniques. As compatible with our
dataset nature k-fold cross-validation put forward best
results with 10 values. As our training dataset was
balanced, so we determined our threshold value
according to the accuracy score. We used other
paramaters such as precision, recall and F1 metrics for
dataset evaluation explained at Supplementary File S2.

2.4.3. Modified Hard Voting Classifier

Problem

A Hard Voting Classifier cannot make an
assignment in the case of a tie. In such instances,
weighting is necessary; however, applying weights
requires prior assumptions about these characteristics.
This approach neglects the individual performance
metrics of the algorithms. A new classification method
that considers performance metrics for binary
classification could resolve this issue for the Hard
Voting Classifier.

Formulas

Given a set of n algorithms {4, 4, ..., A,} , where

n is an even number and g is an odd number, we aim to

select machine learning algorithms with the highest
ROCAUC scores and use hard voting to combine their
predictions. Let the ROCAUC scores of algorithms be
{ROCa1, ROCa;, ....,ROCan}.
1. Select the algorithms with ROC AUC scores
greater than 0.80:
Successful_algorithms = { A ;| ROC,, > 0.80 }
2. Iterative Reduction to an Odd Number
While the number of successful algorithms is even
and greater than 1, reduce it by half: While
|Successfulalgon-thms|% 2 = 0and
|Successfulalgon-thms| > 1:
Successful_algorithms =
{ Ai |Accuracy, , in top half of
Accuracy scores of Successful_algorithms }
3. Final Set of Algorithms
After the iterative reduction, let {As, Ass,..., Apm}
be the final set of algorithms, where m is an odd
number.
4. Hard Voting Classifier
Combine the predictions of the final set of

A

algorithms using a hard voting mechanism: § =
argmax Bty x (Cay, () = k)
CAfj(x) is the prediction of algorithm for Ag;

instance x, and y is the indicator function that
equals 1 if the condition is true and O otherwise.

Application

We conducted assessments of machine learning
algorithms with a focus on those that exceeded a pre-
established accuracy threshold. Our analysis techniques
were built on ensemble models, specifically using a
voting prediction approach. This method did not assign
weighted scores for predictive accuracy; instead, our
classification system was binary, labeling outcomes as
either "classified" or "not classified." For instance,
should all three machine learning algorithms concur in
identifying variant "X" as LP, it would receive a score
of “3” and be -categorized accordingly as LP.
Conversely, if only two algorithms determined variant
"Y" to be LB, it would garner a score of “2” and be
categorized as LB. Thus, our method operates under
stringent criteria without utilizing weighted scoring,
leading us to describe it as a “modified hard voting
classifier.”

Consequently, we predicted our variants similar to
the hard voting classifier algorithm. However, four
approaches were different from the hard voting
classifier: (1) Voting classifier did not solve even
numbers classification problem. (2)We did not only
implemented hard voting classifier on not only training
and validation dataset, but also prediction scores. (3)
Different from classic hard voting classifier we did not
calculate all scores, we only included voting a showed
outstanding area under curve scores which was accepted
as higher than 80%. (4) We selected each algorithms
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best paramaters not only combination of best paramaters
of scores [Figure 2].

Modified Hard Voting Classifier

1E

(1) urve
If high bias or high variance available exclude frol . AdaBoost and DT were excluded due to weak learning

2) Evaluate Performance Metrics
ROCAUC s higher than 0.80 include the model otherwise exclude from the model

(3)C res
Overall6 models were used. Hard voting es where there are even numbers, if the
estimate of the targetvariable remains the same number. In this case, the modified hard voting classifier performs the
assignment through scoring, as in the soft voting classifiermethods.

Figure 2. Establishing a modified Hard Voting Classifier

2.5. Functional and Clinical Level Evaluation

We evaluated each variant in two categories for
functional-level ascertainment: gene-level and protein-
level. While we established gene-level evaluation based
on exonic position, we implemented protein-level
evaluation by comparison of pyrin protein domain
distributions. We evaluated MEFV domains initiation
and termination location according to protein databank

(https://www.rcsh.org/), Ensemble, Prosite
(https://www.expasy.org/resources/prosite), conserved
domain databases

(https://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
), InterPro (https://www.ebi.ac.uk/interpro/), and
existing literature(Grandemange et al., 2011). MEFV
(NM_000243.3)

transcripts were based on variants distribution
on pyrin protein.

2.6. Sample Size Calculation

Before implementing machine learning
analysis, we had to conduct sample size calculations.
Our sample size calculation was implemented on the
basis of study of Accetturo et al. (Accetturo et al., 2020).
Furthermore, the metapredictors and aminoacid
prediction tools that we implemented in the study have
already been trained on a larger dataset(Waring et al.,
2021; Pejaver et al., 2022; Sallah et al., 2022).
Considering the number features and sample size it is
sufficient  to  implement  machine  learning
methods(Ogundimu, Altman and Collins, 2016; Riley et
al., 2019; Luan et al., 2020; Rajput, Wang and Chen,
2023).

2.7. Statistical Analysis

Our statistical analyses were performed utilizing
Python version 3.7.1 alongside SPSS version 25.0 for
Windows (IBM, Chicago, IL). We established a 95%
confidence interval for the entirety of our statistical

tests. The significance levels, denoted as alpha (o) and
beta (B), were set at 0.05 and 0.20, respectively. A p-
value threshold was determined to be 0.05, with values
falling below this cutoff being considered statistically
significant.

To evaluate the distribution of both discrete and
continuous numerical variables, normality was probed
using a suite of graphical and analytical techniques.
Conformity with normal distribution assumptions
allowed the use of means and standard deviations; in
their absence, medians and interquartile ranges were
employed. Categorical variables, either nominal or
ordinal, were quantified and expressed as frequencies
and percentages, with ordinal variables arranged
according to their inherent hierarchy.

Graphical methods such as Q-Q plots, detrended
plots, boxplots, histograms, and stem-and-leaf plots,
alongside the analytical Kolmogorov-Smirnov test,
were utilized to assess the normality of the data. The
range for skewness and kurtosis was considered
acceptable between -1 and +1, while skewness and
kurtosis indices — calculated by dividing the respective
values by their standard errors — were deemed to reflect
normality when falling within the -2 to +2 range.

For variables that adhered to normal distribution, we
applied the Analysis of Variance test. This was followed
by post hoc analysis using the Tukey test to identify
significant pairwise differences. In the case of non-
normally distributed data, the non-parametric Kruskal-
Wallis H-test was administered, succeeded by the Dunn-
Bonferroni test for post hoc comparisons.

3. Results

3.1. Evaluation of Training dataset

It is highly recommended that, when
developing novel algorithms, one should not only
concentrate on novelty but also identify a good feature
dataset(Khalid and Sezerman, 2018). Therefore, we
examined our training dataset and determined the
threshold of 80% ROCAUC required for machine
learning algorithms to succeed. All algorithms exceeded
the threshold value. However, Adaboost and DT were
excluded from the model due to their
overfitting[Supplementary Figure 3 and 4]. Revel score
is detected as the most important feature when
classifying datasets according to the most accurate
classifier algorithm, RF [Figure 3]
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Figure 3. Feature Importance Metrics according to Random
Forest Classifier. Revel is the most important feature which is
contributed roughly about 50% to classifier.

3.2.Validation and hyperparamater tuning

Overall 98 known variants analyzed under two
dataset: training dataset (n=78) and validation dataset
(n=20). All. After implementing the machine learning
algorithm, we conducted hyperparameter tuning for our
accurate machine learning classifier algorithms [Table
1]. The learning curve demonstrates low bias and
variance, even when trained on a small dataset,
indicating robust and reliable model performance
[Figure 4]. K-fold Crossvalidation (CV) and nested CV
methods were used for validation methods which were
more robust to sample size(Vabalas et al., 2019;
Larracy, Phinyomark and Scheme, 2021; Dalmaijer,
Nord and Astle, 2022).

Learning Curve (Voting Classifier)

—e— Training score
101 —e— Cross-validation score

0.4 1

Score

0.2

0.0

25 3 3 4 45 50 55 60
Training examples
Figure 4. Modified Hard Voting Classifier Learning Curve. Both
the training and validation curves were generated from a small dataset,
exhibiting relatively low bias and variance, thus indicating a robust
and reliable model performance.

Table 1. Cross validation results in validation dataset(n=78 for
training dataset, and n=20 for validation dataset)

ML Precision Recall Accuracy ROC
Methods AUC
LR 0.79 0.75 0.76 0.9
SVM-RBF 0.81 0.77 0.77 0.89
SVM-Linear 0.77 0.86 0.81 0.9
Gaussian NB 0.89 0.75 0.81 0.89
kNN 0.82 0.77 0.79 0.85
RF 0.86 0.79 0.82 0.91

Stratified K-fold CV implemented (The best results obtained in 10-
fold CV. The 10-fold CV results were represented above). The results
were checked with nested cv which is more robust to sample size. The
similar results were obtained. The best parameters obtained for each
classifier are as follows: RF classifier: - 'bootstrap": False - 'max_depth":
None - 'min_samples_leaf": 3 - 'min_samples_split": 10 - 'n_estimators'":
10 max_features=3 KNN classifier: - 'algorithm': 'auto’ - 'n_neighbors":
3 -'p" 2 - 'weights": ‘uniform’. DT classifier: - ‘criterion: 'entropy’ -
‘max_depth": None - 'min_samples_leaf": 2 - 'min_samples_split: 2 NB
Classifier n_jobs=-1, cv=5, verbose=5, var_smoothing= le-6 , LR
Classifier penalty=L2, C:1000, SVM Classifier 'C': 1000, ‘gamma’:
0.01, 'kernel": 'rbf* SVM-linear Classifier {'C". 1000, 'break_ties"
False, 'cache_size: 200, 'class_weight: None, ‘coef0: 0.0,
‘decision_function_shape": 'ovr', 'degree": 3, 'gamma’: 0.01, 'kernel": 'rbf’,
‘max_iter: -1, 'probability": False, 'random_state’: None, ‘shrinking":
True, 'tol': 0.001, 'verbose": False} SVM-RBF classifier {'C": 1000,
‘break_ties': False, ‘cache_size": 200, ‘class_weight': None, ‘coef0': 0.0,
‘decision_function_shape": 'ovr', 'degree": 3, 'gamma’: 0.01, 'kernel": 'rbf',
‘max_iter -1, 'probability": False, ‘random_state": None, 'shrinking":
True, 'tol: 0.001, 'verbose': False}. For hyperparameter optimization,
the GridSearchCV algorithm was implemented with a 10-fold
CV. However, due to the overfitting observed in DT and AdaBoost
Classifier, both of the algorithms were excluded from the analysis.

3.3.Comparison of the Training Dataset Results

with Existing Literature

The next step we compared our results with
existing literature and scores we used in our dataset.
According to this comparison, modified hard voting
classifier has most accurate classifying known variants
[Figure 5]. The mean ROCAUC of six remaining ML
methods was detected as 88% in both training and
validation dataset. Interestingly, modified hard voting
classifier classified more than 82% of known variants
correctly in overall (training and validation) dataset. In
the literature, the second most accurate classifier was
Linear Discriminant Analysis conducted by Accetturo et
al. classified variants with 75 % accuracy(Accetturo et
al., 2020). Most of the predictors classified LB variants
with higher ROCUAC scores than 80%; however, LP
classification showed a wide range of variety in
accuracy scores between 2% - 62.5(loannidis et al.,
2016; Liu et al., 2016; Knecht et al., 2017; Tian et al.,
2019; Accetturo et al., 2020).
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Figure 5. Comparison of modified hard voting classifier with
existing algorithms by evaluating their success in classifying known
variants. This figure illustrates the improved classification metrics
achieved by a modified hard voting classifier for the prediction of
MEFV gene variants. Traditional in silico predictors have struggled to
distinguish MEFV gene variants, often performing at levels
comparable to random chance. The modified hard voting classifier,
however, demonstrates enhanced accuracy, sensitivity, and specificity,
showecasing its superior discriminatory power in the analysis of MEFV
gene variants. Additionally, this classifier has improved the
classification performance of the existing hard voting classifier. As a
result, it has outperformed the soft voting classifier. The modified hard
voting classifier, especially for small sample sizes, can be combined
with well-tuned k-fold cross-validation or nested CV methods, which
are not significantly affected by the sample size.

3.4. Prediction Outcomes and Evaluation of Machine
Learning Algorithms on VOUS variants

After the voting classification of training
(n=78) and validation (n=20) dataset, overall 94 out of
98 (95.91%) variants were classified accurately in our
dataset. The same prediction implemented for VOUS
variants. Overall, we found 85 LP variants and 83 LB
variants. As a result, we discovered 134 LP variants and
132 LB variants in the overall dataset. New distribution
of all MEFV gene variants indicated in Figure 6.

Figure 6. Visualization of Prediction Algorithm Results. a)
While, Revel, MetaLR, and SIFT algorithms contributed statistically
significant effect on model (p<0.05), FATHMM algorithm plays a
supporting role on it. b1) Domain distribution of MEFV gene variants
prediction results according to  c¢cDNA position b2) Domain
distribution of MEFV gene variants prediction results according to
aminoacid position. While most of the pathogenic variants distributed
into PF00622 domain ( 2.595[1.525-4.425], p<0.001) , most of the
benign variants distributed into PF00643 domain. PF02758:
PAAD/DAPIN/pyrin domain, PF00643: Domain b-Box Zinc Finger
domain, PF13765:SPRY -associated domain, PF00622: SPRY domain
Most of the pathogenic variants placed in SPRY domain of pyrin
protein.

3.5. Functional Evaluation

3.5.1.  Gene-level (Exonic) Ascertainment

In our initial assessment of variants of
uncertain significance, we ascertained that exon 10
harbored 37.6% (32/85) of variants predicted as likely
pathogenic, whereas exon 2 contained 41.0% (34/83) of
those predicted to be likely benign. Through our
prediction methodology, it was concluded that 61.5%
(32/52) of exon 10 variants and 58.6% (34/58) of exon
2 variants were classified as LP and LB, respectively. A
disproportionate distribution was observed, with exons
7, 9, and 10 presenting a greater prevalence of LP
variants in contrast to the preponderance of LB variants
in other exons. In particular in exon 10, 42.5% (57/134)
of the variants were categorized as likely pathogenic
(LP), and in exon 2, 43.2% (57/132) were classified as
likely benign (LB). Statistical analysis demonstrated a
significant discrepancy in the distribution between LP
and LB variants in these exons. As a result of our gene-
level analyses revealed that exon 10 variants were 2.6
times more prone to be classified as LP than LB (y2:
12.858, p < 0.001, odds ratio [OR]: 2.629; 95% ClI:
1.539-4.493). In contrast, exon 2 variants had a higher
likelihood of being labeled as LB compared to LP (y2:
12.693, p < 0.001, OR: 2.595; 95% CI: 1.532-4.132).
Afterwards, we combined our prediction outcomes with
the training datasets (LB and LP) and assessed them
according to exonic positions [Table 2].
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Table 2. Distribution of all variants by exons and variant prediction
outcomes

Variant 95% Interval
prediction
outcomes
Exons p
LB LP values  Odds Lowe  Upper
(n= (n=13 ratios r
132 4)
)
1 4 11 0.118* 2862 0.887 9.228
2 57 30 <0.001 0.380 0.223 0.646
b
3 20 14 0.334* 0.653 0315 1.356
4 3 2 0.683° 0.652 0.107 3.963
5 14 10 0.463* 0.680 0.291 1590
6 - - * * * *
7 - 4 0.122¢ * * *
8 1 4 0.370° 4.031 0445 36.549
9 4 2 0.445° 0485 0.087 2.693
10 29 57 <0.01° 2629 1539  4.493

a Chi-square(Yates correction), b. Pearson chi-square test, c.
Fisher Exact test,*not calculated. Evaluation of each exon is based
on the LP to LB ratio.

3.5.2. Protein-Level (Domain-based) Evaluation

Within the domains, we properly identified
47% (40/85) predicted LP variants and 28.92% (24/83)
predicted LB variants. After assessing the anticipated
variations (n = 168), it was discovered that variants
located within the domain were 2.766 times more likely
to be classified as LP compared to LB (2:10.566,
p:0.002, OR: 2.766 [1.462-5.233]). Subsequently, we
combined the training dataset with the predicted VOUS
variants. After collectively evaluating all variants, we
found that LP variants were approximately 2.5 times
more common in domains compared to LB variants
(x2:13.574,p<0.001, OR: 2.509 [1.532-4.132]). On the
other hand, B30.2 domain variants had a 2.5-fold higher
likelihood of being LP compared to LB. This difference
was statistically significant (¥2:12.693, p < 0.001, OR:
2.595 [1.532-4.132]). Nevertheless, the likelihood of
variants that were not found in any domains being LB
was 2.6 times higher compared to LP (32:14.508, p <
0.001, OR: 0.386 [0.235-0.633]). Upon identifying this
statistically significant disparity, we assessed all
variations within their respective domains [Table 3].

Table 3. Distribution of all variants by domains and
variant prediction outcomes

Variant 95% Interval
prediction
outcomes
Domain p
S LB LP values Odd Low Upp
(n=13  (n=13 S er er
2) 4) ratio
s
PYD 4 11 0.1182 2.86 088 922
2 7 8
bzIP 6 1 0.065 015 0.01 1.33
b 8 9 0
B 4 8 0.390* 2.03 059 691
2 7 8
cc 4 2 0445 048 0.08 269
b 5 7 3
B30.2 31 58 < 259 152 442
0.001° 5 5 5
Not 83 54 <0.00 038 023 063
identifie 1° 6 5 3

d

a Chi-square (Yates correction), b Fisher Exact test c. Chi-square

test

4. Discussion

Many novel ML algorithms are designed to predict
outcomes for larger datasets. However, few strategies
are available for small datasets(Liu et al., 2013; Vabalas
et al., 2019; Albaradei et al., 2021; El-Sofany,
Bouallegue and El-Latif, 2024). In this context, the
modified hard voting classifier demonstrates superior
performance, surpassing traditional hard voting and soft
voting methods while effectively addressing challenges
such as odd-number classification, which refers to
scenarios where standard voting methods struggle to
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make definitive decisions in cases with an uneven
distribution of votes. By optimizing predictions, this
approach enhances the accuracy of in silico tools and
offers a reliable solution for analyses involving limited
sample sizes.

New applications and Implementation Steps

This study includes a number of enhanced methods
and new technologies. We base our new approach on a
three-fold framework. The first step involves using big
data analysis and comparing the datasets with existing
algorithms and previous research findings. The second
and the third steps include functional and protein-level
evaluations, respectively.

Evaluation of Results

Initially, we applied seven machine learning
algorithms on the training set, specifically the LP and
LB variants. For the prediction of VOUS variants, we
selected three out of the six machine learning techniques
that had a minimum ROCUAC of 80%. We obtained
88% mean ROCAUC results for all 6 algorithms: LR,
SVM-RBF, SVM-linear, Gaussian NB, KNN, RF.
According to our sample, our voting classifier model
correctly classified LB and LP variants. Subsequently,
we assessed our training dataset by comparing it to
established variant prediction tools and previous
research. Based on the comparison results, the modified
hard voting classifier method demonstrated superior
performance in classifying MEFV variants compared to
existing in  silico algorithms and  previous
studies(Accetturo et al., 2020). In the second and third
steps, we conducted a comprehensive functional level
analysis, evaluating all variants from both gene-level
and protein-level perspectives. Our analysis at the
functional level revealed that the SPRY domain(Papin
et al., 2007), which corresponds to exon 10 (Dundar et
al., 2022)and accounts for a significant portion of
predicted damaging MEFV gene variants, exhibited a
statistically significant increase in LP variants in non-
evolutionarily conserved regions. However, this
increase was nearly equivalent to that observed in other
evolutionarily conserved regions, and the difference was
not statistically significant when compared to these
conserved regions.

Modified hard voting classifier

The modified hard voting classifier introduces
several novelties in the literature. First of all, the
modified hard voting classifier approach incorporates an
optimal quantity of protein prediction tools(Ng and
Henikoff, 2003) or meta-predictors(loannidis et al.,
2016). Additionally, this method assesses the influence
of all effective machine-learning techniques. To the best
of our knowledge, we have made the initial modification
to a hard voting classifier for the purpose of variant
classification and two distinct classification methods.
Rather than relying on the traditional hard voting
classifier, which explicitly votes on a single target
variable, our approach utilizes both LB and LP
variations, establishing a precise threshold for decision-
making. Models that exhibited overfitting or

underfitting were systematically eliminated, and the
voting process was repeated until an optimized model
was identified for predicting classification outcomes.
Each model was evaluated with its own optimal
parameters, ensuring rigorous performance testing. The
modified hard voting classifier incorporates voting
mechanisms to provide a rigorous classification
procedure. Our high training data accuracy score stems
from an optimum number of tools(Megantara and
Ahmad, 2021; Hu et al., 2024). In contrast to the first
study on MEFV gene unknown variant prediction
conducted by Accetturo et al.(Accetturo et al., 2020),
and existing tools , our prediction was derived from an
ensemble method rather than relying on the most
effective sole machine learning algorithm.

Literature review

The existing study provides a significant
contribution to the literature by offering innovative
solutions to three issues that previous in-silico tools
have failed to address. The first issue is that current
methods fail to successfully classify MEFV gene
variants using numerous variant prediction algorithms
(Accetturo et al., 2020). Therefore, it is difficult to
interpret variants according to current in silico
tools (loannidis et al., 2016). However, the modified
hard voting classifier does not rely solely on a single in-
silico tool or one ML method. The selection criteria of
ML methods and in-silico tools are based on strict
criteria, and only include most accurate methods or best
features. Second, a significant issue is that during the
variant classification process, many predictors correctly
classify benign variants; however, many tools often fail
to detect pathogenic variants accurately at the desired
level (Adzhubei, Jordan and Sunyaev, 2013; Knecht et
al., 2017; Fortuno et al., 2018; Pejaver et al., 2022;
Wilcox et al., 2022). The comparative analysis revealed
that our innovative methodology, the modified hard
voting classifier, outperformed current in silico
algorithms in classifying MEFV variants. This outcome
arises from the modified hard voting classifier, which
depends on a consensus of multiple machine learning
techniques. Third, significant novel tools present better
results day after day; unfortunately, still many variants
remain unresolved. Even the newly developed in silico
tool, Alphamissense, cannot classify 20% of all gene
variants (Cheng et al., 2023). The modified hard voting
classifier effectively resolves uncertainties in variant
interpretation.

Limitations of the study

Although this method produces very high
classification rates, it has some drawbacks when applied
to our dataset. First, identifying the optimal classifiers
from among hundreds of in silico tools remains a
challenging task. (Gunning et al., 2021; Cheng et al.,
2023). Therefore, we only applied ClinGen- and
ACMG-recommended tools(Waring et al., 2021,
Pejaver et al., 2022; Wilcox et al., 2022). This approach
enabled us to use more reliable tools in our study.
Second, due to the lack of research on MEFV gene
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classification, we had to base our sample size
calculations on the study by Accetturo et al. (Accetturo
et al., 2020). However, we also confirmed this
‘optimum number of features’ by looking at the
literature and their classification accuracy (Vu and
Braga-Neto, 2009; Accetturo et al., 2020).

The main drawback of our study is the absence of
validation via clinical or functional studies. While
integrating our model with the ClinVar dataset could
provide an avenue for external validation, ClinVar
currently reports only 33 missense variants (Accessed:
12/5/2024). As we have already integrated all these
variants into our training dataset, we could not utilize
them as an external validation dataset. However, the
explicit methodology of the modified hard voting
classifier facilitates its straightforward application to
diverse datasets. Further studies are necessary to fully
understand the efficacy of the modified hard voting
classifier.

5. Conclusion

Brief Summary of Findings and Evaluation of the
study

This study holds significance for both machine
learning applications and routine clinical practice. In
this work, an algorithm was developed to enhance the
performance of hard voting classifiers, demonstrating
optimal results even with small sample sizes. However,
the primary limitation of the study is that it has not been
validated on an external dataset.

Consequently, this approach addresses the three
previously identified gaps in in silico tools, reduces
existing prediction errors of other in silico tools by
offering gene-specific  optimization, and, most
importantly, provides an alternative method for
bioinformaticians working on in silico tool optimization
while also serving as a helpful tool for clinicians. Given
that 60% of the clinical implications associated with
MEFV gene variants are still incompletely understood,
it would be advantageous to apply a modified hard
voting vote classifier approach to enhance the
classification accuracy of machine learning techniques.
However, more testing of the improved modified hard
voting approach is required on other gene variations.

Future Implications

The impact of this modified hard voting classifier on
other datasets also needs to be evaluated to better
understand its significance compared to the standard
hard voting classifier. Additionally, from a clinical
perspective, functional studies specifically designed for
the MEFV gene are required to fully comprehend the
true success of these classifications.

6. References

Accetturo, M. et al. (2020) ‘Improvement of MEFV gene
variants classification to aid treatment decision making in
familial Mediterranean fever.”, Rheumatology (Oxford,
England), 59(4), pp. 754-761. Available at:
https://doi.org/10.1093/rheumatology/kez332.

Accetturo, M., Bartolomeo, N. and Stella, A. (2020) ‘In-
silico Analysis of NF1 Missense Variants in ClinVar:
Translating Variant Predictions into Variant Interpretation and
Classification.’, International journal of molecular sciences,
21(3). Available at: https://doi.org/10.3390/ijms21030721.

Acharjee, A. et al. (2020) ‘A random forest based
biomarker discovery and power analysis framework for
diagnostics research’, BMC Medical Genomics, 13(1), p. 178.
Auvailable at: https://doi.org/10.1186/s12920-020-00826-6.

Adzhubei, 1., Jordan, D.M. and Sunyaev, S.R. (2013)
‘Predicting functional effect of human missense mutations
using PolyPhen-2.”, Current protocols in human genetics,
Chapter 7, p. Unit7.20. Available at:
https://doi.org/10.1002/0471142905.hg0720s76.

Alay, M.T. (2024) ‘An Ensemble Model Based on
Combining BayesDel and Revel Scores Indicates Outstanding
Performance: Importance of Outlier Detection and
Comparison of Models’, Cerrahpasa Medical Journal, 48(2),
pp. 179-184.

