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Meme kanseri, diinya genelinde kadinlar arasinda 6nde gelen 6liim nedenlerinden biri
olmaya devam etmektedir ve bu durum pratik tan1 araglarina olan acil ihtiyaci ortaya koymaktadir.
Bu calismada, meme kanseri smiflandirma dogrulugunu artirmak amaciyla gelistirilmis bir makine
Ogrenimi algoritmasi sunulmaktadir. Sistem, 6zellik ¢ikarimui i¢in derin ¢ok katmanli algilayici
(Deep MLP), boyut indirgeme i¢in Ozellik birlestirilmis bir otomatik kodlayici (feature-fused
autoencoder) ve kare agirlik ayarlamasi ile ¢apraz dogrulama kullanilarak optimize edilmis agirlik
ayarli bir karar agaci smiflandiricisin1 entegre etmektedir. Onerilen ydntemin sonuglari, saglamlik
ve genellenebilirligi saglamak amaciyla Wisconsin meme kanseri veri kiimesi iizerinde k-kath
capraz dogrulama kullanilarak test edilmistir. Ayrica, gizli katman birimi sayisi, birakma orani
(dropout rate), yigin boyutu (batch size) ve egitim-test yiizdeleri gibi ¢esitli hiperparametreler
altinda optimizasyon yapilmistir. Tiim bu kosullar altinda modelin performansi; dogruluk
(accuracy), kesinlik (precision), duyarlilik (recall), F1-skoru ve egri altt alan (AUC) gibi temel
metriklerle degerlendirilmistir. Elde edilen sonuglar, bu yaklagimin geleneksel siniflandirma
yontemlerinden daha iyi performans gosterdigini ve veri boliimleri arasinda yiiksek dogruluk ve
giiclii bir performans sergiledigini ortaya koymaktadir. Bu arastirmanin temel katkisi, derin
O0grenme, otomatik kodlayici ve karar agact yoOntemlerini birlestiren yeni bir c¢ergevenin
gelistirilmesi olup, sistemin meme kanseri teshisinde giiclii bir potansiyele sahip oldugunu ve
hekimlere giivenilir, etkili bir ara¢ sundugunu gostermektedir. Ayrica, geleneksel meme kanseri
veri setlerine gore ¢ok daha biiyiik ve ¢esitli olan METABRIC veri setinin kullanilmasi, onerilen
hibrit modelin degerlendirilmesi i¢in giicli bir test ortami saglamistir. Klinik ve genomik
ozelliklerin zenginligi, modelin genelleme kapasitesinin daha kapsamli bir sekilde dogrulanmasina
olanak tanimis ve karmasik gercek diinya verilerini isleme konusundaki etkinligini ortaya
koymustur.

Anahtar Kelimeler: Meme kanseri, Derin MLP, Ozellik birlestirilmis otomatik kodlayic1, Agirhik
ayarli karar agaci.
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ABSTRACT

Breast cancer remains a leading cause of death among women worldwide, underscoring the
urgent need for practical diagnostic tools. This work presents an advanced machine learning
algorithm designed to enhance the classification accuracy of breast cancer. The system integrates a
deep multi-layer perceptron (Deep MLP) for feature extraction, a feature-fused autoencoder for
efficient dimensional reduction, and a weight-tuned decision-tree classifier optimized by cross-
validation and square weight adjustment. The Wisconsin breast cancer dataset is utilized to test the
results of the method rigorously using k-fold cross-validation. Optimizing performance has been
done under different hyperparameters, namely, the number of hidden units, dropout rate, batch size,
as well as test-train percentages. The performance of the model was evaluated under all the given
conditions for key Metrics. These are the Accuracy, Precision, Recall, F1-score, and area under the
curve (AUC). Using the above metrics, the model was able to distinguish malignant and benign
tumors. Our findings show that this approach performs better than traditional classification
methods, leading to accurate and robust results across several data partitions. This research
contributes to a new framework pertaining to deep learning, Auto-encoder, and decision tree, which
clearly shows that this framework has a very high probability of impacting breast cancer diagnosis
while providing usefulness to physicians.

Furthermore, the use of the METABRIC dataset ,which is substantially larger and more
diverse than classical breast cancer datasets ,provided a robust evaluation environment for the
proposed hybrid model. Its rich clinical and genomic features enabled deeper validation of the
model’s generalization capability and demonstrated its effectiveness in handling complex, real-
world data.

