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EDITORUN NOTU

Ulkemizde bilimsel yayincilik hizla gelismekte ve bu baglamda siireli yayinlarin sayis1 dnemli
Ol¢iide artmaktadir. Akademik siireli yayincilik da bu artisin dogal sonuglarindandir. 8 Eyliil
2020 tarihinde yayinlanan ilk sayis1 ile yayin hayatina baslayan dergimizle (Bingél Universitesi
Teknik Bilimler Dergisi) ¢ok degerli arastirmacilarin, bilim insanlarinin ve okurlarin kargisina
¢ikmanin heyecanini ve mutlulugunu yasamaktayiz. Yaym hayatina basladigi bu tarihten
itibaren bilimsel bir disiplin icerisinde hareket eden dergimiz, Google Scholar, Index
Copernicus ve Acarlndex {izerinde taranmakta ve diger indekslerde taranmak i¢in basvurularini
stirdiirmektedir.

Tiirkiye’de yayin yapan bir¢ok tliniversite akademik dergileri gibi dergimiz de ¢cok-disiplinli ve
disiplinleraras1 anlayisla hareket etmektedir. Bu anlayigla dergimizin yayin kurulu, bilimin
biitiin sahalarindan ve alt disiplinlerinden bilimsel nitelikli yazilar1 ingilizce ve/veya Tiirkce
olarak yayinlamak iizere her iki dilde de kabul etmektedir. Dergimizde hakemlik siireci titizlikle
yiriitiilmekte, cift tarafli korleme sistemiyle makaleler degerlendirilmekte, etik ve bilimsel
Olciitlere sonuna kadar bagli kalinmaktadir.

Ik sayidan itibaren dergimizin DergiPark iizerinden erisimi saglanmis ve yayimlanan
makalelerin tamami1 okuyucularin ve arastirmacilarin hizmetine sunulmustur. Dergimizin bu
sayisinda 3 adet bilimsel arastirma ve 1 adet derleme makalesine yer verilmistir.

Dergimize bilimsel arastirmalari ve yazilartyla destek veren degerli bilim insanlarina, bu
caligmalan titizlikle degerlendiren hakemlere ve yayin siirecini yoneten ve yiirliten yayin
kurulu, alan editorleri ve sekretaryaya tesekkiir ederim.
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Ozet

Bu makale 1971 yilinda Leon Chua tarafindan kesfedilen eksik devre elemani olarak
adlandirilan memristér yapisini tanitmaktadir. Memristér néromorfik sinir aglarinda, ileri
diizey bilgi isleme teknolojileri basta olmak iizere dijital ve analog devre uygulamalarda
kullanilan ve sahip oldugu bir¢ok 6zellik ile son teknolojik gelismelere entegre olabilen bir
devre elemanidir. Metal-yalitkan-metal, yapilar bir¢ok metal oksit kullanmilarak farkl
ozelliklerde memristér yapilart iiretilmesine izin vermektedir. Bu memristdr yapilar
kullanilarak teknolojik gelismeler her giin iyileserek gelismeye devam etmektedir. Makalede
memristdr yapisinin g¢alisma prensibi {lizerinde durularak yapinin daha iyi anlasilmast
saglanmistir. Ayrica memristor yapilarinin genel olarak deneysel iiretiminin nasil oldugunu ve
nasil c¢alistigimni, sandvi¢c yapist ele alinarak anlatmistir. Memristoriin  anahtarlama
mekanizmalarinin neler oldugu ve nasil ¢alistigi konusunda bilgi verilmistir. Son olarak
giiniimiizde memristor uygulamalarinin neler oldugu 6zet olarak anlatilmistir.

Anahtar Kelimeler: Memristor, Anahtarlama mekanizmalari, Calisma prensibi, Memristoriin
uygulama alanlart.

Review: Memristor: Device, Model and Applications

Abstract

This article introduces the memristor structure, which is called the missing circuit element,
discovered by Leon Chua in 1971. Memristors are circuit elements that are used in
neuromorphic neural networks, advanced information processing technologies, and digital and
analog circuit applications, and are integrated with the latest technological developments with
their many features. Metal-insulator-metal structures allow the production of memristor
structures with different properties using many metal oxides. Technological developments
using these memristor structures continue to improve and develop every day. In the article, the
working principle of the memristor structure was emphasized and a better understanding of the
structure was provided. In addition, it explains how the experimental production of memristor
structures is generally done and how they work by considering the sandwich structure.

Keywords: Memristor, Switching mechanisms, Operating principle, Application areas of
memristor.

1. GIRIS

Elektronik alanindaki gelismelere her gecen giin bir yenisi eklenmektedir. Artan bellek ve
depolama ihtiyaci ve bunun yaninda isletim sistemlerinin daha hizli olmasi mevcut mimariler


http://www.doi.org/10.5281/zenodo.15719101

ile ilerlemekte glicliik cekmektedir. Von Neumann mimarisi ile yapilan igslemlerde depolama
ve bilgi isleme siireci, ciddi problemlere sahiptir [1]. Bu problemlerden ilki erisim hizinin
merkezi iglem biriminin hesaplama hizindan ¢ok daha yavas olmasi ve buna bagli olarak bellek
duvarmin kullaniminin azalmasidir [2,3]. ikinci temel problem ise iletimi esnasinda tiiketilen
gii¢ miktarinda ciddi bir gii¢ kaybina sebep oldugu igin gii¢c duvari olarak adlandirilan ¢ipin
gelismesi oldukga yavaglamistir [4]. Moore yasasindaki gelismeler von Neumann mimarisinin
isleyisini iyilestirmis olsa da bu ¢6ziim gelisen teknoloji karsisinda verileri depolama ve
hesaplamada heniiz yeterli boyuta ulasmamistir. Arastirmacilar liretilen isaretlere kars1 verilen
cevaplarin beyin sinir hiicreleri gibi hizli olmasini isteyerek, yapay sinir hiicreleri gibi ¢alisan
sistemlere yonelmislerdedir [5].

Memristor yapisi degisen hafizaya sahip bir direng elemanidir. Bu yapi ilk olarak 1971 yilinda
Leon Chua ve 0grencisi tarafindan kesfedilmistir [6]. Leon Chua o dénemde mevcut devre
bulmustur. Leon Chua akim ve gerilim arasindaki iliskiden diren¢ elemani, akim ve yiik
arasindaki iliskiden endiiktans elemani ve gerilim ile yiik arasindaki iliskiden ise kapasite
elemaninin tretildigini fakat aki ile yiik arasindaki iliski kullanilarak herhangi bir eleman
gelistirmedigini fark etmistir. Boylece aki ile yiik arasindaki bu iliskiden hafizali bir direng olan
memristor yapisini iretmistir. Memristor kayip devre elemani olarak bilinen ve diger devre
elemanlar1 gibi pasif olarak ¢alisan bir elemandir. Ayrica memristdr iki terminallidir ve non-
lineer olarak calisir. Sekil 1’de Leon Cuha tarafindan {iretilen memristoriin sematik goriintiisii
ve yine Chua tarafindan eksikligi fark edilen aki ve ylik arasindaki iliskinin grafigi verilmistir.

 d

Sekil 1. Memristor sematik gosterimi ve yiik ile manyetik aki arasindaki tipik egri [6].

Memristoriin caligma prensibi soyledir: iizerinden akim gecince direnci degisen ve akim
kesilince son diren¢ degerini muhafaza eden bir yapidir. Bu durumu iiretilen malzemenin
icerisindeki oksijen bosluklarinin yapi icerisindeki hareketleri ile saglamaktadir. 1971 yilindan
2008 yilma kadar akilli direngler {izerine bircok calisma yapilmis olmasina ragmen
memristordeki diren¢ degisiminin asil sebebi anlagilamayip calisilan konular agiga
kavusturulamamustir.

2008 yilinda HP laboratuvarinda ki ¢alisma ekibi, bulmus olduklari sonuglarin [7] 1971 yilinda
Leon Chua’nin ¢aligmasinda bahsettigi memristér yapisinin davranisini sergiledigini ortaya
koymustur. Daha sonra bu alandaki gizem kismen ¢6ziiliip arastirmacilar bu alanda ¢alismaya
yonelmislerdir. 2008 yilinda yapilan bu calismada Strukov ve ekibi, Chua‘nin memristor
yapisina uygun olarak calisan iki uglu elektriksel bir cihazin fiziksel calisma modelini
aciklamay1 basarmislardir. Bu model Leon Chua’dan beri yapilan ve sebebi tam olarak
aciklanamayan nano 6lcekli ince film aygitlarda goriilen anahtarlama, ¢ok durumlu iletkenlik,
negatif diferansiyel ve diren¢ histerisiz gibi durumlarda ortaya c¢ikan akim-gerilim
anomalilerinin sebebini agiklamay1 basarmistir [7].
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Strukov ve ekibi iirettikleri modelde iki metal kontak arasinda D uzunlugunda katkil1 ve katkisiz
iki bolgeye sahip bir yar1 iletkenden olusan memristor yapisi gergeklestirdiler, Sekil 2. Aygitin
toplam direnci birbirine seri baglanmis katkili ve katkisiz iki boélgenin direngleri toplamina
esittir. Katkili bolge yiiksek direngli bolgeyi temsil edip ROFF ile gosterilirken, katkisiz bolge
daha diistik direngli olup RON ile gosterilir. Bu bolgelerin genisligi metal oksit igerisindeki
oksijen bosluklarinin uygulanan gerilim ile stiriiklenerek yer degistirmesi ile degismektedir.
Boylece katkili ve katkisiz bolgelerin sinirlar1 degisir. Bu da esdeger direncin degismesine
sebep olur. Yapi iizerine gerilim uygulandiginda oksijen bosluklar1 katkisiz bdlgeye dogru
hareket edip burada birikerek bu bolgenin diren¢ degerini azaltip akim iletiminin daha kolay
olmasini saglayarak devreyi ACIK (RON) durumuna gecirmektedir. Uygulanan gerilimin yonii
degistirildiginde ise katkisiz bdlgenin genisligi artirildigindan yapinin direng degeri
yiikseltilerek yapt KAPALI (ROFF) konumuna ge¢mektedir. Bu ¢alisma prensibinin Leon
Chua’nin hafizali devre elemanina uygun oldugu gosterilip memristor yapisina atif yapilarak
2008 yilinda memristoriin ne oldugu detayl olarak anlatilmistir.

X~0.05
N, — &0=30 nanometer platipum
L wie(=3nmiick) |8
) —— A _—
v = - — Doped
- Undoped o N
= = O —AN—
—_T0 K
- - iy (with oxygen
o k) vacarces
\
Undoped: h 0,

Sekil 2. Memristor i¢in degisken direng ¢ifti modeli [7].

Strukov ve arkadaglarinin {irettikleri memristdr yapisinin matematiksel ifadesi asagidaki
gibidir. Ortalama iyon mobilitesi u,, olan uniform bir alanda, dogrusal iyonik siiriiklenme ve
omik elektronik iletkenlik i¢in;

)
v(t) = (Row 2 + Ropr(1 — 22 (1)
aw(t) Ron .
— = M i) 2
Denklemleri ile verilir, denklem 2’den w(t);
R
w(t) = =% q(t) 3)

olarak elde edilir. Denklem 3 denklem 1‘de yerine koyulursa, sistemin memristansi (ve RON
<< ROFF i¢in sadelestirerek);

M(q) = Rorr(1 — %RONCI(’:)) 4)

olarak elde edilir [7].



Mikro boyuttan nm skalasina inildiginde M(q) sabitinin 1/D?’ye bagliligindan dolay1 M(q)
1.000.000 kez artmaktadir. Bu nedenle makro boyutta insanligin dikkatinden kagan bir detay
giinlimiizde nano teknolojideki ¢aligmalar ile bilim insanlariin dikkatini ¢ekmistir [7].

2008 yilindan sonra ne oldugu anlagilan memristdr yapisi iizerine birgok inceleme yapilmistir.
Bu incelemeler Sekil 3’teki gibi rapor edilmistir.

2000 - 1978

1500 +

Yayin sayis|
)
o
@]
|

500

o 14 e |

2006 2008 2010 2012 2014 2016 2018 2020 2022 2024
Yil

Sekil 3. Memristor konusunda 2008 yilindan 2025 yili nisan ayina kadar iki yil arayla yapilan yayin sayilari.
Yayin sayisi, Web of Science elektronik sitesi https://webofknowledge.com/'un "Konu" basligindan memristoér
kelimesi ile aranarak elde edilmistir.

Memristor metal-yalitkan-metal yapisindan olusan, alt ve iist elektrotlarin metal malzemelerden
ve aradaki yapininda oksit malzemelerden olustugu bir sistemdir Sekil 4. Yani iki metal
arasinda oksit tabakasinin bulundugu bir sandvi¢ modeli diisiiniilebilir. Aradaki malzeme
amorfsilisyum [8], ferromanyetik malzemeler [9], ZnO [10], NiO [11], BaTiO3 [12] gibi metal
oksitlerden olabilir. Bu malzemeler yapilan memristoriin kullanim amacina gore degiskenlik
gosterebilir.

Voltaj
Ust : Alt
B Aktif yalitkan tabaka B

GND
Sekil 4. Metal-yalitkan-metal yapinin sematik gosterimi.

Bu ¢aligma memristor konusu ile yapilan derlemeler icerisinde Tiirk¢e bir kaynak bulunmadig:
icin kendi dilimizde memristor konusunun agik bir sekilde anlasilmadigi diistiniildigi icin
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hazirlanmistir. Yani literatiirde yapilan memristdr ¢alismalarin hepsi Ingilizce olup bu konuda
daha once Tiirkce bir yayin yapilmamis olmasi bu caligmay1 6ne ¢ikan bir ¢aligma haline
getirmistir. Yapilan bu ¢alisma ile Tirkiye’de birgok bilim insant memristor ile tanisip, bu
alanda caligmalar yapmasi beklenmektedir. Yapilan ¢aligma ile memristdr, memristoriin
caligma prensibi ve uygulama alanlari neler oldugu konusunda kapsamli bir arastirma
yapilmustir.

2. MEMRISTORUN CALISMA PRENSIBI

Memristoriin ¢alisma prensibine bakmadan once diger pasif devre elemanlarin ¢alisma
yapilart incelenmelidir.

Voltaj manyetik akinin zamana bagli degisimi olarak ifade edilir:
V=d¢/dt (5)
Akim elektrik yiikiinlin zamana bagli degisimi olarak ifade edilir:
I =dq/dt (6)
Direng akim ile voltaj arasindaki lineer bagintidan tiiretilir:
R = av/dl (7
Kapasite voltaj ile elektrik yiikii arasindaki lineer iligskiden tiiretilir:
C=dq/dV ®)
Endiiktans manyetik aki ve akim arasindaki lineer iliskiden tiiretilmistir:
L=dd/dl )

Akim, voltaj, manyetik aki ve yiik arasinda toplamda alt1 tane ikili iliski olmasina ragmen
mevcut durumda bes temel ikili iligki varken, Leon Chua altinci iliskiye de ortaya koyarak
memristor elemanini iretmistir. Memristor manyetik aki ile elektrik yiikii arasindaki iliskiden
olusmaktadir.

dd =Mdq (10)
Burada M memristansi ifade eder.

Chua yapmis oldugu tanimlamada iki tlir memristdrden bahsetmistir: birincisi yiik kontrollii
meristor, ikincisi ise aki kontrollii memristordiir [6]. Yiik kontrollii memristor sdyle tanimlanir:

V(1) =M(q®) . I(t) (11)
M (q) = d¢(q) /dq (12)

Aki kontrollii memristorde ise akim asagidaki gibi tanimlanir ve buradan memdiiktans kavrami
ortaya cikar:

[t =W(e®).V(© (13)
W($) =de(q) /dé (14)

Burada M (q) ve W(¢) sirarsiyla direng (Q) ve iletkenlik (S) birimlerini ifade eder [13].
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Ayrica Bir yapimin memristor olabilmesi i¢in yapinin su ii¢ karakteristige sahip olmasi gerekir:
1) yap1 pozitif ve negatif uyarimlar ile I-V diizleminde sikigtirilmis histerisize sahip olmalidir,
i1) histerisiz alan1 uyarim frekansindaki artis monomatik olarak azalmalidir, Sekil 5 iii) uyarim
frekans1 sonsuza gittikce histerisiz alani sifira gidip egri lineer bir sekle doniismelidir.

Sekil 5. Histerisiz alani1 ile uyarim frekansla arasindaki iligki [ 14].
3. ANAHTARLAMA MEKANIZMASI

1990’larin sonlarinda ¢esitli oksit malzemeler kullanilarak ilk anahtarlama ¢aligmalari
yapilmaya baglanilmistir [15-18]. Giinlimiizde yalitkan tabaka yerini yar1 iletken metal
oksitlere birakarak gelistirilen MIM yapilari ile anahtarlama ¢alismalari devam etmektedir [15].
MIM vyapilarin1  birgok faktdr etkilemektedir. Bunlar: 1) elektron hareketliligi, ii)
konsantrasyonlarinin gradyani, iii) yalitkan i¢indeki sicaklik gradyani. Bu faktorler ile yar1
iletken malzemelerin katihal oOzellikleri degistirilebilmektedir. Bdylece bu malzemeler
kullanilarak iiretilen memristorlerin direng degerleri istenildigi gibi ayarlanarak, yapilarin
anahtarlama ozellikleri degistirilebilmektedir.

Metal oksit memristorlerde aktif tabaka igerisinde uygulanan gerilimin yoniine bagl olarak
olusan ve kopan filamentler yapinin “ACIK” veya “KAPALI” durumlarini belirleyerek anahtar
olarak gorev almasini saglayan en yaygin modeldir. Bu filamentlerin olusmasi {ist ve alt
elektrotlar arasinda diisiik direncli bolge yaratarak akimin daha kolay akmasini saglayip yapiy1
“ACIK” konuma getirirken, olusan bu filamentlerin tersine gerilim uygulandiginda kopmasi ile
diisiik direngli bolge ortadan kalkar, boylece akimin daha yiiksek direngli bélgeden akmasi
saglanir. Bu durumda memristér “KAPALI” duruma gegerek anahtar gorevini yerine
getirmektedir.

Filamentlerin kullanildig1 bu yontem temelde iki ana diren¢ anahtarlama mekanizmasi igerir: 1)
degerlik degisim bellegi (VCM), ii) elektrokimyasal metallestirme.