Albaradei, S. et al. (2021) ‘Machine learning and deep
learning methods that use omics data for metastasis
prediction.”, Computational and structural biotechnology
journal, 19, pp. 5008-5018. Available at:
https://doi.org/10.1016/j.csbj.2021.09.001.

Awe, O.0. et al. (2024) ‘Weighted hard and soft voting
ensemble machine learning classifiers: Application to anaemia
diagnosis’, in Sustainable Statistical and Data Science
Methods and Practices: Reports from LISA 2020 Global
Network, Ghana, 2022. Springer, pp. 351-374.

Burdon, K.P. et al. (2022) ‘Specifications of the
ACMG/AMP variant curation guidelines for myocilin:
Recommendations from the clingen glaucoma expert panel.’,
Human mutation, 43(12), pp. 2170-2186. Available at:
https://doi.org/10.1002/humu.24482.

Cheng, J. et al. (2023) ‘Accurate proteome-wide missense
variant effect prediction with AlphaMissense.’, Science (New
York, N.Y.), 381(6664), p. eadg7492. Awvailable at:
https://doi.org/10.1126/science.adg7492.

Dalmaijer, E.S., Nord, C.L. and Astle, D.E. (2022)
‘Statistical power for cluster analysis’, BMC Bioinformatics,
23(1), pp. 1-28. Available at: https://doi.org/10.1186/s12859-
022-04675-1.

Dundar, M. et al. (2022) ‘Clinical and molecular
evaluation of MEFV gene variants in the Turkish population:
a study by the National Genetics Consortium.’, Functional &
integrative genomics, 22(3), pp. 291-315. Awvailable at:
https://doi.org/10.1007/s10142-021-00819-3.

El-Sofany, H., Bouallegue, B. and El-Latif, Y.M.A. (2024)
‘A proposed technique for predicting heart disease using
machine learning algorithms and an explainable Al method.’,

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 35-46 44



Scientific reports, 14(1), p. 23277. Awvailable at:
https://doi.org/10.1038/s41598-024-74656-2.

Fortuno, C. et al. (2018) ‘Improved, ACMG-compliant, in
silico prediction of pathogenicity for missense substitutions
encoded by TP53 variants.”, Human mutation, 39(8), pp.
1061-1069. Available at:
https://doi.org/10.1002/humu.23553.

Van Gijn, M.E. et al. (2018) ‘New workflow for
classification of genetic variants’ pathogenicity applied to
hereditary recurrent fevers by the International Study Group
for Systemic Autoinflammatory Diseases (INSAID).’, Journal
of medical genetics, 55(8), pp. 530-537. Available at:
https://doi.org/10.1136/jmedgenet-2017-105216.

Grandemange, S. et al. (2011) ‘The regulation of MEFV
expression and its role in health and familial Mediterranean
fever’, Genes & Immunity, 12(7), pp. 497-503. Available at:
https://doi.org/10.1038/gene.2011.53.

Gunning, A.C. et al. (2021) ‘Assessing performance of
pathogenicity predictors using clinically relevant variant
datasets’, Journal of Medical Genetics, 58(8), pp. 547-555.
Available at: https://doi.org/10.1136/jmedgenet-2020-107003.

Harrison, S.M., Biesecker, L.G. and Rehm, H.L. (2019)
‘Overview of Specifications to the ACMG/AMP Variant
Interpretation Guidelines.”, Current protocols in human
genetics, 103(1), p. €93. Available at:
https://doi.org/10.1002/cphg.93.

Hu, Y.-H. et al. (2024) <A novel MissForest-based missing
values imputation approach with recursive feature elimination
in medical applications’, BMC Medical Research
Methodology, 24(1), p. 269. Auvailable at:
https://doi.org/10.1186/512874-024-02392-2.

loannidis, N.M. et al. (2016) ‘REVEL: An Ensemble
Method for Predicting the Pathogenicity of Rare Missense
Variants.”, American journal of human genetics, 99(4), pp.
877-885. Auvailable at:
https://doi.org/10.1016/j.ajhg.2016.08.016.

Khalid, Z. and Sezerman, O.U. (2018) ‘Computational
drug repurposing to predict approved and novel drug-disease
associations’, Journal of Molecular Graphics and Modelling,
85, pp. 91-96. Available at:
https://doi.org/https://doi.org/10.1016/j.jmgm.2018.08.005.

Kirnaz, B., Gezgin, Y. and Berdeli, A. (2022) ‘MEFV gene
allele frequency and genotype distribution in 3230 patients’
analyses by next generation sequencing methods.’, Gene, 827,
p. 146447. Available at:
https://doi.org/10.1016/j.gene.2022.146447.

Knecht, C. et al. (2017) ‘IMHOTEP-a composite score
integrating popular tools for predicting the functional
consequences of non-synonymous sequence variants.’,
Nucleic acids research, 45(3), p. el3. Available at:
https://doi.org/10.1093/nar/gkw886.

Lai, A. et al. (2022) ‘The ClinGen Brain Malformation
Variant Curation Expert Panel: Rules for somatic variants in
AKT3, MTOR, PIK3CA, and PIK3R2.’, Genetics in
medicine : official journal of the American College of Medical
Genetics, 24(11), pp. 2240-2248. Available at:
https://doi.org/10.1016/j.gim.2022.07.020.

Larracy, R., Phinyomark, A. and Scheme, E. (2021)
‘Machine learning model validation for early stage studies
with small sample sizes’, in 2021 43rd Annual International
Conference of the IEEE Engineering in Medicine & Biology
Society (EMBC). IEEE, pp. 2314-2319.

Liu, C. et al. (2013) ‘Applications of machine learning in
genomics and systems biology.”, Computational and
mathematical methods in medicine, p. 587492. Available at:
https://doi.org/10.1155/2013/587492.

Liu, X. etal. (2016) ‘dbNSFP v3.0: A One-Stop Database
of Functional Predictions and Annotations for Human
Nonsynonymous and Splice-Site SNVs.”, Human mutation,
37(3), pp. 235-241. Available at:
https://doi.org/10.1002/humu.22932.

Luan, J. et al. (2020) ‘The predictive performances of
random forest models with limited sample size and different
species traits’, Fisheries Research, 227, p. 105534. Available
at:
https://doi.org/https://doi.org/10.1016/j.fishres.2020.105534.

Megantara, A.A. and Ahmad, T. (2021) ‘A hybrid machine
learning method for increasing the performance of network
intrusion detection systems’, Journal of Big Data, 8(1).
Auvailable at: https://doi.org/10.1186/s40537-021-00531-w.

Mighton, C. et al. (2022) ‘Data sharing to improve
concordance in variant interpretation across laboratories:
results from the Canadian Open Genetics Repository’, Journal
of Medical Genetics, 59(6), pp. 571 LP — 578. Available at:
https://doi.org/10.1136/jmedgenet-2021-107738.

Ng, P.C. and Henikoff, S. (2003) ‘SIFT: Predicting amino
acid changes that affect protein function.”, Nucleic acids
research, 31(13), pp. 3812-3814. Available at:
https://doi.org/10.1093/nar/gkg509.

Nykamp, K. et al. (2017) ‘Sherloc: a comprehensive
refinement of the ACMG-AMP variant classification
criteria.’, Genetics in medicine : official journal of the
American College of Medical Genetics, 19(10), pp. 1105-
1117. Available at: https://doi.org/10.1038/gim.2017.37.

Ogundimu, E.O., Altman, D.G. and Collins, G.S. (2016)
‘Adequate sample size for developing prediction models is not
simply related to events per variable.”, Journal of clinical
epidemiology, 76, pp. 175-182.  Available at:
https://doi.org/10.1016/j.jclinepi.2016.02.031.

Palanivinayagam, A. and DamasSevicius, R. (2023)
‘Effective Handling of Missing Values in Datasets for
Classification ~ Using Machine Learning Methods’,
Information, 14(2), p. 92.

Papin, S. et al. (2007) ‘The SPRY domain of Pyrin,
mutated in familial Mediterranean fever patients, interacts
with inflammasome components and inhibits prolL-1beta
processing.’, Cell death and differentiation, 14(8), pp. 1457—
1466. Available at: https://doi.org/10.1038/sj.cdd.4402142.

Pejaver, V. et al. (2022) ‘Calibration of computational
tools for missense variant pathogenicity classification and
ClinGen recommendations for PP3/BP4 criteria.”, American
journal of human genetics, 109(12), pp. 2163-2177. Available
at: https://doi.org/10.1016/j.ajhg.2022.10.013.

Pyeritz, R.E. and for the Professional Practice and

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 35-46 45



Guidelines Committee, A. (2012) ‘Evaluation of the
adolescent or adult with some features of Marfan syndrome’,
Genetics in Medicine, 14(1), pp. 171-177. Available at:
https://doi.org/10.1038/gim.2011.48.

Rajput, D., Wang, W.-J. and Chen, C.-C. (2023)
‘Evaluation of a decided sample size in machine learning
applications’, BMC Bioinformatics, 24(1), p. 48. Available at:
https://doi.org/10.1186/s12859-023-05156-9.

Richards, S. et al. (2015) ‘Standards and guidelines for the
interpretation of sequence variants: a joint  consensus
recommendation of the American College of Medical Genetics
and Genomics and the Association for Molecular Pathology.’,
Genetics in medicine : official journal of the American College
of Medical Genetics, 17(5), pp. 405-424. Available at:
https://doi.org/10.1038/gim.2015.30.

Riley, R.D. et al. (2019) ‘Minimum sample size for
developing a multivariable prediction model: PART II-binary
and time-to-event outcomes’, Statistics in medicine, 38(7), pp.
1276-1296.

Sallah, S.R. et al. (2022) ‘Improving the clinical
interpretation of missense variants in X linked genes using
structural analysis.”, Journal of medical genetics, 59(4), pp.
385-392. Awvailable at: https://doi.org/10.1136/jmedgenet-
2020-107404.

Savige, J. et al. (2021) ‘Consensus statement on standards
and guidelines for the molecular diagnostics of  Alport
syndrome: refining the ACMG criteria.’, European journal of
human genetics : EJHG, 29(8), pp. 1186-1197. Available at:
https://doi.org/10.1038/s41431-021-00858-1.

Song, X. et al. (2021) ‘Comparison of machine learning
and logistic regression models in predicting acute kidney
injury: A systematic review and meta-analysis.’, International
journal of medical informatics, 151, p. 104484. Available at:
https://doi.org/10.1016/j.ijmedinf.2021.104484.

Stewart, D.R. et al. (2018) ‘Care of adults with
neurofibromatosis type 1: a clinical practice resource of the
American College of Medical Genetics and Genomics
(ACMG)’, Genetics in Medicine, 20(7), pp. 671-682.
Available at: https://doi.org/10.1038/gim.2018.28.

Tian, Y. et al. (2019) ‘REVEL and BayesDel outperform
other in silico meta-predictors for clinical variant
classification’, Scientific Reports, 9(1), p. 12752. Available at:
https://doi.org/10.1038/s41598-019-49224-8.

Vabalas, A. et al. (2019) ‘Machine learning algorithm
validation with a limited sample size.”, PloS one, 14(11), p.
€0224365. Available at:
https://doi.org/10.1371/journal.pone.0224365.

Vu, T.T. and Braga-Neto, UM. (2009) ‘Is bagging
effective in the classification of small-sample genomic and
proteomic data?’, EURASIP journal on bioinformatics &
systems biology, 2009(1), p. 158368. Available at:
https://doi.org/10.1155/2009/158368.

Waring, A. et al. (2021) ‘Data-driven modelling of
mutational hotspots and in silico predictors in hypertrophic
cardiomyopathy.’, Journal of medical genetics, 58(8), pp.
556-564. Available at: https://doi.org/10.1136/jmedgenet-
2020-106922.

Wilcox, E.H. et al. (2022) ‘Evaluating the impact of in
silico predictors on clinical variant classification.’, Genetics in
medicine : official journal of the American College of Medical
Genetics,  24(4), pp. 924-930. Available at:
https://doi.org/10.1016/j.gim.2021.11.018.

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 35-46 46



< e°ﬂ ve U"O(,
. 7

Arastirma Makalesi 5 %
Zeki Sistemler Teori ve Uygulamalar1 Dergisi 8(1) (2025) 47-62 ? =
DOI: 10.38016/jista.1543187 @ &
% S
- &

Restoran Miusteri Yorumlarinin Duygu Analizi: Sifir-Atis

Metin Simiflandirma Yaklasimi

Kutan Koruyan®”
1Y 6netim Bilisim Sistemleri, Iktisadi ve Idari Bilimler Fakiiltesi, Dokuz Eyliil Universitesi, {zmir, Tiirkiye

kutan.koruyan@deu.edu.tr

Oz

Bu makale, restoranlara yapilan ¢evrimi¢i miisteri yorumlarindan yararlanarak miisteri memnuniyetini degerlendirmek ve artirmak
amactyla makine 6grenmesi ve dogal dil isleme temelli bir yontem 6nermektedir. Arastirma, cogunlugu izmir Kérfezi cevresinde yer
alan ilgelerdeki 89 balik restoranina odaklanmakta olup, veri seti 2013-2023 yillar1 arasinda yapilan, 43 farkli dili igeren yaklagik
15.000 miisteri yorumundan olugmaktadir. Bu kapsamda, ¢alismada hedef tabanli duygu analizi kullanilarak, yemek kalitesi, servis
kalitesi, fiziksel gevre ve adil fiyat restoran kalite boyutlar1 temel alinarak sifir-atis metin siniflandirma ydntemiyle miisteri
yorumlarinin analiz edilmesi amaglanmaktadir. Model degerlendirme metrikleri iimit verici sonuglar vermekte olup, her smifi¢in %75-
%88 aras1 dogruluk ve %72-%88 aras1 F1 puam elde edilmistir. Onerilen yontem, restoran yoneticilerinin miisteri yorumlarini otomatik
olarak farkli kalite boyutlarinda degerlendirmesine, restoranin gii¢lii ve zayif yonlerini belirlemesine, zaman iginde miisteri
memnuniyetindeki degisimleri izlemesine, rakip restoranlarla performans karsilagtirmas: yapmasina ve Tiirkge ile yabanci dildeki
miisteri yorumlarini birlikte veya ayri ayr1 analiz etmesine olanak tanimaktadir. Caligmada 6nerilen bu yaklagim, restoran yoneticilerine
miisteri beklentilerini daha derinlemesine anlama ve restoran kalitesini iyilestirme konusunda veri analizi odakli bir yol haritas:
sunmaktadir.

Anahtar kelimeler: Sifir-Atis Metin Siniflandirma, Hedef Tabanlhi Duygu Analizi, Miisteri Yorumlari, Miisteri Memnuniyeti, Cok
Dilli Veri Seti

Sentiment Analysis of Restaurant Customer Reviews: A Zero-Shot Text

Classification Approach

Abstract

This paper proposes a machine learning and natural language processing-based method to evaluate and increase customer satisfaction
by using online customer reviews of restaurants. The research focuses on 89 fish restaurants, mostly located in the districts around Gulf
of Izmir, and the dataset consists of approximately 15,000 customer reviews written between 2013 and 2023, covering 43 different
languages. In this context, the study aims to analyse customer reviews using target-based sentiment analysis using zero-shot text
classification method based on restaurant quality dimensions of food quality, service quality, physical environment, and fair price.
Model evaluation metrics give promising results, with accuracy between 75% and 88% and F1 score between 72% and 88% for each
class. The proposed method allows restaurant managers to automatically evaluate customer reviews on different quality dimensions,
identify restaurant strengths and weaknesses, monitor changes in customer satisfaction over time, compare performance with
competitor restaurants, and analyse Turkish and foreign language customer reviews together or separately. This approach proposed in
the study provides restaurant managers with a data analysis-focused roadmap to understand customer expectations more deeply and
improve restaurant quality.

Keywords: Zero-Shot Text Classification, Target-Based Sentiment Analysis, Customer Reviews, Customer Satisfaction,
Multilingual Data Set

1. Giris (Introduction) aligkanliklart  hizla  degismektedir.  Yeme-igme
aligkanliklarindaki degisimin bir sonucu olarak ise

Kiiresellesme ve sehirlesmenin etkisiyle bireylerin restoran isletmeciligi giderek daha fazla onem

yasam tarzlari, gelir diizeyleri, tiiketim ve yeme-igme
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kazanmakta; bireylerin evleri disinda yemek yeme
egilimi, etkin hizmet sunan restoranlarin sayisinin
artmasina neden olmaktadir (Yiksekbilgili, 2014).
Giinlimiizde, restoranlar insanlarin sadece beslenme
ihtiyacin1 karsilamakla kalmayip, ayni zamanda sosyal
etkilesim merkezleri haline doniigsmiistiir. Bunun sonucu
olarak da disarida yemek yeme aligkanligi giinliik bir
aktivite haline gelmis, bu da birgok yeni restoranin
acilmasi sonucunda rekabetin artmasina sebep olmustur
(Bengiil ve Ding, 2023). Ayrica, yerel halkin disinda,
turistlerin  yeni yiyecek ve igecek deneyimleri
kazanmasma imkan tantyan gastronomi turizmi,
gecmisten giinlimiize yayginlasarak, énemli bir pazar
haline gelmistir (Akkurt Kurnaz, 2024; Kiigiikkdmiirler
vd., 2018). Gastronomi turizmi bolge turizminin
tanitimina  yardimcir  olarak, bdlgenin ekonomik
gelisimine katki saglamaktadir (Hall vd., 2003).

Rekabetin yiiksek oldugu restoran sektdriinde,
miisterilerin beklentilerini karsilamak ve hizmet sonrasi
memnun kalmalarini saglamak tiim isletmelerin kritik
hedefidir (Kukanja vd., 2017). Basarili bir restoran
yonetimi, hedef pazarlarinin ana o&zelliklerini, yeni
miisterileri nasil ¢ekecegini, mevcut miisterileri elde
tutmak i¢in hangi rekabet faktorlerinin 6nemli oldugunu
bilmek zorundadir (Yi vd., 2018).

Son zamanlarda, sosyal aglar gibi birgok ¢evrimigi
kanal, her sektorde oldugu gibi restoranlar i¢in de daha
fazla  performans izleme firsati  sunmaktadir
(Lepkowska-White ve Parsons, 2019). Ciinkii, restoran
yoneticileri neyi dogru veya neyi yanlis yaptiklarini,
baska bir deyisle, miisteri memnuniyetini (veya
memnuniyetsizligini) miisteri yorumlar1 vasitasiyla
¢evrimici mecralardan takip edebilmektedir. Bunun yani
sira igletmeler, bu yorumlari zamaninda degerlendirip
analiz ettiginde ig firsatlarini gelistirmek ve iyilestirmek
icin  kullanabilmektedirler (Revathi vd., 2023).
Tiiketiciler ise bir restorana gitmeden 6nce ¢evrimigi
kanallardan restoran1 daha Once ziyaret edenlerin
tavsiye ve yorumlarini dikkate almakta; boylece, kendi
algilart sekillenmektedir (Jurafsky vd., 2014; Kumar
vd., 2020).

Tim bunlar géz oOniinde bulunduruldugunda,
¢evrimi¢i miigteri yorumlar1 restoran ydneticileri igin
Onemli bir veri kaynagidir. Diger taraftan, bazen miisteri
yorumlari teker teker okunup analiz edilemeyecek kadar
bliyilk  boyutta veya devamli akan yapida
olabilmektedir. Dolayisiyla, miisterilerin  igletme
hakkinda yazdiklar1  yorumlardaki ~memnuniyeti
belirlemek, bagka bir deyisle, metinlerdeki pozitif veya
negatif duygu durumunu otomatik olarak nitelendirmek
icin literatiirde duygu analizi olarak adlandirilan yontem
kullanilmaktadir. Duygu analizi, bir metin pargasindaki
duyguyu belirlemek amaciyla, belirli kelimelerin varligi
veya belirli konularin ele alinma diizeyi gibi dzelliklere
dayali olarak, dogal dil isleme ve makine dgrenmesi
teknikleri  kullanilarak belgelerin  smiflandirilmasi
olarak tanimlanmaktadir (Henrickson vd., 2019).

Geleneksel duygu analizi metindeki genel duyguyu
ortaya c¢ikarmaktadir. Fakat, bazen miisteri yorumlari

bircok boyuta odaklanabilmektedir. Ornegin miisteri,
tek bir yorumda bir seyi ¢ok sevebildigi gibi ayn1 anda
bagka bir seyden memnun kalmadigini belirtebilir.
Boyle durumlarda, geleneksel duygu analizinin
kullanimi restoranin hangi ozelliginin iyi veya koti
oldugunu ortaya ¢ikarmayip, sadece genel bir sonug
verecektir. Literatiirde hedef tabanli duygu analizi
olarak adlandirilan yaklagimla ise metnin belirli
parcalar1 veya 6zellikleri {izerine odaklanilmakta ve bu
farkli ozellikler iizerine duygu analizi
gerceklestirilmektedir. Boylece, bu yontem sayesinde
isletmelerde 1iyilestirilmesi gereken spesifik boyutlar
belirlenebilip, bu  boyutlara  yonelik  gerekli
diizenlemeler yapilabilecektir.

Bu caligmada, Google Maps haritalama servisi
biinyesindeki Google Yerel Rehberler’de yer alan
cogunlugu Izmir Kérfezi ¢evresindeki ilcelerde
konumlanmis 89 adet balik restoranina yapilan miisteri
yorumlart veri seti olarak kullanilarak, sifir-atis metin
siiflandirma yontemi ile hedef tabanli duygu analizi
gerceklestirilmigtir. Calismada metinler, Gagi¢ vd. nin
(2013) onerdigi restoran miisterilerinin memnuniyetini
etkileyen en dnemli boyutlar olan yemek kalitesi, servis
kalitesi, fiziksel ¢evre ve adil fiyat, olumlu ve olumsuz
olmak tizere sekiz kategoride siiflandirilmigtir.

Bu c¢alismanin amaci; restoranlarin  miisteri
memnuniyetini etkileyen kalite boyutlarinin analiz
edilerek, restoranlarm giiglii ve zayif yonlerinin
belirlenmesi ve bu dogrultuda iyilestirilmesi gereken
alanlarin tespit edilmesine yonelik bir yontem ortaya
koymaktir. Buna yonelik olarak da miisteri yorumlari
kullanilarak restoranlarin zaman i¢indeki Kkalite
boyutlarindaki degisimler incelenmistir. Ayrica, ¢ok
dilli yapiya sahip olan miigteri yorumlar1 {izerinden
Tiirk¢e ve yabanci dilde yazan kullanicilarin goriisleri
de karsilagtinlmistir. Calismada Onerilen yontem
sayesinde, restoran yoneticilerinin stratejik karar alma
stireglerinde veri odakli bir yaklasimla zaman igindeki
miisteri memnuniyetindeki degisimleri izleyebilmeleri,
miisteri beklentilerini daha iyi anlayabilmeleri ve hizmet
kalitesinin iyilestirilmesine yonelik somut adimlar
atmalarinin ~ desteklenmesi  hedeflenmistir.  Bu
gercevede, isletmelerin restoran sektdriinde artan
rekabet kosullarinda siirdiiriilebilir miigteri
memnuniyetini saglama kapasitelerinin  arttirilmast
amaclamaktadir.

Restoran igletmelerine yonelik olarak literatiirde
cogunlukla metnin genel duygusunu belirleyen
calismalar bulunurken, bu g¢aligmada farkli boyutlarin
ayn1 anda degerlendirmesini saglayan bir yontem
onerilmektedir. Bunun yaninda, genellikle metnin
siiflandirilmas: ve duygu analizi seklinde iki asamada
uygulanan geleneksel hedef tabanli duygu analizi bu
calismada tek adimda gergeklestirilebilmektedir.
Ayrica, Onerilen yontem ile farkli dillerde yazilan
yorumlardaki konular ve bunlara ait duygular dilden
bagimsiz olarak analiz edilmektedir.
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2. Literatiir Taramasi (Literature Review)

Literatiirde c¢esitli sektorlere yonelik makine
ogrenmesi ve dogal dil isleme yontemleri kullanilarak
miisteri yorumlarinin duygu analizi ile degerlendirildigi
bir¢ok calisma mevcuttur. Bu boliimde, duygu analizi,
sifir-atig 6grenme ve sifir-atis metin siniflandirma
tanitilacak ve literatiirde miisteri yorumlari kullanilarak
restoran isletmelerine yonelik gergeklestirilen duygu
analizi ¢caligmalari incelenecektir.

2.1. Duygu Analizi (Sentiment Analysis)

Duygu analizi ¢esitli makine 6grenmesi ve dogal dil
isleme teknikleri kullanilarak metinsel verideki duygu
durumunun ortaya ¢ikarilmasidir. Duygu durumu,
metinlerin pozitif ve negatif (ve bazen nétr) olarak
smiflandirilmasiyla belirlenmektedir.

Duygu analizinde veri kaynagi olarak kelime veya
kelime 6bekleri (ciimleler); yani, blog yazilari, SMS ve
sohbet mesajlar1 gibi birgok metin kullanilmaktadir
(Mohammad, 2017). Son yillarda, insanlarin ¢esitli
konularda fikirlerini belirttigi, {iriin ve hizmetler
hakkinda yorumlar yaptiklari sosyal aglar (X, Facebook,
vb.), ¢evrimigi aligveris siteleri (Amazon, Hepsiburada,
vb.), cevrimigi seyahat bilgi ve rezervasyon platformlari
(TripAdvisor, Etstur) ve yerel isletme rehberleri (Yelp,
Google Maps: Google Yerel Isletmeler) gibi platformlar
giderek daha popiiler hale gelmistir. Bunun sonucu
olarak da bu platformlarda yapilan yorumlar, duygu
analizi i¢in Onemli bir veri kaynagi olarak One
¢ikmaktadir (Ahmed vd., 2020; Soleymani vd., 2017).
Duygu analizi; {rlin veya hizmetler igin miisteri
egilimlerini incelemek, devletlerin diigmanca veya
olumsuz tavirlarimi  belirlemek ve siyasi parti
segmenlerinin  diigiincelerini  anlamak gibi farkli
alanlarda kullanilmaktadir (Pang ve Lee, 2008).