Keywords: Breast cancer, Deep MLP, feature fused autoencoder, weight-tuned decision tree.
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GENISLETILMIS OZET

Meme kanseri, diinya ¢apinda kadinlar arasinda o6nde gelen morbidite ve mortalite
nedenlerinden biridir ve tanisal goriintiileme, molekiiler profilleme ve hedefli tedavilerdeki 6nemli
ilerlemelere ragmen oOnemli bir kiiresel saglik sorunu olusturmaya devam etmektedir. Meme
tiimorlerinin erken teshisi ve dogru siniflandirilmasi, tedavi basarisini artirmada, tekrarlama
oranlarin1 azaltmada ve genel hasta sagkalimini iyilestirmede onemli bir rol oynamaktadir.
Mamografi, ultrason ve histopatolojik degerlendirme gibi geleneksel tani yaklasimlari, malign
lezyonlarmn belirlenmesinde altin standart olmaya devam etmektedir. Ancak bu ydntemler
genellikle emek yogun, zaman alicidir ve radyologlarin ve patologlarin 6znel yorumlarina biiyiik
olgiide bagimhidir. Insan yargisindaki degiskenlik ve klinik uzmanliktaki farkliliklar, tanisal
tutarsizliklara yol agarak hasta yonetimini geciktirebilir veya yanlis yonlendirebilir. Bu baglamda,
yapay zeka (YZ), ozellikle makine 6grenimi (ML) ve derin 6grenme (DL), tibbi goriintiileme ve
tan1 otomasyonunda doniistiiriicli bir arag olarak ortaya ¢ikmistir. Bu hesaplamali yaklagimlar,
sistemlerin verilerden otomatik olarak Ogrenmesini, insan goziiyle goriilemeyen ince, yiiksek
boyutlu Oriintiileri belirlemesini ve tutarli, tekrarlanabilir ve son derece dogru tani ciktilar
{iretmesini saglar. Sonug olarak, Makine Ogrenmesi ve Ogrenmenin (ML) klinik is akislarina
entegrasyonu, yalnizca verimliligi artirmakla kalmaz, ayni zamanda hekimlere erken ve kesin
hastalik siniflandirmasinda yardimer olabilecek gelismis klinik karar destek sistemlerinin temelini
olusturur.

Bu ¢aligmanin temel amaci, geleneksel istatistiksel veya kural tabanli yaklagimlara kiyasla
iistlin dogruluk, saglamlik ve genellestirilebilirlik gosteren bir meme kanseri smiflandirma
cercevesi tasarlamak ve gelistirmektir. Onerilen cerceve, her biri siiflandirma siirecinde belirli bir
asamaya1 ele alan ii¢ sinerjik bileseni bir araya getirir.

Bunlar sunlardir:

1. Ham girdi verilerinden oOzellik ¢ikarimi i¢in kullanilan Derin Cok Katmanh
Algilayict (Derin Cok Katmanl Algilayici).

2. Boyut azaltma, yedeklilik giderme ve bilgi sikistirmadan sorumlu Ozellik
Kaynastirilmis Otomatik Kodlayici .

3. Veri dengesizligini telafi ederken nihai smiflandirmay1 gerceklestiren Agirlik
Ayarli Karar Agaci. Bu tiglii tasarim, derin 6grenmenin temsil giiciinii, aga¢ tabanlt

modellerin yorumlanabilirligi ve sinif duyarliliiyla birlestirmeyi amaclamaktadir.

Derin MLP, ozellikle girdi nitelikleri arasindaki yiiksek diizeyli, dogrusal olmayan

etkilesimleri yakalar; otokodlayici, bu 6grenilmis temsilleri kompakt, bilgi yogun ozelliklere
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entegre eder ve iyilestirir; agirlik ayarli karar agaci ise c¢ogunluk smifina ydnelik Onyargiyi
azaltmak icin uyarlanabilir simf agirliklandirmasimi kullanir. Bu modiiller birlikte, hem sinir
aglarinin tahmin giiciinden hem de sembolik karar almanin seffafligindan yararlanan tutarli bir
hibrit ¢erceve olusturarak, klinik kabul i¢in gerekli 6zellikler olan dogru, kararli ve yorumlanabilir
bir siniflandiricr {iretir.