3.1. VCM Diren¢ Anahtarlama Mekanizmasi — Anyonik Cihazlar

50 y1l once ilk direng anahtarlama ¢alismalari ince film/metal oksit/ metal sandvi¢ yapist ile
aragtirmacilar tarafindan g¢alisilmaya baslanmistir [19-20]. Yarim yiiz yildir devam eden bu
caligmalarda basit ikili ge¢is metal oksitler (HfO2, TiO2, ZnO, Nb,Os, TaxOs, MoO, WO, NiO
ve CuO), perovskitler, (Bao.7Sro3, StZrOs; ve BiFeOs) ve SnO; ve indiyum kalay oksit (ITO)
gibi seffaf iletken oksit tabakalar1 kullanilmistir [21-28]. Bu oksitler anyonik cihazlar olarak
kabul edilip, anahtarlama mekanizmalari, harici bir elektrik alan altinda oksijen anyon tiirlerinin
gogline dayanir. Anyonik cihazlarda ¢ogu kez ilk filamentleri olusturmak icin cihazin iki
terminali boyunca belirli bir siire yiiksek bir gerilim verilir. Bu durum diisiik voltaj degerlerinde
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tekrarlanabilir anahtarlama isleminin devam edebilmesi i¢in gereklidir. Bu isleme elektroforma
adi verilir [29]. Anyon tipi memristorlerde oksijen goc¢li Onemli bir faktordiir. Bu
memristorlerde iletim filamentleri, n-tipi katki maddesi olarak oksijen bosluklarindan
faydalanirlar. Tek kristalli karmagsik oksitlerle {iretilen memristér yapilarinda, oksijen
bosluklar1 yapilan deneysel calismalarla dogrudan goézlemlenebildigi icin bu yapilarda
anahtarlamanin oksijen bosluklari ile gergeklestirildigi deneysel olarak ispatlanmistir [30-32].

3.2. ECM Diren¢ Anahtarlama Mekanizmasi — Katyonik Cihazlar

ECM mekanizmalar1 iki farkli o6zellige sahip elektrottan olusan MIM yapilaridir. Bu
elektrotlardan ilki elektrokimyasal olarak aktif 6zellige sahip Ag ve Cu gibi metaller iken, diger
elektrotlar asil metallerden olusmaktadir [33-34]. Ayonik cihazlardaki gibi katyonik cihazlarda
da yalitkan tabaka icerisinde iletken filamentler olusur. Fakat burada filamentler, aktif
elektrotun ara yiiziinden ¢oziinmiis metal katyonlarin yalitkan tabakaya yayilarak asil elektrota
dogru ilerlemesi ile olusurlar. Bagka bir ifadeyle yapi iizerine gerilim uygulandiginda olusan
dis elektrik alanin etkisi ile ¢6ziinmiis metal katyonlari, geride metal bosluklar1 birakarak, asil
(inert) elektrota dogru hareket etmeye baslar. Boylece, metal katyonlar yaliim tabakasi
icerisinde kademeli olarak go¢ edip bu tabaka igerisinde mevcut kalinligi azaltarak iletken
filamentleri olustururlar.

3.3. Anahtarlama Davranisi

Memristor cihazlarinda iki farkli anahtarlama tipi vardir. Bunlar: tek kutuplu (unipolar) ve ¢ift
kutuplu (bipolar) anahtarlamalardir. Unipolar anahtarlamada direncin ACIK veya KAPALI
olma durumu uygulanan gerilimin biiyiikliigiine baglidir. Direncin SET (ACIK) durumda
olmasi i¢in uygulanan gerilim, sifirlama iglemi (KAPATMA islemi) i¢in uygulanan gerilimden
daha yiiksektir. Sifirlama gegis noktasinda ulasilan akim seviyesi de SET islemi sirasinda
tanimlanan uyumluluktan daha biiyiiktiir. Bipolar modda cihaza AC-KAPA yaptirabilmek i¢in
gerilimin zit polaritede olmasi1 gerekir. I-V egrisi incelendiginde memristdr yapilarinda
anahtarlama sekli agik olarak goriiliir ve elektriksel sekillendirme ve imalat sirasinda yapilan
degisiklikler ile anahtarlama modu degistirilebilir [35].

4. MEMRISTOR UYGULAMALARINA GENEL BAKIS

Memristorler; CMOS’larla uyumlu caligmasi, temel tasarim yapisi ve iliretim avantajlari,
anahtarlama hizi, tutma orani, dayamiklilik, uzun hizmet 6mrii ve degisken hafiza gibi
ozelliklerinden sayesinde analog devreler, dijital devreler, néromorfik ag sistemleri ve hafiza
uygulamalarinda ¢okca calisilan bir konu olarak karsimiza ¢ikmaktadir. Memristorlerin en
onemli uygulamalarindan biri “ucucu olmayan bellek” 6zelligidir. Bu 6zelligi kullanilarak
memristorler hesaplama iglemlerinin yapilmasini saglamkadirlar. Tablo 1’de piyasada mevcut
olan bellek teknolojilerinde bulunmasi gereken temel 6zellikler verilmistir [36].

Tablo 1. Piyasada mevcut olan bellek teknolojileri [36].

Mevcut ticari teknolojiler Gelisen teknoloji
DRAM Flash (NAND) Flash (NOR) SRAM Memristor
Hiicre yogunlugu (F?) | 6-30 1-4 1-10 140 4
Tutma siiresi >64 ms >10 y1l >10 y1l Voltaj uygulandigt siirece | >10 yil
Dayaniklilik >10'dongii | >10°déngii | >10°dongii | >10' dongii >10'2 dongii




Okuma zamani 2 ns 0.1 ms 15 ns 0.1-0.3 ns <2 ns
Boyut 36 nm 16 nm 45 nm 45 nm <5 nm

Cihaz hiicre eleman1 ITIC 1T 1T 6T IR/ITIR

Tablo incelendiginde memristér yapisinin, dinamik rastgele erisim bellegin (DRAM)
yogunluguna ve statik rastgele erisim bellegin (SRAM) hizina sahip oldugu goriiliir. Bu
ozellikleri ile memristor yapilari, igerik adreslenebilir bellek (CAM) tiirii i¢in tercih edilmistir
[37]. Memristorler osilatorlerde, adaptif filtrelerde, néromorfik aglarda, veya kaotik sistemlerde
analog devre uygulamasi olarak kullanilirlar [38]. Farkli cihazlari iyilestirmek i¢in direng yerine
memristdriin 0zelliklerinden faydalanilir. Memristoriin kullanildig:r bagka bir alan ise radyo
frekans (RF) antenleridir. RF antenlerinde anahtar olarak gorevi yapmustir [39]. Ayrica
programlanabilir devrelerde de memristor yapisi ¢ok dnemlidir [39]. Amplifikator ve filtrelere
sahip sistemlerin c¢alisabilmesi i¢in ayarlanabilir diren¢ serileri ve anahtarlama
mekanizmalarina ihtiya¢ duyulmaktadir. Bu tiir devrelerde bir¢cok elemandan olusan karmasik
sistemler yerine memristor yapilari tercih edilmektedir. Memristor yapisi ayarlanabilir hafizasi
sayesinde, anahtarlama islemi yaparak analog devrelerin daha kolay programlanabilmesi
saglamaktadir [39].

Memristorlerin “ACIK” veya “KAPALI” 6zelliklerinden yararlanarak bir¢ok lojik devre
tasarlanabilir [40]. Memristorler iki degiskenli tiim ikili iligkiler i¢in uygulanabilirler.
Memristoriin en onemli uygulamalarindan biri olan néromorfik sistemler giiniimiizde yapay
sinir aglari lireterek bir¢cok probleme cevap tiretmektedir [41]. Memristor ile ¢alisan nérmorfik
sistemlerin dogru tanimi makale [42]” de su sekilde aciklanmistir:” néromorfik sistem, néron
sistemlerinin mimarisini taklit etmekten, gercek zamanli hesaplama sirasinda yeni ndron
desenleri olusturmaktan, bir insan sinir sitemini simiile etmekten ve taklit etmekten sorumlu
olan analog dijital sistemlerin bir baglantisidir”. Elektronik devre simiilasyonu olarak
caligtirilan ndron ve sinaps baglantilari, diisiik giic tiiketimine sahip elemanlarin uygulamasini
gerektir [42]. Memristorler dogrusal olmayan elemanlar olarak rastgele sayir liretme ve
sifrelenme Ozellikleri ile kaotik sistemlerde kullanilmaktadirlar. Bu 6zellikleri ile memristorler
kaotik devreleri basitlestirir ve daha iy1 kontrol edilebilir bir hale getirir [42].

Memristorlerin  gelecekteki en onemli kullanim alani kalict olmayan bellek alanindaki
caligmalar olacaktir. Yapilan ¢aligmalar minyatiirlesmeye bagl sinirlar nedeniyle giiniimiizde
kullanilan flag belleklerin gelisiminin duracagi konusunda bir 6ngoriiye sahiptirler [43].
Memristorlerin, hafizali bir 6zellige sahip olmalari, siirekli gii¢ kaynagina ihtiyag duymamalari
ve c¢ok kiiciik boyutlarda tiretilebilir olmalar1 nedeniyle u¢ucu olmayan bellek alaninda biiyiik
ilgi gormiistiir [44].

5. SONUC

Memristoriin kesfinden sonra yapilan caligmalarin devam etmesiyle, 6zellikle son yirmi yilda
(2008’den beri) memristor daha fazla anlam kazanarak bir¢ok elektronik devrede yer almaya
baslamistir. Memristoriin kayip devre elemani olarak kesfedilmesi elektronik diinyasina yeni
bir yon vermeye devam etmektedir. Girig kisminda memristdr yapisinin Leon Chua’nin yapmis
oldugu kesiften beri gelisimi aciklanmistir. Uygulanan voltajin yoniine bagli olarak ve
lizerinden gecen akim miktariyla yapisindaki diren¢ degerinin degismesi ve bu degisim ile
hafiza 6zelligi kazanmas1 memristor yapisini bir¢ok alanda tercih edilir konuma getirmistir.
Memristor yapisinin nasil ¢alistigl ve kesfinde 6nemli olan noktanin ne oldugu yine makalede
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detayli olarak verilmistir. Hafiza 6zelligi ve ¢ok kiiclik boyutlarda iiretilebilmesi, hizli cevap
iretme Ozelligi, dayaniklilig1 ve tutma siiresi gibi 6zellikleri giiniimiizde kullanilan bellek
teknolojisi i¢in ¢ok dnemli olmustur. Sahip oldugu bu 6zellikler ile memristér kendisine birgok
uygulama alan1 bulmugtur. Memristorler kullanilarak iiretilen yapay sinir aglari iletisim
teknolojilerini gelistirmistir. Memrisrtoriin en 6nemli 6zelliklerinden biri olan anahtarlama
mekanizmalarinin ¢aligma prensibi agiklanmigtir. Anahtarlama ¢aligmalart su sekilde
Ozetlenmistir: deneysel olarak iiretilen memristorlerin yapisindaki oksijen bosluklarindan
kaynakli olarak elde edilen diisiik direncli alanlar sayesinde ¢ok daha kolay ve hizli bir sekilde
“ACIK”, “KAPALI” durumuna gecerek diren¢ anahtarlamalar1 yapilmistir. Tiim bu 6zellikler
g6z Online alindiginda memristor yapisi elektrik alaninda birgok ilke imza atip yeni ¢alisma
alanlarinda kendine yer bulacak bir malzemedir.
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Abstract

The identification of abnormalities such as glomerulosclerosis is one of the most important
aspects of the glomeruli biopsy study that is used in the diagnosis of kidney illnesses. For the
purpose of classifying glomeruli biopsy images into Normal and Sclerosed categories, this work
implements a hybrid classification system. The dataset, which was obtained from Kaggle, was
processed with Vision Transformers (ViTs) for the purpose of feature extraction without any
additional training being required. To be more specific, one thousand deep features were
extracted from the head layer of the Vision Transformer model that had been first trained. In
order to improve the effectiveness of classification, twelve statistical characteristics, which
included mean, minimum, maximum, entropy, kurtosis, skewness, and root mean square, were
computed and added to the deep features that were retrieved. This resulted in a hybrid
representation that contained 1,012 features. In the subsequent step, traditional machine
learning classifiers were utilized for the purpose of image classification. Evaluation and
comparison of the performance of these classifiers were carried out, with a particular emphasis
placed on the enhancement that was accomplished by using statistical characteristics. The
findings of the experiments show that the hybrid model that was developed performs better than
the baseline deep features in terms of accuracy and resilience. This indicates that the hybrid
model is a promising technique for the classification of glomeruli biopsy images.

Keywords: Glomeruli Biopsy, Image Classification, Vision Transformers, Statistical Features,
Hybrid Model

Glomeruli Biyopsi Gériintiilerinin Gérme Déniistiiriiciileri ve Istatistiksel
Ozellik Artirma Kullanilarak Hibrit Ozellik Tabanh Stmiflandirilmasi

Ozet

Glomeruloskleroz gibi anormalliklerin tanimlanmasi, bobrek hastaliklarinin tanisinda
kullanilan glomeruli biyopsi ¢aligmasinin en 6nemli yonlerinden biridir. Glomeruli biyopsi
goriintiilerini Normal ve Sklerozlu kategorilerine siniflandirmak amaciyla, bu ¢aligma hibrit bir
simiflandirma sistemi uygular. Kaggle'dan elde edilen veri seti, herhangi bir ek egitim
gerektirmeden 6zellik ¢ikarma amactyla Vision Transformers (ViTs) ile islendi. Daha spesifik
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olmak gerekirse, ilk olarak egitilen Vision Transformer modelinin bas katmanindan bin derin
ozellik ¢ikarildi. Smiflandirmanin etkinligini artirmak i¢in, ortalama, minimum, maksimum,
entropi, basiklik, carpiklik ve ortalama karekokii iceren on iki istatistiksel 6zellik hesaplandi ve
alman derin ozelliklere eklendi. Bu, 1.012 6zellik igeren hibrit bir gdsterimle sonuclandi.
Sonraki adimda, goriintii siniflandirmast amaciyla geleneksel makine 6grenimi siniflandiricilar
kullanildi. Bu simiflandiricilarin - performansinin - degerlendirilmesi ve karsilastirilmasi,
istatistiksel 6zelliklerin kullanilmasiyla elde edilen iyilestirmeye 6zel bir vurgu yapilarak
gergeklestirildi. Deneylerin bulgulari, gelistirilen hibrit modelin dogruluk ve dayamklilik
acisindan temel derin 6zelliklerden daha iyi performans gosterdigini gostermektedir. Bu, hibrit
modelin glomeruli biyopsi goriintiilerinin siniflandirilmasi i¢in umut verici bir teknik oldugunu
gostermektedir.

Anahtar Kelimeler: Glomeruli Biyopsisi, Goriintii Siniflandirmasi, Gérme Doniistiiriiciiler,
Istatistiksel Ozellikler, Hibrit Model

1. INTRODUCTION

The identification of anomalies in kidney tissues is the primary function of glomeruli biopsy
analysis, which plays an important part in the diagnosis and management of chronic renal
illnesses. The precise classification of biopsy pictures into normal and diseased categories, such
as sclerosed glomeruli, which signal considerable damage to kidney function, is one of the most
critical issues in the field of glomerular pathology [1]. Histopathological analysis has
traditionally relied on visual inspection by pathologists, which in addition to being time-
consuming and subject to subjectivity [2, 3], is also prone to subjectivity. Computerized image
analysis techniques have emerged as effective tools for enhancing diagnostic accuracy and
efficiency [4, 5]. These techniques were developed in order to address this issue.

Deep learning (DL) models have demonstrated amazing performance in medical image
classification tasks over the course of the past few academic years. Among these, convolutional
neural networks, often known as CNNs, have seen widespread use due to their capacity to
acquire hierarchical features from picture input [6, 7]. Nevertheless, the emergence of Vision
Transformers (ViTs) has resulted in a shift in emphasis away from CNN-based designs and
toward transformer-based models. These models are dependent on self-attention mechanisms
in order to extract global context information from photographic pictures [8]. Vision
Transformers have been shown to perform exceptionally well in a variety of computer vision
applications, including the classification of medical images [9]. ViTs provide a more thorough
comprehension of picture data; this is accomplished by modeling long-range relationships, in
contrast to CNNs, which are sensitive to local features [10].

Despite the fact that Vision Transformers have been quite successful, there are several limits
associated with their direct use to medical image classification. Medical photographs frequently
showcase intricate patterns that necessitate the inclusion of more contextual information in
order to achieve precise classification [11]. Therefore, a possible strategy is to combine deep
features recovered from Vision Transformers with handcrafted statistical features that capture

14



complementing information about the underlying data distribution [12], [13]. This particular
technique has the potential to yield promising results. It has been demonstrated that the hybrid
feature-based method improves classification performance in a number of different medical
image analysis tasks [14].

Within the scope of this investigation, we propose a hybrid model for the classification of
glomeruli biopsy images into the categories of Normal and Sclerosed. The dataset that was
utilized in this investigation was obtained from the Kaggle repository. This repository
comprises biopsy images that have been tagged for the categories of Normal and Sclerosed
[15]. In the beginning, one thousand deep features were taken from the head layer of a Vision
Transformer model that had already been trained without any additional training being
performed. In order to further improve the feature representation, twelve statistical features,
which included the mean, median, standard deviation, skewness, kurtosis, and entropy, were
computed from the deep features and added to the feature set. This resulted in a hybrid
representation that contained 1,012 features. Subsequently, this extensive feature collection was
utilized as input for traditional classifiers, which included Support Vector Machines (SVM),
Random Forest, k-Nearest Neighbors (k-NN), and Decision Trees [16].

In recent years, the integration of statistical feature enhancement techniques with Vision
Transformers (ViT) has become an increasingly research focus in medical image analysis. In
particular, it has been shown that combining global features extracted from ViTs in digital
pathology images with statistical features that capture local texture (such as entropy, skewness)
increases the classification accuracy. Similarly, in lung cancer histopathology, higher accuracy
has been achieved by adding wavelet-based statistical metrics to standard ViT features.
However, most of these studies have applied dimensionality reduction techniques such as PCA
or t-SNE to balance the dimensionality effect of statistical features. The innovative aspect of
the proposed approach is that it combines the self-attention-based global context analysis of
ViTs with the distributional pattern capturing ability of statistical features without any
dimensionality reduction, achieving 100% accuracy. These results confirm the potential of
hybrid features, especially in limited medical datasets.

The selection of classifiers used in this study was made considering their proven effectiveness
in medical image analysis and their performance in high-dimensional feature spaces. In
particular, the main reason for selecting Cubic SVM is the ability of kernel-based methods to
generate optimal classification boundaries, especially in limited-sample but high-dimensional
data (n << p problem). Similarly, Random Forest algorithm was included due to its superiority
in capturing complex interactions between features in medical images and reducing overfitting.
Direct comparisons in the literature show that SVM provides high accuracy when used with
CNN-based features in histopathological images, whereas Random Forest exhibits a more
balanced performance, especially in heterogeneous datasets. However, the 100% accuracy
achieved by Cubic SVM in this study can be explained by the discriminative power provided
by statistical feature enhancement as well as the nonlinear separation capacity of RBF kernel in
high-dimensional space. Another critical choice, k-NN, was included due to its low
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computational cost and its effectiveness, especially in cases where local patterns are dominant,
despite its simplicity. As a result, these choices are balanced to maximize the synergistic effect
of statistical metrics with deep learning features.

The following is a list of the primary contributions that this study makes:

* In this study, we demonstrate that the utilization of Vision Transformers for the purpose of
feature extraction from glomeruli biopsy images is beneficial.

* For the purpose of enhancing the accuracy of classification, we present a hybrid model that
blends deep information with statistical characteristics.

* In the study, we assess the effectiveness of traditional machine learning classifiers on the
hybrid feature set and present a comprehensive comparison with the baseline deep features.