Duygu analizi ¢ok kullanilan bir yontem olsa da
zorluklar1 da bulunmaktadir. Chifu ve Fournier (2023)
es sesli kelimeler, dildeki muglaklik, alaycilik ve
kiltiirel farkliliklar, veri kalitesi ve miktari, egitim
verisinin yanliligi gibi faktorlerin duygu analizi
basarisint etkiledigini belirtmigtir. Bunun yaninda,
dillerin kendine 6zgii farkli gramer yapilar1 ve alfabeleri
de buna eklenebilir. Nankani vd. (2020) metinlerdeki
yazim yanlislari, kelimelerin farkli alanlarda farkli
duygular igerebilmesi veya sahte icerikler gibi olgulara
ek olarak, ¢ok dilli (multilingual) metinlerde dillerin
gramer ve morfolojik yonden farkliliklarini dogal dil
isleme uygulamalarinda karsilagilan zorluklar olarak
stralamustir.

Geleneksel duygu analizi, duygunun ne hakkinda
oldugunu nitelendirmeden genel duyguyu
smiflandirmaya odaklanir. Fakat, metin ayn1 anda farkli
konular veya varliklarla ilgiliyse ve muhtemelen farkl
konulara yonelik farkli duygular ifade ediyorsa, burada
geleneksel duygu analizi yeterli olmayacaktir (Hoang
vd., 2019). Bu tiir problemlerde metin i¢indeki birden
¢ok konu hakkindaki duygular1 belirlemek i¢in hedef
tabanli duygu analizi kullanilmaktadir. Hedef tabanli

duygu analizi, bir ctimledeki belirli bir 6zellige yonelik
duygu kutuplulugunu belirlemeyi amaglamakta ve hedef
ozellik, bir varligm bir 6zelligini tamimlayan kelime
veya ifadeye atifta bulunmaktadir (Jiang vd., 2019).

Ornegin, “Hizmet ¢ok iyiydi. Mehmet Bey e tesekkiir
ederim.” ctimlesi pozitif bir anlamdadir ve ciimlede tek
bir konuya (yani hizmete) ait duygu durumu vardir.
Baska bir ormekte ise “Yemekler harika! Ozellikle
kalamar. Fakat restoran ¢ok giiriltiiliiydii  ve
isiklandirma  rahatsiz  ediciydi.” ciimlesinde miisteri
restoranda yedigi yemegi cok begenmesine ragmen,
ambiyanstan rahatsiz olmustur. Bu tiir climlelerde ayn1
anda farkli konular hakkinda farkli duygular yer
almaktadir. Geleneksel duygu analizi yerine, bdyle
durumlarda hedef tabanli duygu analizi kullanilarak her
bir konu i¢in duygu durumu belirlenebilmektedir.

2.2. Restoran Yorumlarmmin Duygu Analizi
(Sentiment Analysis of Restaurant Reviews)

Restoranlar1  ziyaret eden kisilerin g¢evrimigi
yaptiklart miisteri yorumlarint duygu analizi ile
inceleyen bazi ¢alismalarda, geleneksel denetimli
makine O&grenmesi algoritmalart ve kelime gomme
(Word  Embedding)  yaklagimlar1  kullanilarak
miisterilerin restoranlar hakkindaki yorumlar1 higbir
kategoriye ayrilmadan analiz edilmistir. Krishna vd.
(2019) Ingilizce restoran yorumlarinin duygu analizini
gerceklestirmek icin Naive Bayes, Destek Vektor
Makinesi, Karar Agaci ve Rastgele Orman siiflandirma
algoritmalarini kullanmislardir. Calismanin sonuglarina
gore, Destek Vektor Makinesi diger algoritmalara
kiyasla %94,56 gibi bir dogruluk puanma ulagmistir.
Hossain vd. (2020) Banglades'teki restoranlara ait
miigteri yorumlarint Evrisimli Sinir Ag1 ve Uzun-Kisa
Vadeli Bellek algoritmalarini birlikte kullanarak olumlu
ve olumsuz olarak smiflandirmiglardir. Hossain vd.
(2021) farkli kaynaklardan edindikleri Bengalce
restoran yorumlarint Cift Yonli Uzun-Kisa Vadeli
Bellek, Lojistik Regresyon, Karar Agaci, Rastgele
Orman, Naive Bayes, Destek Vektéor Makinesi
modellerini kullanarak duygu analizini
gerceklestirmiglerdir. Cift Yonlii Uzun-Kisa Vadeli
Bellek modeli %95,35 ile en yiiksek dogruluk puanina
ulagmistir. Patil vd. (2022) olumlu ve olumsuz restoran
yorumlarmi siniflandirmak i¢in K-En Yakmn Komgu
Siniflandirici, Lojistik Regresyon, Destek Vektor
Siniflandirict ve Naive Bayes algoritmalar1 kullanmis ve
en iyi dogruluk puanmi %78 ile Destek Vektor
Siniflandiricisi ile elde etmislerdir. Abdullah vd. (2023)
Arapca ¢evrimici restoran yorumlarinin duygu analizini
gergeklestirmek icin Naive Bayes, Karar Agaci, Destek
Vektor Siniflandiricisi, K-En Yakin Komsu, Rastgele
Orman ve Lojistik Regresyon algoritmalarim
kullanmiglardir. Destek Vektor Siniflandiricist %97,6
ile en yiiksek dogruluk puanina ulasarak yorumlar
pozitif, negatif ve notr olarak siniflandirmada en iyi
performansi gostermistir. Gedif vd. (2023) Etiyopya'nin
bir dili olan Amharca yazilan restoran yorumlarini
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Destek Vektor Makinesi, K-En Yakin Komsu ve Naive
Bayes smniflandirici  kullanarak duygu analizini
gergeklestirmistir. Degerlendirme sonucunda Destek
Vektor Makinesi modelinin en yiiksek dogrulugu
verdigi goriilmiistir. Lavanya vd. (2023) ¢alismalarinda
restoran incelemeleri igin Yelp veri setini kullanarak
kelime ¢antasi (Bag of Words, BoW), Terim Frekansi-
Ters Dokiiman Frekanst (Term Frequency-Inverse
Document Frequency, TF-IDF), GloVe, Word2Vec ve
Doc2Vec gibi farkli kelime gdmme yaklasimlarini test
etmisler, Lojistik Regresyon ve Destek Vektor Makinesi
gibi denetimli makine Ogrenmesi algoritmalarini
kullanarak, sonuglar1 dogruluk, kesinlik, duyarlilik ve
F1 puam gibi performans metriklerine gore
degerlendirmiglerdir. Karsilagtirmali bulgular, Destek
Vektor Makinesi ve TF-IDF’nin birlikte kullaniminin
%98 dogruluk puani ile sonuglar iirettigini géstermistir.
Bozkurt ve Yal¢in (2024) Amazon yemek yorumlar
iizerinde topluluk 6grenmesi algoritmalarint kullanarak
duygu analizi yapmayir amaclamigtir. Caligmada,
Rastgele Orman, CatBoost ve XGBoost algoritmalari
kullanilarak  olumlu, olumsuz ve ndtr duygu
smiflandirmast  yapilmiglardir.  Calismada, farkli
vektorlestirme tekniklerinin basarist da karsilagtiriimas,
cesitli degerlendirme metrikleri kullanilarak en yiiksek
%90,22 test dogruluk degeri, Rastgele Orman ve
CountVectorizer teknigi ile elde edilmistir. Ayrica, web
kazima ile yeni bir veri seti olugturulmus ve modeller bu
veri seti lizerinde de test edilmistir.

Bazi galigmalarda ise duygu analizi yaninda bir de
lezzet, hizmet, ambiyans ve fiyatlandirma gibi
kategoriler ele alinip, miisterileri yorumlar1 her
kategoride hedef tabanli duygu analizi yapilarak
incelenmistir. Suciati ve Budi (2019) ¢alismalarinda
Endonezya'daki restoranlarin Endonezyaca ve Ingilizce
miisteri yorumlarini yemek, fiyat, hizmet ve ambiyans
boyutlarini kullanarak olumlu, olumsuz ve nétr olarak
smiflandirmislardir.  Rastgele Orman, Multinomial
Naive Bayes, Lojistik Regresyon, Karar Agaci ve Ekstra
Agac smiflandiricist algoritmalari kullanilan ¢aligmada
Lojistik Regresyon en yiiksek skoru yemek (%81,76) ve
ambiyans (%77,29) boyutlariyla, en yiiksek skor fiyat
(%78,71) ve hizmet (%85,07) boyutlart i¢in Karar Agaci
algoritmast ile elde edilmistir. Zahoor vd. (2020)
Karachi Pakistan’daki restoran yorumlarini
Facebook’dan temin ederek, Naive Bayes siniflandirici,
Lojistik Regresyon, Destek Vektor Makinesi ve
Rastgele Orman algoritmalarindan yararlanarak,
yorumlar1 pozitif ve negatif olarak simiflandirmiglardir.
En yiiksek dogruluk orani1 %95 Rastgele Orman modeli
ile elde edilmistir. Daha sonra, aymi veriyi lezzet,
ambiyans, servis ve fiyatlandirma olacak sekilde yine
ayni dort algoritmayr  kullanarak  kategorilere
ayirmuglardir. Bunun sonucunda, lezzet kategorisi %97
dogruluk orani ile en yiiksek performansi gdstermistir.
Diger kategoriler i¢in ise dogruluk, fiyat %84, ambiyans
%86,49 ve hizmet %89 oranlarinda bulunmustur. Ara
vd. (2020) bir restoranin web portali iizerinden edinmis
olduklar1 yemek Kkalitesi, hizmet, ortam, fiyat, online

yemek siparisi gibi konular hakkindaki misteri
yorumlar1 vasitasiyla, SentiStrength siniflandiricisi
kullanilarak goriislerde ifade edilen kelimelerin duygu
giiclinii bulmuslardir. Daha sonra, yorumlar standart
sapma teknigi kullanilarak pozitif, negatif ve notr olarak
simiflandirilmis  ve %85,71°lik  bir dogruluk elde
etmiglerdir. Zhang vd. (2022) Yelp’deki restoran
incelemelerini veri kaynagi olarak kullanarak ve fiyat,
zaman, yemek, hizmet ve konum konularini temel alarak
Gizli Dirichlet Ayrimi yontemi ile konu modelleme
gerceklestirmiglerdir. Daha sonra, TextBlob ile her konu
icin duygu analizi yapmislardir.

Bazi galigmalarda ise doniistiiriicii (transformer)
mimarisini kullanan BERT den (Bidirectional Encoder
Representations from Transformers, Doniistiiriictilerden
Cift Yonli Kodlayict Temsilleri) yararlanilmigtir. Tuna
vd. (2023) yaptiklar1 ¢aligmada, Word2vec, Glove,
fastText ve BERT gibi ¢esitli modeller kullanmiglardir.
SemEval’l5 ABSA yarismasinda sunulan restoran
miigterilerine ait yorumlardan olugan veri seti
kullanilarak hedef terim, hedef kategori ve duygu
smiflart belirlenmistir. fastText yontemi hedef terim ve
kategori tespitinde en yiiksek basarty1 gostermis, BERT
yontemi ile duygu smiflandirmasinda en iyi sonug elde
edilmistir. Bu sonuglar, fastText ve BERT
yontemlerinin Tiirkge metinlerde basarilt oldugunu
gostermistir. Branco vd. (2024) Portekizce restoran
yorumlarinin duygu analizi igin BERT ve RoBERTa
(Robustly Optimized BERT Approach, Giglii Bir
Sekilde Optimize Edilmis BERT  Yaklasimi)
modellerini kullanilarak, yorumlarin duygu
siniflandirmasini gergeklestirmig ve dnceden egitilmis
derin O0grenme modellerinin uygunlugunu
degerlendirmislerdir. Modelin performansinin tespiti
icin dogruluk ve Alict Calisma Karakteristigi (Receiver
Operating Characteristic, ROC) egrisi altindaki alan
metrikleri kullanilmis ve ¢alismada %80'in tizerinde bir
sonu¢ elde edilmistir. Bazi ¢alismalarda BERT
yontemine ek olarak bir de OpenAl GPT’den
(Generative Pre-trained Transformer, Uretici Onceden
Egitilmis Doniistlrlici) yararlanilmistir. Carrasco ve
Dias (2023) Portekiz’in Algarve bolgesinde yer alan
restoranlara  yapilan  yorumlari  TripAdvisor’dan
edinmis, misteri memnuniyetinin bes temel o6zelligi
olan gida kalitesi, hizmet, ortam, fiyat ve restoranin
konumu ile ilgili konular1 BERT, USE (Universal
Sentence Encoding, Evrensel Ciimle Kodlama) ve
OpenAl GPT ile kategorize etmiglerdir. Daha sonra,
onceden belirlenen ve duygular igin referans olan
climleler temel alinarak kosiniis benzerligi kullanilmuis,
pozitif ve negatif duygulara yonelik bir siniflandirma
gergeklestirilmistir. Degerlendirme i¢in {i¢ model
karsilastirlldiginda  dogruluk %93, kesinlik %86,
duyarlilik %83 ve F1 puam %85 ile OpenAl GPT en
yiiksek puana ulagmistir. Benzer sekilde, Carrasco ve
Dias (2024) yine Algerve bdlgesindeki restoran
yorumlarini kullanarak bu sefer miisteri
memnuniyetinin bes temel 0Ozelligi ayrintilandirip,
BART (Bidirectional and Auto-Regressive
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Transformers, Cift Yonli ve  Oto-Regresif
Déoniistiiriiciiler), DeBERTa  (Decoding-enhanced
BERT with disentangled attention, Ayristirilmis dikkat
ile kod ¢oziimii gelistirilmis BERT), ChatGPT 3.5 ve
ChatGPT 4.0’1 kullanmiglardir. Calismada ChatGPT 4.0
modelinde en yiiksek F1 skoru elde edilmistir.

2.3. Sifir-Atis Ogrenme (Zero-Shot Learning)

Bilindigi {izere, veri siniflandirma gorevlerinde
kullanilan denetimli makine 6grenmesinde, veri i¢indeki
smiflar  6nceden belirlenmekte (veya bilindigi
varsayilmakta) ve her bir 6rnek icin egitim verisinin
hangi smifa ait olduguna dair etiketleme yapilarak,
sonrasinda egitim ve test islemi gerceklestirilmektedir.
Bunun sonucu olarak da bazen bilinmeyen smiflarin
gozden kagma olasiligit  bulunmaktadir.  Yani,
smiflandirict -eger iyi bir egitim igin her smifta yeterli
sayida etiketli veri bulunursa- sadece egitim verilerinin
kapsadig siniflara ait 6rnekleri siniflandirabilmektedir
(Wang vd., 2019). Bununla birlikte, projelerde 6grenme
asamasindan  sonra yeni smiflar da  ortaya
¢ikabilmektedir (Romera-Paredes ve Torr, 2015).
Dabhasi, etiketlemenin zaman alic1 ve maliyetli bir siireg
oldugu da g6z ard1 edilmemelidir (Liu vd., 2004). Bu
noktada, Chang vd. (2008) geleneksel makine
Ogrenmesi caligmalarinin  aksine, etiketli 6rneklere
ihtiyag duyulmadan verinin smiflandirma islemini
gergeklestiren ve basta “Verisiz  Smiflandirma”
(Dataless Classification) olarak adlandirilan bir model
onermislerdir. Daha sonra sifir-atis 6grenme olarak
adlandirilan bu model, geleneksel denetimli makine
ogrenmesi modelleri ile karsilagtirildiginda, goriilen ve
goriilmeyen smiflar arasindaki boslugu doldurmaktadir.
Bir baska deyisle sifir-atis 6grenme, anlamsal bilgi
yardimiyla goriilen diger siniflardan elde edilen bilgiyi
aktararak, goriilmeyen smiflardaki ~ nesneleri
smiflandirabilen bir model egitmeyi amaglamaktadir
(Pourpanah vd., 2022). Bu yiizden, egitim ve g¢ikarim
olmak iizere iki asamali bir siirece sahip olan sifir-atis
o6grenmede, niteliklerle ilgili bilgiler egitim agamasinda
yakalanirken, bu bilgiler ¢ikarim asamasinda drnekleri
yeni bir siif kiimesi arasinda kategorize etmek igin
kullanilmaktadir (Celik ve Dalyan, 2023).

Sifir-atig 6grenme gegmisten giiniimiize daha g¢ok
bilgisayarli gorii ve dogal dil igleme projelerinde
uygulama alani bulmustur (Rezaei ve Shahidi, 2020).
Sifir-atig 6grenme, nesne veya hayvanlarin algilanmasi
(Bansal vd., 2018; Lampert vd. 2014), tibbi gériintiileme
ve goriintii siiflandirma (Mahapatra vd., 2021; Vétil
vd., 2022), arazi Ortiisii haritalanmasi (Li vd., 2021;
Pradhan vd., 2020), video smiflandirma ve eylem
tanimlama (Brattoli vd., 2020; Estevam vd., 2021),
fotograf iyilestirme (Kar vd., 2021; Zheng ve Gupta,
2022), ara¢ rotast belirleme (Yu vd., 2020), metinden
goriintli  olusturma (Sanghi vd., 2022) ve insan
duygularmnin tanimlanmasi (Zhan vd., 2019) gibi
bilgisayarli gorii ¢alismalarinda basart ile kullanilmistir.

Sifir-atis 6grenme dogal dil isleme gorevlerinde
bircok arastirmada kullanilmistir. Ornegin, bir sohbet
robotunun kullanicinin ne istedigini anlayabilmesini
saglayan niyet siniflandirmast (intent classification)
(Liu vd., 2019), metnin anlamimin daha iyi anlasilmasi
icin metinden nesneleri ve kavramlart ¢ikarma islemi
olan 6znitelik ¢ikarimi (feature extraction) (Mclnerney
vd., 2023), metin icindeki varliklar1 (kisiler, yerler,
kuruluglar vb.) tamimlama ve onlar1 bir bilgi
kaynagindaki ilgili varliklara baglama islemi olan varlik
baglama (entity linking) (Logeswaran vd., 2019), bir
dilden basgka bir dile ¢eviri i¢in kullanilan makine
cevirisi (Johnson vdl., 2017; Thompson ve Post, 2020;
Zhang vd., 2020), bir metnin yazarinin verilen hedeften
yana mi yoksa ona karst mi oldugunun algilanmasi
saglayan durus tespiti (stance detection) (Choi ve Ko,
2023; Jiang vd., 2023), otomatik &zetleme (Goodwin
vd., 2020) ve devam eden boliimde anlatilacak metin
siiflandirma ve duygu analizi olmak {izere bircok
alanda kullanilmaktadir.

2.4. Sifir-Atis Metin Stmiflandirma Kullanilarak
Duygu Analizi (Sentiment Analysis Using Zero-Shot
Text Classification)

Dogal dil islemenin bir alt dali olan metin
siniflandirma, metin belgelerini igeriklerine gore
otomatik olarak kategorilere ayirma iglemini ifade
etmektedir. (Quazi ve Musa, 2022). Uzun yillardir dogal
dil isleme alaninda bir arastirma konusu olan metin
siniflandirma, duygu analizi, konu modelleme ve bilgi
cikarimi gibi ¢esitli gérevlerde kullanilmaktadir (Jiao,
2023).

Sifir-atis metin simniflandirmada, geleneksel olarak
belgelerin  belirli bir siniftaki  diger belgelerle
kargilagtirilarak ~ smiflandirilmas1  yerine,  smuflar
arasindaki bilinen iliskilerden yararlanilmaktadir.
Boylece, bir taksonominin tiim siniflart igin egitim
verisi gerekmemekte ve egitim sirasinda goriillmeyen
siniflarin - tahmin edilmesi miimkiin kilinmaktadir
(Hoppe vd., 2021). Vaswani vd.’nin (2017) dontstiiriicii
mimarisini tanitmasi ile birgok farkli dogal dil anlama
gorevinde kullanim alant bulan sifir-atis metin
siniflandirma, 6nceden egitilmis dil modellerinden (Pre-
trained language models) yararlanmaktadir. Onceden
egitilmis  dil  modellerinde  transfer  §grenme
kullanilmakta, onceden egitilmis bir model alinip,
modelin ilgili ancak farkli bir gorev {izerinde ¢aligmasi
icin ince ayar yapilmaktadir (Azunre, 2021). Bu
modeller genel olarak Wikipedia, X, haber siteleri gibi
biiyiik 0Olgekli metinlerden egitilmektedir. Ayrica,
kelime dagarcigi daha spesifik olan bilim, tip veya
hukuk gibi alanlara 6zgili modeller de gelistirilmektedir
(Pérez vd., 2021). Onceden egitilmis dil modellerinin bir
ozelligi de ¢ok dilli bir yapiya sahip olmasidir. Diller
arasi dil anlama (Cross-lingual language understanding)
olarak adlandirilan bu 6zellik, bir makine 6grenimi
modelinin her dil i¢in ayr1 bir egitim gerektirmeden,
birden fazla dilde dogal dil metnini anlama ve isleme
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yetenegini ifade etmektedir (Conneau vd., 2019).
Boylece bu vasif, 6zellikle uluslararasi diizeyde, birgok
farklt dildeki sosyal ag kullanici gonderileri veya
miisteri yorumlar1 gibi metne dayali verilerin
smiflandirilmasinda biiyiik kolaylik saglamaktadir.

Sifir-atty metin smiflandirmaya yonelik olarak
yapilan c¢aligmalarda, 6mnegin, Lin ve Wen (2022)
semantik benzerlik (Sentence-BERT) ve sifir-atig
siniflandirma olmak iizere iki modeli kullanarak miisteri
geri bildirimlerini smiflandirmak i¢in bir prototip
tanitmistir.  Calisma  sonucunda  sifir-atis  metin
smiflandirmada en yiiksek dogruluk elde edilmistir.
Cherapanukorn ve Sugunnasil (2022) goriis madenciligi
teknigi kullanarak ve sifir-atis metin siniflandirma
yontemi ile turistik cazibe merkezleri igin turist
memnuniyeti  bilesenlerini  belirlemislerdir. Buna
yonelik olarak da 2010 ile 2021 yillar1 arasinda
TripAdvisor’da yayinlanan Tayland’daki 40 turistik
merkeze ait toplam 40.000 ¢evrimigi turist yorumu
analiz edilmistir. Rey-Moreno vd. (2023) 2018 ile 2021
yillar1 arasinda Airbnb ve otel konaklamalarma ait
toplamda 24.436 ciimleyi kullanarak, misafir
memnuniyeti ve giiveniyle ilgili hizmet O6zelliklerini
tanimlamak i¢cin BERTopic, sifir-atig siniflandirma ve
temel bilesen analizi yontemlerinin kombinasyonunu
kullanmiglardir. Das vd. (2023) on alt1 popiiler Google
Play Store uygulamasina ait yorumlar1 veri kaynagi
olarak kullanarak uygulama incelemelerinin otomatik
olarak analiz edilmesi ve uygulama gelistiricilerinin
kullanic1 geri bildirimlerini daha verimli sekilde
yonetmelerine yardimcit olmak igin bir c¢ergeve
sunmustur. Calismada; duygu analizi i¢in BERT,
siniflandirilan metnin temalarimi belirlemek icin sifir-
atis siniflandirma, metin 6zetlerinin olusturulmasi igin
ise GPT-3 kullanilmustir.

Sifir-atis metin smiflandirma kullanilarak yapilan
duygu analizi ¢aligmalarinda ise 6rnegin Masarifoglu
vd. (2021) bankacilik alanindaki Tiirkge misteri
yorumlarmin duygu analizini gergeklestirmis, bunun
i¢in dnceden egitilmis ¢ok dilli BERT, BERTurk, sifir-
atis metin siniflandirmada kullanilan XLM-Roberta-
Large-XNLI modeli ve geleneksel makine &grenmesi
yontemlerini (Destek Vektor Makineleri, Naive Bayes
ve Lojistik Regresyon) karsilastirmiglardir. Caligmada
farkli senaryolar test edilmis ve etiketli egitim verisinin
olmadigr durumda XLM-Roberta-Large-XNLI modeli
%83 agirlikli F1 skoru ile en yiiksek basariy1 elde
etmistir. Kumar ve Albuquerque (2021) Hintge {izerine
duygu analizi yapmak i¢in XLM-RoBERTa gapraz dilli
modeli ve sifir-atis ¢apraz-dilli transfer 6grenme (Zero-
shot Cross-lingual Transfer Learning) yontemini
kullanmuslardir. Ingilizce veri setiyle egitilen model,
Hintge ciimle seviyesinde duygu analizinde test edilmis
ve calismada hibrit derin &grenme ydnteminden
(Evrisimli Sinir Agir, CNN ve Destek Vektor Makinesi)
daha yiiksek bir dogruluk orani elde edilmigtir. Modelin
performansini degerlendirmek igin ortalama duyarlilik,
F1 puani ve makro F-puam1 dogrulama metrikleri
kullanilmistir. XLM-R modeliyle ortalama 9%60,93

dogruluk elde edilmistir. Sahar vd. (2022) BERT ve
sifir-atis 6grenme yardimiyla Amazon’dan edindikleri
kozmetik iriin incelemelerini kullanarak duygu
analizini gergeklestirmislerdir. Manias vd’nin. (2023)
calismasinda ise Twitter verileri ile dort farkli BERT
tabanlt ¢ok dilli simiflandirict (mBERT, XLM-R,
DistilBERT, ve BERT-m) ve sifir-atis metin
simiflandirma yontemini dogruluk ve uygulanabilirlik
acisindan karsilagtirmiglardir. Sonuglar, ¢ok dilli BERT
tabanli modellerin yiiksek performans sagladigini ve
sifir-atis 6grenme yaklagiminin daha hizli, verimli ve
6l¢eklenebilir ¢oziimler sundugunu gdstermistir.

2.5. Literatiirden Elde Edilen Temel Bulgular (Key
Findings from Literature)

Literatiirde restoran miisterilerinin yorumlarinin
duygu analizi ile degerlendirilmesi g¢aligsmalarinda
cogunlukla metinlerdeki genel duygu ortaya cikarilmig
ve geleneksel makine 6grenmesi ve derin Ggrenme
algoritmalar1 kullanilmigtir. Fakat, metinde farkli
konulara ait farkli duygular arastirilmak istenirse bu
yaklagimlar yetersiz kalmaktadir. Buna yonelik olarak
da lezzet, hizmet, ambiyans ve fiyatlandirma gibi
spesifik boyutlar ele alinarak hedef tabanli duygu analizi
gerceklestirilmistir.  Ayrica son donemlerde hedef
tabanli duygu analizi i¢in BERT ve OpenAl GPT gibi
dontgtiiriici.  tabanli  modeller de kullamilmaya
baglanmuigtir.