Bu calismada kullanilan veri kiimesi, literatirde meme kanseri tahmin modellerini
degerlendirmek i¢in yaygin olarak kullanilan, iyi bilinen bir kiyaslama veri kiimesi olan Wisconsin
Meme Kanseri Veri Kiimesi'dir (WBCD). Meme Kitlelerinin ince igne aspirasyonu (IiA)
goriintiilerinden elde edilen hiicre ¢ekirdeklerinin ortalama yarigapi, dokusu, gevresi, alani,
plriizsiizliigii, sikiligi ve igbiikeyligi gibi istatistiksel Ol¢limler de dahil olmak iizere 32 nicel
Ozellikle karakterize edilen 569 hasta Orneginden olusmaktadir. Veri 6n isleme, model
giivenilirligini ve performans tutarliligini saglamak i¢in 6nemli bir 6n adimdi. Eksik veya anormal
degerler, yiikleme ve filtreleme prosediirleri yoluyla kaldirildi.

Degiskenler arasindaki biytikliikk farkliliklarini ortadan kaldirmak ve bdylece yiiksek
degerli niteliklerin baskinligin1 6nlemek igin tiim o6zellikler standart olgekleme teknikleri
kullanilarak normallestirildi. Genellestirilebilirligi degerlendirmek icin, farkli veri kullanilabilirligi
senaryolar1 altinda saglamlik degerlendirmesine olanak taniyan %90-10, %80-20, %70-30 ve %55-
45 gibi ¢oklu egitim-test bolmeleri kullanildi. Ayrica, 6rnekleme yanliligini azaltmak i¢in k kath
capraz dogrulama (tipik olarak k = 10) uygulandi ve her 6rnegin hem egitim hem de dogrulama
stireclerine katkida bulundugundan emin olundu. Modelin katman basma gizli birim sayisi,
birakma olasilig1, toplu boyut, 6grenme orani ve aktivasyon fonksiyonu gibi hiperparametreleri, en
yiiksek performans ve yakinsama kararliligi i¢in en uygun yapilandirmay: belirlemek amaciyla
sistematik 1zgara aramasi ve dogrulama izleme yoluyla ince ayarlandi.

Model mimarisi, karmagiklik ve yorumlanabilirlik arasinda denge kurmak i¢in dikkatlice
tasarlanmigtir. Deep MLP modiilii, her biri ¢ok seviyeli veri soyutlamalarini yakalamak i¢in farkl
sayida noronla donatilmig, birden fazla gizli katmana sahip yiiksek kapasiteli bir 6zellik ¢ikaric
olarak islev goriir. ReLU aktivasyon fonksiyonu, hesaplama verimliligi ve geri yayilim sirasinda
kaybolan gradyan sorunlarini1 azaltma yetenegi nedeniyle se¢ilmistir ve boylece derin hiyerarsik
O0grenmeye olanak saglamistir. Ag, uyarlanabilir 6grenme hizi ve geleneksel gradyan inis
yontemlerine gore {istlin yakinsama &zellikleri nedeniyle segilen ADAM optimize edicisi
kullanilarak egitilmistir. WBCD gibi orta biiyiikliikteki veri kiimeleri {izerinde egitilen derin
aglarda yaygin bir zorluk olan asirt uyumu 6nlemek icin, birakma, toplu normallestirme ve erken
durdurma gibi diizenleme teknikleri kullanilmistir. Daha sonra gelen Feature-Fused Autoencoder
modiilii ikili bir rol oynamustir: ¢ikarilan O6zellikleri daha diisiik boyutlu gizli bir gosterime
sikistirmak ve Onemli tami bilgilerini korumak icin bunlar1 yeniden yapilandirmak. Standart
otokodlayicilarin aksine, Onerilen birlesik varyant, hem diisiik hem de yiiksek seviye ozellik

hiyerarsilerini birlestiren bir mekanizma igerir ve bu da daha ayirt edici kodlamay1 miimkiin kilar
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ve yedekliligi azaltir. Bu, boyutsalligin azaltilmasimin klinik agidan ilgili oriintiileri tehlikeye
atmamasini saglar. Son olarak, Agirlik Ayarli Karar Agaci smiflandiricisi, karar verme katmani
olarak islev goriir. Smif frekanslarina orantili uyarlanabilir simif agirliklan atayarak, kotii huylu
orneklerin genellikle yetersiz temsil edildigi tibbi veri kiimelerinde yaygin bir sorun olan sinif
dengesizligini etkili bir sekilde telafi eder. K-kat dogrulamasi yoluyla, en kararli ve dogru agag
yapisi se¢ilmis ve yorumlanabilir ve dengeli siiflandirma sinirlart elde etmek i¢in Gini safsizligi
ve bilgi kazanimi gibi boliinmiis dlgiitler optimize edilmistir.