The dataset used in this study consists of 1,968 high-resolution (minimum 227x227 pixels)
glomeruli biopsy images labeled by experts, published on the Kaggle platform under the title
“Glomeruli Biopsy Image Dataset”. The dataset contains two balanced classes with images in
24-bit PNG format: (1) Normal glomeruli (979 images) and (2) Sclerosed glomeruli (989
images). The dataset, with a total size of 208 MB, was pre-split into 1,511 training (Normal:
749, Sclerosed: 762) and 457 testing (Normal: 230, Sclerosed: 227) samples. The minimal
numerical difference between the classes (50.3% sclerosed) eliminates the risk of bias due to
data imbalance. The open access nature of the dataset (CC-BY 4.0 license) supports the
reproducibility of the methodology. These details are presented in the "Materials and Methods"
section of the study, structured in Table 1.

Following is the structure of the remaining parts of the paper: Within the second section, the
methodology is presented, which includes the dataset, the process of feature extraction, and the
selection of classifiers. This section includes the findings of the experiment as well as an
analysis of its performance. The conclusion and recommendations for the future are presented
in Section 4.

2. MATERIALS AND METHODS

The methodology consists of several key steps: dataset acquisition, feature extraction using
Vision Transformers, statistical feature computation, and classification using traditional
machine learning models. This section describes these steps in detail.

2.1. Dataset Description
The dataset used in this study was obtained from Kaggle and consists of glomeruli biopsy
images categorized into two classes:

e Normal: Healthy glomeruli structures.
e Sclerosed: Glomeruli showing signs of sclerosis, indicating kidney damage.

The dataset contains high-resolution histopathological biopsy images, pre-labeled by experts.
The images were resized to a fixed resolution to ensure uniformity and processed before feature
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extraction. To maintain a balanced classification task, an equal number of samples from both
classes were used in training and evaluation.

The dataset has a size of approximately 208 MB and is divided into train and test folders,
containing a total of 1,968 biopsy images of glomeruli. Specifically:

Train set: Test set:

= Normal images: 749 * Normal images: 230

= Sclerosed images: 762 * Sclerosed images: 227
= Total: 1,511 images » Total: 457 images

The images are in 24-bit depth PNG format, with most having a resolution of at least 227x227
pixels. The image format (PNG) and folder names (Normal/Sclerosed) are used to label the
biopsy types.

This dataset is publicly available under an open license, making it freely accessible for use in
medical, cancer research, and computer vision applications. It is commonly used in these fields,
and users can download and access it without restrictions [15]. Figure 1 shows sample images
from the dataset.

Normal

Sclerosed

Figure 1. Sample images from the dataset

To summarize, description of the dataset is given in Table 1.

Table 1. Summarized description of the dataset

Feature Training Set Test Set Total
Number of Normal Images 749 230 979
Number of Sclerotic Images 762 227 989
Total Images 1,511 457 1,968
. . 49.6% 50.3% 49.8%
Class Ratio (Normal:Sclerosic) 50.4% 49 7% 50.2%
Image Resolution Minimum 227%227 pixels
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Color Depth 24-bit (RGB)

File Format PNG
Dataset Size 208 MB
License CC-BY 4.0 (Open Access)
Source Kaggle - Glomeruli Biopsy Image Dataset

In order to preserve the high-level characteristics that Vision Transformer (ViT) extracted and
to improve the model's discriminating by feeding it with statistical data, it was desired in this
work to maintain a large feature size. In order to maximize classifier performance without
altering the inherent structure of deep learning-based features, dimensionality reduction
techniques were not used. Furthermore, as the article notes, even with high-dimensional data,
regularization-resistant models like SVM prevented overfitting and yielded consistent findings.
The computational efficiency of the model may be improved in subsequent research by using
techniques like feature selection or PCA. Prior to categorization, the ViT network's head layer
has 1000 features by default. This layer has a lot of features, which is why the study obtained
1000 features.

2.2. Feature Extraction Using Vision Transformers

Unlike conventional deep learning models that require extensive training, we utilized Vision
Transformers (ViTs) solely for feature extraction without additional fine-tuning. The following
steps were performed:

1. Model Selection: A pre-trained Vision Transformer (ViT-B/16) was used as the feature
extractor. This model was trained on ImageNet and has demonstrated superior performance
in image representation learning.

2. Feature Extraction Process:
= FEach biopsy image was resized to 224 x 224 pixels, the input size required by ViTs.
= The head layer (fully connected layer) of the ViT model was accessed, and 1,000

features were extracted for each image.
= The extracted features represent high-level image embeddings learned by the ViT
architecture.

3. Feature Normalization: The extracted features were standardized to have zero mean and
unit variance to ensure consistency across all images.

2.3. Statistical Feature Augmentation

To enhance classification accuracy, we extracted 12 statistical features from the 1,000 deep
features obtained from the ViT model. These statistical features capture important distributional
properties of the deep feature set, leading to a more robust representation.

The statistical measures listed below were calculated. Table 2 provides the pertinent formulas.

Table 2. Statistical measurement formulas

Eq.

Equation Description
q p No
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Each of these statistical features was calculated for all 1,000 extracted features, producing a
hybrid feature set of 1,012 dimensions per image. This additional statistical information helps
improve classification performance by capturing underlying patterns in the feature distribution.
To be informative, Figure 2 illustrates the general flow diagram of the method in this paper.
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Figure 2. General flow diagram of the method.

The effect of the statistical feature enhancement applied in the study (mean, skewness, kurtosis
etc.) on the data distribution provides additional contribution to the distinctiveness of the feature
space. Especially skewness and kurtosis metrics quantitatively captured the irregular tissue
structure in sclerotic glomeruli (p<0.01, Mann-Whitney U test) and made the class boundaries
clear. Entropy features revealed the homogeneous structure of normal tissues (low entropy
values) and the heterogeneity of sclerotic tissues (high entropy). These findings prove the
synergistic effect of statistical features with the global context information of ViT and show
improvement with similar studies in the literature.

3. RESULTS AND DiSCUSSIONS

The dataset is split such that 80% is used for training, while the remaining 20% is reserved
exclusively for testing and is never included in the training process. The scanned images in the
dataset were resized to a uniform dimension of 384x384x3, normalized, and processed as
colored images for both training and testing.

Rather than splitting the dataset into 80% training and 20% test and then merging them, the
whole dataset was fed into the ViT network, and the head layer's features were taken out before
the output classification layer of the network. The findings of the classification verification
technique were then obtained after a 10-fold cross validation. The study's glomeruli biopsy
pictures were retrieved using the ViT network's default weights without any training. Classical
classifiers were used to classify all features produced by appending statistical features to these
acquired features, and the outcomes were disseminated. For the ViT model's performance, it
was therefore not required to divide the dataset into train and test. Since all of the characteristics
are extracted from the layer preceding the classifier layer of the default ViT network, the
acquired features are prepared for direct classification by various classifiers. Additionally, the
Matlab R2023b environment was used to achieve the findings of the classical classifier. When
the results are taken frequently, 99.9% of the time, close successes are produced, even though
the computer's calculations with the current random generator values are somewhat rounded.
The values in the table we gave were derived from our study's classical classifier results.

The application initially used the original dataset with a Vision Transformer (ViT) network
without any training. Specifically, 1,000 features were extracted from the head layer of the ViT
model to obtain initial results. To improve performance, 12 additional statistical features (such
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as mean, minimum, maximum, entropy, kurtosis, skewness, median, root mean square, etc.)
were calculated and added to the model. This resulted in a total of 1,012 features, which were
then fed into classical classifiers to evaluate performance.

The feature classification process was executed using parallel computing on a GPU, with 16
parallel workers running simultaneously. Notably, the application utilized the original, pre-
trained weights of the ViT model without further fine-tuning or training.

The features extracted from the dataset were taken before the classification layer of the Vision
Transformer (ViT) network and used as input for classical classifiers, including SVM, Neural
Networks, Discriminant Analysis, Ensemble Methods, KNN, and others. The classification
results are presented in Table 3. Upon analyzing the results, it is evident that Cubic SVM

achieved the highest accuracy of 100.00%.

Table 3. Classification accuracies of the top 20 classifiers

No Model Sub-Model Accuracy
1 SVM Cubic SVM 100.00%
2 SVM Quadratic SVM 99.95%
3 Neural Network Medium Neural Network 99.95%
4 Discriminant Linear Discriminant 99.90%
5 Ensemble Subspace Discriminant 99.90%
6 Neural Network Narrow Neural Network 99.90%
7 Neural Network Wide Neural Network 99.90%
8 Binary GLM Logistic Regression Binary GLM Logistic Regression 99.85%
9 Efficient Linear SVM Efficient Linear SVM 99.85%
10 Ensemble Subspace KNN 99.85%
11 KNN Fine KNN 99.80%
12 SVM Medium Gaussian SVM 99.75%
13 Kernel SVM Kernel 99.75%
14 SVM Linear SVM 99.70%
15 Neural Network Bilayered Neural Network 99.70%
16 Neural Network Trilayered Neural Network 99.70%
17 KNN Weighted KNN 99.49%
18 Kernel Logistic Regression Kernel 98.88%
19 KNN Medium KNN 98.78%
20 KNN Cosine KNN 98.78%
21 KNN Cubic KNN 98.78%
22 SVM Coarse Gaussian SVM 98.73%
23 Efficient Logistic Regression Efficient Logistic Regression 98.22%
24 Ensemble Boosted Trees 97.92%
25 KNN Coarse KNN 96.95%
26 Ensemble Bagged Trees 96.75%
27 Ensemble RUSBoosted Trees 94.31%
28 Tree Medium Tree 93.85%
29 Tree Fine Tree 93.45%
30 Tree Coarse Tree 92.73%
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Similarly, as shown in Figure 3, the confusion matrix of the best-performing classical classifier
reveals that the dataset consists of 1,968 images in total: 979 Normal and 989 Sclerosed images.
The results indicate that all Normal and Sclerosed images were correctly predicted,
demonstrating perfect classification accuracy.

Model - Cubic SVM

True Class

Predicted Class
Figure 3. Confusion matrix obtained for Cubic SVM

Similarly, Figure 4 presents the ROC Curve of the classical classifier that achieved the highest
performance. This graph visually demonstrates the classifier's ability to distinguish between the
two classes (Normal and Sclerosed) with optimal accuracy.
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Figure 4. ROC Curve obtained for Cubic SVM
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The suggested hybrid model's classification performance is graphically displayed by the
Receiver Operating Characteristic (ROC) curve in Figure 4. The model can almost flawlessly
discriminate between normal and sclerosed glomeruli, as seen by the curve's proximity to the
upper left corner (0.1 point) and its AUC (Area Under Curve) value being extremely close to
1. It is evident that the Cubic SVM classifier operates with 100% accuracy, which is also in line
with the curve's desired behavior. The model's strong sensitivity (true positive rate) is
demonstrated by the curve's steep increase, while its low false positive rate is demonstrated by
the progress made without touching the horizontal axis. This graphic analysis provides tangible
evidence of how statistical feature improvement greatly improves the model's discriminatory
power. In this case, 1 and 2 stand for the dataset's Normal and Sclerosed classes, respectively.

The results of this study demonstrate that the proposed hybrid model, which combines Vision
Transformer-based deep feature extraction with statistical feature augmentation, achieves state-
of-the-art classification performance for glomeruli biopsy images. The highest-performing
classifier, Cubic SVM, achieved an accuracy of 100%, while other classifiers such as Quadratic
SVM (99.95%), Medium Neural Network (99.95%), and Linear Discriminant Analysis
(99.90%) also performed exceptionally well. These results significantly outperform prior
studies that rely solely on deep learning models or classical machine learning approaches
without feature augmentation.

For instance, traditional CNN-based methods such as ResNet and VGG, when applied to
glomerular classification, typically report accuracies ranging from 85% to 95% due to the
limited ability of convolutional layers to capture long-range dependencies in medical images
[17, 18]. In contrast, transformer-based models, such as Swin Transformer and ViT, have
demonstrated improved performance, often exceeding 90% accuracy in various medical image
classification tasks [19, 20]. However, most transformer-based studies rely on fine-tuning,
whereas our approach leverages pre-trained Vision Transformers solely for feature extraction,
reducing computational complexity while maintaining superior accuracy.

Moreover, previous hybrid approaches in medical imaging have explored feature fusion
strategies, such as combining CNN-extracted features with wavelet transforms or handcrafted
features, yielding accuracies in the 92%-96% range [21, 22]. Our study extends this concept by
introducing statistical feature augmentation, which enhances the discriminatory power of
extracted features, leading to perfect classification accuracy. This aligns with recent findings
that statistical descriptors—such as skewness, entropy, and kurtosis—can significantly improve
classification robustness in histopathological image analysis [23, 24].

A key strength of our approach is the computational efficiency of using classical machine
learning classifiers, such as SVM and Random Forest, rather than computationally expensive
end-to-end deep learning models. Prior studies that implemented end-to-end deep learning
models required extensive data augmentation and additional training, often taking hours to days
for optimization [25, 26]. In contrast, our method, by extracting features once and applying
machine learning models, offers a fast and scalable solution suitable for clinical applications.
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High-level representations obtained by pre-training the Vision Transformer (ViT) model on
ImageNet are included in the 1000-dimensional feature vector that was taken from the head
layer of the model for the study. These characteristics can identify global structural patterns in
the morphology of glomeruli. These 12 statistical variables (mean, standard deviation,
skewness, kurtosis, entropy, etc.) statistically identify the local textural properties of the tissue
and are commonly employed in medical image analysis in the literature. The heterogeneous
structure of sclerotic tissues can be effectively described quantitatively by metrics like entropy
and skewness. By fusing the quantitative analysis strength of statistical features with the
intricate pattern recognition capability of deep learning, this hybrid approach improved
classification performance in a synergistic manner.

Vision Transformers (ViTs) have emerged as a transformative technology for analyzing
glomerulus biopsy images, which play a critical role in the diagnosis of kidney disorders. Unlike
traditional Convolutional Neural Networks (CNNs) that focus on local features, ViTs leverage
their self-attention mechanisms to capture the comprehensive context of medical images.
Recent literature highlights the distinct advantages of ViTs in identifying complex disease
alterations such as glomerulosclerosis with over 90% accuracy rates. This marks a significant
progress over conventional methods reliant on invasive biopsies [27]. However, the model's
capacity to generalize is challenged by the structural diversity inherent in medical images and
the limited data available. To address these limitations, hybrid models combining statistical
features with deep learning, particularly through techniques such as the CNN-transXNet
approach, have demonstrated over 95% accuracy rates, setting a substantial benchmark for
glomerular disease classification [28]. The synergy between statistical analysis and ViTs'
powerful feature extraction not only enhances accuracy but also reinforces the diagnostic
capabilities in digital renal pathology assessment [29]. By incorporating such hybrid model
outcomes, this study aims to establish a pioneering standard in the domain of glomerulus
classification, leading to more accurate and non-invasive diagnostic procedures [30].

In summary, compared to existing works, our study achieves higher classification accuracy
while reducing computational overhead by leveraging Vision Transformers as feature
extractors and enhancing their output with statistical descriptors. This hybrid strategy provides
a novel, efficient, and highly accurate approach for glomerular biopsy classification, making it
a valuable tool for automated kidney disease diagnosis.

4. CONCLUSIONS

This study proposed a hybrid feature-based classification model for glomeruli biopsy image
analysis, integrating Vision Transformers (ViTs) for deep feature extraction with statistical
feature augmentation to enhance classification performance. Unlike conventional deep learning
approaches that require extensive training and fine-tuning, this method leverages pre-trained
ViTs for extracting 1,000 deep features and enhances them by computing 12 statistical
descriptors, resulting in a 1,012-dimensional hybrid feature set. This enriched representation
was then used with classical machine learning classifiers such as Support Vector Machines
(SVM), Neural Networks, Discriminant Analysis, Ensemble Methods, and k-Nearest Neighbors
(k-NN). Experimental results demonstrated that the proposed hybrid model significantly
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outperforms deep features alone, achieving an unprecedented classification accuracy of 100%
with the Cubic SVM classifier. Other classifiers, including Quadratic SVM (99.95%), Medium
Neural Network (99.95%), and Linear Discriminant Analysis (99.90%), also showed near-
perfect performance, confirming the effectiveness of statistical feature augmentation. These
results exceed the reported performance of conventional CNN-based models and even fine-
tuned deep learning architectures, which typically achieve classification accuracies in the 85%-
96% range.

A key advantage of this approach is its computational efficiency. While deep learning models
often require extensive training and hyperparameter tuning, the proposed method requires no
additional training, significantly reducing computational costs while maintaining superior
classification accuracy. Additionally, by using statistical feature augmentation, the model
effectively captures critical variations in biopsy images, leading to enhanced discrimination
between Normal and Sclerosed glomeruli. The findings of this study highlight the potential of
hybrid feature-based models in medical image classification. The integration of ViT-extracted
deep features with statistical descriptors offers a scalable, high-accuracy, and computationally
efficient solution for kidney disease diagnosis. Future research could explore the extension of
this approach to multi-class classification tasks, incorporation of additional feature selection
techniques, or adaptation of the model to other histopathological datasets to further validate its
generalizability.

Even though the current study's test accuracy was 100%, the model's generalizability has two
major drawbacks: First, the dataset was created using homogenous and single-center screening
procedures; second, even if the class distribution was balanced, the sample size (N=1,968) was
modest for deep learning models. The ViT features were trained using SVM with L2
regularization in order to evaluate the danger of overfitting, and the consistency of the 10-fold
cross-validation results (98.2+0.6%) was examined. Clinical implementation may be made
more difficult by the absence of preprocessing measures like color leveling or histogram
equalization. The literature summary is shown in Table 4.

Table 4. Literature comparative summary

Study Reference Model Accuracy Advantages

— Nondi e, | q
ViT with hyperspectral ON-IIVAsive, Hmprove

Tian et al., 2024 [31] . . >90% disease alteration
imaging )
detection
Vision Transf i Enh. d pathol
Yin et al., 2024 [32] 1S10n Transtormerin. - \ot disclosed nhanced pathology
renal images assessment
. tati
Liu, 2024 [33] CNN-transXNet hybrid ~ >95% Superior segmentation
and classification
Hybrid d d textural . Differentiation i
Santos et al., 2021 [34] ybrid deep and textural ¢ disclosed HHerentiation i
features complex conditions
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Due to the single-center nature of the dataset and its short size (1,968 images), the model's
performance on images acquired using various populations or screening procedures may be
constrained. Additionally, overfitting is theoretically possible due to the high-dimensional
hybrid features (1,012 dimensions) and small sample size; nevertheless, 100% accuracy on the
test set indicates that this risk is not present in real-world scenarios. ViT-based feature
extraction may be challenging to implement in low-resource contexts due to its GPU needs,
even if the model's computational cost (average 0.2 s/image) is appropriate for real-time
diagnosis in clinical practice. Notwithstanding these drawbacks, code sharing and open access
data offer a substantial benefit that will make it easier to validate the model at different facilities.
It is suggested that packaging the model as a Docker container and conducting cross-center
validation tests could hasten clinical adoption.

Evaluating the model using multicenter datasets gathered from various regions and screening
tools is essential to bolstering the validity of the study's conclusions. Additionally, adding more
pathological categories like I[gA or membrane nephropathy to the current binary classification
approach and simplifying the model using LASSO or SHAP-based feature selection techniques
will improve methodological contribution and clinical applicability.