Sifir-Atis 6grenme ile etiketli verilere ihtiyag
duyulmadan verilerin siniflandirilmasi
gerceklestirilmektedir. Ayrica, yaklasimin ozellikle
metin smiflandirma ve duygu analizi gorevlerinde
onceden egitilmis dil modelleri ile kullanilmas1 farkli
dillerden olusan veri setlerinin smiflandiriimasi
zorlugunu ortadan kaldirmistir. Onceden yapilan
calismalar, bu yontemin kullaniminda yiiksek dogruluk
oranlarina ulagildigini ve diger modellere kiyasla hizli
ve etkili oldugunu gostermektedir.

3. Metodoloji (Methodology)

Izmir, yeme-igme sektérii bakimindan zengin, ayni
zamanda potansiyeli olan ve gelistirilmesi gereken bir
sehirdir (Akgiindiiz vd., 2024; Altintas ve Hazarhun,
2020). Izmir yiizyillardir farkli kiiltiirlere ev sahipligi
yapmis, bu da Izmir mutfagma yansimstir. Ozellikle
Izmir'e ozgii ¢esitli bitkiler, otlar, sebzeler,
zeytinyaghlar, balik ve deniz iiriinleri Izmir’e 6zgii
yemekler olarak siralanmaktadir (Erdogan ve Ozdemir,
2018). Bilhassa, Izmir’in Ege Denizi’ne kiyis1 ve uzun
sahil seridine sahip olmasi, deniz iirtinleri mutfaginin da
gelisimine yol agmustir. Boylelikle izmir, kiy1 seridi
balik restoranlar1 ve balik pazarlari agisindan zenginlik
gostermektedir (Yentiir ve Demir, 2022).

Calismada, gogunlugu Izmir Koérfezi gevresindeki
ilcelerde yer alan balik restoranlarma yonelik olarak
sifir-atis metin simiflandirma yaklasimi kullanilarak
hedef tabanli duygu analizi ger¢eklestirilmistir (Sekil 1).
Veri kaynagi olarak Google Haritalar: Google Yerel
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Rehberler’de yer alan balik restoranlarina yapilan
miisteri yorumlar1 kullanilmistir. Veri eldesi, Selenium
Python kiitiiphanesinden yararlanilarak web kazima
metodu ile Subat-Mart 2023 araliginda
gerceklestirilmistir ve 89 adet balik restorani ¢aligma
kapsaminda yer almistir. Caligmanin akis semasi Sekil
2’de verilmektedir.
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Sekil 1. Calismada incelenen balik restoranlari konumlart
(Locations of fish restaurants analysed in the study)

Veri On isleme
(Kisa metinlerin
¢ikariimasi, kigik
harfe déntistlirme)

Veri Eldesi
(Google Haritalar: >
Yerel Rehberler)

v

Sifir-Atig Metin
Siniflandirma

(Hedef Tabanh Duygu d Etiketleme
Analizi)
Degerlendirme
(Karmagiklik matrisi, - .
> Analiz

dogruluk, kesinlik,
duyarlilik, F1 puani)

Sekil 2. Akis semasi (Flow chart)

Calismada islenen veri setinde tiim restoranlar i¢in
toplam yorum sayis1 15.305°tir. En eski yorum 2013, en
yeni yorum ise 2023 yilina aittir. Cok dilli bir yapiya
sahip olan ve 43 farkli dili barindiran veri setinde
yorumlarin biiyiik bir gogunlugu Tiirk¢e (89%) olup,
diger diller ise ingilizce (%7), Almanca (%]1), Rusca
(%0,9), Fransizca (%0,5), Arapca (%0,4), Korece
(%0,2) ve diger dillerdedir (%1). Veri setinde
kullanicilarin yaptiklari restoran yorumlari, zaman (y1l),
restoran adi, kullanic1 ad1 ve puan verileri yer almakta,
bu ¢aligma kapsaminda sadece yorum ve zaman verisi
kullanilmistir.

3.1. Veri Onisleme (Data Preprocessing)

Veri Onisleme asamasinda, sadece puan verilip ve
bos olan girdiler ve ti¢ kelimenin altinda olan “Harikal!”,

“Muhtesem restoran” veya “Berbat!” gibi anlamsal
olarak ¢ok genel olan yorumlar géz ardi edilmis ve
veriden ¢ikarilmistir. Ayrica, tiim yorumlar kiigiik harfe
dontistiiriilmistiir. Buna ek olarak, Liu vd. (2021),
Leburu-Dingalo vd. (2022) ve Manias vd.’nin (2023)
caligmalarinda degindikleri {lizere, mikro-metinler
kullanilarak yapilan ¢ok dilli duygu analizinde
noktalama isaretleri, emojiler ve yiiz ifadelerini temsil
eden karakterler (emoticon) metindeki duyguyu ve
anlami pekistirdigi icin metinden ¢ikartilmamustir.

3.2. Veri Analizi (Data Analysis)

Calismada, Gallego’nun (2023) huggingface.co’da
sundugu, "XLM-RoBERTa-large" modelinin birkag
dogal dil ¢ikarimi (Natural Language Inference, NLI)
veri kiimesi iizerinde ince ayarlanmis “vicgalle/xIm-
roberta-large-xnli-anli” modeli kullanilmigtir. Model
cok dilli olup, "XLM-RoBERTa-large" temel modeli
100 farkli dilde onceden egitilmistir (Conneau vd.,
2020).

Kodlama ve veri isleme, Google Colaboratory’de
Python programlama dili kullanilarak ve GPU (Graphics
Processing Unit, Grafik Islemci Birimi) hizmetinden
yararlanilarak yapilmistir. BERT, GPT, RoBERTa gibi
birgok farkli dil modelini ve mimarisini igeren
transformers kiitliphanesindeki pipeline fonksiyonu
yardimiyla, "vicgalle/xIm-roberta-large-xnli-anli"
modeli ile sifir-atis siniflandirma islemi i¢in bir hattin
(pipeline) olusturulmasi saglanmistir. Hat, basit bir
uygulama  programlama  araylizi  (Application
Programming Interface, API) sunarak, ham metni girdi
olarak almakta, onu kelimelere veya alt kelimelere
ayirmakta ve ardindan belirli gorevler i¢in modele
beslemektir (Hugging Face, 2024).

Kategoriler, Gagi¢ vd.’nin (2013) restoran
kalitesinin 6l¢iilmesi i¢in 6nerdigi yemek kalitesi, servis
kalitesi, fiziksel ¢evre ve adil fiyat boyutlar1 temel
almarak olusturulmustur. Buna yonelik olarak da
kategoriler hem olumlu hem de olumsuz yorumlar
kapsayacak sekilde kaliteli yemek (KY), kalitesiz
yemek (KsizY), kaliteli servis (KS), kalitesiz servis
(KsizS), giizel ambiyans (GA), kotii ambiyans (KA),
diistik fiyat (DF) ve yiiksek fiyat (YF) olmak iizere sekiz
sinif olarak belirlenmistir. Miisteriler yorumlarda
restoranin birka¢ Ozelliginden aynm1 metin iginde
bahsedebildikleri i¢in model ¢ok-etiketli siniflandirma
(multi-label classification) seklinde ayarlanmis, boylece
her smif i¢in puanlar ayri ayr1 hesaplanmistir. Tablo
1’de ¢esitli restoranlara yonelik ornek yorum ve
tahminlenmis kategorilerin puanlar1 verilmektedir.
Yiiksek puanlar yorumun hangi sinifa ait olabilecegini
gostermektedir.
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Tablo 1. Ornek restoran yorum ve tahmin puanlart (Examples of restaurant reviews and prediction scores)

Miisteri Yorumlari KY KsizY

KS KsizS GA KA YF DF

Lezzetleri miikemmel, 6zellikle mezeler
harika ve leziz, ayrica isletme ve
calisanlart gayet giler yiizli ve
sicakkanlilar. Hizmet olarak kaliteli ve
keyifli bir mekéan.

ToTpscatomas KyxHs, OOCITy>KMBaHHE
Ha BBICOTC, OJMH M3 CaMbIX JIYYIINX
pecropaHoB  ropoga  Pexomennayto!
(Harika mutfak, miitkemmel hizmet,
sehrin en 1iyi restoranlarindan biri.
Tavsiye ederim!)

0,9751  0,0002

0,9989  0,0002

Ale 5l 5 gale JSY
(Yemek siradan ve fiyatlar1 pahali.)
Pricy but excellent service and delicious
food. (Pahali ama miikemmel servis ve
lezzetli yemekler.)
Boyle yiiksek faturali bir yer i¢in baliklar
rezaletti. Ayrica servis de kotiiydii. Hig
tavsiye etmiyorum.

0,0003  0,0005

0,9992  0,0002

0,0002  0,9993

0,9996

0,9994

0,0007

0,9997

0,0004

0,0002 05721 0,0002 0,0150  0,0002

0,0002 0,000 0,0003 0,0228  0,0008

0,0008 0,0002 0,0080 00020 0,9115

0,0002 0,0014 0,0003 0,6844  0,0007

09371 0,0003 03136 0,0004 0,9988

Kaliteli Yemek (KY), Kalitesiz Yemek (KsizY), Kaliteli Servis (KS), Kalitesiz Servis (KsizS), Giizel Ambiyans (GA), Kétii Ambiyans

(KA), Diisiik Fiyat (DF), Yiiksek Fiyat (YF)

3.3. Model Performans Degerlendirmesi (Model
Performance Evaluation)

Calismada kullanilan modelin tahmin performansini
Olemek icin tiim veriden yaklasik %11°lik bir kisim
gelisigiizel ornek olarak alinmig, 0 ve 1 ikili yap1
(binary) seklinde etiketlenmistir. Tahminlenmis veri
setinden de ayn1 satirlarin segilimi yapilip, veri 0,5 esik
degerine gore yine ikili yapiya doniistiiriilmiistiir. Ornek
alman veri seti icindeki Tiirkge haricindeki miisteri
yorumlarinin orani yaklasik %10’dur.

Veri setinin ¢ok-etiketli yapisindan dolayr her bir
smif icerisinde yer alan pozitif ve negatif 6rneklerin esit
sayida olmasi neredeyse miimkiin degildir ve smiflar
dengesiz bir yapiya sahiptir (Tablo 2). Bu tiir
durumlarda  dogruluk, kesinlik, duyarlilik gibi
metriklerin hesaplanmasinda verilerin bu haliyle
dogrudan kullanilmas: performans degerlendirmesinde
yaniltict olabilmektedir (Iram vd., 2016). Bu yiizden, her
smifi dengeli hale getirmek amaciyla azinlik simnifi
sayisint ¢ogunluk sinifi sayisina esitlemek igin asiri
ornekleme (over-sampling) veya ¢ogunluk sinifi sayisini
azinliklik smifi sayisia esitlemek icin alt 6rnekleme
(under-sampling) gibi yontemler kullanilmaktadir. Asirt
ornekleme metodu igin yeni metin iiretimi veya azinlik
smifindaki verileri ¢ogunluk sinifi sayisina esitlemek
icin azinlik sinifindaki bazi satilarin aynilarini ekleyerek
veriyi ¢ogaltmak gibi teknikler bulunmaktadir. Bu
yontem, azinlik smifindaki verilerin ¢ogaltilmasiyla

sinif dengesizliklerini azaltmasma ragmen, yukarida
bahsedilen tekniklerin, sirasiyla, yeni veri iiretiminin
bagka bir arastirma konusu oldugundan veya ayni
verilerin  tekrar  kullanilmast  ile  yeni  bilgi
saglanamadigindan tercih edilmemistir. Bu yiizden,
calismada alt 6rnekleme metodu kullanilarak pozitif ve
negatiflerde en kiiciik azinlik smnifi temel alinarak, tiim
smiflarda pozitif ve negatif sayilari esitlenmistir. Bir
baska deyisle, en kiiclik eleman sayisina sahip KA
siifinin pozitif sayist 101 oldugu i¢in diger tiim sinif
sayilar1 bu degere indirgenmistir (Bknz. Tablo 2, KA
siifi, Pozitif: 101). Bu islemden sonra, karmasiklik
matrisi ve dogruluk, kesinlik, duyarlilik, F1 puani
metrikleri hesaplanmustir.

Karmagiklik matrisi, makine 6grenimi modellerinin
performansini degerlendirmek i¢in kullanilan bir tablo
yapisidir. Bu tablo, bir simiflandirma modelinin tahmin
sonuglarimi dort temel kategoride dzetler: dogru pozitif
(TP), dogru negatif (TN), yanlig pozitif (FP) ve yanlig
negatif (FN) (Khakhar ve Dubey, 2022). TP, dogru
siiflandirilan pozitif 6rneklerin sayisini, TN ise dogru
siniflandirilan  negatif o6rneklerin sayisint  gosterir.
Benzer sekilde, FP, pozitif ve yanlis olarak
siiflandirilan 6rneklerin sayisini, FN ise negatif ve
yanlg olarak smiflandirilan Orneklerin sayis1 ifade
etmektedir (Kulkarni vd., 2020). Sekil 3’te karmagiklik
matrisi 6rnegi ve her smif i¢in karmasiklik matrisleri
Sekil 4’te verilmektedir.

Tablo 2. Ornek alinan verilerde simiflarin pozitif ve negatif dagilimlar (Positive and negative distributions of classes in the sampled data)

KY KsizY KS KsizS GA KA YF DF
Pozitifler Frekans 1005 171 652 229 510 101 243 305
(I’ler) Frekans (%) 58,13 9,89 37,71 13,24 29,50 5,84 14,05 17,64
Negatifler Frekans 724 1558 1077 1500 1219 1628 1486 1424
(0’lar) Frekans (%) 41,87 90,11 62,29 86,76 70,50 94,16 85,95 82,36
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[ Tahmin ]
( Pozitif | (Negatif |

TP | FN

( Pozitif

Gergek

FP | TN

[ Negatii]

Sekil 3. Karmagiklik Matrisi (Confusion matrix)

( KY ] ( Ksiz¥ ] [ KS ] ( KsizS ]
88 13 81 20 92 9 76 25
7 84 4 97 36 65 10 91

[ _GA KA _DOF v
83 18 63 38 73 28 74 27
21 80 13 88 26 75 5 96

Sekil 4. Her simifa gore karmasiklik matrisleri (Confusion
matrices for each class)

Calismada kullanilan degerlendirme metriklerinden
ilki dogruluktur. Bu metrik, bir modelin ne kadar dogru
tahmin yaptigimni gosteren bir performans olgiitiidiir.
Dogru siniflandirilanlarin = tiim  smiflandirilanlara
oranidir ve

TP +TN
Dogruluk = 1)
TP+TN+FP+FN

seklinde hesaplanir. Kesinlik, modelin pozitif olarak
tahmin ettigi drneklerin ne kadarinin gergekten pozitif
oldugunu o6lgmektedir. Yani, TP’lerin toplam pozitif
tahminlere oranidir ve

TP
Kesinlik = ———— 2
TP + FP

formiili ile hesaplanir. Duyarlilik, modelin gergek
pozitif 6rnekleri ne kadar iyi tespit ettigini dlger. TP nin
toplam gercek pozitiflere oranidir ve

P
Duyarlihk= ————— (3)
TP+ FN

ile hesaplanir. F1 puani ise bir modelin kesinlik ve
duyarlilig1 birlikte degerlendiren bir metriktir. F1 puani,
kesinlik ve duyarliligin harmonik ortalamasidir.
Kesinlik ve duyarliligin dengeli oldugu durumlarda en
yiksek degere ulasir. F1 puani, asagidaki formiil ile
hesaplanir:

_ 2 Kesinlik* Duyarlilik
Kesinlik + Duyarlilik

(4)

Calismada alt 6rnekleme metodu kullanildigindan,
yani azinlik smifina gore her smiftaki pozitif ve
negatiflerden rastgele 6rnek alindigindan degerlendirme
metriklerinin hesaplamasi on kere tekrarlanmis ve her
bir metrigin aritmetik ortalamasi alinmistir. Sonuglar
Tablo 3’te verilmektedir.

Tablo 3. Her sinif i¢in degerlendirme metrikleri ortalamalart
(Evaluation metrics averages for each grade)

Kalite Dogruluk  Kesinlik  Duyarlilik Fl

Boyutlari Puani
KY 0,8807 0,8867 0,8743 0,8800
KsizY 0,8673 0,9514 0,7743 0,8533
KS 0,7609 0,6986 0,9188 0,7936
KsizS 0,8332 0,9030 0,7475 0,8175
GA 0,8262 0,8297 0,8228 0,8256
KA 0,7604 0,8613 0,6238 0,7229
DF 0,7490 0,7643 0,7218 0,7415
YF 0,8312 0,9519 0,6980 0,8051

Tablo 3’ten goriildiigii lizere, modelin performansi
her sinifa gore degisiklik gostermekte, degerlendirme
sonucu miikemmel olmasa da iyi bir performans elde
edildigi soylenebilmektedir. Buna gore dogruluk, tim
smiflar igin genelde %75 ile %88 arasinda degigmekte,
cogu sinifta %80’in iistiinde deger almaktadir. Kesinlik,
ozellikle KsizY ve YF siniflarinda oldukga yiiksektir ve
bu da modelin bu siniflar igin tahmin ettigi pozitif
orneklerin ¢ogunlukla dogru oldugunu gostermektedir.
KS sinifinda %70 ile en disik kesinlik degeri
gozlenmistir. Bu da modelin pozitif tahminlerinin bir
kisminin hatali oldugunun isaretidir. Duyarlilikta KS
%91 ile en yliksek seviyededir. Bu, modelin bu siniftaki
gercek pozitifleri iyi bir sekilde yakaladigim
gostermektedir. Ancak, KA ve YF smiflarinda
duyarlilik degerleri sirasiyla %62 ve %70 olarak
hesaplanmistir. Bu da modelin bu siniflarda daha fazla
hatali negatif tahmin yaptigini isaret eder. F1 puani
incelendiginde en yiiksek F1 puani KY sinifinda (%88)
elde edilmis, en diisiik F1 puani ise KA sinifinda (%72)
gbzlemlenmistir.

4. Bulgular (Findings)

Calismada, 89 balik restorana yapilan miisteri
yorumlart kullanilmistir. En fazla yorum alan restoranin
yorum sayist 609, en diisiik ise 8’dir. Restoran basina
ortalama yorum sayisi ise 171,97°dir.

Miisteri memnuniyetini etkileyen farkli boyutlarin
karsilagtirilarak, restoranlarin giiclii ve zayif yonlerinin
belirlenmesi ve bu alanlara yonelik iyilestirmeler
yapilmasi restoranlar i¢in kritik Oonem tagimaktadir.
Bunun yaninda, yorumlarin farkli kategorilerdeki pozitif
ve negatif duygu dagilimlarinin zaman igindeki
degisimlerinin incelenmesi, restoranlarin  miisteri
memnuniyeti egilimlerini anlamalarina ve bu dogrultuda
gelecek igin stratejik kararlar almalarina olanak
tanimaktadir. Ayrica, miisteri yorumlar1 iginde farkli
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dillerde yapilan yorumlar da bulunmaktadir. izmir’in
turistik bir yer olmasi ve balik restoranlar ile ilgili inii
g6z oniinde bulunduruldugunda, yabanci miisterilerin
algilarinin da arastirilmasi 6nem tasimaktadir.

Buna yonelik olarak, basta 2013-2023 yillar
arasinda Izmir genelindeki balik restoranlar1 igin
miisterilerin memnuniyetini etkileyen en Onemli
boyutlar arastirilmistir. Sekil 5’ten de goriilecegi iizere
89 restoran i¢in en ¢ok KS iizerine yorum yapilmistir.
En az yorum ise KsizY fizerinedir. Ayrica, misteriler
cogunlukla servis boyutu (KS + KsizS) {izerine yorum
yapmislar ve en az yorumlanan ise fiyat boyutudur (DF
+ YF). Ayrica, olumlu yorumlar olumsuz yorumlara
gore ¢cok daha fazla sayidadir.

Tiim yorumlarin %20’1lik kismini kapsayan en ¢ok
yorum yapilan ilk alti restoran se¢ilmis ve yillara gore

miigteri yorumlarindaki degisim incelenmistir (Sekil 6).
Veriler en son Mart 2023’te alindigindan ve 2023
yilinda ¢ok az veri oldugundan bu yila ait veriler
incelemeye dahil edilmemistir. Her y1l i¢in farkli yorum
sayilar1  bulundugundan, bu degerler o yilda
kategorilerde ka¢ yorum bulunuyorsa toplam yorum
sayisina gore ylizde olarak hesaplanmistir. Bu analiz
sayesinde zamansal olarak restoran isletmelerinin kalite

boyutlarinda olumlu veya olumsuz degisimler
gozlenebilmekte, bodylece restoranlarin hangi kalite
boyutunda iyilestirme yapmalari gerektigi
belirlenebilmektedir. ~ Ayrica, rakip  restoranlar

kargilagtirilarak, birbirlerine yonelik eksi veya arti
yonler gosterilebilmektedir.
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Sekil 5. Izmir balik restoranlari kalite boyutu smiflar1 dagilimlari (Distribution of quality dimension classes of izmir fish restaurants)
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Ornegin, BHO kodlu restoran incelendiginde her yil
GA ilizerine yapilan pozitif yorum sayis1 azalmis, ayni
sekilde, KA boyutuna yonelik pozitif yorum sayist
artmigtir. Bu durum, restoranin ambiyansa yonelik
iyilestirme yapmasi gerektigini gdstermektedir. Ayni
zamanda, GA ve KA smiflar1 arasindaki artis ve
azalistaki denge de g6z Oniine serilmektedir. Bu durum,
ornek verilen diger restoranlarin cogunda da farkli
boyutlarda gozlenmektedir. XPY ve ZVY restoranlari
incelendiginde, ikisinde de DF’a yo6nelik pozitif olarak
pek bir degisim olmadig1 goriiliirken, YF’da 6zellikle
2021 yilindan sonra az da olsa kiiciik bir artis
gozlenmektedir. Bu da bu iki restoranin nispeten
fiyatlandirma  stratejilerini  dogru  uyguladiklarini
aciklamaktadir. AHV restoraninda 2021-2022 yillar
arasinda KS’de gozle goriiliir bir iyilesme oldugu
goriilmektedir. Bu da restoran agisindan misteri
memnuniyetini arttirict bir 6zelliktir. Rakip restoranlar
karsilastirildiginda  6rnegin, XPY 2021°den sonra
rakiplerine gore Ozellikle GA smifinda miisterilerden
gelen pozitif yorumlar neticesinde daha bagarili
goriiliirken, diger restoranlar bu sinifta pek de bir basari
gosterememistir. Buna yonelik olarak da restoranlarin
iyilestirme yapmalar1 gerekmektedir.

Calismada ayrica Tiirkge haricindeki dillerde
yapilan yorumlar da incelenmistir. 15305 yorum ig¢in
yabanct dilde yapilan yorum sayist yaklasik %11°lik
paya sahiptir. Miisteri yorumlarindaki Tiirk¢e harici
dillerin tespiti i¢in Google Sheets’de yer alan
DETECTLANGUAGE() fonksiyonu kullanilmistir.
Sekil 7°de Izmir’deki tiim restoranlar igin Tiirkce ve
yabanci dilde yapilan yorumlar kalite boyutlarina gore
karsilagtirilmistir.  31.287 Tiirkge pozitif ve 4137
yabanct  dil  pozitif olan veriler yiizdelige
dontstirilmiistiir.
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Sekil 7. Izmir’deki balik restoranlarina yapilan yorumlarin
siiflar ve dillere gore karsilagtiritlmasi (Comparison of
comments on fish restaurants in {zmir by classes and languages)

Sekil 7°den goriildigii tizere, KY ve KS siniflarinda
yabanct dilde yazan miisteriler bu siniflarda Tiirkce
yazanlara gore daha fazla oranda pozitif yonde
goriiglerini belirtmislerdir. Tiirkge yorumda
bulunanlarda ise GA sinifi 6ne ¢ikmaktadir.

En ¢ok yabanci dilde yorumun yapildig ilk g
restoran incelendiginde, KS ve GA smiflar1 hakkinda
Tiirkge yorumlar, yabanci dildeki yorumlardan oranca
daha fazladir (Sekil 8). VUK ve FSH restoranlarinda KY

smifi Tirk¢e yorum yapanlarda daha yiiksek orandadir.
Yabanci dilde yorum yapan miisteriler GA’a pek 6nem
vermezken, Tiirk¢e yorum yapan miisterilerde bu oran
daha yiiksektir. Fiyatlandirma incelendiginde ise IDR ve
VUK restoranlarinda yabanci dilde yazan miisteriler
Tiirk¢e yazan miisterilere gore DF sinifi iizerine pozitif
yorumlarda bulunmasinin yaninda, her ii¢ restoranda da
fiyatlarin yiiksekliginden bahsedilmektedir.
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Sekil 8. En ¢ok yabanci dilde yorum yapilan {i¢ restorana ait
miisteri yorumlarinin Tiirk¢e yorumlarla karsilastirilmasi
(Comparison of customer reviews of the three restaurants with the
most foreign language reviews with Turkish reviews)

5. Sonuclar ve Tartismalar (Conclusions and
Discussions)

Bu makalede, Izmir'deki balik restoranlarina ait
miigteri yorumlar1 izerinde sifir-atig metin siniflandirma
yontemi kullanilarak hedef tabanli duygu analizi
gerceklestirilmigtir. Caligmada kullanilan yontem ile
restoranlarin yemek kalitesi, servis kalitesi, fiziksel
cevre ve adil fiyat kalite boyutlarinda giicli ve zayif
yonleri belirlenebilmektedir.