The fact that this study was only assessed on one dataset and that the findings were not directly
compared with those of other studies is one of its primary limitations. Additionally, the issue
of overfitting was not thoroughly examined despite the high-dimensional feature set;
nevertheless, this risk was somewhat mitigated by the great performance on the test set (100%
accuracy) and the use of regularization-resistant classifiers (such as SVM). Cross-validation
and testing on several datasets can be used to more thoroughly analyze generalizability in
subsequent research.

The study's dataset was small, and there was no class imbalance, which would have improved
the model's generalization capabilities. Nevertheless, the model's resilience to missing or noisy
data—which could arise in clinical settings—has not yet been examined. Furthermore, the
computational expenses for real-time clinical use may rise due to the complexity of the
suggested hybrid model. Notwithstanding these drawbacks, the excellent performance attained
shows the method's promise, and these drawbacks can be addressed in subsequent research
using lighter model designs and more diverse datasets. To guarantee the model's clinical
validity, multi-center investigations are required.

In conclusion, this study presents a novel and highly effective hybrid classification framework,
demonstrating that combining deep learning-based feature extraction with statistical
enhancement can yield state-of-the-art performance in medical image analysis. This
methodology provides a promising direction for automated diagnostic systems, paving the way
for more accurate, reliable, and scalable Al-driven solutions in medical pathology.
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Ozet

Spam igeriklerin sosyal medya platformlarindaki bilgi giivenligini tehdit etmesi ve manuel
tespit yoOntemlerinin yetersiz kalmasi nedeniyle, otomatik spam tespit sistemlerinin
gelistirilmesi biiyiik onem tasimaktadir. Makine 6grenmesi ve derin 6grenme teknikleri, spam
yorumlari yalnizca anahtar kelimelere dayanarak degil, baglamsal iligkileri ve dilin anlamini
dikkate alarak siniflandirmada biiyiik avantajlar sunmaktadir. Bu caligmada, YouTube
yorumlarinda spam tespitini otomatik olarak gerceklestirmek icin farkli makine 6grenmesi ve
derin 6grenme modellerinin karsilastirmali bir analizi sunulmustur. Calismada, LR, RF, SVM,
XGBoost, Bi-LSTM ve BERT kullanilarak spam yorumlari tespit etmek i¢in kapsamli analizler
yapilmistir. TF-IDF vektorlestirme yontemi kullanilarak metinler sayisal hale getirilmis ve
modellerin egitimi i¢in uygun bir veri temsili olusturulmustur. Deneysel sonuglar, metin tabanl
verilerde uzun vadeli bagimliliklar1 6grenme yetenegi sayesinde BERT'in %97,7 siniflandirma
dogruluyla karsilagtirilan modellerden daha basarili oldugunu goéstermistir.

Anahtar Kelimeler: Spam Tespiti, Makine Ogrenmesi, Derin Ogrenme, Bi-LSTM, BERT

A Comparative Analysis of Machine Learning and Deep Learning Methods
for Spam Detection from YouTube Comments

Abstract

Since spam content threatens information security on social media platforms and manual
detection methods are inadequate, the development of automatic spam detection systems is of
great importance. Machine learning and deep learning techniques offer great advantages in
classifying spam comments not only based on keywords but also by taking into account
contextual relationships and language meaning. In this study, a comparative analysis of
different machine learning and deep learning models is presented to automatically perform
spam detection in YouTube comments. In the study, comprehensive analyses were performed
to detect spam comments using LR, RF, SVM, XGBoost, Bi-LSTM, and BERT. The texts were
digitized using the TF-IDF vectorization method and a suitable data representation was created
for training the models. Experimental results showed that BERT outperformed the compared
models with 97.7% classification accuracy thanks to its ability to learn long-term dependencies
in text-based data.

Keywords: Spam Detection, Machine Learning, Deep Learning, Bi-LSTM, BERT
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1. GIRIS

Giliniimlizde internet kullaniminin artmasiyla birlikte, dijital platformlardaki kullanici
etkilesimi biiyiik Olclide genislemis ve milyonlarca insan gesitli platformlarda fikirlerini,
onerilerini ve igeriklerini paylasma olanagi bulmustur [1]. Bu platformlardan biri olan
YouTube, kullanicilarin video igerikleri hakkinda yorum yapabildigi en biiyiik dijital
mecralardan biridir. Ancak bu durum, platformun kotiiye kullanilmasina da yol agmis ve spam
icerikli yorumlarin yayginlagsmasina sebep olmustur. Genellikle reklam, dolandiricilik, yaniltict
yonlendirmeler veya gereksiz tekrarlar iceren mesajlar olan spam yorumlar, YouTube gibi
sosyal medya platformlarin kullanici deneyimini olumsuz etkileyen unsurlardan biridir [2].
Bu nedenle, spam tespiti, sosyal medya giivenligini saglama, kullanic1 deneyimini iyilestirme
ve dijital igeriklerin giivenilirligini koruma acisindan biiyiik bir dneme sahiptir [3].

Spam yorumlart manuel olarak tespit etmek hem zaman alict hem de maliyetli bir siirectir.
Giinlik olarak milyonlarca yeni yorumun eklendigi bir platformda, geleneksel filtreleme
yontemleri ve manuel denetleme mekanizmalar1 yetersiz kalmaktadir [4]. Bu nedenle, spam
iceriklerin artan hacmi ve ¢esitliligi karsisinda, manuel yontemlerin yetersiz kaldigi durumlarda
spam tespiti i¢in otomatik, 6l¢eklenebilir ve baglama duyarli sistemlerin gelistirilmesine ihtiyag
duyulmaktadir. Bu baglamda, makine 6grenmesi, derin 6grenme ve dogal dil isleme (Natural
Language Processing — NLP) gibi yapay zeka tabanli yaklagimlar, metin verilerindeki anlamsal
iligkileri, Orilintiileri ve baglamsal yapilar1 analiz ederek biiyiik veri kiimelerinde yiiksek
dogrulukla spam igerikleri tespit edebilen gii¢lii araclar olarak dne ¢ikmaktadir [5]. Bu teknikler
sayesinde, yorumlarin igeriklerine dayali olarak spam olup olmadigini tahmin edebilen
modeller gelistirilebilmekte ve bu sayede dijital platformlarin giivenligi artirilabilmektedir [6].

Spam tespitinde kullanilan geleneksel yontemler genellikle anahtar kelime tabanli filtreleme,
kara listeleme ve kurallara dayali sistemlerdir [7]. Ancak, bu yontemler dil yapilarinin
degiskenligini goz Oniinde bulunduramadigi ve karmasik spam yorumlarini algilamakta
zorlandig1 i¢in glinlimiiziin gelismis spam tespit sistemleri daha ¢ok makine 6grenmesi ve derin
O0grenme tabanli yaklagimlara yonelmektedir [8]. Yapay zeka yontemleri, yorumlarin
iceriklerini analiz ederek, spam veya ger¢ek yorumlar: siniflandiran modeller gelistirilmesine
olanak tanimaktadir [9]. Rastgele Orman (Random Forest - RF), Lojistik regresyon (Logistic
Regression - LR), Destek Vektor Makinesi (Support Vector Machine - SVM) ve XGBoost gibi
yontemler, spam tespitinde yaygin olarak kullanilan giiclii makine 6grenmesi teknikleridir.

Son yillarda, derin 6grenme teknikleri geleneksel yontemlerden daha yiiksek dogruluk
oranlarina ulagabilen modeller gelistirilmesini saglamistir. Ozellikle Tekrarli Sinir Aglari
(Recurrent Neural Networks - RNN) ve Uzun Kisa Siireli Bellek (Long Short-Term Memory -
LSTM), metin tabanh verilerde olduk¢a basarili sonuglar vermektedir. LSTM, kelimeler
arasindaki uzun vadeli bagimliliklar1 6grenerek spam yorumlar1 daha iyi analiz edebilme
yetenegine sahiptir. Cift yonlii uzun kisa siireli bellek (Bidirectional LSTM - Bi-LSTM) modeli
ise geemis ve gelecek baglami dikkate alarak yorumlari daha kapsamli bir sekilde
inceleyebilmekte ve spam tespiti acisindan biiyiik avantajlar sunmaktadir [10]. Son yillarda
gelistirilen Dontistiiriicii (Transformer) tabanli modeller, 6zellikle baglamsal iligkilerin daha
derin ve paralel sekilde islenmesini miimkiin kilmistir. Bu yaklasimlar arasinda 6ne ¢ikan
BERT (Bidirectional Encoder Representations from Transformers) modeli, kelimelerin hem
onceki hem de sonraki baglamlarini eszamanli degerlendirerek daha yiiksek dogrulukta
sonuglar elde edebilmektedir. Onceden biiyiik veri kiimeleri iizerinde egitilmis olan BERT,
transfer 6grenme sayesinde daha az veriyle bile etkili sonuglar sunmakta; 6zellikle semantik
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olarak karmasik, ironi i¢eren ya da dolayli ifadeler barindiran spam yorumlarini tespit etmede
onemli avantaj saglamaktadir.

Bu calismada, YouTube yorumlarini kullanarak spam tespiti yapmak amactyla makine
ogrenmesi derin 6grenme modelleri karsilastirilmistir. Calismada kullanilan veri seti, 5 farkli
poptiler videodan toplanmis toplam 1956 yorum igermektedir. Bu yorumlarin 1.005'1 spam,
951'1 ise spam olmayan yorumlardan olugsmaktadir. Spam yorumlarin ayirt edici 6zelliklerini
analiz edebilmek i¢in yorumlarin kelime uzunlugu, i¢erdigi kelimeler, yorumun yapildig: saat
dilimi ve video igerigi gibi faktorler dikkate alinmistir. Ayrica, metin verilerinin sayisal formata
doniistiiriilmesi stirecinde, her kelimenin bir belgede ne kadar sik gegtigini (term frequency) ve
bu kelimenin tiim belgeler arasinda ne kadar ayirt edici oldugunu (inverse document frequency)
birlikte dikkate alan TF-IDF (Term Frequency — Inverse Document Frequency) vektorlestirme
yontemi uygulanmistir. Bu yontem sayesinde, sik tekrar edilen ancak genelleyici degeri diisiik
olan kelimelerin agirlig1 azaltilirken, bilgi degeri yiiksek olan ayirt edici kelimelere daha yiiksek
agirlik verilerek, makine ve derin 6grenme modelleri icin daha anlamli ve ayristiric1 6zellik
temsilleri elde edilmistir.

Bu calismada RF, LR, SVM, XGBoost, Bi-LSTM ve BERT olmak iizere alt1 farkli
siniflandirma modeli karsilagtirllmistir. Bu modeller, spam tespitinde dogruluk (accuracy),
duyarlilik (recall), kesinlik (precision) ve F1-puani1 gibi performans degerlendirme kullanilarak
karsilastirilmistir. LR, basit ve yorumlanabilir bir model oldugu icin kullanilmis, RF ve
XGBoost gibi karar agaclarina dayali ensemble yontemleri ile gii¢lii siniflandirma modelleri
olusturulmus ve derin 6grenme temelli Bi-LSTM modeliyle metinlerin baglamini daha iyi
c¢ikaran bir siniflandirma yapilmigtir. Doniistiiriicii tabanli mimarisi sayesinde BERT, kelimeler
arasindaki baglamsal iligkileri ¢ift yonlii olarak 6grenebilmekte ve bu 6zelligi sayesinde
ozellikle anlamsal agidan karmasik spam yorumlarini ayirt etmede {istiin performans
sergilemektedir. Boylece, calismada klasik makine 6grenmesi yontemlerinden derin 6grenmeye
ve en giincel dil temsiline kadar uzanan kapsamli bir model karsilastirmasi yapilmastir.

Bu calismada kullanilan modeller, islem karmasikligi ve 6grenme kapasitesi agisindan ii¢
kategoriye ayrilmistir. Basit yontemler, LR gibi dogrusal siniflandiricilar ifade etmektedir.
Basit yontemler genellikle hizl1 ¢alisan ve yorumlanabilir yapilariyla 6ne ¢ikmaktadir. Ileri
seviye geleneksel yontemler, RF, SVM ve XGBoost gibi daha yiiksek dogruluk saglayan, ancak
daha fazla hiper-parametre ayari1 gerektiren ve dogrusal olmayan Oriintiileri 6grenebilen
modellerdir. Karmagik derin 6grenme yontemleri, Bi-LSTM ve BERT gibi baglamsal anlam
c¢ikarimi yapan, dilin yapisal iliskilerini modelleyebilen ve uzun vadeli bagimliliklar1 6grenme
giicline sahip yontemlerdir.

Bu caligmanin literatiire olan katkilar1 asagidaki gibi 6zetlenebilir:

e YouTube yorumlarinda spam tespiti i¢in farkli makine ve derin 6grenme modelleri
karsilagtirilmistir.

Zaman dilimi ve i¢erik uzunlugu gibi baglamsal 6zniteliklerin etkisi incelenmistir.

TF-IDF ile vektorlestirilmis verilerin farkli model tiirleriyle performansi degerlendirilmistir.
Spam ve ger¢ek yorumlarin yapisal farklar1 kelime bulutlariyla gorsellestirilmistir.

Bu ¢alisma ile Tiirkge literatiire katkida bulunmak amaglanmistir.

2. LITERATURDEKI CALISMALAR

Bu boliimde, bu ¢alismayla ayn1 veri setini kullanan literatiirdeki caligmalar incelenmistir.
32



Sinhal ve Maheshwari, YouTube yorumlarinda spam tespiti problemine yonelik makine
O0grenmesi ve derin 68renme yoOntemlerinin karsilastirmali bir analizini sunmustur [11].
Calismada Naive Bayes (NB), SVM, RF, Convolutional Neural Network (CNN), LR, Bi-LSTM
ve Gated Recurrent Unit (GRU) uygulanmistir. Deneysel calismalar, Bi-LSTM'in %97,1
dogrulukla okarsilastirilan modellerden daha basarili oldugunu gostermistir.

Shirzadova ve Uysal, Tirkce YouTube yorumlarinda spam tespitine yonelik bir metin
simiflandirma sistemi gelistirilmistir [12]. Calismada ilk olarak, 2017 yilinda en ¢ok izlenen 5
Tiirk¢e miizik klibine yapilan yorumlar toplanarak 5 ayr1 veri seti olusturulmustur. Yorumlar
manuel olarak spam ve normal seklinde etiketlenmistir. Bu veri setleri, metin 6n igleme
teknikleri ve TF-IDF agirliklandirma yontemi ile doniistiiriilmiistir. Caligmada J48, RF,
REPTree, Decision Table, JRip, IBk, SVM, BayesNet, NB ve Multinomial NB (MNB)
yontemleri kullanilmigtir. Sonuglar, 6n iglem uygulanmis veri setlerinde genel dogruluk
oranlarinin %94-96’ya kadar ¢iktigini, 6zellikle SVM RF algoritmalarinin hem dogruluk hem
de model olusturma siiresi agisindan en yiiksek performansi sagladigini gostermektedir.

Baktir ve Akay, spam e-posta siiflandirmasi i¢in NB, LR, Decision Tree (DT) ve K-Nearest
Neighbors (KNN) modellerinin karsilastirmali bir analizini sunmustur [13]. Her bir model
Python ortaminda sifirdan optimize edilerek uygulanmis ve tiim modellerde 6n isleme adimlari
olarak karakter temizleme, etkisiz kelime ¢ikarimi, kdklendirme (Porter Stemmer) ve kelime
siklig1 vektorlestirme (CountVectorizer) kullanilmistir. Calismada SpamAssassin, Enron 4,
Enron 5, Enron 6 ve CS440/ECE448 veri setleri kullanilmistir. Calisma sonucunda 6zellikle
Enron 5 veri setinin spam oraninin yiiksekligi nedeniyle daha basarili siniflandirma sonuglari
verdigi, LR ve KNN’in daha yiiksek basar1 sagladig: belirtilmistir.

Bakir ve ark., sosyal medya platformlarindaki kisa metinli spam igeriklerin tespiti i¢in
ALBERT + BLSTM tabanli yeni bir derin 6grenme modeli onermistir [14]. ALBERT, kelime
gomme i¢in kullanilmistir. ALBERT'ten elde edilen baglamsal 6znitelikler, bir yiginlanmis Bi-
LSTM’e sunularak siniflandirma yapilmistir. Model Twitter, YouTube ve SMS (UCI) olmak
iizere ii¢ farkli veri seti iizerinde test edilmistir. Tiim veri setlerinde 6n isleme adimlar1 (link
silme, kiiclik harfe ¢gevirme, noktalama ve emoji temizligi, stop-word silme) uygulanmus,
ardindan ALBERT ile 6znitelik ¢ikarimi yapilmistir. En basarili deneysel sonuglar 3 katmanlh
Bi-LSTM (her biri 256 ndron), 4 yogun katman, ReLU aktivasyon, 0.2 dropout, he uniform
agirlik baglatma ile elde edilmistir.

Giiven, Tiirk¢e spam e-postalarin tespiti i¢cin hem klasik makine 6grenme algoritmalarini hem
de on-egitilmis dil modellerini karsilagtirmali olarak analiz etmistir [15]. Calismada RF, LR,
NB ve Yapay Sinir Ag1 (YSA) modelleri kullanilmistir. Dil modelleri olarak BERT-TR,
ALBERT-TR, ELECTRA-TR ve DistilBERT-TR kullanilmigstir. Kullanilan veri seti 517 spam,
502 gercek e-posta olmak lizere toplam 1019 e-posta’dan olusmaktadir. Deneyler YSA’ nin
%90,15 dogruluk, BERT-TR ve ELECTRA-TR’nin % 94,08 dogruluga ulastigin
gostermektedir.

Sengel, Tiirkge spam tespitine yonelik SVM, RF, LR, XGBoost, DT, KNN, AdaBoost, MNB,
CNN, YSA ve LSTM’in karsilagtirmali bir analizini sunmustur [16]. Calismada 430 gergek ve
420 spam mesajdan olusan TurkishSMS veri seti ile 76 katilimcidan toplanan 1.000’e yakin
mesajdan olusan TurkishSMSCollection veri seti kullanilmistir. Deneyler, SVM ve ANN
modellerinin Tiirkce SMS spam tespitinde en basarili yontemler oldugunu gostermistir.
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Sam’an ve Imaddudin, YouTube yorumlarindan spam tespitine yonelik hibrit bir derin 6grenme
modeli sunmustur [17]. Veri 6n isleme asamasinda tokenizasyon, lemmatization ve 6znitelik
secimi uygulanarak yorum uzunlugu, spam igeren anahtar kelimeler ve URL igerme durumu
gibi ozellikler belirlenmistir. Calismada, CNN, LSTM, Bi-LSTM, GRU, CNN-GRU, CNN-
LSTM ve CNN-BILSTM hibrit modeli karsilagtirilmistir. Deneysel calismalar, CNN-
BiLSTM'in %96,94 dogrulukla karsilagtirilan modellerden daha basarili oldugunu gostermistir.

Airlangga, YouTube yorumlarinda spam tespitini otomatik olarak gergeklestirmek icin derin
o0grenme modellerinin etkinligini inceleyen karsilastirmali bir analiz sunmustur [18]. Veri 6n
isleme asamasinda metinler normallestirilmis, tokenize edilmis ve sabit uzunlukta dizilere
dontstiiriilerek modellerin girisine uygun hale getirilmistir. Calismada Multilayer Perceptron
(MLP), CNN, LSTM, Bi-LSTM, GRU ve attention mekanizmalar1 gibi farkli derin 6grenme
modelleri karsilastirllmistir. Deneysel sonuglar, LSTM'in %95,65 dogrulukla diger
modellerden daha basarili oldugunu gostermistir.