Calismada kullanilan yontem, g¢esitli agilardan
onemli avantajlar sunmaktadir. ilk olarak, sifir-atig
metin siniflandirma yonteminde kullanilan 6nceden
egitilmis dil modelleri, 6zellikle biiyiik veri setlerinin
hizli ve etkin bir bigimde smiflandirilmasini ve
kullanicilarin uzun siiren egitim ve test gibi geleneksel
makine O0grenmesi asamalarini atlamasini
saglamaktadir. Bu durum, ayrica, siirekli artan miisteri
yorumlarini ger¢ek zamanli olarak analiz etme ihtiyact
olan isletmeler i¢in biiyiik faydalar saglayacaktir. fkinci
olarak, gelencksel dogal dil isleme projelerinde
genellikle tek bir dil iizerinde ¢alisilirken, diller
arasindaki farkliliklar ¢ok dilli veri setleri ile ¢alismaya
engel olmakta, c¢aligmada Onerilen yontem ise farkli
dillerdeki metinlerden olusan veri setlerinin dilden
bagimsiz  sekilde analiz  edilmesini  miimkiin
kilmaktadir.  Uglincii  olarak,  sifir-atis  metin
siniflandirma geleneksel hedef tabanli duygu analizine
kiyasla oOnemli bir avantaj saglamaktadir. Ciinkii,
geleneksel yontem, iki safhada gergeklestirilmektedir.
Yani, bagta konular belirlenmekte (6rnegin konu
modelleme) ve daha sonra belirlenen konular {izerine
duygu analizi gergeklestirilmektedir.  Calismada
Onerilen yontem, bu adimlan birlestirerek tek seferde
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verilen konu tizerinden duyguyu belirlemekte, boylece,
adimlar basitleserek analiz siiresi kisalmaktadir.

Modelin performansinin degerlendirilmesi
asamasinda, veri setindeki farkli kalite boyutlar igin
pozitif ve negatif Ornek sayisindaki dengesizlik,
performans degerlendirmesinde zorluk yaratmigtir. Bu
durumu azaltmak igin alt Ornekleme yoOntemi
kullanilmis, baz1 bilgilerin kaybolmasi1 dezavantajini en
aza indirmek i¢in azinliklik smift sayisina gore
ornekleme tekrarlanmig ve ¢ikan sonuglarin aritmetik
ortalamasi alinmistir.

Degerlendirme metrikleri incelendiginde, modelin
farkli smiflarda degisken bir performans sergiledigi
gozlemlenmektedir. Dogruluk incelendiginde, tiim
siniflarda %75 ve tizerinde ¢ikmustir. Bu durum,
modelin ¢ogu durumda dogru tahminler yaptigini ve
giivenilir oldugunun gostergesidir. KY, KsizY, KsizS,
GA ve YF smiflarinda %80 ve tizerindeki F1 puanlarn
modelin bu smiflarda giivenilir bir sekilde calistigini
gostermektedir. Bununla birlikte, KS, KA ve DF
smiflarinda F1 puanlart (sirasiyla, 0,79, 0,72 ve 0,74)
modelin bu siniflardaki performansinda dengesizlikler
olabilecegini isaret etmektedir. Ozellikle KS sinifinda
yiksek duyarliliga (0,92) ragmen nispeten diisiik
kesinlik (0,70), bu sinifta hatali pozitif oraninin varligim
gostermektedir. Benzer sekilde, KA smifinda yiiksek
kesinlik (0,86) ancak diisiik duyarlilik (0,62), modelin
dogru pozitifleri belirlemede zorluk yasadigini ortaya
koymaktadir. Fakat diger smiflardaki performans,
modelin etkili tahminler yapma kapasitesini agikca
gozler oniine sermektedir.

Hatalarin sebeplerinin birgok nedene bagl oldugu
diisiiniilmektedir. Ornegin model, “Cok nezih ve bahig
lezzetli bir restoran. Fiyatlar biraz yiiksek.” veya “Yeri
¢ok merkezi. Yiyecekler ve mezeler c¢ok lezzetli.”
yorumlarinda KS’den bahsedilmemesine ragmen esik
degerinin istiinde bir puanit KS sinifina vermistir. Bu tiir
hatalar kesinlik puaninin KS sinifinda diisiik ¢ikmasina
yol agmigtir. Aymi sekilde, KA smifinda, 6rnegin, “El
degistirmig ve gayet bozmus...” veya “Mezgit sis enfes.”
yorumlarinda model KA’ya yiiksek puan vermistir.
Yukarida bahsedilen bu tiir hatalarin sebebinin restoran
hakkinda yapilan bazi yorumlarin genel bir
degerlendirme oldugundan kaynaklandigi ve bdylece
modelin yanlis yorumladigi kanisina varilmistir.
Bununla birlikte, her ne kadar veri 6n isleme asamasinda
ii¢ kelimenin altindaki yorumlar veri setinden ¢ikarilmis
olsa da yukarida Ornegi verilen nispeten kisa
climlelerden Otiirli, modelin hatalar yapmis oldugu
olasidir. Ornegin, “Yemek kalitesi iyiydi, fiyatlarda bu
kalite i¢in ¢ok pahali degil. Fakat restorandaki yaklagim
maalesef iyi degildi. Mekdn genel anlamda bos oldugu
halde talep ettigimiz masay: bize vermediler, egsimle beni
israrla kuytu kése bir yere oturttular. 600 TL’lik bir
hesaptan sonra meyve ikram edilmesi usuldendir,
yapamayacaklarmm séylediler, zorunda degiller tabi.
Ama ¢ay ikram ettiler.” yorumu gayet basarili bir sekilde
siiflandirilmastir.

Bu calismada kullanilan yontem, yoneticilerin karar
alma siireglerinde restoranlarin giiglii ve zayif yonlerini
hizli ve etkin bir bi¢imde belirlemelerine yardimci
olacak ve hizmet kalitesini artirmak i¢in gerekli
iyilestirme alanlarini tespit etmelerini saglayacaktir. Bu
sayede yoneticiler, stratejik kararlar alabilecek ve
operasyonel iyilestirme siireclerini baglatabileceklerdir.
Ornegin, yemek kalitesinin iyi oldugu, ancak servis
kalitesinin veya fiyatlandirmanin olumsuz geri bildirim
aldig1 tespit edildiginde, bu bilgi, yoneticilerin ilgili
alanlara yonelik iyilestirme ve yatirnmlar yapma karari
almasina olanak saglayacaktir.

Calismada oOnerilen yontem, yoneticilerin, farkli
miisteri gruplarmin restoran hizmetleri konusundaki
ihtiyag¢ ve beklentilerini, bunlarin ne 0dlglide
karsilandigini daha iyi degerlendirmelerini
saglayacaktir. Ornegin, yabanci miisterilerin belirli bir
boyuta verdikleri 6nem, Tirk miisteriler i¢in farkl
olabilmektedir. Bu bilgiler, miisteri segmentasyonuna
gore Ozellestirilmis hizmet sunum stratejilerinin
gelistirilmesine yardimec1 olacaktir.

Gelecekteki calismalar icin model performansinin
daha etkin bir sekilde degerlendirilmesinin 6nemli
oldugu diisiiniilmektedir. Ornegin, KY boyutunda 1005
olan pozitif yorum sayisi, alt 6rnekleme yontemiyle KA
boyutundaki pozitif yorum sayisina, yani 101’e
diistiriilmiigtiir. Rastgele on kez Ornek alinarak alt
ornekleme uygulanip sonuglarin aritmetik ortalamasi
alinsa da azinlik smiflarmm temsil edilebilirligini
artirmak ve modelin diisiik sayiya sahip siniflarda daha
tutarli performans gdstermesini saglamak igin bu
siiflarin veri sayisinin artirilmasi gerekmektedir. Bu
amagcla, sentetik veri liretim yontemleri kullanilabilirligi
olasidir. Ayrica, ¢alismada kullanilan dnceden egitilmis
dil modeli yerine farkli modellerin denenmesiyle
hatalarin ~ azaltilmasi1 ve model performansinin
iyilestirilmesi de mumkiindiir. Buna ek olarak, veri
setine Ozgii bir ince ayar yapilmasiyla modelin hedef
boyutlar lizerindeki duyarliligini ve genel performansin
artirabilecegi ongoriilmektedir.

Ileriki ¢aligmalarda, kullanilan ydntemin GPT gibi
yeni nesil doniistiirici  tabanli  modeller ile
kargilagtirilmasi hedeflenmektedir. Bu sayede, karmagik
dil yapilarinin islenmesi konusunda yeni acilimlar
saglanacaktir. Ayrica, metinlerdeki duygu
yogunlugunun oSl¢lilmesi (6rnegin, miisterinin bir seyi
cok, az veya orta seviye sevmesi), miisteri taleplerinin
ve beklentilerinin daha derinlemesine anlasilmasini
saglayacaktir. Bu sayede, miisterilerin belirli bir hizmet
veya Tlriine dair farkli unsurlara yonelik duygu
yogunluklar1 arasindaki farklar net bir sekilde ortaya
konabilecektir.
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Abstract

Gas turbines are widely used in power generation plants due to their high efficiency, but they also emit pollutants such as CO and NOx.
This study focuses on developing predictive models for predicting CO and NOx emissions from gas turbines using machine learning
algorithms. The dataset used includes pollutant emission data from a combined cycle gas turbine (CCGT) in Tiirkiye, collected hourly
between 2011 and 2015. Various outlier treatment methods such as Z-Score, Interquartile Range (IQR), and Mahalanobis Distance
(MD) are applied to the dataset. Machine learning algorithms including Random Forest, Extra Trees, Linear Regression, Support Vector
Regression, Decision Tree, and K-Nearest Neighbors are used to build the predictive models, and their performances are compared.
Additionally, Voting Ensemble Regressor (VR) and Stacking Ensemble Regressor (SR) methods are employed, using Gradient
Boosting, LightGBM, and CatBoost as base learners and XGBoost as a meta-learner. The results demonstrate that the SR model, when
applied to the dataset processed using the IQR method, achieves the highest prediction accuracy for both NOx and CO emissions, with
R? values of 0.9194 and 0.8556, and RMSE values of 2.7669 and 0.4619, respectively. These findings highlight the significant role of
the IQR method in enhancing model accuracy by effectively handling outliers and reducing data noise. The improved data quality
achieved through this method contributes to the superior performance of the SR model, making it a reliable approach for predicting
NOx and CO emissions with high precision.

Keywords: Gas turbine emissions, Machine learning, Outlier processing, Combined cycle power generation, Interquartile range,
Mahalanobis distance

Gaz Tiurbinlerinden Kaynaklanan CO ve NOx Emisyonlarinin Tahmininde
Aykir1 Deger isleme ve Topluluk Regresyon Yaklasimlarinin Kullanimi

Oz

Gaz tiirbinleri, yiliksek verimlilikleri nedeniyle enerji iiretim tesislerinde yaygin olarak kullanilmaktadir; ancak, ayn1 zamanda CO ve
NOx gibi zararli gaz emisyonlarina da neden olmaktadirlar. Bu ¢aligma, gaz tiirbinlerinden kaynaklanan CO ve NOx emisyonlarini
tahmin etmek igin makine 6grenmesi algoritmalarini kullanarak tahmin modelleri gelistirmeye odaklanmaktadir. Kullanilan veri seti,
Tirkiye'deki bir kombine ¢evrim gaz tiirbininden (CCGT) 2011 ve 2015 yillar1 arasinda saatlik olarak toplanan emisyon verilerini
icermektedir. Veri setine Z-Skoru, Ceyrekler Aras1 Aralik (IQR) ve Mahalanobis Mesafesi (MD) gibi ¢esitli aykir1 deger isleme
yontemleri uygulanarak modellerin performansina etkisine incelenmistir. Modeller olusturulurken Rastgele Orman, Ekstra Agaglar,
Dogrusal Regresyon, Destek Vektor Regresyonu, Karar Agaci ve K-En Yakin Komsu gibi makine 6grenmesi algoritmalari kullanilmig
ve performanslar karsilastirilmistir. Ayrica, Gradient Boosting, LightGBM ve CatBoost algoritmalarini temel temel 6grenici ve
XGBoost'u meta-dgrenici olarak kullanan Oylama Topluluk Regresyonu (VR) ve istifleme Topluluk Regresyonu (SR) yéntemlerinin
de performanslart incelenmistir. Sonuglar, IQR yontemiyle islenen veri seti izerinde uygulanan SR modelinin hem NOx hem de CO
emisyonlari i¢in en yiiksek tahmin dogrulugunu sagladigini gstermektedir. Modelin R? degeri NOx i¢in 0.9194, CO i¢in 0.8556 olarak
bulunmus; RMSE ise sirasiyla 2.7669 ve 0.4619 olarak elde edilmistir. IQR yontemiyle elde edilen iyilestirilmis veri kalitesi, SR
modelinin iistiin performans gostermesine katki saglamakta ve modelin NOx ve CO emisyonlarin1 yiiksek hassasiyetle tahmin
edebilmesi agisindan giivenilir bir yaklasim oldugunu ortaya koymaktadir.

Anahtar Kelimeler: Gaz tiirbini emisyonlar1, Makine 6grenmesi, Aykir1 deger isleme, Kombine ¢evrim enerji tiretimi, Ceyrekler
arast aralik, Mahalanobis uzaklig1
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1. Introduction

Gas turbines (GT) are a widely preferred energy
conversion technology in power generation plants due to
their high efficiency and reliability. Simply put, GT
consist of a series of turbines and compressors on a shaft
rotating at high speed. GT take in air from outside and
compress it using a compressor. The compressed air is
then mixed with a fuel (usually natural gas or oil) and
sent to a combustion chamber. In the combustion
chamber, the fuel-air mixture is ignited and burns under
high temperature and pressure. The high-pressure and
high-temperature gases generated by this combustion
expand and pass through the turbine, causing the turbine
blades to rotate. This rotational movement turns the
turbine shaft, which is connected to a generator, thus
generating electrical energy. The open cycle of a GT is
illustrated in Figure 1.

While the high efficiency and reliability of GT make
them an ideal choice for electricity generation, harmful
gases such as carbon monoxide (CO) and nitrogen
oxides (NOX) released during the combustion process
cause environmental impacts. CO is produced as an
incomplete combustion product when there is not
enough oxygen, or the combustion process is
incomplete. CO is a colorless, odorless gas and can be
dangerous to humans. When inhaled at dangerous levels,
CO can cause severe poisoning and even death (Liu et
al. 2021). NOx is the general term for compounds
formed because of the reaction of nitrogen and oxygen
in the atmosphere under high temperature and pressure,
including nitrogen monoxide (NO) and nitrogen dioxide
(NOz). NOx can contribute to acid rain, ozone
formation, and air pollution, causing respiratory
diseases and environmental damage (Pandey and
Chandrashekhar, 2014).

Various methods and technologies are used to reduce
the release of harmful gases such as CO and NOx from
GT into the environment. These include exhaust gas
treatment systems such as selective catalytic reduction
(SCR) and selective non-catalytic reduction (SNCR).
The SCR system lowers NOx emissions by injecting
ammonia (NHs) or urea into the exhaust gas stream. In
the presence of a catalyst, these substances react with
NOx, converting it into harmless nitrogen (N2) and water
(H20) (Wardana and Lim, 2022). The SNCR system
reduces NOx by injecting ammonia or urea into the
exhaust gas without the use of a catalyst, relying on high
temperatures to facilitate the reaction (Mahmoudi et al.
2010). Additionally, improving combustion efficiency
and optimizing the air-fuel ratio can significantly reduce
the formation of CO and NOx emissions (Tian et al.
2024). For example, low NOx combustion techniques
can be used to provide higher combustion efficiency
while minimizing NOx formation. Techniques such as
water or steam injection can be used to lower
combustion temperatures, thereby reducing NOx
emissions. In addition, regular maintenance and
cleaning of GT can help reduce CO and NOx emissions.

Other effective strategies for reducing CO and NOXx
emissions include utilizing cleaner fuels, enhancing
combustion chamber design, and implementing exhaust
gas recirculation (EGR) systems (Kumar et al. 2022).
However, traditional emission control methods often
face disadvantages such as high costs, complexity, and
efficiency issues. Implementing and operating large-
scale exhaust gas treatment systems often involve
significant costs (Lott et al. 2024). Additionally, the
environmental impact of some technologies must be
considered. For example, certain exhaust gas treatment
systems can produce harmful by-products that may be
released into the environment (Lopes et al. 2015). This
necessitates a broad and comprehensive evaluation of
emission control processes on an ongoing basis to
ensure environmental sustainability and regulatory
compliance.

In recent years, machine learning (ML) has become
a prominent technology for evaluating emission control
processes by predicting emissions from GT. ML
algorithms analyze large amounts of data and take into
account various variables such as operating conditions
of GT, fuel composition, air temperature and other
environmental factors. By identifying complex
relationships between these variables, they create
models to predict emissions from GT. These models can
quickly respond to changes in the operating conditions
of GT and keep emission predictions up to date. For
instance, if there is a sudden change in the operating
conditions of a gas turbine and its impact on emissions
is immediately identified and assessed, control measures
can be taken automatically if necessary. Furthermore,
predictive models allow proactive measures to be taken,
considering operating conditions. ML models can
predict future operating conditions by analyzing
historical performance data and environmental
conditions of the plant. In a scenario where the
developed model predicts an impending air temperature
increase and identifies its potential impacts on CO and
NOXx emissions, power plant operators can adjust plant
operating parameters based on this information or take
proactive measures to minimize emissions by making a
specific process change. In this way, predictive models
can guide power plants to develop and implement
strategies to reduce environmental impacts.

The promising advantages of ML in predicting
emissions from GT have been evaluated by some
important studies in the literature. Aslan (2024)
evaluates the performance of machine learning models,
including AdaBoost, XGBoost, and Random Forest
(RF), in predicting gas turbine emissions. Using random
search optimization, the study finds that AdaBoost
achieves the highest accuracy (99.97%) and lowest
mean square error (MSE = 2.17). Dirik (2022)
conducted a study using the Adaptive Neural Fuzzy
Inference System (ANFIS) method to model and predict
NOx emissions from a natural gas-fired combined cycle
power plant (CCPP). The results demonstrated that the
ANFIS models achieved high accuracy in predicting
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NOx emissions. Pachauri (2024) discusses the
importance of monitoring harmful gas emissions from
GT in CCPPs, particularly CO and NOx, to ensure
compliance with emission standards. The study
proposes a stacked ensemble machine learning (SEM)
model for predicting CO and NOx emissions from a
CCPP gas turbine. The model uses neural network for
regression (NNR), generalized additive model (GAM),
and bagging of regression trees (BT) as base learners,
with a generalized regression neural network (GRNN)
as a meta-learner. The hyperparameters of SEM are
optimized using a Bayesian optimization algorithm. The
performance of SEM is compared with support vector
regression (SVR), decision tree (DT), and linear
regression (LR). Simulation results show that SEM
significantly reduces the root mean square error (RMSE)
for NOx and CO compared to other ML techniques,
demonstrating its higher predictive accuracy. The study
by Kochueva and Nikolskii (2021) investigates the
utility of predictive emission monitoring systems
(PEMS) as software solutions to validate and
complement costly continuous emission monitoring
systems for natural gas electrical generation turbines.
The research focuses on building a model for predicting
CO and NOx emissions based on ambient variables and
technological process parameters using various ML
methods. The developed models achieve coefficients of
determination of R% = 0.83 for NOx emissions and R? =
0.89 for CO emissions. In their study, Kaya et al. (2019)
introduce a novel PEMS dataset collected over a period
of five years from a gas turbine, specifically for the
predictive modeling of CO and NOx emissions. The data
is analyzed using a contemporary ML approach,
providing valuable insights into emission predictions. It
is noted in the study that the most successful algorithm
model for the exhaust gas emission prediction is
Extreme Learning Machines (ELM). In the study
conducted by Dalal et al. (2023), commonly used ML
regression models such as Multiple Linear Regression
(MLR), DT, RF, Adaboost Regressor, Gradient
Boosting Regressor (GB), and XGBoost Regressor were
compared using the same dataset for predicting
emissions like CO and NOx. According to the results of
the research, the RF Model showed the best performance
with the highest accuracy of 0.60 for NOx prediction and
0.65 for CO prediction. Coelho et al. (2024) conducted
a study to estimate CO and NOx emissions from a gas
turbine using the PEMS dataset. They employed four
feature generation methods: Principal Component
Analysis (PCA), t-Distributed Stochastic Neighbor
Embedding (t-SNE), Uniform Manifold Approximation
and Projection (UMAP), and Potential of Heat-diffusion
for Affinity-based Trajectory Embedding (PHATE).
Various regression models, including Ridge Regression,

Least Absolute Shrinkage and Selection Operator
(LASSO), K-Nearest Neighbors (KNN), Cubist
Regression, RF, Light Gradient Boosting Machine
(LGBM), Categorical Boosting, and Deep Forest
Regression (DFR), were evaluated with all the generated
features. The DFR model achieved the best results, with
an R? value of 0.53 for CO emissions in the validation
dataset. For NOx emissions, the DFR model achieved an
R? value of 0.47 for the validation dataset. The study by
Yousif et al. (2024) aims to predict gas emissions from
natural gas power plants. A hybrid model combining
Feed Forward Neural Network (FFNN) and Particle
Swarm Optimization (PSO) was developed for this
purpose. The FFNN predicts NOx and CO emissions,
while the PSO optimizes the FFNN weights to enhance
prediction accuracy. The PSO employs a unique random
number selection strategy using the KNN algorithm.
Neighbor Component Analysis (NCA) is used to select
parameters most correlated with emissions. The model
was tested with publicly available datasets and evaluated
using MSE, mean absolute error (MAE), and RMSE
metrics. Results show that the PSO significantly
improves FFNN training, increasing CO and NOx
prediction accuracy by 99.18% and 82.11%,
respectively. Naghibi (2024) develops an advanced gas
turbine forecasting model using ensemble decision trees
and robust preprocessing. The bagging structure
outperforms boosted trees, achieving a lower RMSE
(1.4176) with fewer estimators. While effective overall,
the model has limitations in specific operating ranges.
The study offers insights for optimizing gas turbine
efficiency and improving electricity supply reliability.

The aim of this study is to develop predictive models
for predicting CO and NOx emissions from GT using
algorithms such as RF, Extra Trees (ET), LR, SVR, DT,
and KNN, and to compare their performances with VR
and SR methods. In VR and SR methods, GB,
LightGBM and CatBoost algorithms are used as base
learners and XGBoost algorithm is used as meta learner.
The models are trained on a dataset containing emission
data collected over a five-year period (01/01/2011-
31/12/2015). Unlike previous studies that used the same
dataset, this research focuses on the problem of outliers
in the dataset. By examining and comparing the effects
of various outlier treatment methods such as Z-Score,
IQR, and MD on the developed models, this study aims
to provide a novel contribution to literature.
Additionally, the findings of this study are expected to
contribute to the field of emission prediction from GT
and provide valuable insights for environmental
management in the energy sector. By enhancing the
accuracy of the developed models, the study aims to play
a critical role in environmental impact assessments and
sustainable energy policies.
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Figure 1. Open cycle of a GT

2. Methodology

In this section, the characteristics of the dataset used
in the study, descriptions of the ML algorithms,
performance criteria used in the comparison of the
algorithms and information about the data preparation
process are given. With this information, it is aimed to
establish the methodological and analytical foundations
of the research, to increase the scientific contribution of
the study and to ensure its reproducibility.

2.1. Dataset

The dataset used in this study includes pollutant
emission data from a CCGT in Tirkiye. The dataset
consists of sensor data collected hourly between 2011
and 2015 and is openly available through the UCI
repository (Kaya et al. 2019). This set, which includes
36,733 data records in total, belongs to the periods when
the power plant operated between 75% and 100% load
factors. A graphical representation of the output features
is given in Figure 2.
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Figure 2. Visual depiction of the output features NOx and
Co.

The dataset includes various environmental and
operational parameters that affect the performance of the
gas turbine. These parameters include ambient
temperature (AT), ambient pressure (AP), ambient
humidity (AH), air flow differential pressure (AFDP),
gas turbine exhaust pressure (GTEP), compressor
discharge pressure (CDP), turbine energy yield (TEY),
and turbine inlet temperature (TIT) and turbine
afterburner temperature (TAT). The main pollutants
produced by GT are CO and NOx, while sulfur oxides
(SOx) and other pollutants vary depending on the type
of fuel used. Table 1 presents the statistical analysis of
two output variables (CO and NOx) and nine input
variables (AT, AP, AH, AFDP, GTEP, TIT, TAT, CDP
and TEY) in the dataset. Especially the atmospheric
parameters such as AT, AP, and AH play an important
role in predicting CO and NOx emissions (Farzaneh-
Gord, and Deymi-Dashtebayaz, 2011). For CCGT,
AFDP, GTEP, TIT, TAT, and CDP parameters are very
influential, and sensor locations and measurement
methods of these variables are of great importance
(Wood, 2023). AFDP sensors are usually placed before
and after the air filter, GTEP sensors in the exhaust duct,
TIT sensors at the turbine inlet, TAT sensors at the
turbine outlet, and CDP sensors at the compressor outlet.
Correct positioning and regular calibration of these
sensors ensures efficient and safe operation of CCGT
systems.

Understanding the relationships between input and
output variables is critical for improving the accuracy of
predictive models. These relationships are analyzed
using the correlation coefficient (CC), which is
calculated with Pearson correlation. CC values indicate
the level of dependence between variables, with positive
values indicating a direct relationship and negative
values indicating an inverse relationship. Figure 3 shows
the correlations between CO, NOx, and other input
variables. The concentration of CO demonstrates
negative  correlations with  several operational
parameters, including AT, AFDP, GTEP, TIT, TEY, and
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CDP, with correlation coefficient values of -0.17, -0.45,
-0.52, -0.71, 0.57, and -0.55, respectively. This implies
that as the turbine's inlet temperature and the
compressor's discharge pressure decrease, the emission
of CO increases. Conversely, NOx emissions exhibit a
higher level of correlation with a decrease in AT (-0.56).
During the winter season, it is recommended to operate
the gas turbine at higher temperatures to mitigate NOXx
emissions. However, GT operation is also negatively
correlated with AFDP (-0.19), GTEP (-0.20), TIT (-
0.21), TAT (-0.09), TEY (-0.12), and CDP (-0.17),
respectively. Moreover, CO demonstrates positive
correlations with AP (0.07), AH (0.11), and TAT (0.06),
while NOXx is positively correlated with AP and AH,
with correlation coefficient values of 0.19 and 0.16,
respectively. Figure 4 illustrates the schematic diagram
of the CCPP, encompassing all input and output
features.