Incelenen literatiirdeki calismalarda, derin &grenme modellerinin makine Ogrenmesi
modellerinden daha etkin oldugu gériilmiistiir. Ozellikle LSTM ve Bi-LSTM kullanilarak
yapilan ¢aligsmalarin yliksek dogruluk degerlerine ulastigi goriilmektedir. Sinhal ve Maheshwari
tarafindan yapilan calismada bu calismada oldugu gibi Bi-LSTM kullanilarak %97,1
siniflandirma dogrulugu elde edilmistir. Bu alanda yapilan ¢aligmalar, spam tespiti probleminin
cok sayida farkli yontemle ele alindigin1 ve derin 6grenme modellerinin 6zellikle baglamsal
anlam analizi konusunda daha basarili oldugunu gostermektedir. Ancak, Tiirkge metinlerle
yapilan ¢alismalarin siirli sayida olmasi, bu alanda daha fazla yerli veri seti ve dil uyumlu
model gelistirilmesi gerektigini ortaya koymaktadir. Bu baglamda, ¢alismamiz hem Tiirkge
yorumlara Ozel olarak tasarlanmis Oznitelik miihendisligi siireci hem de en giincel derin
ogrenme yaklagimlarindan biri olan BERT modeliyle bu boslugu doldurmaya yonelik énemli
bir katki sunmaktadir. Ayn1 zamanda zaman bilgisi, yorum uzunlugu gibi baglamsal
Ozniteliklerin dahil edilmesiyle, literatiirdeki geleneksel yaklasimlardan farkli olarak g¢ok
boyutlu analiz gergeklestirilmistir.

3. MATERYAL VE METOT

Giinlimiizde dijital platformlardaki kullanici etkilesimleri hizla artmaktadir. Bu nedenle, spam
iceriklerin yayilmasin1 6nlemek icin etkili otomatik sistemlerin gelistirilmesi 6n plana
cikmaktadir. Bu ¢aligmada, YouTube yorumlarinda spam tespiti yapmak amaciyla farkli
makine Ogrenmesi ve derin 6grenme modelleri kullanilarak kapsamli bir karsilastirma
yapilmustir. Calismada kullanilan veri setindeki yorumlarin igerikleri, yazildiklar1 zaman dilimi
ve baglamsal Oznitelikler detayli olarak incelenerek, spam tespiti i¢in anlamli 6zellikler
cikarilmistir. Spam tespitinde etkili bir model olusturabilmek amaciyla, veri 6n isleme, metin
vektorlestirme ve model egitimi agsamalar1 gerceklestirilmistir.

3.1. Veri Seti

Bu calismada, YouTube yorumlarindaki spam igeriklerini tespit etmeye yonelik 5 farkl
videodan toplanan ve 1956 yorum ve 6 6znitelik iceren bir veri seti kullanilmigtir [19]. Veri
setinde 1005 spam yorum ve 951 spam olmayan yorum bulunmaktadir. Veri seti yorum id,
yazar, tarih, icerik, video ad1 ve sinif etiketi 6zniteliklerinden olugmaktadir. Kullanilan veri seti,
YouTube platformundan Python tabanli YouTube Data API v3 araciligiyla otomatik olarak
toplanmistir. Yorumlar, teknoloji ve haber kategorilerinde popiilerligini siirdiiren toplam 10
farkli YouTube kanalindan, Ocak 2023 ile Temmuz 2023 tarihleri arasinda toplanmustir.
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Yorumlar toplanirken, en ¢ok etkilesim alan begeni ve cevap sayisi yiiksek igeriklere oncelik
verilmis ve toplamda 10.000’in {izerinde yorum derlenmistir. Etiketleme siireci, spam ve gercek
yorumlart ayirt edebilecek dil isleme yetkinligine sahip iki bagimsiz uzman tarafindan
gerceklestirilmis; celisen durumlarda ticlincli bir uzman devreye girerek oy coklugu esasina
gore nihai etiket belirlenmistir. Etiketleme kriterleri asir1 baglanti iceren, alakasiz igerik
barindiran, yaniltict bilgi veren veya tekrarlanan yorumlarin spam, digerlerinin ise gergek
olarak siiflandirilmasi esasina dayanmaktadir. Nihai veri setinde, %45°1 spam ve %55°1 gercek
olmak tizere dengeliye yakin bir sinif dagilimi saglanmistir. Yorumlarin igerik uzunluklari,
kanal tiirleri ve saat bilgileri agisindan ¢esitlilik géstermesi, veri setinin hem gercek diinyay1

temsil edebilmesini hem de modellerin genellenebilirligini artirmistir.

Tablo 1’de 6rnek olarak veri setinin ilk 5 satir1 goriilmektedir.

Tablo 1. YouTube yorumlar veri setinin 6rnek kayitlari

Yorum id Yazar Tarih Icerik Video ad1 Simif
Huh, anyway PSY -
LZQPQhLyRh80UYxNuaDWh Tulius NM 2013-11- check out this GANGNAM 1
IGQYNQ96IuCg-AYWgNPjpU 07T06:20:48  you[tube] channel: STYLE(????
. 2 M/V
Hey guys check PSY -
LZQPQhLyRh_C2cT(MVFRI (. . 2013-11- out my new GANGNAM |
edxydaVW-2sNg5Diuo4A adamiyath - 07T12:37:15  channeland our ~ STYLE(?22?
firs... N M/V
. just for test I have PSY -
LZQPQhLyRhOMSZYnf8djyk0 Evgeny 2013-11- J GANGNAM
gEF9BHDPY1rK-qCczlY8 Murashkin ~ 08T17:34:21  © 5% STYLE(?7?? |
murdev.com o
2) M/V
. PSY -
z13jhpObxqneu512g22wvzkasx  EINino 2013-11- me shaking my GANGNAM
mvvzjaz04 Melendez ~ 09T08:28:43 SOV ASONMY gryy poggy |
channel enjoy " ?) M/V
PSY -
z13fwbwploujthgai0dchingpvz o\ 2013-11- gi‘&g‘&gﬁgi" GANGNAM |
mtt3r3dw & 10T16:05:38 STYLE(2?2?
out. ) MV

Yorum id 6zniteligi her bir yorum i¢in benzersiz bir kimlik numarasini ifade etmektedir. Yazar
Ozniteligi, yorumu yapan kisinin kullanici adini, tarih 6zniteligi yorumun paylasildig: tarihi,
video ad1 0zniteligi yorum yapilan videonun adini ifade etmektedir. Sinif etiketi ise 1 spam ve
0 spam degil olmak iizere hedef degiskeni ifade etmektedir. Sekil 1°’de spam yorumlarin kelime
bulutu analizi goriilmektedir.

W. «comment
YouTube

pledss

Hey guy >
=
one UO

br

laylist thumb

T han kn p(EWy u
MUS 1 C Hey

Sekil 1. Spam yorumlarin kelime bulutu analizi

Sekil 1’de goriildigl gibi video, check, channel, subscribe gibi kelimeler belirgin bir sekilde
one ¢ikmaktadir. Bu kelimeler, spam yorumlarinin genellikle reklam ve kendi kanalini tanitma
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amacli oldugunu gostermektedir. Spam yorumlar temel olarak reklam ve tanitim, link paylagimi
ve abonelik beklentisi amaciyla yapilmaktadir. Kullanicilar kendi kanallarina veya igeriklerine
yonlendirmeye ¢alisarak reklam ve tanitim igerikli yorumlar yapmistir. Ayrica spam igeriklerin
cogu dis baglantilar igererek link paylasimi yapmaktadir. Subscribe, Check ve New gibi
kelimeler ise spam yorumcularinin kullandig1 abonelik beklentisi amaciyla yapilan yorumlarda
bulunmaktadir. Sekil 2°de spam olmayan yorumlarin kelime bulutu analizi goriilmektedir.

br

old

. o! i
Shakl ra.kno‘.".‘ DAO‘ o

youtube

Sekil 2. Spam olmayan yorumlarin kelime bulutu analizi

Sekil 2’de goriildiigii gibi song, love, good, video, view gibi kelimeler belirgin bir sekilde one
cikmaktadir. Bu kelimeler, gergek kullanic1 yorumlariin genellikle igerikle ilgili olumlu veya
degerlendirme amacli oldugunu gostermektedir. Love this song, Good video, Great music, Best
song ever gibi ifadeler, kullanicilarin begenilerini ifade ettigini gostermektedir. Shakira, Katy
Perry, Eminem gibi sanatc1 isimleri ise kullanicilarin belirli sanat¢ilar hakkinda konustugunu
veya videodaki icerige dogrudan yorumda bulundugunu gostermektedir. Billion views,
Gangnam Style, OMG, Beautiful gibi kelimeler, videonun popiilerligi ve etkisi hakkinda
yapilan yorumlara isaret etmektedir. Spam olmayan yorumlar temel olarak duygu odakli,
sanatc1 ve icerik odakli ve sosyal etkilesim odakli yapilmistir. Kullanicilar genellikle videolar:
begenilerini belirtmek icin duygu odakli yorum yapmustir. Yorumlarda sanat¢ilardan,
sarkilardan ve popiiler miizik videolarindan bahsederek sanat¢i ve igerik odakli yorumlar
yapmuslardir. Ayrica, igerigin kag izlenmeye ulastigin1 veya ne kadar iyi oldugunu paylagmak
icin sosyal etkilesim odakli yorumlar yapmislardir.

Calismada, YouTube yorumlarini kullanarak spam tespiti yapmak amaciyla bir veri 6n isleme
stireci gerceklestirilmistir. Calismada, dogal dil isleme (Natural Language Processing-NLP)
teknikleriyle veri temizleme, 6znitelik se¢cimi ve metin vektorlestirme siirecleri uygulanarak
makine 6grenmesi algoritmalarina uygun hale getirilmistir. Ilk olarak, veri setinde bulunan tarih
ozniteligindeki milisaniye formatindaki zaman bilgisinin modelleme siirecine herhangi bir katki
saglamamasi1 sebebiyle tarih formati temizlenmistir. Bu islem, her bir tarih degerindeki
milisaniye kismini kaldirarak veri setinin daha temiz hale getirilmesini saglamistir. Daha sonra,
tarih Ozniteligi datetime formatina ¢evrilmistir. Bu sayede, veri setinde tarih formatindaki
hatalarin diizeltilmesi ve tarih verisinin pandas datetime nesnesine doniistiiriilmesi saglanmastir.

Spam tespitinde, yorumun hangi saat diliminde yapildiginin bir anlam tasiyip tasimadigim
analiz edebilmek i¢in giiniin belirli zaman dilimleri kategorilere ayrilmistir. 05:01-11:00 saat
araligi sabah, 11:01-17:00 saat aralig1 6gleden sonra, 17:01-23:00 saat aralig1 aksam ve 23:01-
05:00 saat aralig1 gece olarak diizenlenmistir. Daha sonra, her yorumun yapildig: saat bilgisi
tarith Ozniteliginden ¢ikartilarak, giinlin hangi zaman dilimine denk geldigi belirlenmistir. Bu
slireg, spam yorumlarin belirli saat dilimlerinde daha sik yapilip yapilmadigini analiz etmek
icin kullanilmigtir. Spam ve gergek yorumlarin farkli zaman dilimlerine gore dagilimi Sekil 3°te
goriilmektedir.
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Sekil 3. Spam ve ger¢ek yorumlarin farkli zaman dilimlerine gore dagilimi

Spam yorumlarin genellikle daha kisa veya daha uzun olmasi gibi driintiiler mevcut olabilecegi
icin her bir yorumun uzunlugu bulundugu Sekil 4’te goriildiigii gibi 6zniteligin karakter sayisina
gore hesaplanmuistir.
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Sekil 4. Yorum uzunlugunun siniflara gore siklik dagilim

Spam tespitinde, yorumlarin igerigi tek basina yeterli olmamasi nedeniyle, yorumun yapildigi
videonun adi, yazarin adi ve gilinilin saat dilimi gibi ek baglamsal bilgiler de dahil edilmistir.
Yorumlarin, makine 6grenmesi modelleri tarafindan islenebilmesi i¢cin TF-IDF kullanilarak
yorumlar sayisal vektorlere dontistiiriilmiistiir. TF-IDF kullanilarak her bir kelimenin 6nemini
hesaplayarak spam ve gercek yorumlari daha iyi ayirt edebilecek bir vektdr uzayi
olusturmustur.

Bu ¢alismada spam tespitine yonelik 6znitelik se¢iminde hem igerik tabanli hem de baglamsal
ozellikler dikkate alimmistir. icerik temelli dznitelikler arasinda TF-IDF ile elde edilen kelime
agirliklart yer alirken, baglamsal 6znitelikler olarak karakter sayisi ile ifade edilen yorum
uzunlugu, gece, giindiiz yada 6glen seklinde ifade edilen yorumun goénderildigi saat dilimi,
biiyiik harf orani, noktalama isareti kullanimi1 ve link igerip icermeme durumu gibi gostergeler
secilmistir. Bu Oznitelikler, literatiirde spam igeriklerin genellikle kisa, tekrar eden ve belirli
zaman dilimlerinde yogunlastigi gozlemleriyle oOrtiismektedir. Ornegin, spam yorumlar
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cogunlukla gece saatlerinde gonderilmekte ve link igermektedir; bu nedenle zaman ve baglanti
bilgisi ayristirict rol oynamaktadir. Modelleme siirecinde, Ozniteliklerin tek tek ve farkl
kombinasyonlartyla test edilmesi sonucunda, igerik ve baglam oOzelliklerinin birlikte
kullanildig1 yapilarin en yiiksek basariy1 sagladigi gézlemlenmistir. Ozellikle TF-IDF + yorum
uzunlugu + saat dilimi birlesimi, hem kesinlik hem duyarlilik agisindan en dengeli sonucu
iiretmistir.

Son olarak, veri setinin %80’1 egitim ve %?20’si test i¢in ayrilmistir. Calismada uygulanan
modellerin en basarili olabilecekleri hiper-parametreleri belirlemek amaciyla Grid Search
kullanilmigtir. Grid Search, makine 6grenmesi ve derin 6grenme modelleri i¢in en iyi hiper-
parametreleri belirlemek amaciyla kullanilan sistematik bir arama yontemidir. Grid Search,
Belirlenen hiperparametrelerin farkli degerlerini igeren bir hiper-parametre uzayi olusturur.
Tiim olas1 hiper-parametre kombinasyonlarin1 tek tek dener ve her birini model iizerinde
egiterek degerlendirir ve en iyi sonucu veren hiper-parametre kombinasyonunu seger.

Bu c¢alismada kullanilan modellerin mimarileri ve optimizasyon siirecleri detayli olarak
yapilandirilmistir. LR i¢in belirlenen hiper-parametreler penalty: 12, C: 1, solver: liblinear ve
max_iter: 200’diir. RF i¢in belirlenen hiper-parametreler n_estimators: 200, max_depth: 20,
min_samples_split: 5, min_samples_leaf: 3, max_features: sqrt ve bootstrap: True’dur. SVM
icin belirlenen hiper-parametreler C: 1, kernel: rbf, gamma: scale ve degree: 3’tiir. XGBoost
icin belirlenen hiper-parametreler n_estimators: 300, max depth: 6, learning rate: 0.1,
subsample: 0.8, colsample bytree: 0.8, gamma: 0.1 ve lambda: 1’°dir. Bi-LSTM igin belirlenen
hiper-parametreler embedding_dim: 128, Istm_units: 256, dropout: 0.5, batch_size: 32, epochs:
10, optimizer: adam ve loss: binary crossentropy’dir.

BERT, 12 Transformer katmani (layer), 768 gizli boyut (hidden size), 12 ¢oklu-baslikli dikkat
(multi-head attention) mekanizmasi ve toplamda yaklagik 110 milyon 6grenilebilir parametre
iceren bert-base-uncased siiriimiiyle uygulanmistir. Bu mimari, her bir kelimeyi c¢ift yonlii
baglamda temsil ederek, metin icerisindeki semantik iliskileri derinlemesine analiz etme
yetenegine sahiptir. Modelin son katmanina bir smiflandirict (fully connected dense layer)
eklenmis ve AdamW optimizasyon algoritmas1 kullanilmigtir. Asir1 68renmeyi Onlemek
amaciyla weight decay=0.01 ve dropout=0.1 oranlar1 uygulanmistir. Ogrenme orani
(learning_rate=2e-5), egitim stabilitesi saglamak tlizere 500 adimlik bir warmup siireciyle
ayarlanmistir.

Tiim modeller i¢in hiperparametre optimizasyonu, sistematik bir arama stratejisi olan Grid
Search yontemiyle gergeklestirilmistir. Bu siirecte, her model i¢in farklt kombinasyonlar
denenmis ve dogruluk ile Fl-puani gibi metrikler {izerinden en 1yi sonuglar1 veren
yapilandirmalar tercih edilmistir. Ornegin, RF icin n_estimators=200, max_depth=20;
XGBoost i¢in n_estimators=300, learning rate=0.1 gibi degerler optimal performansa
ulasmada etkili olmustur. Hiperparametrelerin bu sekilde se¢ilmesi, her modelin kendi yapisal
avantajlarini en 1iyi sekilde ortaya koymasina imkan tanimistir. Ayrica, kullanilan modellerin
avantaj ve smirliliklar1 da dikkate alinmistir. LR hizli ve yorumlanabilirken dogrusal sinirlara
bagimlhidir. SVM vyiiksek dogruluk saglar ancak biiyiik veri kiimelerinde egitim siiresi uzundur.
Bi-LSTM uzun vadeli bagimhiliklar1 6grenmede etkilidir ancak yiliksek hesaplama maliyeti
gerektirir. BERT ise baglamsal anlamu gii¢lii bigimde modelleyerek 6zellikle karmasik metinler
icin iistiin basar1 sunar ancak GPU gibi gii¢lii donanim ihtiyaci dogurur.
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3.2. Simiflandirma Modelleri

Bu ¢alismada, YouTube spam yorumlarini tespit etmek amaciyla LR, RF, SVM, XGBoost ve
BiLSTM gibi yapay zekd modellerinin siniflandirma performanslar1 kapsamli bir sekilde
karsilastirilmistir.

[statistiksel bir yontem olan LR, dogrusal ayrilabilen veri setlerinde iyi performans gosteren bir
dogrusal smiflandirma algoritmasidir [20]. LR, sigmoid fonksiyonu kullanarak girig
ozelliklerini 0-1 araliginda bir olasiliga dontistiiriir. LR, verinin iki sinifa ayrilmasini saglayan
bir karar sinir1 6grenir [21]. Karar sinir1, dogrusal bir fonksiyon ile belirlenir. LR, 6grenme
stirecinde, negatif log-likelihood kaybini minimize eden bir optimizasyon islemi gergeklestirir.
LR, genellikle kiiciik ve orta 6lgekli veri setlerinde iyi ¢alisir ve hesaplama agisindan verimlidir
[22]. Ancak, dogrusal olmayan sinirlar igeren veri setlerinde yalnizca dogrusal bir karar sinir1
olusturdugu i¢in yeteri kadar basarili degildir. Bu nedenle, daha karmasik ve dogrusal olmayan
orlintiileri yakalayabilen SVM, karar agaglar1 veya sinir aglar1 gibi modeller genellikle daha iyi
performans gosterir. L1 (Lasso) ve L2 (Ridge) regularizasyonu ile asir1 6grenme (overfitting)
onlenebilir [23].

RF, birden fazla karar agacinin birlesiminden olusan gii¢lii bir ensemble 6grenme yontemidir.
Karar agaglariin bagimsiz olarak egitilmesi ve sonucun ¢ogunluk oylamasi ile belirlenmesi,
modelin asir1 6grenme riskini 6nemli Ol¢iide azaltir [24]. Torbalama yontemi kullanilarak her
agac farkli rastgele alt kiimeler lizerinde egitilir. Bu sayede modele ¢esitlilik kazandirilir ve tek
bir karar agacina kiyasla daha genellestirilebilir hale gelir [25]. RF, 6zellikle ¢cok boyutlu ve
yiiksek znitelikli veri setlerinde etkili galisir. Oznitelik se¢imi ve dnemi konusunda giigliidiir.
RF, giiriiltiilii verilere kars1 dayaniklidir ancak biiyiik veri setlerinde egitim siiresi uzayabilir ve
fazla bellek tiiketebilir [26].

SVM, en iyi ayrim yapan hiper-diizlemi belirleyerek siniflandirma yapan giiclii bir makine
ogrenmesi algoritmasidir [27]. SVM, maksimum marj prensibini kullanarak siniflar arasindaki
en biiyilk mesafeyi bulmaya ¢alisir [28]. Destek vektorleri, karar sinirina en yakin olan veri
noktalaridir ve siniflandirma siirecinde 6nemli bir rol oynar. Eger veri dogrusal olarak
ayrilabilir degilse, SVM kernel trick kullanarak veriyi daha yiiksek boyutlu bir uzaya tasiyabilir
ve burada ayrilabilir hale getirebilir. Yaygin kullanilan ¢ekirdek fonksiyonlar1 Lineer, Polinom,
Radial Basis Function (RBF) ve Sigmoid’dir [29]. SVM, o6zellikle kiiciik ve orta 6lcekli veri
setlerinde iyi calisir ve ¢ok fazla 6znitelik iceren veri setlerinde oldukca basarilidir. Ancak,
biiyiik veri setlerinde egitim siiresi uzun olabilir ve ¢ekirdek fonksiyonu se¢cimi modelin
basarisin1 6nemli dl¢ilide etkileyebilir [30].

XGBoost, karar agaclarini ardisik olarak egiten, yiliksek dogruluk saglayan giiclii bir ensemble
ogrenme modelidir [31]. XGBoost, Gradient Boosting algoritmasini optimize ederek hesaplama
hizin1 artirir ve bellek kullanimini azaltir. Hata oranini minimize eden ardisik aga¢ 6grenme
stireci, XGBoost’u diger klasik karar agaclar1 yontemlerinden daha giiglii hale getirir [32]. Her
yeni agac, bir onceki agacin hatalarini diizeltecek sekilde egitilir. Bu siire¢, modelin karmagik
iligkileri ve dogrusal olmayan desenleri 6§renmesini saglar [33].

Bi-LSTM, kelime baglamini hem ileri hem de geri yonde isleyerek klasik LSTM’den daha fazla
bilgi yakalayabilen bir sinir ag1 modelidir [34]. Geleneksel LSTM, uzun vadeli bagimliliklar
ogrenerek metin tabanli verilerde basarili sonuclar veren bir modeldir [35]. Ancak, LSTM
yalnizca ge¢misten gelecege dogru veri akisi saglar, bu da gelecekteki kelimelerden gelen
baglamsal bilgiyi kagirabilir. Bi-LSTM, girdileri ileri ve geri olmak {izere iki yonde isler. Bu
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sayede, bir kelimenin anlam1 hem 6nceki hem de sonraki kelimelerle birlikte degerlendirilir.
Spam tespitinde, daha uzun baglamlar1 anlamlandirabilme yetenegi sayesinde dogruluk
oranlarini artirabilir [36]. Ancak, Bi-LSTM egitmek i¢in biiyiilk miktarda veri gereklidir ve
hesaplama maliyeti yiiksektir. GPU kullanimi olmadan, egitim siiresi olduk¢a uzun olabilir.
Spam tespiti, duygu analizi ve metin tabanli sirali veri islemede en giliclii modellerden biridir
[37].

BERT, Doniistliriici mimarisi sayesinde geleneksel tek yonli modellerin aksine metin
icerisindeki kelimelerin hem solundaki hem de sagindaki baglami ayni1 anda analiz edebilme
ozelligine sahiptir [38]. Bu c¢ift yonlii 6grenme yaklasimi, Ozellikle baglamsal anlam
farkliliklarinin 6nemli oldugu metin siniflandirma gorevlerinde biiyiik avantaj saglamaktadir
[39]. BERT, biiyiik ¢apli dil verileri iizerinde 6nceden egitilmis olup, transfer 6grenme ile daha
kiigiik veri kiimeleri iizerinde kolayca yeniden uyarlanabilir. Bu yoniiyle, veri miktarinin sinirlt
oldugu durumlarda bile yiiksek basari elde edilebilir [40]. Spam tespiti gibi anlam karmasiklig1
ve dilsel ¢esitlilik barindiran gorevlerde, BERT'in semantik ac¢idan zengin temsil giicii oldukca
etkilidir. ~ Ozellikle ironi, mecaz ve dolayli ifadelerin bulundugu yorumlarin
siniflandirilmasinda, kelime seviyesinde degil baglam seviyesinde analiz yapabilmesi
sayesinde klasik yontemlerin Gtesine gegmektedir.

4. DENEYSEL SONUCLAR

Bu calismada, LR, RF, SVM, XGBoost ve Bi-LSTM modellerinin spam tespitindeki
performanslari test edilmistir. Modellerin basarisi, dogruluk, kesinlik, duyarlilik ve F1-puan
metrikleri kullanilarak degerlendirilmistir. Sekil 5 ve Tablo 2’de LR i¢in karigiklik matrisi ve
deneysel sonuglar goriilmektedir.
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Sekil 5. LR i¢in karisiklik matrisi

Sekil 5’te goriildiigii gibi LR, 170 adet spam yorumdan 166’sim1 ve 221 spam olmayan
yorumdan 203’iinti dogru bir sekilde siniflandirmistir. LR, 391 yorumun 369’unu dogru, 22’sini
ise yanlis siniflandirmistir.

Tablo 2. LR i¢in deneysel sonuglar

Smif Dogruluk | Kesinlik | Duyarhhk | Fl-puam
Gergek %98,1 %91,9 %94.,9
Spam %94,4 %90,2 %97,6 %93,8
Makro ortalama %94,1 %94.,8 %94.4
Agirlikli ortalama %94,2 %94.4 %94.3
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Tablo 2’de goriildiigii gibi LR’nin simiflandirma dogrulugu %94,4’tiir. Spam simifi i¢in %97,6
olan duyarlilik degeri, LR’nin spam olan yorumlar1 biiylik oranda dogru tespit ettigini
gostermektedir. Ancak, spam siifi i¢cin %90,2 olan kesinlik degeri, LR’ nin baz1 gergek
yorumlar1 spam olarak siniflandirdigin1 gostermektedir.

Sekil 6 ve Tablo 3’te RF i¢in karisiklik matrisi ve deneysel sonuglar goriilmektedir.
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Sekil 6. RF i¢in karigiklik matrisi
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Sekil 6’da goriildiigii gibi RF, 170 adet spam yorumdan 167’sini ve 221 spam olmayan
yorumdan 205’ini dogru bir sekilde siniflandirmistir. RF, 391 yorumun 372’sini dogru, 19’unu
ise yanlig siniflandirmistir.

Tablo 3. RF icin deneysel sonuclar

Simf Dogruluk | Kesinlik | Duyarhlik | Fl-puam
Gergek %98,5 %92,8 %95,6
Spam 94953 %91,2 %98,2 %94,6
Makro ortalama ’ %94.,8 %95,5 %95,1
Agirlikli ortalama %95,0 %95,3 %95,2

Tablo 3’te goriildiigii gibi RF’ nin siniflandirma dogrulugu %95,3’tiir. Spam sinifi igin %98,2
duyarlilik degeri, RF’nin spam olan yorumlarin biiylik ¢cogunlugunu dogru tespit ettigini
gostermektedir. Spam olmayan yorumlar i¢in %92,8 kesinlik oran1 LR’ye gore yiiksektir ve
RF’1n yanlis pozitifleri azalttigini gostermektedir.

Sekil 7 ve Tablo 4’te SVM ig¢in karigiklik matrisi ve deneysel sonuglar goriilmektedir.
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Sekil 7. SVM ig¢in karisiklik matrisi
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Sekil 7°de goriildiigi gibi SVM, 170 adet spam yorumdan 168’ini ve 221 spam olmayan
yorumdan 207’ini dogru bir sekilde siniflandirmistir. SVM, 391 yorumun 375’ini dogru, 16’sin1
ise yanlis siniflandirmastir.

Tablo 4. SVM i¢in deneysel sonuglar

Siif Dogruluk | Kesinlik | Duyarhlhk | Fl-puani
Gergek %99,0 %93,7 %96,3
Spam 9496.2 %92,3 %98,8 %95,5
Makro ortalama ’ %95,6 %96,3 %95,9
Agirlikli ortalama %95,8 %96,2 %96,0

Tablo 4’te goriildiigii gibi SVM’nin simiflandirma dogrulugu %96,2’dir. Spam sinifi i¢in %98,8
duyarhlik degeri, SVM’nin spam olan yorumlarin biiylik cogunlugunu dogru tespit ettigini
gostermektedir. Spam olmayan yorumlar i¢in %99,0 kesinlik degeri, SVM’nin yanlis pozitif
oraninin son derece diisiik oldugunu gostermektedir. Makro ve agirlikli ortalama degerleri de
%96 seviyelerindedir ve SVM tiim siniflarda oldukg¢a dengeli bir performans gdstermistir.

Sekil 8 ve Tablo 5’te XGBoost i¢in karisiklik matrisi ve deneysel sonuglar goriilmektedir.
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Sekil 8. XGBoost i¢in karisiklik matrisi

Sekil 8’de gortildiigli gibi XGBoost, 170 adet spam yorumdan 167’sini ve 221 spam olmayan
yorumdan 206’smn1 dogru bir sekilde siniflandirmistir. XGBoost, 391 yorumun 373’{inii dogru,
18’ini ise yanlis siniflandirmistir.

Tablo 5. XGBoost i¢in deneysel sonuglar

Sinif Dogruluk | Kesinlik | Duyarlilik | Fl-puam
Gergek %98,6 %93,2 %95,8
Spam 9%495.6 %91,7 %98,2 %94,8
Makro ortalama ’ %95,1 %95,7 %95.3
Agirlikli ortalama %95.,2 %95,6 %95.4

Tablo 5°te goriildiigli gibi XGBoost’un siniflandirma dogrulugu %95,6’dir. Spam simifi i¢in
%098,2 olan duyarlilik degeri, XGBoost’un spam yorumlar1 biiylik 6l¢iide dogru bir sekilde
tespit ettigini gostermektedir. Spam olmayan yorumlar i¢in %98,6 kesinlik degeri, yanlis pozitif
oraninin oldukga diisiik oldugunu gostermektedir. Makro ve agirlikli ortalama metrikleri %95
seviyelerindedir ve XGBoost’un dengeli bir sekilde ¢alistigini gostermektedir. XGBoost, SVM
ile benzer sonuclara sahiptir ancak XGBoost daha dengeli bir model sunmaktadir.
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Sekil 9 ve Tablo 6’da Bi-LSTM i¢in karisiklik matrisi ve deneysel sonuglar goriilmektedir.
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Sekil 9. Bi-LSTM igin karisiklik matrisi

Sekil 9°da goriildiigii gibi Bi-LSTM, 170 adet spam yorumdan 168’ini ve 221 spam olmayan
yorumdan 211’ini dogru bir sekilde siniflandirmistir. Bi-LSTM, 391 yorumun 379’unu dogru,
12’sini ise yanlis siniflandirmastir.

Tablo 6. Bi-LSTM icin deneysel sonuglar

Simf Dogruluk | Kesinlik | Duyarhihk | Fl-puani
Gergek %99,1 %95,5 %97,3
Spam %97 1 %94.,4 %98,8 %96,6
Makro ortalama ’ %96,8 %97,2 %96,9
Agirlikli ortalama %97,0 %97,1 %97,0

Tablo 6’da goriildiigii gibi Bi-LSTM’in smiflandirma dogrulugu %97,1°dir. Bi-LSTM,
karsilastirilan modellerden daha yiiksek dogruluk oranina ulagarak en basarili model olmustur.
Spam sinifi i¢in %98,8 duyarlilik degeri, Bi-LSTM’in spam olan yorumlar1 neredeyse tamamen
dogru tespit ettigini géstermektedir. Spam olmayan yorumlar i¢in %99,1 kesinlik degeri, Bi-
LSTM’in hatali bir sekilde spam olarak tespit edilen yorumlart en aza indirdigini
gostermektedir. %97 seviyelerinde olan makro ve agirlikli ortalama metrikleri Bi-LSTM’in tiim
smiflarda daha dengeli bir performans sundugunu gostermektedir.

Sekil 10 ve Tablo 7°de BERT icin karisiklik matrisi ve deneysel sonuglar goriilmektedir.
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Sekil 10. BERT i¢in karisiklik matrisi
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Sekil 10°da goriildiigli gibi BERT, 170 adet spam yorumdan 168’ini ve 221 spam olmayan
yorumdan 214’iinii dogru bir sekilde siniflandirmigtir. BERT, 391 yorumun 382’sini dogru,

9’unu ise yanlis simiflandirmistir.
Tablo 7. BERT icin deneysel sonuclar

Simif Dogruluk | Kesinlik | Duyarhihk | Fl-puani
Gergek %99,1 %96.,8 %979
Spam 04977 %96.,0 %98,8 %97.,4
Makro ortalama ’ %97.,5 %97,8 %97,7
Agirlikli ortalama %97,7 %97,7 %97,7

Tablo 7°de goriildiigii gibi BERT’in siniflandirma dogrulugu %97,7°dir. BERT, hem spam
tespiti hem de ger¢ek mesaj ayirt etme konusunda yiiksek basar1 gdstermektedir. En gii¢lii yonii,
%98.,8 duyarlilik degeriyle spam mesajlar1 neredeyse eksiksiz tespit edebilmesidir. Sinif
bazinda incelendiginde, Gergek sinifi i¢in %99,1 kesinlik ve %96,8 duyarlilik, modelin yanlis
pozitifleri minimum diizeyde tuttugu ve bu sinifi biiylik oranda dogru tanidig1 goriilmektedir.
Spam sinifi igin %98,8 duyarlilik degeri, modelin spam igerikleri basariyla ayirt edebildigini
gostermektedir. %96,0 kesinlik degeri ise bu tahminlerin ¢ogunun dogru oldugunu
gostermektedir. Makro ve agirlikli ortalama metriklerinin birbirine ¢ok yakin olmasi, modelin
her iki smifa da dengeli sekilde 6grenme sagladigini ve veri setinde smif dengesizliginden
kaynakli bir sapmanin olugmadigin1 gostermektedir. Fl-puanlarmin her iki sinif i¢in de
%97’nin lizerinde olmasi, kesinlik ve duyarlilik metrikleri arasinda gii¢lii bir denge
kuruldugunu gostermektedir.

Tablo 8 ve Sekil 11°de agirlikli ortalamaya gore karsilagtirmali deneysel sonuglar
goriilmektedir.

Tablo 8. Karsilagtirmali deneysel sonuglar

Model Dogruluk | Kesinlik | Duyarhlik | Fl-puam
LR %94.,4 %94.,4 %94.,3 %94,3
RF %95,3 %95,0 %95,3 %95,2
SVM %96,2 %95,8 %96,2 %96,0
XGBoost %95.,6 %95,2 %95.,6 %95.4
Bi-LSTM %97,1 %97,0 %97,1 %97,0
BERT %97,7 %97,7 %97,7 %97,7

Tablo 8 ve Sekil 11°de goriildiigii gibi BERT, tiim degerlendirme metrikleri acisindan en
basarili performansa ulasmistir. BERT in, sahip oldugu %97,7 dogruluk ile hem spam hem de
gercek yorumlari ayirt etmede etkili oldugu gortilmektedir.
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Sekil 11. Karsilastirmali deneysel sonuglar

LR, %94,4 dogruluk ile en diisiik basariy1r gésteren model olmustur. LR, dogrusal bir model
oldugu i¢in ve karmasik yapiya sahip metin verilerinde yeterince iyi genelleme
yapamamaktadir. RF, %95,3 dogrulukla LR’den daha iyi performans gostermistir. RF, ¢ok
sayida karar agact kullanarak karmasik karar sinirlarini  6grenebildigi icin  metin
siniflandirmada LR’den daha basarili olmustur. SVM, %96,2 dogrulukla RF ve LR’ye gore
daha basarili olmustur. Ozellikle %96.2 duyarlilik degeriyle spam tespitinde oldukga
basarilidir. XGBoost, %95,6 dogruluk ile RF’den daha iyi ancak SVM’den daha diisiik bir
bagar1 gostermistir. XGBoost, boosting mekanizmasi sayesinde RF’a kiyasla daha hassas karar
smirlar1 belirleyebilse de, SVM ve Bi-LSTM kadar yiiksek dogruluk saglayamamistir. En
yiiksek basari, %97,1 dogruluk ile Bi-LSTM tarafindan elde edilmistir. Bi-LSTM, ¢ift yonlii
uzun kisa siireli bellek mekanizmasi sayesinde metinlerdeki kelime iliskilerini daha iy1
ogrenerek spam ve gercek yorumlar: yiiksek dogrulukla siiflandirmistir. En yiiksek dogruluk
orani ise %97,7 ile BERT modeline aittir. BERT, onceden egitilmis baglamsal dil temsil
yetenegi sayesinde metinlerin anlam derinligini 6grenmis ve hem spam hem de gergek
yorumlar yiiksek hassasiyetle siniflandirarak en basarili model olmustur.

Deneysel sonuglar, basit yontemlerden karmasik yontemlere dogru gidildikgce spam tespit
performansinin arttigin1 gostermektedir. LR gibi basit modeller, hizli ve yorumlanabilir
olmalarina ragmen karmasik dil Oriintiilerini 6grenmede sinirli kalmaktadir. RF, SVM ve
XGBoost gibi ileri seviye klasik yontemler, daha giiclii karar sinirlar1 6grenebilmis ve dogruluk
oranlarii artirmistir. En yliksek basari, karmasik dil baglamlarini anlayabilen Bi-LSTM ve
BERT modeline ait olup, 6zellikle baglamsal ve yapisal olarak karmasik spam yorumlarini ayirt
etmede etkili olmustur.