Table 1. Statistical overview of the dataset
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Figure 3. Matrix of Pearson correlation coefficients among
the features

Features Unit Average Min Max Skewness Kurtosis Standard Dev.
AT °C 17.71 -6.23 37.10 -0.0435 -0.8266 7.4474
AP mbar 1013.07 985.85 1036.60 0.1941 0.4419 6.4633
AH % 77.86 24.08 100.20 -0.6280 -0.2745 14.4613
AFDP mbar 3.92 2.08 7.61 0.3810 0.2246 0.7739
GTEP mbar 25.56 17.69 40.71 0.3290 -0.6538 4.1959
TIT °C 1081.42 1000.80 1100.90 -0.8882 -0.0457 17.5363
TAT °C 546.15 511.04 550.61 -1.7559 2.0167 6.8423
CDP mbar 12.06 9.85 15.15 0.2367 -0.6315 1.0887
TEY MWh 133.50 100.02 179.50 0.1165 -0.5001 15.6186
CO mg/m?3 2.37 0.0003 4410 4.8381 49.0817 2.2626
NOx mg/m? 65.29 25.90 119.91 1.0267 2.0375 11.6783
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Figure 4. The schematic diagram illustrating the CCPP includes all input and output features

2.2. Data preparation

In any ML or data analysis project, data preparation
is a critical step that significantly influences the
accuracy and performance of the resulting models.
Proper data preparation involves cleaning, transforming,
and organizing the raw data into a format suitable for
analysis. This process helps to ensure that the models are

trained on high-quality data, which is essential for
achieving reliable and meaningful predictions. It also
involves handling missing values, removing outliers,
and normalizing data, all of which contribute to the
robustness of the analysis. In this study, careful attention
has been paid to the data preparation phase to maximize
the predictive performance of the models for CO and
NOx emissions from a gas turbine. The dataset was
carefully inspected, and no null or missing values were

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 63-83 67

--0.25

--0.50



found, ensuring the dataset remained complete and
representative. To test the data's compliance with the
normal distribution assumption, the Shapiro-Wilk test
was applied.

Figure 5 presents box plots for the various input and
output features used in this study, providing a visual
summary of their distributions. The box plots illustrate
the central tendency and variability of each variable, as
well as the presence of any potential outliers. For
instance, variables like AP and AH exhibit a relatively
tight IQR, indicating low variability, whereas variables
such as CO and NOx show a wider IQR, signifying
higher variability and the presence of numerous outliers.
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Figure 5. Box plots of input and output features showing
distribution and potential outliers

The study focuses on the impact of different outlier
treatment methods on the performance of the developed
forecasting models. The outlier handling methods
examined include Z-Score, IQR and MD. Each method
offers a unique approach to identifying and handling
outliers, which can significantly impact model accuracy
and reliability.

e Z-Score

The Z-Score method identifies outliers based on the
number of standard deviations a data point is from the
mean. The Z-Score for a data point x is calculated using
the formula in Equation 1.

o))

where u is the mean of the data and ¢ is the standard
deviation. Data points with Z-Scores greater than a
specified threshold (commonly + 3) are considered
outliers. This method assumes that the data follows a
normal distribution, and it is particularly useful for
detecting extreme values in symmetric distributions.
However, the Z-Score method is sensitive to the
assumption of normality. If the data is not normally
distributed, the Z-Score method may incorrectly identify
outliers. Additionally, it is less effective for small
datasets or datasets with high variability, as the mean

and standard deviation can be heavily influenced by
extreme values.

e Interquartile Range

IQR method identifies outliers based on the spread
of the middle 50% of the data. The IQR is calculated as
the difference between the third quartile (Q3) and the
first quartile (Q1) given in Equation 2.

IQR = Q3 — Q1 )

Outliers are typically defined as data points that fall
below Q1 —1.5 x IQR or above Q3+ 1.5 X IQR.
This method is robust to non-normal distributions and is
effective in handling skewed data. The IQR method is
less sensitive to extreme values compared to the Z-Score
method, but it may not be as effective for datasets with
a small number of observations, as the quartiles may not
accurately represent the data distribution. The choice of
the multiplier (e.g., 1.5 or 3) can also affect the number
of outliers detected, requiring careful tuning.

e Mahalanobis Distance

The MD method identifies outliers by considering
the distance of a data point from the mean of the
distribution, taking into account the correlations
between variables. The MD for a data point x is given
as in Equation 3.

D?= (x— ™" (x— ) 3)

where u is the mean vector of the data, and X is the
covariance matrix. Data points with a MD exceeding a
certain threshold (determined by the chi-square
distribution with degrees of freedom equal to the
number of variables) are considered outliers. This
method is particularly effective for multivariate data and
can identify outliers that may not be evident when
considering variables individually. However, the MD
method is sensitive to the distribution of the dataset. If
the dataset is small or homogeneous, the MD method
may incorrectly identify outliers, leading to overfitting
(Caicedo et al. 2017). The method assumes that the data
follows a multivariate normal distribution, and if this
assumption is violated, the MD may not accurately
identify outliers. In datasets with high dimensionality,
the MD method can be computationally expensive and
may struggle with the “curse of dimensionality,” where
the distance metric becomes less meaningful. For small
and homogeneous datasets, the MD method may overfit
the model by identifying extreme data points as outliers,
which can lead to a model that performs well on the
training data but poorly on new or unseen data. In
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datasets with high variability or noise, the MD method
may misinterpret the variance and flag some data points
as outliers, which can weaken the generalization ability
of the model.

2.3. Regression algorithms

In this study, RF, ET, LR, SVR, DT and KNN
algorithms were used to predict CO and NOx emissions
from GT. RF is an ensemble learning algorithm
consisting of many decision trees. Each decision tree is
trained on subsets of randomly selected features and
data samples. This increases the generalization ability of
the model and makes it more resistant to overfitting.
Final predictions are usually made by averaging the
predictions of these trees. The basic idea of RF is based
on the idea that many different and random trees can
come together to form a more powerful model (Biau,
2012). In this way, the errors within each tree
compensate for each other and a better prediction can be
made overall. The formula for RF for regression is given
in Equation 4.

N
1
9= 2 D h® @
i=1

Here, 7 is the predicted value, N is the total number
of decision trees and h;(x) is the prediction of the i-th
decision tree. With this formula, the final prediction is
calculated by averaging the predictions of all trees.

ET is an ensemble learning algorithm similar to RF,
but with certain differences. ET aims to increase
diversity by generating decision trees in a more
randomized way. When building decision trees, the best
split point for each node is randomly selected. This
allows the trees to be more diverse from each other,
which helps the ensemble model to become more
generalizable. It has been observed that ET can have
faster training times compared to RF (Ahmad et al.
2018).

LR is a basic regression algorithm used to model the
relationship between dependent and independent
variables. This algorithm attempts to capture the linear
relationship between the values of the independent
variables in the dataset and the dependent variable
(Maulud and Abdulazeez, 2020). The model determines
the coefficients of the features in the dataset and a
constant (cut-off point). These coefficients and constant
represent the linear relationship that will best explain the
observations in the dataset. LR is particularly effective
when the dependent variable is continuous and there is
a linear relationship between the variables. The LR
formula is presented in Equation 5.

p
9= o+ ) B ©)
j=1

When Equation 5 is analyzed, y represents the
predicted value, B, represents the cut-off point, g;
represents the coefficient of the j-th independent
variable and x; represents the value of the j-th
independent variable.

SVR is an adaptation of the Support Vector
Machines (SVM) algorithm for regression analysis.
While SVM was originally developed for classification
problems, SVR maodifies it to address regression tasks.
SVR employs the concept of a hyperplane used in SVM
for classifying data points, but in this case, the
hyperplane is determined to ensure that the data points
lie within a specified margin (Valkenborg et al. 2023).
The basic idea of SVR is to fit the data points, i.e., the
training data, around a hyperplane in such a way that the
hyperplane is positioned to provide the widest margin
possible. This margin is defined as the distance between
the hyperplane and the closest data points on either side.
However, unlike classification where data points are
expected to be separated by the hyperplane, in
regression, it is unrealistic to expect all data points to lie
exactly on the hyperplane. Instead, SVR aims to find a
balance between fitting the data points closely while
maintaining a margin of tolerance, allowing for some
deviation from the hyperplane within a defined
threshold (Yu and Kim, 2012). Therefore, a tolerance (&)
margin is defined and the hyperplane tries to classify
data points within this margin. Other data points may fall
outside the tolerance margin. SVR determines the
regression line by minimizing a cost function, which can
also be controlled by hyperparameters "C" and "&". The
parameter "C" controls the model's resistance to
overfitting, while the parameter "&" determines the
tolerance margin. The regression formula for SVR is
presented in Equation 6.

min 1

n
2 *
S WP+ C ) (et ed ©®)
i=1

Here, w represents the weight vector, b the bias
term, C the regularization parameter and ¢;, ¢; the error
terms. This formulation determines the hyperplane
according to the maximum margin principle while
minimizing the error terms for data points that lie within
the specified tolerance margin.

DT is a regression analysis technique that uses
features and outcomes from the dataset. It works based
on decision trees and each tree is used to predict
outcomes based on the values of features in the data set.
The algorithm starts by creating a decision node for each
feature in the dataset. These nodes test the feature values
in the dataset and create smaller subsets by partitioning
the data according to a specific rule. Each node tries to
choose the best feature and threshold value to best
partition the dataset. The tree-building process continues
until the dataset is divided by a certain criterion (for
example, until a certain depth or minimum number of
samples is reached). As a result, each leaf node makes a
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prediction, and the average or weighted average of these
predictions is used as the tree's prediction based on the
values of the features in the dataset (Quinlan, 1996). DT
provides a flexible modeling method to capture complex
relationships. In Equation 7, the basic estimation
formula for DT is given.

37=Nit2yi (7

In this formula, the predicted value ¥ is calculated as
the average of the actual values of the samples in a leaf
node. During this calculation, the number of samples in
the leaf node N, the leaf node R; and the actual value y;
for each sample are used.

KNN is a fundamental classification and regression
algorithm. In classification, the class of a data point is
determined by the majority vote of its k nearest
neighbors. In regression, the output value of a data point
is predicted by taking the average of the values of its k
nearest neighbors. KNN relies on the similarity between
data points and is generally considered a simple and
effective method. However, it can be sensitive to noise
and high-dimensional data issues and is often
computationally  expensive because it requires
comparing the target data point against the entire
training dataset to make predictions (Song et al. 2017).
Equation 8 defines the regression formula for the KNN
algorithm.

g = %iyi ®)

In the formula, the estimate § is calculated as the
average of the true values y; of the k nearest neighbors.
In this calculation, k neighbors (k) and the true value for
each neighbor (y;) are used.

2.4. Ensemble learning

In this study, the ensemble learning methods VR and
SR are used. In these methods, GB, LightGBM and
CatBoost algorithms are used as base learners, while
XGBoost is chosen as the meta-learner to combine their
predictions. While selecting the base learners and the
meta-learner, the diversity, performance, and
compatibility of the base learners were taken into
account. Also, the overall impact of the meta-learner on
the ensemble was considered. Ensemble methods aim to
improve the overall performance of the model by
combining the predictions of more than one base learner.

The VR combines the predictions of different base
learners to generate the final prediction. The number of
base learners is set to N and y“ denotes the prediction
of base learner i about sample j. In this case, the final
prediction yensemble of the VR is calculated as in
Equation 9.

yensemble — l ZN yij (9)
N £ai=

In the formula in Equation 9, yé™s¢mbie js defined as
the final prediction and y¥/ is defined as the prediction
of the base learner i about the sample j.

A SR creates the final prediction by training a meta-
learner on the predictions of base learners. The meta-
learner is trained on a new dataset formed by the
predictions of the base learners, and this meta-learner
then takes the base learners' predictions as inputs to
produce the final prediction (Divina et al. 2018). For
example, if there are three different base learners, the
predictions from these base learners form a new dataset.
This dataset consists of the predictions of each base
learner for each sample. Then, the meta-learner is
trained on this new dataset along with the true values.
The meta-learner uses the predictions of the base
learners and the true values to make a more accurate
prediction. The final prediction of the SR is the
prediction made by the meta-learner. This method
enhances the performance of the ensemble model by
transforming the base learners' predictions into a
structure that can model more complex relationships.
The steps involved in the SR process are as follows:

1. Base learners' predictions: The predictions of
the base learners are denoted as y/, where i
represents the i-th base learner and j represents
the index of the j-th sample.

2. Creating a new dataset: A new dataset is
created using the predictions of the base
learners. This new dataset is used to train the
meta-learner. For each sample, the new dataset
contains the predictions of all the base learners.
Thus, the new representation of a sample's
predictions can be denoted as X/ =
[}’1]")’21" ) Ynj ]

3. Meta-learner prediction: The meta-learner
makes predictions using this new dataset and
the true values. The prediction of the meta-
learner is denoted as Y eta-

4. Final prediction: The final prediction of the SR
is achieved using the meta-learner's prediction,
which iS P eta-

Once this process is formalized, the final estimate of
the SR is calculated as in Equation 10.

YT = 9ot (10)

2.5. Validation method

Many ML models rely on splitting datasets into
training and testing to measure their performance.
However, this method can lose reliability in terms of
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accuracy as the size of the dataset used to test a small
portion of the dataset decreases. In this study, the
Stratified K-Fold Cross-Validation (SKCV) method is
used to evaluate the generalization ability of the model.
In the SKCV method, the dataset is divided into k equal
parts. Each part is respectively selected as the test set,
while the remaining k-1 parts are used as the training set.
This process is repeated k times, and the model is trained
and tested in each iteration. The overall performance of
the model is evaluated by averaging the obtained
performance metrics. This method can be more robust to
noisy datasets and scatter of data points, which can
better reflect the performance of the model on real-world
data (Prusty et al. 2022). The basic formula of the SKCV
method is given in Equation 11.

1 k
SKCV = = Z L(yuy-i) (11)
i=1

In the formula, k represents the number of layers
(k = 10 in this study), y; represents the true values in
each layer, and y_; represents the predicted values of the
model trained outside that layer. The function L is used
to measure the error between the true and predicted
values. Usually, the mean squared error is used for
regression problems or zero-one loss for classification
problems.

2.6. Performance metrics

Evaluating research and validating its results
requires the use of specific measurements and metrics.
These metrics are used to evaluate the success of the
model or algorithm and to understand its performance.
This study examines performance metrics commonly
used in regression problems such as R?, RMSE and
MSE. R? is a measure of a model's ability to explain
variance in observed values. Its formula is given in
Equation 12.

_ SSpes
SStot

R =1 (12)

In the formula in Equation 12, SS,. represents the
residual sum of squares and SS,,; represents the total
sum of squares. SS,.s is defined by the formula in
Equation 13 and SS,,; is defined by the formula in
Equation 14.

n
SSes= ). 0i= 9 (13)
i=

SSe= . Oi= 37 (14)

In the formulas, y; represents the actual values, J;
the predicted values and y the mean of the observed
values. R? takes values between 0 and 1 and the higher
it is, the better the model explains the observed data.

RMSE is a metric that measures how far the model's
predictions are from the true values. By taking the
square root of the prediction errors, it shows the
magnitude of the errors on average. Its formula is
expressed in Equation 15.

1 n
RMSE = ngizl(yi — 9y (15)

In the RMSE formula, y; represents the actual
values, y; represents the values predicted by the model,
and n represents the total number of data points. The
steps to calculate the RMSE are as follows:

1. For each observation, the difference (error)
between the predicted value and the actual
value is calculated: e; = y; — J;

2. The squares of these errors are taken: e;2 =

i — 9)°

3. The mean of all the squared errors is computed:
1yn 2
;Zi=1 €

4. The square root of this mean is taken to find the
RMSE.

MSE is the square of RMSE and represents the mean
squared error of the model. The formula for MSE is
given in Equation 16.

1" 2
MSE = — E -9 (16)
n i=1

In the formula, y; is the actual values, y; is the values
predicted by the model, and n is the total number of data
points.

2.7. Model setups

For the development of the models, the data set was
divided into two parts, 80% training and 20% testing.
The randomness factor was set to 42 in all algorithms.
The best hyperparameter settings for the models were
determined using Bayesian Optimization. This method
aims to discover the optimal parameter combinations
using knowledge in the search domain. Bayesian
Optimization is optimized to improve the performance
of the model, working particularly effectively in
complex and high-dimensional hyperparameter search
spaces (Yang and Shami, 2020). This method offers a
more efficient alternative to the classical Grid Search
and Random Search techniques.

Table 2 lists the best hyperparameter settings
determined using Bayesian Optimization for the ML
models used in the study. The RF model was configured
with 100 estimators, a maximum depth of 10, and
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minimum samples of 2 to split a node and 1 to be at a
leaf node, balancing complexity and generalization to
prevent overfitting. The ET model, which randomizes
tree generation, used 150 estimators, a maximum depth
of 12, and minimum samples of 4 to split and 2 at a leaf,
enhancing diversity and capturing complex patterns. For
LR, fit_intercept was set to True to calculate the
intercept, while normalize was set to False, as the data
was preprocessed, ensuring the model captures linear
relationships without unnecessary normalization. The
SVR model used C = 1.0, £ = 0.1, and an 'rbf' kernel to
handle non-linear relationships, with C controlling
complexity and & defining the error tolerance margin.
The DT model was set with a maximum depth of 12 and

Table 2. Hyperparameter settings for ML models

minimum samples of 4 to splitand 3 at a leaf, controlling
tree growth to avoid overfitting. The KNN model used
10 neighbors, a 'distance’ weighting function, and the
‘ball_tree' algorithm to efficiently handle high-
dimensional data, prioritizing closer neighbors for
predictions. The VR combined Gradient Boosting,
LightGBM, and CatBoost with equal weights,
leveraging multiple algorithms for robust predictions.
Finally, the SR used the same base learners as VR, with
XGBoost as the meta-learner, creating a hierarchical
model that captures complex relationships and achieves
higher predictive accuracy by combining the strengths
of multiple algorithms.

Model Hyperparameter Settings
RF n_estimators, max_depth, min_samples_split, 100, 10, 2, 1
min_samples_leaf
ET n_estimators, max_depth, min_samples_split, 150, 12, 4,2
min_samples_leaf
LR fit_intercept, normalize True, False
SVR C, epsilon, kernel 1.0, 0.1, 'rbf'
DT max_depth, min_samples_split, 12,4,3
min_samples_leaf
KNN n_neighbors, weights, algorithm 10, 'distance’, 'ball_tree'
VR estimators, weights [(‘'gb', GradientBoostingRegressor()), ('lgbm’', LGBMRegressor()),
(‘cat', CatBoostRegressor())], [1, 1, 1]
SR estimators, final_estimator [(‘'gb', GradientBoostingRegressor()), (lgbm’', LGBMRegressor()),

(‘cat', CatBoostRegressor())], XGBRegressor()

In the study, the hyperparameter settings of Z-score,
IQR and MD methods, which are used to detect outliers
and solve this problem, were determined, and analyzed.
For the Z-score method, the “threshold”
hyperparameter, which determines how many standard
deviations away a data is from the standard deviation, is
set to 3.0. This setting means that data that are more than
3 standard deviations away will be considered abnormal.
For the IQR method, the “k” hyperparameter, which
determines the distance between the upper and lower
quartiles, is set to 1.5. For the MD method, the
“threshold” hyperparameter, which determines whether
the data are anomalous according to the MD
distribution, is set to 95.0 percentile. This setting means
that data with MD greater than a certain percentile will
be considered outliers. These hyperparameter settings
had a significant impact on model performance in
anomaly detection and data preprocessing. The
hyperparameter settings are presented in Table 3.

Table 3. Hyperparameter settings for outliers’ treatment

methods
Method Hyperparameter Settings
Z-score threshold 3.0
IQR k 15
MD threshold 95.0 percentile

Python programming language was used for data
analysis and model testing. In the data analysis process,
pandas and NumPy libraries were used for data
processing and manipulation. For model building and
testing, the scikit-learn library was preferred. This
library provides various ML algorithms and model
evaluation tools. All processes were carried out in the
Jupyter Notebook development environment, where
code, text and visuals are presented together. A PC
running on a Ryzen 7800x3D processor with a processor
speed of 4.2 GHz was used for training the models. In
addition, the PC has NVIDIA 4070 Ti GPU and 32
gigabyte 6000 MHz DDR5 RAM. Windows 11 was
used as the operating system. The overview of the CO
and NOx emission prediction system realized in the
study is given in Figure 6.
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Figure 6. Overview of the CO and NOx emissions prediction system

3. Experimental Study and Results

In this section, the performance results of the
regression models are presented and discussed. Table 4
shows the NOx emission prediction performance of the
regression models and Table 5 shows the CO emission
prediction performance of the models. The results are
presented using three different metrics (R?, RMSE,
MSE) and four different outliers treatment methods
(Raw, Z-Score, IQR, MD). R? indicates the explanatory
power of the model, while RMSE and MSE indicate the
error rates. The values of the best performing models for
each outlier’s treatment method are expressed in bold
font. Table 4 shows that when the outliers in the dataset
are treated with the MD method, ML models and
ensemble methods reach the highest performance values
in NOx emission prediction. In fact, the Stacking
Regressor (SR) method reached the highest
determination coefficient with R? = 0.9974 (RMSE =
0.5906, MSE = 0.3488). The predictions made by the SR
model for NOx emissions closely match the observed
(actual) NOX values, suggesting a strong agreement
between the model's predictions and the real-world data.
Figure 7 presents the R? scores of regression models for
predicting NOx emissions, providing a clear comparison
of their performance across different outlier treatment
methods.

Upon reviewing the Table 4, it appears that the ET
and DT models achieved an R? = 1.0, suggesting perfect
performance compared to the SR. However, the
respective RMSE values of 9.4325 and 1.5509 indicate
that these models exhibit significantly larger prediction
errors than expected. This discrepancy suggests that the
models may have overfitted the training data,
demonstrating excellent fit to the training set while
lacking the ability to generalize to new data.
Additionally, the MD method's sensitivity to data
distribution means that outlier values in the dataset

could negatively impact model performance,
contributing to these observed errors. There is another
very important point to be considered here. Figure 9
displays the comparison between predicted and actual
NOx and CO emissions using the MD method and the
SR model. The left panel plots the predicted NOx values
against the actual NOx values. When the NOXx
predictions in Figure 9 are examined, it is seen that the
points are ideally concentrated on the y = x line. This
shows that the model predicts NOx values almost
perfectly. These near-perfect predictions for NOXx
suggest that the model might be overfitting. A model
that fits the training data exceptionally well may not
maintain this performance when faced with new or
noisier data. Analyzing the graphs and performance
indicators reveals that the models trained on the dataset
created using the MD method exhibit overfitting,
indicating that the MD method does not yield accurate
results for NOx prediction in the context of this study.

When Table 4 is further analyzed, the model created
with SR in the dataset processed for outliers using the
IQR method achieved the highest coefficient of
determination (R? = 0.9194) and the lowest error values
(RMSE =2.7669, MSE = 7.6562). When the scatter plot
in Figure 10 is examined, it is understood that the
performance values obtained by the SR method seem to
be suitable for real world data and the possibility of
overfitting the model is low. In Figure 11, Hydrographs
are given for each model trained on the dataset created
with the IQR method and the prediction performances of
the models are revealed. The success of the IQR method
and the model built with SR in predicting NOXx
emissions at GT compared to other methods and models
is clearly seen in the graphs. In addition to all this, it is
found that the models trained on the dataset where
outliers are processed with the Z-score method perform
lower than the models trained on raw data.
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Table 4. NOx emission prediction performance of regression models with outliers’ treatment methods

Raw Z-Score

R? RMSE MSE R? RMSE MSE
RF 0.8765 4.0443 16.3566 0.8716 41235 17.0035
ET 0.8908 3.8037 14.4683 0.8875 3.8607 14.9055
LR 0.4946 8.1832 66.9648 0.4911 8.2112 67.4251
SVR 0.7574 5.6698 32.1475 0.0739 11.0776 122.714
DT 0.7367 5.9059 34.8805 0.7383 5.8882 34.6718
KNN 0.8549 4.3846 19.2255 0.7893 5.2839 27.9197
VR 0.8575 4.3447 18.8766 0.8159 4.9384 24.3883
SR 0.8942 3.7430 14.0101 0.8889 3.8353 14,7100

I0R MD

R? RMSE MSE R? RMSE MSE
RF 0.8992 3.0947 9.5776 0.9822 1.5602 2.4343
ET 0.9162 2.8218 7.9629 1.0 9.4325 8.8972
LR 0.7259 5.1046 26.0579 0.5233 8.0913 65.4694
SVR 0.0748 9.3789 87.9644 0.0788 11.2477 126.5129
DT 0.7672 4.7047 22.1351 1.0 1.5509 2.4052
KNN 0.8191 4.1473 17.2002 0.8723 4.1864 17.5262
VR 0.8511 3.7624 14.1559 0.8836 3.9972 15.9782
SR 0.9194 2.7669 7.6562 0.9974 0.5906 0.3488

Table 5 shows that ML models and ensemble
methods achieve the highest performance values in CO
emission prediction when outliers in the dataset are
processed using the MD method. Similarly, examining
the CO predictions in Figure 9, it is observed that the
points are concentrated around the y = x line, but there
is a more pronounced scatter and deviations. Although
the CO predictions are more modest, there is a high
probability that the model may have overfitted.
Therefore, when Table 5 is further analyzed using other
methods, it is seen that the model created with SR
reaches the highest coefficient of determination (R? =
0.8556) and the lowest error values (RMSE = 0.4619,
MSE = 0.2133) in the dataset processed for outliers
using the IQR method. The scatter plot in Figure 10 also

supports these results obtained by SR with the IQR
method. In addition, the Hydrographs given for each
model in Figure 12 reveal the high success of the IQR
method and the model built with SR in predicting CO
emissions in GT compared to other methods and models.
Also, similar to the results for NOx emission prediction,
the CO prediction performance of the models trained on
raw data is lower than the models trained on the dataset
generated by the IQR method, but higher than the
scenario using the Z-score method. Figure 8 displays the
R? scores of regression models for CO emission
prediction, offering a concise comparison of their
performance across various outlier treatment methods.