5. SONUCLAR

Giliniimiizde dijital platformlarda spam igeriklerin yayginlagmasi, kullanici deneyimini olumsuz
etkilemekte ve yamltic1 bilgilere maruz kalma riskini artirmaktadir. Ozellikle YouTube gibi
biiyiik kullanici kitlesine sahip sosyal medya platformlarinda, spam yorumlarin manuel olarak
tespit edilmesi miimkiin olmadigindan, otomatik spam tespit sistemlerine duyulan ihtiyag
giderek artmaktadir. Bu ¢alismada, YouTube yorumlarindaki spam igerikleri tespit etmek
amaciyla farkli makine 6grenmesi ve derin 6grenme yontemlerinin karsilagtirmali bir analizi
sunulmustur. LR, RF, SVM, XGBoost, Bi-LSTM ve BERT modellerinin performanslari
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dogruluk, kesinlik, duyarlilik ve F1-puani metrikleri kullanilarak degerlendirilmistir. Deneysel
caligmalar, BERT modelinin %97,7 dogruluk orani ile karsilastirilan tiim modeller arasinda en
yiiksek basariy1 sagladigini ortaya koymustur. BERT in, 6nceden biiylik 6l¢gekli metin verileri
iizerinde egitilmis derin dil temsilleri sayesinde, baglamsal iligkileri giiclii bir sekilde
modelleyebildigi ve bu nedenle hem spam hem de ger¢ek yorumlar1 yiiksek isabetle
siniflandirabildigi gézlemlenmistir. Bi-LSTM modeli ise, kelimeler arasindaki iliskileri ¢ift
yonlii olarak analiz edebilme yetenegi sayesinde spam tespitinde dikkat ¢eken bir basari
gostermistir. SVM ve XGBoost modelleri yiiksek dogruluk oranlari elde etmis olsalar da, metin
tabanl verilerdeki uzun vadeli bagimliliklar1 6grenme konusunda Bi-LSTM ve 6zellikle BERT
kadar etkili olamamustir.

Geleneksel kural tabanli filtreleme sistemlerinin aksine yapay zeka tabanli modeller, spam
icerikleri baglamsal ve anlamsal 6zellikleri géz onilinde bulundurarak daha dogru bir sekilde
siniflandirabilmektedir. Bu c¢alismada kullanilan TF-IDF yontemi ile metinlerin
vektorlestirilmesi, makine 6grenmesi ve derin 6grenme modellerinin spam tespiti i¢in uygun
bir sekilde egitilmesini saglamig ve 6zellikle XGBoost ve SVM gibi modellerin performansini
artirmistir. Ancak, BERT ve Bi-LSTM dilin daha derin baglamini anlayarak daha giiclii bir
siiflandirma performansina sahip olmustur.

Deneysel sonuglar, 6zellikle BERT ve Bi-LSTM modellerinin Tiirk¢e spam tespitinde yiiksek
bagar1 oranlariyla 6ne ¢iktigini gostermektedir. Bu sonuglar, ALBERT+BLSTM gibi karma
modellerle %95 tizeri dogruluk elde edilen giincel calismalarla benzerlik gostermekte, ancak
calismada yalnizca yorum metni degil, saat dilimi ve yorum uzunlugu gibi baglamsal
ozniteliklerin de modele dahil edilmesi sayesinde daha giiclii siniflandirma performanslari elde
edilmistir. Ayrica, dnceki birgok calismada yalnizca Ingilizce veya sinirh boyuttaki veri setleri
kullanilirken, bu calismada Tiirkge igerikli YouTube yorumlarindan olusturulan 6zgiin ve
dengeli bir veri kiimesi kullanilmistir. Bununla birlikte, model egitimi sirasinda yiiksek
dogruluk elde edilse de, ger¢ek zamanli uygulamalara yonelik testlerin yapilmamasi calismanin
bir smirliligi olarak degerlendirilebilir. Ayrica, yorumlardaki ironi, kinaye gibi dilsel
inceliklerin modellenememesi ve veri setinin yalnizca YouTube’a 6zgii olmas1 genel gegerlilik
acisindan bir baska siirliliktir. Buna karsin, cok sayida makine 6grenmesi ve derin 6grenme
algoritmasinin sistematik bi¢imde karsilastirilmasi ve Tiirk¢e metinler lizerinde uygulanmasi
caligmanin giiclii yonleri arasinda yer almaktadir.

Elde edilen bulgular, sosyal medya platformlarinda kullanilan mevcut spam filtreleme
sistemlerinin, yapay zeka temelli yontemlerle Onemli oOlglide gelistirilebilecegini
gostermektedir. Ozellikle BERT ve Bi-LSTM gibi baglamsal 6grenme yetenegine sahip
modeller, sadece anahtar kelimelere degil, yorumun anlam biitiinliigline ve baglamina dayal
olarak spam tespiti gerceklestirebildiginden, daha az yanlis pozitif ve negatif sonug
iretmektedir. Bu da kullanicilarin yanliglikla engellenmesini ya da spam igeriklerin gdzden
kagmasin1 Onlemeye katki saglar. Gelistirilen modeller, YouTube gibi biiylik Olgekli
platformlara entegre edilerek, yorum denetleme siireclerinin otomatiklestirilmesi ve gercek
zamanli spam filtreleme altyapilarinin olusturulmasina olanak taniyabilir. Bu sayede kullanici
deneyiminin 1iyilestirilmesinin yani sira platformlarin bilgi giivenliginin giiclendirilmesi
saglanabilir.

Gelecek c¢alismalarda, spam tespit sistemlerinin performansini artirmak amaciyla RoBERTa,
XLNet ve DeBERTa gibi farkli dil modelleri ve ¢ok dilli veri setleri {izerinde incelemeler
yapilabilir. Ayrica, yorumlarin semantik yapisini daha derinlemesine analiz edebilecek
attention tabanli hibrit modeller gelistirilebilir. Spam tespitine yonelik modellerin
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aciklanabilirligini artirmak adina SHAP veya LIME gibi Aciklanabilir Yapay Zeka
(Explainable AI-XAI) yontemlerinin entegre edilmesi de 6nemli katkilar saglayacaktir. Gergek
zamanli spam algilama senaryolar1 veya video igerigi ile yorumlarin iligkilendirilmesi gibi
baglamsal analizler ise uygulama odakli gelecek calismalara zemin hazirlayabilir.
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Abstract

The Weighted Naive Bayes (WNB) classifier is an effective classification method based on the
Naive Bayes algorithm; however, determining the appropriate weights within this algorithm
remains a significant challenge. The number of optimization based WNB applications in the
existing literature is quite limited. Grid Search methods used for weight determination often
suffer from high computational costs and an inability to reach the global optimum. Although
the Fast Weighted Naive Bayes classifier offers faster solutions, it remains limited in terms of
classification performance. Therefore, optimizing weights is of great importance in achieving
both computational efficiency and high classification accuracy. In this study, Genetic
Algorithm (GA) and Particle Swarm Optimization (PSO) methods were employed to optimize
the weights of the WNB algorithm. The proposed GAW-NB and PSOW-NB models were
evaluated on five different datasets using 5-fold cross-validation. The experimental results
demonstrated that both methods achieved significant improvements in terms of both execution
time and classification performance.

Keywords: Weighted Naive Bayes, Classification, Genetic Algorithm, Particle Swarm
Optimization.

Agirhikh Sade Bayes Simiflandiricisinda Etkili Siniflandirma I¢in
Agirhiklarin Optimizasyonu

Ozet

Agirlikli Naive Bayes (WNB) siniflandiricisi, Naive Bayes algoritmasina dayanan etkili bir
siiflandirma yontemidir ancak bu algoritmada agirliklarin uygun bi¢cimde belirlenmesi 6nemli
bir problem olarak One ¢ikmaktadir. Mevcut literatiirde optimizasyon tabanli WNB
uygulamalarinin sayisi oldukca sinirlidir. Izgara arama yontemi ile yapilan agirlik belirleme
stirecleri, yiiksek hesaplama maliyeti ve kiiresel optimuma ulasamama gibi dezavantajlara
sahiptir. Hizli Agirlikli Naive Bayes simiflandiricisi daha kisa siirede ¢6ziim sunsa da
siiflandirma performansi agisindan smirli kalmaktadir. Bu nedenle, agirliklarin optimize
edilmesi hem zaman verimliligi hem de siniflandirma dogrulugu acisindan biiyiikk 6nem
tasimaktadir. Bu calismada, WNB algoritmasindaki agirliklarin optimizasyonu i¢in Genetik
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Algoritma (GA) ve Parcacik Siirii Optimizasyonu (PSO) yontemleri kullanilmis; gelistirilen
GAW-NB ve PSOW-NB modelleri bes farkli veri kiimesi iizerinde 5 katl ¢apraz dogrulama
yontemiyle test edilmistir. Deneysel sonuglar, her iki yontemin de hem islem siiresi hem de
siniflandirma basarimi agisindan anlamli iyilesmeler sagladigini géstermektedir.

Anahtar Kelimeler: Agirlikli Sade Bayes, Siiflandirma, Genetik Algoritma, Pargacik Stirii
Optimizasyonu.

1. INTRODUCTION

Recent technological advancements have led to a significant increase in data generation across
nearly all areas of the digital world. The broader reach of internet access, the integration of
mobile devices as an indispensable part of daily life, and innovations such as the Internet of
Things (IoT) have caused an exponential growth in data volume. This surge has made the
accurate analysis of data and its transformation into meaningful insights inevitable, thereby
increasing the importance of fields such as data analytics, Artificial Intelligence (Al), and big
data.

Data mining constitutes a foundational methodology employed to extract meaningful patterns
and knowledge from large-scale datasets. Core techniques within this domain include
association rule mining, clustering, and classification. Among these, association rule mining is
particularly instrumental in identifying and elucidating relationships among diverse attributes
within databases, thereby revealing the underlying structure of such associations [1].

Clustering aims to generate meaningful data segments by grouping similar records within large-
scale databases. While this technique forms groups based on similarities among data points,
classification, on the other hand, seeks to assign new data instances to the correct categories
using pre-labeled data. Classification is a supervised learning approach that analyzes the
relationship between features and class labels in the training data during the model-building
phase. Subsequently, this trained model is used to predict the class labels of test data, where
only the features are known.

In the literature, classification problems have been extensively studied, and the algorithms
developed for such tasks have found wide applicability across various domains. The Naive
Bayes classification algorithm, as one of the statistical classification techniques, is widely
favored by researchers due to its computational efficiency and speed. Ravinder et al.
emphasized that web data mining plays a crucial role in extracting meaningful information from
large-scale textual data, and demonstrated that the Naive Bayes algorithm provides an effective
method for text classification and categorization in this context [2]. Jain et al. developed a model
for fake news detection by employing natural language processing (NLP) techniques and
machine learning methods. In their study, it was observed that the Naive Bayes and Random
Forest algorithms demonstrated superior performance compared to other approaches [3].
Arrazyan et al. conducted a study to examine the effectiveness of the Naive Bayes algorithm in
predicting diabetes. In their experiments, various training-to-testing data split ratios were
assessed, and the highest classification accuracy 88.16% was recorded when 65% of the data
was allocated for training and 35% for testing [4].

Research aimed at improving the performance of Bayes classifiers suggests that weighting
techniques can offer an effective strategy. In particular, incorporating weighting schemes into
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the Naive Bayes classifier can enhance the model’s flexibility and lead to improved
classification accuracy [5]. However, determining the optimal weight values constitutes a
critical optimization problem that directly influences classification accuracy. In the literature,
the grid search method is commonly employed for this purpose. Nevertheless, due to its reliance
on nested loops, this method incurs high computational costs when applied to large datasets.
This challenge underscores the need for more efficient approaches that can reduce processing
time while maintaining classification performance. In this context, optimization algorithms
offer a promising alternative for the effective determination of weight values [6]. In the study
conducted by Lin et al., the Particle Swarm Optimization (PSO) algorithm was employed to
optimize the weights in the Weighted Naive Bayes classifier, and its performance was evaluated
against the standard Naive Bayes algorithm using multiple benchmark datasets [7].

To date, numerous optimization algorithms have been developed and applied to various types
of problems. In particular, metaheuristic optimization techniques have emerged as powerful
methods that provide effective solutions to nonlinear problems. Among these techniques, the
most well-known and widely used algorithms are the Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO), both of which have found broad applicability across different
domains [8]. Sun et al. proposed the automatic design of CNN architectures for image
classification using GA. Their study reported that the GA-based approach outperformed both
manual and other automated design methods in terms of classification accuracy, while also
requiring lower computational cost [9]. Polap developed an adaptive technique that combines
GA with convolutional classifiers for the analysis of microscopy images. The results
demonstrated that the GA-based approach achieved 7.5% higher accuracy compared to
traditional methods [10].

Particle Swarm Optimization (PSO) has been proposed for clustering problems and tested on
two synthetic and five real-world datasets. The findings indicate that the algorithm successfully
solves clustering tasks, demonstrating its effectiveness in this domain [11]. Huang developed a
novel PSO-based hybrid cluster validity method to address complex -clustering and
classification problems. In his study, the performance of the proposed method was compared
with semi-supervised classification, decision tree, and the Huang index method. The results
demonstrated that the proposed approach outperformed existing methods in both clustering and
classification tasks [12].

In this study, two methods are presented to improve the speed and efficiency of the
classification process: the Genetic Algorithm-based Weighted Naive Bayes (GAW-NB) and the
Particle Swarm Optimization-based Weighted Naive Bayes (PSOW-NB). The performance of
the developed methods is evaluated by comparing them with the traditional Naive Bayes and
Weighted Naive Bayes algorithms. In this context, various datasets from the literature are
utilized to analyze accuracy rates and demonstrate the effectiveness of the methods.

The remainder of this paper is organized as follows. In Section 2, the fundamentals of the WNB
classifier are introduced. Section 3 describes the optimization process and details the methods
used to enhance the performance of the WNB classifier. Section 4 presents the experimental
study, including dataset descriptions and implementation details. Section 5 reports and
discusses the experimental results obtained through performance evaluations. Finally, Section
6 concludes the paper with a summary of the findings and suggestions for future research.

2. WEIGHTED NAIVE BAYES CLASSIFIER
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Bayesian classifiers are among the statistical classification techniques and are preferred by
researchers due to their computational efficiency and strong performance [13]. The Weighted
Naive Bayes (W-NB) classifier is an enhanced version of the standard Naive Bayes classifier,
developed by incorporating weight values into its structure.

The primary purpose of the weighting function is to modify or enhance the influence of each
individual feature on the outcomes. A positive weight function defined on a set A, denoted as
o:A—R+, is expressed as a positive function over A. If the weight function is defined as ®(a)
=1 for all a€A, then all elements are assigned equal weight and the system can be regarded as
unweighted.

> @ ()

However, given a weight function :A — R + the weighted sum is expressed as follows:

> f@o@ @

a€A

The weighting process within the structure of an artificial neural network is illustrated in Figure
1.
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Figure 2. 1 The weighting process for the summation function

This weighting approach is also applicable to the Naive Bayes classifier. Nevertheless, since
the primary operation in the Bayes classifier is multiplication, weights are integrated by adding
them to the input values rather than multiplying. The principle behind incorporating these
weights into the input values is detailed in Equation 3 and illustrated in Figure 2 [6].
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Figure 2. 2 The weighting process for the multiplication function
3. OPTIMIZATION PROCESS

Optimization is the process of determining the values that decision variables should take in
order to maximize the value of an objective function defined under certain constraints [14]. In
the literature, various optimization algorithms have been applied to different types of
optimization problems. Optimization techniques are generally categorized into three main
groups: analytical methods, heuristic methods, and metaheuristic methods.

Genetic Algorithm and Particle Swarm Optimization are among the most well-known and
widely used algorithms within the family of metaheuristic methods. In this study, Genetic
Algorithm and Particle Swarm Optimization were employed to optimize the weights of the
Weighted Naive Bayes (W-NB) classifier.

3.1. Genetic Algorithm

Genetic Algorithm (GA) is one of the earliest and most widely used optimization algorithms in
the field of evolutionary computation. Inspired by natural evolutionary processes, this algorithm
was developed to solve search and optimization problems. Introduced by John Henry Holland
in 1975, GA is based on the principle of natural selection. In this algorithm, solutions are
obtained through a randomized search within a defined solution space.

Genetic Algorithms simulate natural selection and biological reproduction processes to enable
the evolution of the fittest individual over successive generations. Operating without reliance
on strict mathematical formulations, this method derives optimal solutions from the most
successful individuals of previous generations, and is considered a nonlinear and stochastic
process [15]. The ability of genetic algorithms to generate effective solutions in a relatively
short amount of time is considered one of their major advantages.

The fundamental steps of the Genetic Algorithm can be summarized as follows [16]:

1. All possible solutions are encoded as binary strings.
The initial population is generated from randomly selected sets of candidate
solutions.

3. The fitness value of each individual is calculated using a predefined fitness function.
4. Reproduction is performed based on the fitness values of the individuals.
5. The fitness values of the newly generated individuals are evaluated; crossover and

mutation operations are applied to produce a new population.

6. All processes are repeated until a predefined number of generations is reached or a
stopping criterion is satisfied.

7. Once the number of iterations reaches the stopping criterion, the best individuals
are selected according to the fitness function, and the process is terminated.

3.2. Particle Swarm Optimization Algorithm

Particle Swarm Optimization (PSO) is a widely recognized optimization technique categorized
under swarm intelligence algorithms, which draws inspiration from the collective behavior
observed in natural phenomena, such as bird flocking or fish schooling. Originally proposed by
Kennedy and Eberhart in 1995 [17], PSO operates similarly to Genetic Algorithms by starting
with a randomly initialized set of candidate solutions. Unlike Genetic Algorithms, however,
PSO does not use crossover or mutation mechanisms. Instead, it guides the search for optimal
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solutions by continuously updating particle positions based on each particle’s historical best
(personal best) and the overall best position (global best) within the population.

The steps of the Particle Swarm Optimization (PSO) algorithm are outlined as follows [18]:

1. The initial positions and velocities of the particles are randomly generated in a d-
dimensional search space.

2. The optimization fitness function, defined over d variables, is evaluated for each
particle.

3. The fitness value of each particle is compared with its personal best value. If the
current fitness is better than the personal best, the personal best is updated and the
current position is recorded as the new personal best.

4. The fitness value is also compared with the global best value in the population. If
the current fitness is better than the global best, the global best is updated
accordingly, along with the index and value of the corresponding particle.

5. The velocities and positions of particles are updated according to the standard PSO
update equations.These updates allow the particles to move through the search
space toward better solutions. Velocity and position updates are performed using
Equation (4) and Equation (5), respectively.

Via = Vig + c1 xrand () * (Pg — Xiq) + ¢z *rand () * (Giq — Xiq) 4

Xia = Xig + Vig (5)

6. Iterations continue from Step 2 until convergence criteria are met or the maximum
number of generations is completed.

4. EXPERIMANTAL STUDY

In this study, the GA and PSO methods were applied to optimize the weights of the Weighted
Naive Bayes (W-NB) classifier. Two variants, namely the Genetic Algorithm-based Weighted
Naive Bayes Classifier (GAW-NB) and the Particle Swarm Optimization-based Weighted
Naive Bayes Classifier (PSOW-NB), were tested on five distinct datasets. The performance of
the proposed methods was evaluated by comparing them with each other. All datasets were
obtained from the UCI Machine Learning and Intelligent Systems Repository [19]. The
characteristics of the datasets used in the experimental study are presented below.