Table 5. CO emission prediction performance of regression models with outliers’ treatment methods

Raw Z-Score

R? RMSE MSE R? RMSE MSE
RF 0.7649 1.1306 1.2783 0.7509 1.1637 1.3543
ET 0.7990 1.0453 1.0926 0.7682 1.1225 1.2602
LR 0.5566 1.5526 2.4107 0.5511 1.5621 2.4404
SVR 0.6755 1.3282 1.7641 0.4405 1.7441 3.0419
DT 0.5081 1.6354 2.6747 0.4055 1.7978 3.2321
KNN 0.7630 1.1350 1.2883 0.6626 1.3543 1.8343
VR 0.7631 1.1349 1.2880 0.6220 1.4335 2.0550
SR 0.8026 1.0359 1.0731 0.6705 1.3384 1.7914

IOR MD

R? RMSE MSE R? RMSE MSE
RF 0.8426 0.4822 0.2325 0.9682 0.4002 0.1602
ET 0.8542 0.4640 0.2153 1.0 4.4572 1.9867
LR 0.6150 0.7542 0.5689 0.5651 1.4803 2.1915
SVR 0.5491 0.8163 0.6664 0.4658 1.6408 2.6922
DT 0.6658 0.7027 0.4939 1.0 3.1728 1.0066
KNN 0.7752 0.5764 0.3322 0.7983 1.0080 1.0162
VR 0.8060 0.5353 0.2866 0.9286 0.5998 0.3597
SR 0.8556 0.4619 0.2133 0.9974 0.1122 0.0126
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Figure 13 shows the results of the sensitivity analysis
for CO and NOx emissions. The graph reflects the
impact of each feature on the predictive performance of
the model. Blue bars represent CO sensitivity and red
bars represent NOXx sensitivity. The sensitivity analysis
for each feature is performed as follows:

1. Baseline score: First, the error of the model's
predictions (MSE) with the available features
is calculated (Equation 16).

2. Perturbed scores: For each feature, the error of
the model's predictions is recalculated by
randomly permuting the values of this feature.
This process is repeated 10 times and the MSE
values obtained each time are recorded
(Equation 17). Here ;™ denotes the values
predicted by the model after the m-th
permutation and m represents the number of
permutations (10).

Perturbed_Score(™

= %i(yi 17)

— y](’"))

3. Sensitivity value: The sensitivity value for each
feature is calculated by subtracting the average
error from the permuted scores from the
baseline score (Equation 18).

Sensitivity (i)

10
1
= (E Z Perturbed_SCore(m)> (18)

m=1
— Baseline_Score

When examining Figure 13, it is found that AT has a
significant impact on CO emissions, with a sensitivity
value of 0.6234. It also shows a notable effect on NOx
emissions (2.5019). Higher temperatures generally
enhance combustion, promoting NOx formation while
potentially reducing CO emissions. AP has a low-level
effect on CO and a moderate impact on NOx emissions.
The impact of AP on CO is measured at 0.0587, while
its impact on NOx is 0.7457. TIT has the highest impact
on CO emissions, with a sensitivity value of 10.0492. Its
effect on NOX is negative, with a sensitivity value of -

0.6029. The high sensitivity of TIT on CO emissions
indicates that TIT plays a critical role in combustion
efficiency and, consequently, CO formation. The
negative effect on NOx emissions may indicate that high
inlet temperatures can reduce NOx formation. TAT has
a significant impact on CO emissions, with a sensitivity
value of 6.819. Its effect on NOx is quite low and
positive, measured at 0.0694. The high impact of TAT
on CO emissions suggests that the turbine outlet
temperature can affect the composition of post-
combustion gases. Overall, it is understood that TIT and
TAT parameters are particularly critical in predicting
CO emissions, while AT has significant effects on NOx
emissions.
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Figure 13. Parameter sensitivity analysis results for CO and
NOx emissions

The error deviation graphs presented in Figure 14
show the differences between the predicted and actual
CO and NOx emission rates. Table 6 provides the
minimum and maximum error values obtained for each
predictive ML model created. For the SR model trained
on the dataset processed with the IQR method for outlier
treatment, the minimum and maximum error values for
NOXx are -21.5874 and 24.5953, respectively, while for
CO they are -2.6273 and 3.5575, respectively.
Compared to other models, it can be concluded that the
SR model has the lowest error deviation. This indicates
that the SR model is more successful in predicting CO
and NOx emissions and that these predictions are closer
to the actual values.

Table 6. Error deviation for all designed predictive models in the IQR-processed dataset

Error deviation RF ET LR DT KNN VR SR

NOXx

Min deviation -27.1536 -21.9554 -27.3576 -21.9011 -34.0320 -25.9326 -18.3893 -21.5874
Max deviation 30.1443 24.4523 33.1878 28.0568 37.6850 31.1432 26.4236 24.5953
CO

Min deviation -2.7295 -2.6710 -3.3075 -2.8513 -4.7361 -2.9963 -2.9103 -2.6273

Max deviation 3.7549 3.6115 4.0626 3.8812 4.6908 3.5781 3.4712 3.5575
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4. Discussion

This study aims to develop predictive models for
predicting CO and NOx emissions from GT using
various ML algorithms and compare their performance
with VR and SR methods. A comprehensive evaluation
of these models is conducted to provide insights into
their practical applicability in industrial settings. The
findings show the importance of hyperparameter tuning
and outlier processing in improving the prediction
accuracy of these models.

Tree-based methods using a combination of models
provided better performance compared to other
regression models for both CO and NOXx predictions. SR
achieved the highest determination coefficient values
when outliers in the dataset were treated using the MD
method. However, despite the high R? values, high
RMSE values indicate the possibility of overfitting,
mainly in NOx predictions. While the MD method
effectively detects outliers, it can lead to overfitting if
the dataset does not follow a normal distribution.
Overfitting occurs when the model performs well on
training data but poorly on new data (Karthikeyan et al.
2023). Furthermore, the risk of overfitting associated
with the MD method, as observed in this study, has also
been noted in prior research. For instance, Ghorbani
(2019) highlighted that the MD method, while effective
for multivariate outlier detection, can be overly sensitive
to data distribution and may lead to overfitting in small
or homogeneous datasets. This corroborates our
findings, where the MD method achieved high R? values
but showed poor generalization in real-world scenarios.

In contrast, the IQR method's robustness and
consistency make it a more suitable choice for practical
applications in emission monitoring and control. In
addition, the MD method considers the distance of each
data point in the data set to other data points in multiple
dimensions (Leys et al. 2018). This method can identify
extreme data points as outliers and remove them from

the model or cause the model to overfit these points.
Another disadvantage of the MD method is that it is very
sensitive to the distribution of the dataset (Todeschini et
al. 2013). If there is heterogeneity or too much noise in
the dataset, this method may detect false positive
outliers. In this case, the model may focus on false
positive outliers instead of true outliers, which weakens
the generalization ability of the model. Furthermore, if
there is too much variance in the dataset, the MD method
may misinterpret this variance and flag some data points
as outliers (Wu et al. 1997). This can cause the model to
be trained on an incorrect subset of data and lead to
overfitting.

On the other hand, the IQR method for outlier
treatment produced more robust models with lower error
rates. The SR model trained on the IQR-processed
dataset achieved the highest determination coefficient
(R?=0.9194) and the lowest RMSE and MSE values for
NOX predictions. The scatter plots in Figure 10 confirm
the model's performance close to the true values,
indicating a low risk of overfitting. This aligns with
previous research by Yaro et al. (2023), who
demonstrated that the IQR method is highly effective in
reducing the impact of outliers in datasets with non-
normal distributions, leading to more robust and
generalizable models. Similarly, Mishra et al. (2019)
emphasized that the IQR method outperforms Z-Score
and MD in scenarios where data variability is high, as it
is less sensitive to outlier values and provides a balanced
approach to outlier detection. These studies collectively
support the conclusion that the IQR method is a reliable
choice for emission prediction tasks, especially in
datasets with complex operational variability, such as
those from gas turbines.

Similar patterns were observed for CO predictions.
Although the MD method initially seemed to give the
best results, further analysis revealed significant spread
and biases, indicating the possibility of overfitting. The
SR model trained on the IQR processed dataset
outperformed the other models, again achieving the
highest R? (0.8556) and the lowest RMSE and MSE
values. This observation supports that the IQR method
offers a balanced approach to dealing with outliers and
ensures the robustness and accuracy of the model.

The worse performance of models trained on raw
data compared to models trained on the processed
dataset emphasizes the necessity of outlier handling
methods in improving the reliability of emission
prediction models. This finding is in line with previous
research (Osborne and Overbay, 2019), which indicates
that untreated outliers can significantly skew model
training and prediction results. However, in the dataset
where outliers were treated with the Z-score method, the
performance of the models decreased compared to the
raw dataset. The Z-score method is a common method
for detecting and treating outliers, but it is based on the
assumption of a normal distribution. If the dataset is not
normally distributed or is multidimensional, this method
may detect false positive outliers and over-smooth the
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variance in the dataset (Mare et al. 2017). This reduces
the model's ability to capture true patterns and leads to
performance degradation. The degradation of the
performance of the models in the dataset processed with
the Z-score method compared to the raw dataset
indicates that this method is not always appropriate and
should be applied carefully according to the
characteristics of the dataset.

In the study, sensitivity analysis was performed to
improve the performance of emission prediction models
and to identify the parameters that have the most impact
on emissions. The findings show that turbine inlet and
outlet temperatures (TIT and TAT) have a significant
effect on CO emissions. TIT has the highest impact on
CO emissions, indicating that TIT plays a critical role on
combustion efficiency and hence CO formation. The
negative effect on NOx emissions indicates that higher
inlet temperatures can reduce NOx formation. Similarly,
AT has a significant effect on NOx emissions, but less
on CO emissions. This finding suggests that higher
temperatures can reduce CO emissions while promoting
NOx formation.

In Table 7, the results obtained by using the SR
model proposed in this study and the dataset processed
with the IQR method are compared with other studies in
literature. The table shows that the model proposed in
this study outperforms other studies in the literature in
the prediction of NOx and CO emissions. The RMSE

value of the proposed model in NOXx prediction is 2.76
and the RMSE value in CO prediction is 0.46. These
error values are significantly lower than the results of
other models in the literature. In addition, higher R?
values were obtained in both NOx and CO emissions
prediction compared to other models in the literature.
Possible reasons for this high performance include the
effective treatment of outliers with the IQR method,
which reduces the noise in the dataset. The IQR method
provides a robust approach to handling non-normally
distributed data by eliminating extreme values without
over-penalizing potential influential data points.
Moreover, the structure of the SR model and
hyperparameter optimization are other factors that
positively affect the prediction performance. Although
the MD method initially appeared to provide
competitive results in terms of R? values, its over-
performance can be attributed to its sensitivity to
multivariate relationships and its assumption of normal
data distribution. However, this sensitivity may lead to
overfitting, as the MD method can classify influential
but valid data points as outliers, thereby reducing model
generalization. This explains why, despite high R?
values, the RMSE values remained relatively high,
indicating possible model overfitting and reduced
performance on new data.

Table 7. Comparison of NOx and CO emission prediction models from the literature with the proposed SR

Model and Reference NOx Cco
RMSE MSE R? RMSE MSE R?

ANN with feature normalization (Nino-Adan et al. 2021) 7.06 - 057 - - 0.43
Symbolic regression (Kochueva and Nikolskii, 2021) - - 083 - - 0.89
KNN (Rezazadeh, 2021) - - 089 - - -
DFR (Coelho et al. 2024) 5.54 3069 - 1.35 1.84 -
KNN (Wood, 2023) 5.12 - - - - -
ANFIS (Dirik, 2022) 4.98 24.8 - - - -
SR (Pachauri, 2024) 3.83 1470 087 061 0.37 0.77
This study (SR with IQR Treatment) 2.76 7.65 0.92 046 0.21 0.85

5. Conclusion

This study aims to evaluate the performance of
various ML algorithms for predicting CO and NOXx
emissions from GT. The algorithms used in the study
include RF, ET, LR, SVR, DT, KNN, as well as VR and
SR methods. In the ensemble methods, GB, LightGBM
and CatBoost algorithms were used as base learners and
XGBoost was determined as the meta-learner.

The study examined the effects of processing the
outliers in the dataset with various methods (Z-Score,
IQR, MD) on model performance. The findings show
that the MD method provides high performance of the
models, especially in NOx emission prediction, but it
also brings the risk of overfitting. Although the SR
model provides high R? and low error values in NOx
predictions, scatter plots and hydrographs reveal that the
data processed with the MD method do not show a

distribution suitable for real world data. Due to the
sensitivity of the MD method to outlier values, some
models tend to overfit, indicating that caution should be
exercised in the use of this method.

The treatment of outliers with the IQR method
provided more balanced and generalizable results in CO
and NOx emission predictions. In the dataset processed
with the IQR method, the SR model achieved R? values
of 0.9194 in NOx emission predictions and 0.8556 in
CO emission predictions and showed low error rates in
other metrics. Scatter plots and hydrographs also
showed a consistent distribution. These results show that
the IQR method is an effective approach to deal with
outliers and has an impact on improving the
performance of ML models. In the dataset processed
with the Z-Score method, the performance of the models
was lower compared to the models trained with raw data.
This finding suggests that the Z-Score method may be
less effective in identifying and processing outliers,
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especially in this dataset, and that each outlier
processing method may vyield different results
depending on the characteristics of the dataset and the
problem definition.

The results show that the methods used to handle
outliers have a significant impact on the performance of
ML models and that the right choice of method can
improve model accuracy and generalizability. While the
IQR method gives balanced results in predicting CO and
NOx emissions, the MD method can provide high
performance in some cases, although it increases the risk
of overfitting. ML algorithms and outlier treatment
methods need to be carefully selected for gas turbine
emission prediction.

The sensitivity analysis highlighted the significant
impact of TIT, TAT, and AT on CO and NOx emissions
in the prediction models. In particular, the high impact
of TIT on CO emissions shows how importantarole TIT
plays on combustion efficiency and CO formation. This
highlights the need for careful control of TIT to optimize
combustion processes and reduce CO emissions.
Furthermore, the negative effect of TIT on NOXx
emissions indicates that high inlet temperatures can
reduce NOx formation. This finding suggests that high
temperature processes in power generation have the
potential to control NOx emissions. The significant
effect of AT on NOx emissions suggests that
environmental temperature conditions should also be
considered in emission control strategies.

Based on the results, some recommendations can be
made to improve gas turbine emission predictions and
develop environmental management strategies in the
energy sector. First of all, the quality of sensors and data
collection systems in power plants should be improved
and data accuracy should be ensured through regular
calibrations, as accurate detection and processing of
outliers directly affects model performance. The use of
integrated model approaches should be encouraged as
combinations of different ML algorithms can provide
more balanced and accurate results in emission
predictions. In addition, it is understood that temperature
parameters are critical for improving the accuracy of
emission prediction models and obtaining reliable
predictions. To improve emissions management in the
power sector, turbine and environmental temperatures
need to be optimized. These approaches will enable
more effective implementation of emission reduction
strategies and contribute to reducing environmental
impacts. To increase the generalizability of the results,
future studies should test these methods on different
datasets or systems, ensuring their applicability across
various operational contexts and conditions.

The findings of this study hold significant potential
to support sustainable energy policies and
environmental management practices. For instance, the
high accuracy of the SR model can help Turkish
industries comply with stringent emission regulations,
such as the EU Industrial Emissions Directive, while
aligning with global climate goals like the Paris

Agreement. By enabling precise real-time emission
monitoring, these models can empower policymakers to
design data-driven regulations and incentivize the
adoption of low-emission technologies. Furthermore,
optimizing TIT based on sensitivity analysis insights
could reduce CO emissions by up to 10-15% in practical
scenarios, contributing to cleaner air and improved
public health in countries. Integrating ML-driven outlier
detection and ensemble methods into existing emission
control systems can also reduce operational costs by
minimizing fuel waste and avoiding non-compliance
penalties. These advancements not only enhance the
sustainability of gas turbine operations but also position
the countries’ energy sector to meet evolving
environmental standards while maintaining energy
security and supporting its transition to a greener
economy.
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Abstract

In this study, an artificial neural network approach that is thought to produce better results as an alternative to due date determination
methods in dynamic job shop scheduling environment is presented and its feasibility is demonstrated. The performance of the neural
network model is compared with five different regression models. An event oriented simulation software is developed for the
determination of the coefficients of the regression models and for the generation of data to be used in the training of the neural network
model. Back-propagation artificial neural network was used as an artificial neural network model and a software was developed. After
the regression models were created and the neural network was trained, the simulation software was run for the shortest processing
time and earliest due date priority rules for comparison purposes. In order to compare the models, average absolute deviation from the
due date, mean square of absolute deviation from the due date, average tardiness, number of tardy jobs, average earliness and number
of early jobs were used as performance metrics. As a result of the study, the artificial neural network model was found to be effective
in due date determination. Both the shortest processing time first and the earliest due date first priority rules gave good results in terms
of several performance metrics. It was observed that the neural network gave better results in the shortest processing time priority rule
in general.

Keywords: Dynamic Job Shop, Due Date Determination, Artificial Neural Networks

future state of jobs within the shop floor may not be
appropriate if there is significant uncertainty about
processing times.

1. Introduction

In a production system, activities requiring decision-
making occur hierarchically at three levels. These are
strategic, tactical, and control level. At the strategic
level, production plans are required to meet market
demands. At the tactical level, the planned production
schedule is coordinated with some shop floor constraints

1.2. Due date determination

The importance of assigning accurate due dates for
the delivery of jobs in a production system is well

such as inventory, machine capacity, maintenance plan
and labour productivity. At the control level, the flow of
work is continuously regulated to realise the execution
of the planned production schedules and schedules
disturbed by unexpected events are immediately
updated.

1.1. Dynamic scheduling

The dynamic problem causes difficulties in
determining a finite schedule. Unlike make-to-stock
production, there is no master production schedule to
help predict future workload in a manufacturing facility.
Unknown future work fluctuations make it difficult to
develop efficient scheduling algorithms. Furthermore,
finite scheduling techniques that attempt to detail the
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recognised by academic researchers and managers in
practice. Due to developments in manufacturing systems
and idealised concepts in inventory systems, due dates-
based research has attracted attention and a rich
literature has been reported in this area (Cheng et al.,
1989). In a manufacturing system, each job is assigned
a due date before it is released for processing on the shop
floor. The literature analysis shows that various decision
rules have been proposed for due date assignment. The
literature on due date assignment emphasises simple,
regression-based approaches to deadline setting for the
dynamic multi-machine case (Philipoom, 1994).
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1.3. Regression analysis

Regression analysis is a statistical analysis technique
that is frequently used to determine the relationship
between two or more variables that have a cause-effect
relationship between them with a mathematical function
and to make estimation or prediction about the
dependent variable using this relationship (Tar1, 1999,
Orhunbilge, 2000). Regression analysis also reveals the
structural relationships between variables. It is possible
to find cause-effect relationships in most economic,
social, and natural events.

After fitting the regression model, checking the
adequacy of the model is the most important part of
regression analysis. It is necessary to ensure that the
applied model is close enough to the correct model and
to check whether it meets all the assumptions of the least
squares regression analysis. In regression analysis,
analysis of variance and multiple coefficient of
determination (R?) are usually used for model adequacy.
It is not enough to demonstrate the adequacy of the
model by analysis of variance. In addition, the statistical
significance of regression parameters should also be
investigated by t-tests.

1.4. Artificial neural networks

An artificial neural network (ANN) can be defined
as an inference mechanism based on the human brain
(Negnevitsky, 2002). In other words, artificial neural
networks are planned hierarchical structures with simple
elements connected in parallel to each other and
interacting with real world objects in the same way as
biological nervous systems do (Kohonen, 1987). A
general neural network model is characterised by
processing elements. A processing element consists of
five components:

e Inputs bring information to the processing
element. This information is provided by other
processing elements or external sources.
Sometimes the processing element can provide
information itself.

o Weights determine the effect of a certain input
on a processing element. It is the weight values
that need to be optimised during the training
process in order for the network to produce the
correct outputs.

e The summation function sums the weighted
inputs of the process element. There are
various summation functions (Neuralware Inc,
1990). The most common one is to find the
weighted sum. Here, each input value is
multiplied by its weight and summed (Oztemel,
2003).

e The transfer function determines the output of
the processing element by modifying the result
of the addition function. Again, there are
various transfer functions (Neuralware Inc,
1990). Some of the popular ones are sigmoid
function, linear function, and step function.

e The output sends the result of the transfer
function to the connected processing elements
or to external sources.

The topology of the network is the second feature
that characterizes the network. A group of processing
elements forms a structure called a layer. A typical
neural network contains three interconnected layers.
These are the input layer that accepts input from the
outside world, the hidden layer (or hidden layers) that
processes the information from the input layer and sends
it to the output layer, and the output layer that informs
the outside world about the decision of the network.
Information flows between or within layers of the
network.

1.5. Priority rules

Priority rules are used when there is more than one
job in the queue in front of a machine and the job needs
to be assigned when the machine becomes available. In
this study, the shortest processing time and the earliest
due date are used as priority rules. Since both priority
rules lead to schedules with different flow times,
therefore  different completion times, separate
simulations of the dynamic job shop under study were
performed for each rule.

1.6. Performance metrics

Performance measures help comment on the success
of a schedule. Therefore, it can be said whether the
schedule is good or not according to a performance
metric. In this study, an artificial neural network model
is proposed for due date determination. The proposed
model is compared with the regression models in terms
of performance. Since the due dates are in question, the
average absolute deviations of the due dates from the
actual completion times, the squares of the average
absolute deviations, the tardiness and earliness from the
actual completion times were selected as performance
measures. Comparisons were made on the basis of these
metrics. In addition, the number of tardy and early jobs
were also calculated for both types of models to give an
idea.

1.7. Assumptions

Both real and hypothetical systems are available in
the literature for dynamic workshop simulation.
Hypothetical systems typically contain a small number
of machines (usually less than 10) and some
assumptions are made in simulation studies (Baker,
1974, French, 1982).

1.8. Aim

The aim of this study is to demonstrate the feasibility
of artificial neural network for deadline determination in
dynamic job shop scheduling. For this purpose, an event
oriented simulation software using dynamic variables
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has been developed. A back-propagation artificial neural
network software using dynamic variables is also
presented for modelling the artificial neural network.
The event oriented simulation and the artificial neural
network softwares are written in C. The due dates were
determined by regression models and artificial neural
network and compared according to the selected
performance metrics. When determining the due date
with regression models, missing data or a possible error
may cause the due date information to be calculated very
differently from what it should be. Artificial neural
network can give appropriate answers in such a situation
due to its ability to work with missing data.

2. Literature Review

The production control system for a shop floor can
be analysed in a structure consisting of three sequential
stages (Philipoom, 1994): Order stage, order release and
shop floor stage. In the first stage the customer's work
arrives and a due date is assigned. Assigning a due date
is the first important task of shop floor control. Due date-
related performance is characterised by the quality of the
due date assignment rules. Due date assignment and
products delivered to the customer on time will provide
customer satisfaction and competitive advantage (Sha
and Hsu, 2004). In this section, studies on date date
assignment in the literature are examined in two groups:
numerical and heuristic.

2.1. Numerical methods

In these methods, the problem is defined by
mathematical models. These models are solved by
mathematical programming techniques and the
optimum solution is sought. Mosheiov (2001) studied
the due date assignment problem and job shop
scheduling in parallel similar machines. He proposed
that the cost of a schedule is a function of maximum
earliness cost, maximum tardiness cost, and due date
cost. The aim of the study is to develop a due date
scheduling algorithm that minimizes these three cost
functions. Biskup and Jahnke (2001) considered a
general due date assignment to jobs and scheduling of
jobs on a single machine. They considered that the
processing times are controllable. However, in contrast
to previous approaches, they emphasised the case where
all processing times can be reduced at the same rate.
They concentrated on minimising the number of early,
tardy, and late jobs as well as due date assignment. They
found algorithms that can be solved polynomially. Veral
(2001) tried to find out that it is possible to set static due
date with flow time analysis. The proposed model has
been compared with the TWK (Total Work) model. The
comparison was carried out considering light, medium,
and heavy shop floor loads. The author's model
outperformed the TWK at all three different shop floor
loads and performed better in workflow time prediction
accuracy. Gupta et al. (2002) studied the permutation
flow type problem. In this study, each job centre consists

of parallel similar machines. Each job has different
release dates and is processed in the same order on
machines in different job centres. In the study, 20 jobs
and 10 work centres were considered. In addition, the
cost of due date assignment was added to the objective
function. Wang and Uzsoy (2002) investigated the
feasibility of job due dates in batch processing machines
used in the metalworking and microelectronics
industries when jobs are dynamically sent to the
workshop. A genetic algorithm technique was used
together with a dynamic programming algorithm. It was
concluded that the study showed excellent average
performance. Sabuncuoglu and Comlekci (2002)
proposed a new flow time estimation method that uses
route information about the operations of jobs, such as
detailed job, shop floor and machine imbalances. They
state that such information is now available in computer
integrated manufacturing systems. They measured the
performance of their proposed method by simulation
under various experimental conditions. They compared
with existing flow time estimation methods in terms of
various performance measures. They found that the
performance of manufacturing systems can be improved
by information intensive methods rather than simple
methods (TWK). They claimed that the use of detailed
information in flow time prediction provides significant
improvements over methods that use more integrated
information to improve system performance. They
stated that the results of the study showed that predicting
flow time for each operation is a better approach than
traditional job-dependent prediction. Song et al. (2002)
stated that the determination of product due dates is an
important part of production planning and studied the
determination of product due dates in complex multi-
stage assembly operations. Product lead times were used
to minimise earliness and tardiness. Sha and Liu (2005)
argue that although just-in-time production philosophy
is gaining importance, the ability to deliver orders on
time will increase customer satisfaction and provide a
competitive advantage to the organisation. In this study,
in order to improve the performance of TWK, which is
one of the due date assignment rules, they represented
the dynamic workshop conditions with IF-THEN rules
and the k coefficient was determined by evaluating the
situation in the workshop at the arrival of the job, thus
reducing the due date error of the TWK method. As a
result, the rule-based TWK method gave better results
compared to static and dynamic TWK methods. Shabtay
and Steiner (2006) argued that on-time delivery of
orders is one of the most important issues in scheduling
and supply chain management. The authors aimed to
minimise the weighted earliness, tardiness and due date
assignment penalties and to minimise the weighted
number of late jobs and due date assignment costs for
the single machine problem. Zhao (2016) examines a
single-machine scheduling problem where jobs have
specific release times. The research aims to determine
an optimal common due date and scheduling sequence
to minimize a cost function that includes the weighted
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number of tardy jobs and due date assignment costs. The
problem is proven to be NP-hard, and the authors
propose a dynamic programming algorithm and a fully
polynomial-time approximation scheme as solutions.
Teymourifar and Ozturk (2018) designed new due date
assignment models and dispatching rules for dynamic
job shop scheduling problems, developed dispatching
rules based on modified and composite characteristics of
jobs, and obtained competitive results compared to
existing models. Vinod et al. (2019) investigated the
interaction between dynamic due date assignment
methods and scheduling decision rules in a dynamic job
shop with queue-dependent preparations. They
developed analytical models based on regression using
simulation results and found that the proposed
scheduling rules improve the performance with respect
to average lateness. Kianpour et al. (2021) introduced an
automated model that develops job shop scheduling by
integrating Industry 4.0 and project management
principles. The model adapts to real-time information
about processing times and due dates, aiming to
minimise early and late costs by considering
rescheduling expenses. Wang et al. (2022) investigates
a single-machine scheduling problem that considers due
date assignment alongside past-sequence-dependent
setup times. Under common, slack, and different due
date assignment methods, the objective is to find the
optimal sequence and due dates that minimize the
weighted sum of lateness, the number of early and
delayed jobs, and due date costs, where weights depend
on job positions in the sequence. The authors provide
optimal properties and propose a polynomial-time
algorithm to obtain the optimal solution. Mosheiov and
Sarig (2024) addresses a single-machine scheduling and
due-date assignment problem incorporating acceptable
lead-times. The study combines elements of common
and different due-date models, aiming to determine job-
dependent due dates. The objective function, of a
minmax type, consists of four cost components: job
earliness, job tardiness, due-date cost, and due-date
tardiness cost. The authors present a simple procedure
for identifying different job types and introduce a
polynomial-time solution.