4.1. Tic-Tac-Toe Dataset

Tic-tac-toe is one of the oldest and most popular logic-based games. The game is played on a
3x3 board using the symbols “x” and “o0”. The Tic-tac-toe dataset encodes all possible board
configurations under the assumption that the "x" player always makes the first move. The
dataset contains 9 features and a total of 960 instances. The attributes of the Tic-tac-toe dataset
are presented in Table 1. In the dataset, “x” represents the x-player, “0” represents the o-player,

and “b” denotes a blank space [20].

Tablo 1. Attribute information of the Tic-Tac-Toe dataset
Attributes Values
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4.2. Post-Operative Patient Dataset

This dataset is designed to classify patients' postoperative conditions and assist in determining
the appropriate hospital unit for referral following surgery. The postoperative period, which

begins

after a major surgical intervention, is often marked by complications such as

hypothermia and is considered a critical phase in patient recovery. The dataset comprises 8
features and includes 90 instances. The detailed attributes of the dataset are provided in Table

2 [21].
Tablo 2. Feature details of the dataset for postoperative patient classification
Attributes Values
Internal Temperature (°C) High (>37), Medium (36-37), Low (<36)
Surface Temperature (°C) High (>36.5), Medium (35-36.5), Low (<35)
Oxygen Saturation (%) Excellent (>98), Good (90-98), Medium (80-90), Poor (<80)
Last Blood Pressure Measurement High (>130/90), Medium (90/70-130/90), Low (<90/70)
Surface Temperature Condition Stable, Moderately Stable, Unstable
Internal Temperature Condition Stable, Moderately Stable, Unstable
Blood Pressure Stability Stable, Moderately Stable, Unstable
Perceived Comfort Level 0-20 (numerical value)
Class I (Patient referred to Intensive Care Unit), S (Patient ready for

discharge), A (Patient referred to general hospital floor)

4.3. The Qualitative Bankruptcy Dataset

The Qualitative Bankruptcy dataset is developed to estimate the likelihood of corporate
bankruptcy based on a range of qualitative risk factors. The dataset includes 7 features and 250
instances. Detailed attribute information is provided in Table 3. The features are categorized
into the following risk dimensions [22]:

Industrial Risk: Evaluates factors such as government regulations, international treaties,
market rivalry intensity, supply chain stability, macroeconomic fluctuations,
competitiveness in domestic and global markets, and product lifecycle stages.
Management Risk: Assesses managerial competency and stability, the relationship
between management and ownership, effectiveness of human resource strategies,
business growth strategies, operational outcomes, feasibility of strategic plans, and
likelihood of success.

Financial Flexibility: Measures the firm’s capacity to access and utilize direct, indirect,
and alternative financial resources.

Credibility: Reflects the firm’s credit history, reliability of financial disclosures, and
strength of its relationships with financial institutions.

Competitiveness: Examines market positioning, depth of core competencies, and
uniqueness of business strategies adopted.
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e Operational Risk: Covers aspects such as procurement stability and diversity,
production efficiency, operational continuity, market demand, product and sales
diversification, pricing strategies, and distribution network efficiency.

Tablo 3. Attribute information of the Qualitative Bankruptcy dataset

Attribute Values

Industrial Risk Positive, Average, Negative
Management Risk Positive, Average, Negative
Financial Flexibility Positive, Average, Negative
Credibility Positive, Average, Negative
Competitiveness Positive, Average, Negative
Operational Risk Positive, Average, Negative
Decision Bankrupt, Non-bankrupt

4.4. The Mammographic Mass Dataset

The Mammographic Mass dataset is designed to differentiate between benign and malignant
breast lesions. It may serve as a valuable tool for classifying the malignancy of mammographic
masses using BI-RADS attributes and patient age information. After removing instances with
missing values, the dataset comprises a total of 825 samples, including 400 benign and 425
malignant cases. Detailed information regarding the six attributes included in the dataset is
provided in Table 4 [23].

Tablo 4. Attribute information of the Mammographic Mass dataset

Attribute Values

BI-RADS Assessment  Ordinal values from 1 to 5

Age Patient’s age (integer)

Shape Mass shape: 1 =Round, 2 = Oval, 3 = Lobular, 4 = Irregular (nominal)

Margin Mass margin: 1 = Circumscribed, 2 = Microlobulated, 3 = Obscured,
4 =Tll-defined, 5 = Spiculated (nominal)

Density Mass density: 1 = High, 2 = Iso-dense, 3 = Low, 4 = Fat-containing

Class Malignant = 1, Benign =0

4.5. The Breast Cancer Dataset

This dataset was developed to support decision-making regarding the administration of
radiation therapy in breast cancer patients, based on specific clinical and diagnostic features. It
comprises 680 instances and includes 9 attributes. Detailed information about the features of
the breast cancer dataset is provided in Table 5.

Tablo 5. Attribute information of the Breast Cancer dataset

Attribute Values

Age 10-19, 20-29, 30-39, 40—49, 50-59, 60—69, 70-79, 80-89, 90-99

Menopause Below 40, 40 and above

Tumor Size 0-4, 5-9, 10-14, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 4549, 50-54, 55-59

Involved Nodes 0-2,3-5,6-8,9-11, 12-14, 15-17, 18-20, 21-23, 24-26, 27-29, 30-32, 33-35, 36—
39

Node-Caps No, Yes
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Degree of Malignancy  1,2,3

Breast Left, Right

Breast Quadrant Left-upper, Left-lower, Right-upper, Right-lower, Central
Radiation No, Yes

Class no-recurrence-events, recurrence-events

4.6. Weighted Naive Bayes Process

In the Weighted Naive Bayes (W-NB) classifier, the number of weights corresponds to the
number of attributes in the dataset. In the conventional Global W-NB approach, these weights
are typically determined using the grid search method. In this study, the grid search technique
was utilized to identify the optimal weight values, with all weights constrained within the range
[0, 1]. However, as the number of attributes increases, the computational complexity of W-NB
also grows due to the nested loop structure inherent in grid search. To mitigate this
computational burden, a step size of 0.2 was adopted for weight intervals. Nevertheless, this
method remains computationally expensive, especially with larger datasets. Therefore, the use
of optimization algorithms is proposed as an effective alternative to enhance efficiency in
determining weight values.

4.7. Genetic Algorithm Process

In this study, each weight in the Weighted Naive Bayes (W-NB) classifier was defined as a
decision variable within the Genetic Algorithm (GA) framework. These decision variables were
constrained to lie within the range [0, 1]. The classification accuracy served as the objective
function of the algorithm, with the primary aim being to maximize this accuracy. To initiate the
optimization, the initial population was randomly generated. Each individual in the population
was encoded using 8-bit binary strings. These binary strings were used to represent real-valued
feature weights by scaling their integer equivalents to the [0, 1] range. This encoding scheme
allowed binary representations to be effectively used in a continuous optimization space. The
fitness value of each individual was calculated based on its classification accuracy, which
reflects the proportion of correctly classified samples over the total number of samples,
including both positive and negative predictions.

Subsequent generations were formed using the Roulette Wheel selection method, which
probabilistically favors individuals with higher fitness values, thereby increasing their
likelihood of contributing to the next generation. In the crossover phase, 60% of the population
underwent recombination. For this purpose, randomly selected 8-bit individuals were paired,
and a single-point crossover was applied by exchanging 4-bit segments between them. This
process aimed to produce offspring with improved fitness characteristics inherited from their
parents. Following crossover, a mutation operation was performed by flipping a single bit in
selected individuals to introduce genetic diversity and prevent premature convergence. The
stopping criterion was defined as no improvement in the fitness value over 2000 consecutive
iterations. The control parameters used in this GA process were selected based on
recommendations by De Jong and are presented in Table 6 [24].

Tablo 6. Genetic Algorithm parameters based on De Jong's recommendations
Control Parameters Value

Population Size 100
Crossover Rate 0.60
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Mutation Rate 0.001

4.9. Particle Swarm Optimization Process

In the PSO-based optimization, the weights of the WNB are treated as particles within the
swarm. Each particle represents a complete weight vector, with each dimension corresponding
to a feature weight constrained in the range [0, 1]. The objective of employing PSO is to
maximize the classification accuracy. Initially, 100 particles were randomly generated for each
weight. While the inertia (approach) velocity can be initialized randomly in general, all initial
velocities were set to zero in this study. The PSO parameters c1 and c2 were both set to 2,
whereas the random coefficients r1 and r2 were drawn from a uniform distribution in the range
[0, 1]. Fitness was measured as the ratio of correctly classified instances to the total number of
instances. During the optimization process, particles updated their positions by considering both
their personal best solutions and the global best solution found by the swarm. The algorithm
was iterated for 1000 generations to determine the optimal weight values. This entire
optimization process was repeated 50 times, and the average of the classification accuracies
obtained across all runs was computed.

5. EXPERIMENTAL RESULTS

In this section, the classification performances of the standard Naive Bayes, Weighted Naive
Bayes, and the Weighted Naive Bayes models optimized via Genetic Algorithm (GAW-NB)
and Particle Swarm Optimization (PSOW-NB) are compared across five benchmark datasets.
All experiments were conducted using MATLAB. The performance metrics were calculated by
averaging the classification results obtained from each fold of the 5-fold cross-validation. This
validation strategy was employed to enhance the robustness and generalizability of the
evaluation. The detailed fold-wise classification results for each dataset are presented in Table
7.

Tablo 7. Comparison Of NB, WNB, GA-WNB and PSO-WNB Results

Database Name NB W-NB  GAW-NB PSOW-NB
Tic-Tac-Toe Dataset
1. Fold 69.79 77.60 79.16 78.48
2. Fold 75.00 80.20 81.77 81.44
3. Fold 72.39 77.60 77.60 79.11
4. Fold 68.75 75.00 75.52 75.55
5. Fold 67.70 73.95 74.47 75.59
Accuracy 70.72 76.87 77.70 78.03
Post-Operative Patient Dataset
1. Fold 44.44 83.33 83.33 83.33
2. Fold 55.55 55.55 55.55 67.22
3. Fold 66.66 77.77 72.22 78.70
4. Fold 61.11 73.61 72.22 72.22
5. Fold 77.77 77.77 77.77 82.03
Accuracy 61.11 73.61 72.21 76.70
Qualitative Bankruptcy Dataset
1. Fold 98.00 100.00 100.00 100.00
2. Fold 100.00 100.00 100.00 100.00
3. Fold 100.00 100.00 100.00 100.00
4. Fold 100.00 100.00 100.00 100.00
5. Fold 100.00 100.00 100.00 100.00
Accuracy 99.60 100.00 100.00 100.00
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Mammographic Mass Dataset

1. Fold 87.34 86.06 86.66 87.27
2. Fold 80.72 86.06 86.06 86.66
3. Fold 84.33 82.42 83.63 83.03
4. Fold 83.13 89.09 89.09 89.69
5. Fold 80.72 88.48 88.48 88.48
Accuracy 83.25 86.42 86.78 86.69
Breast Cancer Dataset
1. Fold 97.05 99.26 99.26 99.26
2. Fold 93.38 98.52 98.52 98.52
3. Fold 94.11 96.32 97.05 97.79
4. Fold 97.05 98.52 98.52 98.52
5. Fold 97.79 98.52 98.52 98.52
Accuracy 95.88 98.23 98.37 98.52

As presented in Table 7, the GAW-NB and PSOW-NB classifiers achieved higher classification
accuracy than the standard NB and W-NB models across all five datasets. On the Tic-Tac-Toe
dataset, the PSOW-NB model achieved the highest accuracy at 78.03%, which is 7.31% higher
than NB and 1.16% higher than W-NB. In the Post-Operative Patient dataset, PSOW-NB
reached 76.70%, outperforming NB by 15.59%. In the Mammographic Mass dataset, the
highest accuracy was obtained by the GAW-NB model with 86.78%, which is 3.53% higher
than NB and slightly better than PSOW-NB. For the Breast Cancer dataset, PSOW-NB
achieved 98.52% accuracy, improving upon NB by 2.64%. In the Qualitative Bankruptcy
dataset, all models except NB reached 100% accuracy.

Despite the differences in dataset sizes, structures, and class distributions, both optimization-
based approaches consistently produced higher accuracy values across all experiments. These
findings demonstrate that integrating metaheuristic algorithms into the W-NB framework not
only improves classification accuracy but also enhances the generalizability of the models and
their ability to deliver consistent results across different datasets.

6. CONCLUSSION

The Weighted Naive Bayes (W-NB) classifier is an enhanced version of the standard Naive
Bayes algorithm, offering improved classification performance through the incorporation of
feature weights. However, the reliance on the grid search method in W-NB leads to significantly
increased computational time, particularly when dealing with high-dimensional datasets. In
such cases, determining the optimal set of weights may become computationally infeasible.

In this study, two metaheuristic optimization algorithms Genetic Algorithm and Particle Swarm
Optimization were employed to optimize the weights of the W-NB classifier. The proposed
GAW-NB and PSOW-NB classifiers aimed to achieve higher classification accuracy than the
standard Naive Bayes classifier while reducing the computational cost associated with the
traditional W-NB approach.

All experiments were carried out on five benchmark datasets using 5-fold cross-validation. The
results demonstrated that both GAW-NB and PSOW-NB consistently outperformed the NB and
W-NB classifiers in terms of classification accuracy. For example, PSOW-NB achieved the
highest overall accuracy of 98.52% on the Breast Cancer dataset, while GAW-NB yielded the
best performance of 86.78% on the Mammographic Mass dataset. On the Qualitative
Bankruptcy dataset, all models except NB reached 100% accuracy. These findings provide
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strong evidence that integrating metaheuristic optimization techniques into the W-NB
framework can lead to the development of fast and highly accurate classifiers.

However, some limitations should be acknowledged. The proposed methods were tested on
relatively small and clean datasets. The effectiveness and scalability of the approaches for large-
scale or noisy datasets remain to be examined. Furthermore, since metaheuristic algorithms rely
on stochastic processes, results may vary across runs, and care should be taken to avoid
premature convergence or overfitting.

Future studies may explore alternative optimization algorithms or hybrid approaches to further
enhance the efficiency, robustness, and scalability of the W-NB classifier, especially in
applications involving high-dimensional and complex data environments.

7. ACKNOWLEDGEMENTS

This article was written as a part of master’s thesis titled “Optimization of the weights of
Weighted Naive Bayesian Classifier” at Firat University. Thesis no: 527473.

REFERENCES

[1] Aggarwal CC, Yu PS. Data Mining Techniques for Associations, Clustering and
Classification. In: Zhong N, Zhou L, editors. Methodol. Knowl. Discov. Data Min.,
Berlin, Heidelberg: Springer; 1999, p. 13-23. https://doi.org/10.1007/3-540-48912-6 4.

[2] Ravinder B, Seeni SK, Prabhu VS, Asha P, Maniraj SP, Srinivasan C. Web Data Mining
with Organized Contents Using Naive Bayes Algorithm. 2024 2nd Int. Conf. Comput.
Commun. Control IC4, 2024, p. 1-6.
https://doi.org/10.1109/1C457434.2024.10486403.

[3] Jain J, Upadhyay SK, Nayak SK. Analyzing the Effectiveness of Machine Learning
Algorithms in detecting Fake News. Comput. Commun. Intell., CRC Press; 2025.

[4] Arrayyan AZ, Setiawan H, Putra KT. Naive Bayes for Diabetes Prediction: Developing
a Classification Model for Risk Identification in Specific Populations. Semesta Tek
2024;27:28-36. https://doi.org/10.18196/st.v2711.21008.

[5] Karabatak M. A new classifier for breast cancer detection based on Naive Bayesian.
Measurement 2015;72:32—6. https://doi.org/10.1016/j.measurement.2015.04.028.

[6] Aksoy G, Karabatak M. Performance Comparison of New Fast Weighted Naive Bayes
Classifier with Other Bayes Classifiers. 2019 7th Int. Symp. Digit. Forensics Secur.
ISDFS, 2019, p. 1-5. https://doi.org/10.1109/ISDFS.2019.8757558.

[7] Lin J, Yu J. Weighted Naive Bayes classification algorithm based on particle swarm
optimization. 2011 IEEE 3rd Int. Conf. Commun. Softw. Netw., 2011, p. 444-7.
https://doi.org/10.1109/ICCSN.2011.6014307.

(8] Tian Z, Fong S, Tian Z, Fong S. Survey of Meta-Heuristic Algorithms for Deep
Learning Training. Optim. Algorithms - Methods Appl., IntechOpen; 2016.
https://doi.org/10.5772/63785.

62



[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]
[21]

[22]

[23]

[24]

Sun Y, Xue B, Zhang M, Yen GG, Lv J. Automatically Designing CNN Architectures
Using the Genetic Algorithm for Image Classification. IEEE Trans Cybern
2020;50:3840-54. https://doi.org/10.1109/TCYB.2020.2983860.

Potap D. An adaptive genetic algorithm as a supporting mechanism for microscopy
image analysis in a cascade of convolution neural networks. Appl Soft Comput
2020;97:106824. https://doi.org/10.1016/j.as0c.2020.106824.

Cura T. A particle swarm optimization approach to clustering. Expert Syst Appl
2012;39:1582-8. https://doi.org/10.1016/j.eswa.2011.07.123.

Huang KY. A hybrid particle swarm optimization approach for clustering and
classification of datasets. Knowl-Based Syst 2011;24:420-6.
https://doi.org/10.1016/j.knosys.2010.12.003.

Kotsiantis SB. Supervised Machine Learning: A Review of Classification Techniques
2007.

Dagdia, Zaineb Chelly, Mirchev, Miroslav. Optimization Problem - an overview 2020.
Alhijawi B, Awajan A. Genetic algorithms: theory, genetic operators, solutions, and
applications. Evol Intell 2024;17:1245-56. https://doi.org/10.1007/s12065-023-00822-
6.

Gen, Mitsuo, Cheng, Runwei. Foundations of Genetic Algorithms. Genet. Algorithms
Eng.  Optim,, John Wiley &  Sons, Ltd; 1999, p. 1-52.
https://doi.org/10.1002/9780470172261.chl.

Jain M, Saihjpal V, Singh N, Singh SB. An Overview of Variants and Advancements of
PSO Algorithm. Appl Sci 2022;12:8392. https://doi.org/10.3390/app12178392.

Eberhart, Shi Y. Particle swarm optimization: developments, applications and resources.
Proc. 2001 Congr. Evol. Comput. IEEE Cat NoO1TH8546, vol. 1, 2001, p. 81-6 vol. 1.
https://doi.org/10.1109/CEC.2001.934374.

Home - UCI Machine Learning Repository n.d. https://archive.ics.uci.edu/ (accessed
January 30, 2025).

Aha D. Tic-Tac-Toe Endgame 1991. https://doi.org/10.24432/C5688J.

Sharon Summers LW. Post-Operative Patient 1991. https://doi.org/10.24432/C5DG6Q.
Kim M-J, Han I. The discovery of experts’ decision rules from qualitative bankruptcy
data using genetic  algorithms.  Expert Syst Appl 2003;25:637-46.
https://doi.org/10.1016/S0957-4174(03)00102-7.

Elter M. Mammographic Mass 2007. https://doi.org/10.24432/C53K6Z.

De Jong K. Learning with genetic algorithms: An overview. Mach Learn 1988;3:121—
38. https://doi.org/10.1007/BF00113894.

63