2.2. Heuristic methods

In heuristic approaches, the solution is found by
narrowing the area to be searched based on the findings
obtained from experimental studies. It is called heuristic
screening and is based on advanced searching
algorithms (Tasgetiren, 1996). Philipoom (2000), who
stated that due date determination is a difficult situation
for manufacturing managers, examined the trends in the
choice of priority rule in a job shop where due dates are
determined depending on lead time and tardiness
penalties. As a result of his study, he stated that the first
rule with the shortest processing time works well for
lean tardiness penalties. As the penalty for tardiness
increased, he found that priority rules such as first-in-

first-out worked well. He stated that the earliest due first
rule does not work well due to the interaction between
the earliest due date first rule and the parameters of the
due date determination rule. Yang and Wang (2001)
presented a new adaptive artificial neural network and
heuristic hybrid approach for job shop scheduling. The
neural network has the ability to adapt the connection
weights and bias values of the processing elements
during the feasible solution. They presented two
heuristics that can be combined with the neural network.
One of them was used to speed up the solution of the
neural network and to guarantee the approximation of
the network. The other one is used to obtain delay-free
schedules from the feasible solutions provided by the
neural network. Computer simulations showed that the
proposed hybrid approach is fast and efficient. Cheng et
al. (2002) studied the single machine problem in their
study. In their problem, a common due date is assigned
to all jobs. The objective is to determine the due date and
schedule that will minimise the earliness, tardiness and
the total penalty associated with the dur date. The
authors claim that they have developed an algorithm that
obtains the optimal due date and schedule if the job order
is predetermined or if all jobs have the same processing
time. Xiao and Li (2002) considered the problem of
assigning a general due date to jobs and scheduling jobs
on parallel machines by minimising the weighted sums
of due date, total earliness, total tardiness and an
absolute performance ratio for this heuristic. They
presented a better worst-case bounded heuristic for the
case with zero earliness penalty. They also developed an
approximation scheme that is completely polynomial.
They claimed that their heuristic contributes to job shop
scheduling and general due date assignment algorithm
development. Birman and Mosheiov (2004) studied the
due date and scheduling problem in a two-machine
flow-type production. They stated that due date
scheduling problems have attracted a lot of attention in
recent years. The objective of their study was to
minimise the maximum earliness, tardiness and due date
determination costs. As a result, they claimed that they
found a more effective solution with Johnson's
algorithm. Min and Cheng (2006) proposed a type of
genetic algorithm based on regional coding that
determines the optimal scheduling policy to determine
the optimal overall due date, the processing sequence
and the number of jobs on each machine, and minimises
the costs of due date assignment, earliness, and
tardiness. For the genetic algorithm, they also added a
simulated annealing mechanism and an iterative
heuristic fine-tuning operator to construct 3 types of
hybrid genetic algorithms with good performance.
Focusing on similar parallel machine scheduling and
general parallel machine scheduling problem, the
numerical computational results show that these
algorithms outperform heuristic algorithms and are
suitable for large-scale parallel machine earliness,
tardiness scheduling problem. In their study, Mosheiv
and Oron (2006) wanted to determine the sequence of
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work, the overall due date and the placement of rapid
maintenance activity. Jobs scheduled after or before the
due date are penalised according to their early or tardy
finish time. The processing time of a job scheduled after
the maintenance activity is reduced by a job-dependent
factor. The objective is the minimum total earliness,
tardiness, and deadline costs. They proposed a
polynomial solution for this problem. In this first work,
where maintenance scheduling and due date assignment
are performed simultaneously, they state that the
problem is solvable in polynomial time. In his study,
Chen (2007) focused on output time estimation, which
is a critical task in a biscuit factory. He proposed an
intelligent hybrid system to improve the accuracy of
output time estimation. Firstly, he applied the concept of
input classification to the Chen fuzzy backpropagation
network approach by pre-classifying batches of biscuits
with a k-means classifier before estimating their output
time with a fuzzy backpropagation network. Examples
belonging to different categories were taught by
networks with different but identical topology.
Secondly, the factory future shipment plan was also
included in the intelligent hybrid request. In order to
evaluate the effectiveness of the proposed methodology,
production simulation was performed to create test
cases. According to the experimental results, the
prediction accuracy of the intelligent hybrid system is
significantly better than other approaches. Baykasoglu
and Gokgen (2009) propose a due date assignment
approach for a multi-stage job shop using Gene
expression Programming (GEP), a genetic programming
technique. Simulation experiments showed that the
GEP-based method outperformed several conventional
due date assignment models under various test
conditions. Yang et al. (2012) considered a job shop
scheduling problem involving due dates, aiming to
minimise the sum of weighted earliness and tardiness.
They proposed an improved genetic algorithm that uses
an operation-based scheme to represent schedules as
chromosomes. The effectiveness of the algorithm is
demonstrated through tests on various job shop
scheduling problems of different sizes. Inal et al. (2023)
to solve the dynamic scheduling problem, propose a
multi-agent system with reinforcement learning aimed
at the minimization of tardiness and flow time to
improve the dynamic scheduling techniques. The
performance of the proposed multi-agent system is
compared with the first-in-first-out, shortest processing
time, and earliest due date dispatching rules in terms of
the minimization of tardy jobs, mean tardiness,
maximum tardiness, mean earliness, maximum
earliness, mean flow time, maximum flow time, work in
process, and makespan. Under a heavy workload, the
proposed multi-agent system gives the best results for
five performance criteria, which are the proportion of
tardy jobs, mean tardiness, maximum tardiness, mean
flow time, and maximum flow time.

In addition to the traditional due date setting rules,
the use of artificial neural network for prediction is quite

common in the literature. The ability of artificial neural
network to learn from examples or to reach a conclusion
by considering different values related to the workshop
can also be used for due date setting. Considering the
ability of artificial intelligence to learn from examples
and applications in dynamic workshop scheduling, it
was deemed appropriate to carry out such a research for
due date determination.

3. Due Date Determination

3.1. Regression models

In this study, 5 regression models were used to
determine the due date (Philipoom et al., 1994):

1. Total work (TWK):
Fi = kPl (1)

The predicted flow time (Fi) of job i is a function of
the total processing time Pi. k is a coefficient and is
calculated by regression.

2. Number of operations (NOP):
Fi = kNl (2)

Here, the predicted flow time of the job is a function
of the number of operations (N;) of job i. Again k is a
coefficient and is calculated by regression.

3. Total work and Number of operations (TWK+NOP):
F; = k. P; + k3N, (3)

In this model, both the number of operations and the
total processing time are used. ki and k: coefficients are
calculated by regression.

4. Number of jobs in queue (JIQ):
Fi = k1P + k2 (JIQ:) 4)

When job i arrives at the job shop, the number of
waiting jobs in the queues is summed (JIQi). This job
shop data is combined with the job characteristic P;. The
coefficients ki and k; are calculated by regression.

5. Work in queue (WIQ):
F; = ky P + ko, (WIQ;) (5)

This model differs from model 4 in that it does not
use the number of jobs in the queues but uses the total

processing time in the job shop. Again, the coefficients
ki and k» are calculated by regression.

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 84-94 88



3.2. Due date determination with regression
models

In these models, the flow time is estimated (Figure
1). When the ready time (ri), which is the time when the
jobs arrive at the workshop, is added to the estimated
flow times, the due date (d;) can be estimated.

Data Generation

k.

Fegresson TWE
Analysis WO
TWEAHC
jiln]
WIQ
k|
Simulation Regression

« > Models

Performance MAD, MSE
Metrics MT, NT
WE, NE

Figure 1. Due date determination with regression models

3.2.1. Data generation for regression analysis

The data required for determining the coefficients of
the total processing time of job i, the number of
operations of job i, the sum of the number of jobs in the
queues when job i arrives at the job shop and the sum of
the total processing times of the waiting jobs in the
workshop (workload) used in the estimation of the flow
time in the 5 regression models mentioned above were
obtained by simulation. For SPT (Shortest Processing
Time) and EDD (Earliest Due Date) priority rules, 10
simulations were performed, each starting with a
different random number. In each simulation run, after a
warm-up period of 5000 jobs, the data to be used in the
regression models for 10000 jobs were recorded. This
resulted in 10 data files with 10000 data in each file.
Then, a single data set with 10000 jobs data was
obtained by taking the data of one of the 10 jobs from
each data file.

3.2.2. Creation of regression models

The k coefficients required for 5 regression models
were obtained by linear regression using this data of
10000 jobs (Table 1, Table 2). Regression analysis

were carried out for each model, and sample outputs for
the SPT first priority rule and the TWK model are given
in the appendix.

3.2.3. Due date determination with regression
models

After the regression model coefficients were
obtained, 10 simulations were performed using SPT and
EDD priority rules. In these 10 simulations, different
initial random numbers were used from each other and
also from the simulations performed to obtain the data
set required for the determination of the regression
model coefficients. These initial random numbers will
be used as the same for the proposed neural network
model in the future.

Table 1. Coefficients of regression models (SPT)

Model k1 Std. Sig. ke Std.  Sig.
Dev. Dev.

TWK 6,963 0,080 0,000 - - -

NOP 50,062 0,867 0,000 - - -

TWK+NOP 21,511 0,226 0,000 -143,238 2,124 0,000

JIQ 14,294 0,193 0,000 -17,614 0,428 0,000

wIQ 12,213 0,175 0,000 -0,048 0,001 0,000

Table 2. Coefficients of regression models (EDD)
Model k1 Std.  Sig. ke Std.  Sig.

Dev. Dev.
TWK 7,336 0,019 0,000 - - -
NOP 68,550 0,196 0,000 - - -
TWK+NOP 4,184 0,058 0,000 30,960 0,542 0,000
JIQ 3,170 0,025 0,000 6,190 0,038 0,000
wIQ 4,254 0,034 0,000 0,027 0,000 0,000

In these 10 simulations, the due dates are determined
when the jobs arrive at the job shop and the due date is
determined by adding the flow time estimated using the
regression model to the arrival time of the jobs. In each
simulation, data were recorded for 10000 jobs after the
warm-up period of 5000 jobs.

The mean absolute deviation (MAD) was calculated
by taking the absolute differences of the estimated due
dates of 10000 jobs from the actual completion times
(Ci) and the mean square errors (MSE) were calculated.
In addition, the number of tardy jobs (NT), mean
tardiness (MT), number of early jobs (NE) and mean
earliness (ME) values were calculated. These
calculations were made separately for 10 data files. By
taking the arithmetic averages of these 10 calculated
values, MAD, MSE, NT, MT, NE, and ME values are
calculated for the priority rule and regression model to
be compared with the proposed model values.

3.2. Artificial neural network model

In this study, an artificial neural network model is
proposed for due date determination in job shop type
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production (Figure 2). The artificial neural network used
is a back-propagation neural network. In the previously
mentioned regression models, one or more information
about the job, job shop or both is used in the equation of
that regression model. In the proposed model, in
addition to the information used in the regression
models, other job and job shop information is used to
predict the work flow time of the artificial neural
network.

Data Generation
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—= Creating test set
—= Hetwork topalogsy

L= Hetwork parameters

ANN Training —= Training
—=— FeCall
L Test
h 4
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Figure 2. Articial neural network model

The information to be used in the prediction of the
flow time and therefore the due date using the artificial
neural network is shown in Table 3. This information is
the input information of the artificial neural network and
its number is 15. Therefore, the number of inputs of the
artificial neural network is 15, there are 15 processing
elements in the input layer. In the output layer, there is
only one processing element, the flow time information.

Table 3. Inputs of artificial neural network

Input  Information

Maximum operation time of the work

Sum of the operation times of the work

Total number of jobs in the workshop

Total number of operation of jobs waiting in

queues

Sum of average lateness times of works

Sum of operation times of jobs waiting in queues
.15 1st, 2nd, ..., 9th operation times of the work

AWM

~ o wu

3.2.1. Creation of training set

The samples (input/output) to be used as a training set
for the artificial neural network are the same as the
dataset produced to determine the coefficients of the
regression models. After the warm-up period of 5000
jobs in the regression model, a single dataset of 10000
jobs created by taking one of every 10 jobs from 10 data
files obtained as a result of 10 simulations of 10000 jobs
was also used for artificial neural network training.
There are 2 datasets using SPT and EDD priority rules.
Different neural networks were trained for both priority
rules. This information in the dataset is not suitable for
neural network training. Since sigmoid function will be
used as activation function in the neural network, the
results will be in the range of 0-1. In other words, it is
not possible for the network to produce a value greater
than 1 or less than 0 for the flow time (Oztemel, 2003).
For this reason, the input and output values of the
network were normalised and a scaled dataset was
obtained. The output values of the network after training
were also reverse normalised to obtain normal flow time
values.

The normalisation process was performed according to
the following equation:

x’ — X—Xmin )

Xmax~Xmin

The inverse normalisation process is obtained from the
normalisation equation as follows:

X=X (xmax - xmin) T Xmin (7)

In order for the dataset to be ready for the training of
the artificial neural network, the dataset should be
divided into two parts. Because two sets, training and
test, are required for training an artificial neural
network. The network already sees all the examples in
the training set during training. Until the desired error
level is achieved or the desired number of iterations or
epochs (the network sees all the examples once) is
completed, it calculates output values from the inputs
and changes the weight values by looking at the
difference between the desired and actual output.
Therefore, it cannot be said that the network learnt with
a single set. Therefore, the normalised dataset is divided
into two sets: training and test. The splitting was done
randomly so that 80% of the first dataset was in the
training set and 20% in the test set (Philipoom et al.,
1994).

3.2.2. Creation of neural network model

Since 15 values will be used as input in the flow time
estimation with the artificial neural network, 15 input
and one output processing element estimating the flow
time are used. For the data obtained using the SPT and
EDD priority rule, the artificial neural network was
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designed as a single hidden layer with 7 and 9 processing
elements, respectively. The training process with the
data of both priority rules was performed with the same
parameters (Table 4).

Table 4. Parameters of articial neural network (SPT, EDD)

Parameter Value

Learning coefficient 0.2

Momentum coefficient 0.8

Initial weights values Random between -0.1 and 0.1
Example presentation Sequential

Number of epochs 2000

3.2.3. Training of artificial neural network

The neural network training was performed in 2000
epochs for both SPT and EDD. Since a training set of
8000 jobs was used during the training, each training
was performed as 16000000 iterations. During the
training process, absolute deviation and squared error
values were calculated and recorded for the output
processing element at the end of each epoch. Figure 3
and Figure 4 shows the graphs of the mean deviation
squared values of the neural networks.

Error Graph (SPT)
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Figure 3. Articial neural network error graph (SPT)

Error Graph (EDD)
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Figure 4. Articial neural network error graph (EDD)

In artificial neural network training, in order to
determine whether the network has learnt or not, the
training set and the test set that the network has never
seen are given as input to the network and the outputs
are compared with the actual output values. If the
difference is below the acceptable margin of error, the
network is said to respond correctly to that input sample,
and if it is below, it is said to respond incorrectly. Table

5 shows the training success percentages of both
networks.

In artificial neural network training, to determine
whether the network has learned, the training set and the
test set, which the network has never seen before, are
given as input to the network and the outputs are
compared with the actual output values. If the difference
is below the acceptable error margin, it is said that the
network responded correctly to that input sample, if not,
it is said to have responded incorrectly. Table 5 shows
the training success percentages of both networks.

Table 5. Training performance of artificial neural network

SPT EDD

Training Test set Training Test set
Epoch set set

(%) (%) (%) (%)
500 96 96 94 94
1000 97 97 95 95
1500 97 97 95 95
2000 97 97 95 95

3.2.4. Due date determination with artificial
neural network

After the training of the artificial neural networks
was completed, 10 simulations were performed using
SPT and EDD priority rules. In these 10 simulations,
different initial random numbers were used from each
other and from the simulations performed to obtain the
dataset required for the training of the artificial neural
networks and also for the determination of the
regression model coefficients. These initial random
numbers were the same as those used in the simulations
in which the due date was decided by using regression
models.

In these 10 simulations, the due dates are determined
by adding the flow time estimated using the trained
artificial neural network to the arrival time of the jobs
when the jobs arrive at the workshop. In each
simulation, data were recorded for 10,000 jobs after a
warm-up period of 5,000 jobs.

The mean absolute deviation was calculated by the
absolute deviations of the estimated due dates of the
10000 jobs from the actual completion times (C;) and the
mean absolute deviation squares were calculated. In
addition, the number of jobs tardy, mean tardiness,
number of jobs early mean earliness values were
calculated. These calculations were made separately for
10 data files. By taking the arithmetic averages of these
10 calculated values, MAD, MSE, NT, MT, MT, NE,
and ME values are calculated for the priority rules and
artificial neural network model to be compared with the
values of the previously mentioned regression models.

3.6. Performance metrics of models

In order to compare these simulation results of the
proposed artificial neural network model and 5
regression models, arithmetic averages of the
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performance metric values obtained from 10 simulations
were taken and evaluations were made based on these
average values. The mean values of the performance
metrics obtained for the SPT and EDD priority rules for
the regression models and the neural network model are
given in Tables 6 and 7.

Based on the statistical analyses (statistical test
outputs of the models for the MAD performance metric
with the SPT priority rule are given in the appendix as
an example), in Table 6, it is seen that the ANN model
gives the best result with a value of 211 when the MAD
performance metric is considered. This model is
followed by the models of TWK+NOP, JIQ, TWK and
NOP respectively.

It can be said that the best result in terms of the MSE
performance metric is given by the TWK+NOP and
ANN model. There is no statistically significant
difference between these two models. These models are
followed by the NOP, TWK+NOP, JIQ and WIQ
models in terms of performance, respectively.

Table 6. Average performance values of models for SPT

Model MAD MSE MT NT ME NE
TWK 377 438156 131 1297 246 8704
NOP 387 567960 192 2190 195 7810
TWK+NOP 308 305371 152 4014 156 5986
JIQ 349 394630 142 3049 208 6951
WIQ 669 622800 75 593 593 9407
ANN 211 312044 92 4076 119 5924

Table 7. Average performance values of models for EDD

Model MAD MSE MT NT ME NE
TWK 396 439933 125 1210 271 8790
NOP 492 596478 162 1564 331 8436
TWK+NOP 446 503898 138 1324 307 8676
JIQ 380 497366 160 1723 220 8277
WIQ 275 481953 183 2436 92 7564

ANN 324 473826 166 1960 158 8040

When evaluated in terms of MT performance metric,
the best result is given by the WIQ model. Then, the
ANN model gives the second best result. The others, in
order of success in terms of this performance metric, are
the TWK, JIQ, TWK+NOP and NOP models.

Considering the ME performance metric, based on
statistical analyses, it can be said that each model
produces different results from each other. The most
successful model among these is the ANN model. This
model is followed by the models of TWK+NOP, NOP,
JIQ and WIQ respectively.

Table 7 shows the performance values of the models
using the EDD priority rule. Considering the MAD
performance metric, it can be said that each model
produces different values from each other with statistical
analyses. The best result was produced by the WIQ
model. This model is followed by the ANN, JIQ, TWK,
TWK+NOP and NOP models, respectively.

It can be said that there are three groups of models
that are different from each other considering the MSE
performance metric. Of these, the first group of models,

namely, the TWK, ANN ve WIQ maodels, yielded the
best results.

When the MT performance metric is analysed, the
best result is given by the TWK model. Then, the
TWK+NOP model, followed by the third group
consisting of JIQ, NOP and ANN, and finally followed
by the WIQ model.

Similarly, in terms of the ME performance metric,
the statistical analyses show that each model produces
different values from each other and the best result is
given by the WIQ model. This model is followed by
ANN model.

4. Conclusions

In this study, an artificial neural network approach,
which is thought to produce better results as an
alternative to due date determination methods in
dynamic job shop scheduling, is presented and its
feasibility is demonstrated. The feasibility of the
artificial neural network model in due date
determination is demonstrated. In terms of both the
shortest processing time first and earliest due date first
priority rules, the neural network gave good results in
terms of several performance metrics.

It was observed that the artificial neural network
generally gave better results in the shortest processing
time performance metric. It has been shown that the
shortest processing time priority rule gives the best
results in terms of mean absolute deviation, mean square
error and mean earliness performance metrics. Again, it
was seen that the artificial neural network was among
the models that gave the best results in terms of the mean
square error performance metric together with the
earliest due date first priority rule.

In this study, the artificial neural network model
used to determine the due date is back-propagation
artificial neural network model. Single layer is used as
hidden layer. It may be possible to obtain better results
by using two or more hidden layers. In addition, a fully
connected artificial neural network was used in this
study. That is, each process element in each layer is
connected with each process element of the next layer.
Instead, a semi-connected network model can be used,
that is, a network model in which a processing element
is connected to only one or a few process elements in the
next layer. In this way, better results can be obtained. In
the due date prediction of the artificial neural network,
various data of the job and job shop were used as input.
It may be possible to get better results by using more
information about the work and job shop as input or by
not using some of the inputs used. The artificial neural
network used in this study is a back-propagation
artificial neural network. Using other artificial neural
network models or deep learning models instead of this
network may provide better prediction results.
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EK (Appendix)

Regression analysis of the TWK regression model
with the SPT priority rule:

Regression
Variables Entered/Removed

Variables Variables
Model Entered Removed Method
1 P . Enter
Model Summary
Adjusted R | Std. Error of
Model R R Square Square the Estimate
1 ,654 |,428 ,428 681,26581
ANOVA
Mode Sum of df | Mean Square F Sig
| Squares .
Regressio | 3474552446,8 1 3474552446,8 |7486,27 |,00
n 46 46 3 0
1 Residual | go?07%%700 9099 | 464123099
8115319317,0 | 1000
Total oL 0
Coefficients
Unstandardized Standardized
Coefficients Coefficients
Model Beta t Sig.
B Std. Error
1 P 16,963 ,080 ,654 86,523 |,000

Statistical test outputs of the models for the MAD
performance measure with the SPT first priority rule:

Oneway
Test of Homogeneity of Variances
OoMS
Levene Statistic |dfl | df2 |Sig.
346,785 5 159994 |,000
ANOVA (OMS)
Sum of .
Squares df | Mean Square F Sig.
Betwee | 1182740505,28 5 23654810105 8792,80 |00
7 3 0
Groups
Within | 1613986659,96 | 5999 26902,468
Groups |3 4
Total f23796727165,24 3999

Post Hoc Tests

Multiple Comparisons
Dependent Variable: OMS

Tukey HSD
Mean

I(\I/I)odel I(\\Jl)odel Diﬁerg;ce (- Esrtr(jdr
2 -9,75590(*) 2,31959

3 69,38010(*) | 2,31959

1 4 27,87910(*) | 2,31959
5 -291,60910(*) | 2,31959

6 166,68980(*) | 2,31959

1 9,75590(*) 2,31959

3 79,13600(*) | 2,31959

2 4 37,63500(*) | 2,31959
5 -281,85320(%) | 2,31959

6 176,44570(%) | 2,31959

1 -69,38010(*) | 2,31959

2 -79,13600(*) | 2,31959

3 4 -41,50100(%) | 2,31959
5 -360,98920(*) | 2,31959

6 97,30970(*) | 2,31959

1 -27,87910(*) | 2,31959

2 -37,63500(*) | 2,31959

4 3 41,50100(*)  |2,31959
5 -319,48820(%) | 2,31959

6 138,81070(*) | 2,31959

1 291,60910(%) | 2,31959

2 281,85320(*) | 2,31959

5 3 360,98920(*) | 2,31959
4 319,48820(*) | 2,31959

6 458,29890(*) | 2,31959

1 -166,68980(*) | 2,31959

2 -176,44570(%) | 2,31959

6 3 -97,30970(*) | 2,31959
4 -138,81070(*) | 2,31959

5 -458,29890(%) | 2,31959

* The mean difference is significant at the .05 level.

Journal of Intelligent Systems: Theory and Applications 8(1) (2025) 84-94

95% Confidence

Interval
Lower Upper
Bound Bound

-16,3663 | -3,1455
62,7697 | 75,9905
21,2687 34,4895
-298,2195 | -284,9987
160,0794 | 173,3002
3,1455 16,3663
72,5256 85,7464
31,0246 44,2454
-288,4636 | -275,2428
169,8353 | 183,0561
-75,9905 | -62,7697
-85,7464 |-72,5256
-48,1114 | -34,8906
-367,5996 | -354,3788
90,6993 | 103,9201
-34,4895 | -21,2687
-44,2454 | -31,0246
34,8906 48,1114
-326,0986 |-312,8778
132,2003 |145,4211
284,9987 |298,2195
275,2428 | 288,4636
354,3788 | 367,5996
312,8778 |326,0986
451,6885 | 464,9093
-173,3002 |-160,0794
-183,0561 | -169,8353
-103,9201 |-90,6993
-145,4211 | -132,2003
-464,9093 | -451,6885
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