Sistemin etkinligini kapsamli bir sekilde degerlendirmek i¢in Dogruluk, Hassasiyet, Geri
Cagirma (Hassasiyet), F1 puani ve Alict Isletim Karakteristik Egrisi Altindaki Alan (ROC-AUC)
dahil olmak iizere ¢esitli performans Slgiitleri kullanilmistir. Bu metrikler, 6ngorii kalitesinin ¢esitli
yonlerini birlikte degerlendirir; dogruluk genel dogrulugu niceliksel olarak belirler; kesinlik pozitif
ongoriilerin gilivenilirligini Olger; hatirlama kotii huylu vakalart dogru bir sekilde tespit etme
yetenegini degerlendirir; ve F1 puani kesinlik ve hatirlama arasinda denge saglayan harmonik bir
ortalama saglar. Ozellikle ROC-AUC metrigi, ¢esitli stmflandirma esikleri boyunca ayirt etme
yetenegini degerlendirir. Deneysel sonuglar, 6nerilen ¢ergevenin temel ve geleneksel modellerden
o6nemli Olclide daha iyi performans gosterdigini ortaya koymustur. Sistem %99,47 dogruluk, %99
kesinlik, %99 hatirlama, %99 F1 puam ve 0,996'lik bir AUC elde etti. Gergek Pozitifler (TP) =
350, Yanhs Negatifler (FN) = 7, Ger¢ek Negatifler (TN) = 208 ve Yanlis Pozitifler (FP) = 4'ten
olusan karigiklik matrisi, duyarlilik ve 6zgiillik arasinda giiglii bir denge goéstermektedir. Bu,
modelin hem neredeyse tiim pozitif kanser vakalarim tespit edebildigini hem de ¢ok diisiik bir
yanlig pozitif oranim koruyabildigini gdsteriyor; yanlis siniflandirmanin ciddi klinik sonuglara yol
acabilecegi tibbi teshislerde 6nemli bir 6zellik.

Olaganiistii performans ve yiiksek AUC degerleri, derin 6zellik 6grenme, optimize edilmis
boyut azaltma ve uyarlanabilir simif agirliklandirmasmin sinerjik entegrasyonunun sistemin tani
giiciinii 6nemli olgiide artirdigini gostermektedir. Derin MLP bileseni, biyomedikal &zellikler
arasindaki karmasik, dogrusal olmayan bagimliliklar: etkili bir sekilde yakalayarak verilerin zengin
bir gizli temsilini saglar. Ozellik kaynastirilmis otokodlayici, giiriiltiiyii ve alakasiz bilgileri
filtreleyerek bu temsilleri daha da iyilestirerek 6zIii ancak bilgilendirici bir 6zellik alani olugturur.
Agirlik ayarli karar agaci daha sonra giivenilir ve klinik olarak anlasilabilir siniflandirma sonuglari
iiretmek i¢in yorumlayict mantig1r uygular. Bu hibrit kombinasyon, yalnizca dogrulugu en iist
diizeye ¢ikarmakla kalmaz, ayn1 zamanda karar seffafligin1 da korur; bu, yapay zeka destekli tani
araglarimin klinik olarak benimsenmesi ve giivenilmesi i¢in temel bir gerekliliktir. Sonug olarak,
Onerilen c¢ergeve, Ongoriicli performans ve yorumlanabilirlik arasindaki boslugu kapatma
kapasitesini gostererek, klinik olarak uygulanabilir akilli tan1 sistemlerine giden pratik bir yol
sunmaktadir.

Umut verici sonuglara ragmen, calisma gelecekteki arastirmalarda ele alinmasi gereken

bazi sinirlamalar1 da kabul etmektedir. WBCD veri kiimesi, yaygin olarak dogrulanmis ve iyi
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aciklamali olmasina ragmen, nispeten kiigiik ve homojen bir 6rneklem kiimesini temsil etmektedir.
Gergek diinyadaki klinik popiilasyonlarda gbézlemlenen karmasikligi ve heterojenligi tam olarak
yansitamayabilir. Bu nedenle, modelin klinik giivenilirlige ulagmasi i¢in, mamografi, ultrason,
MRI, histopatoloji ve gen ifadesi verileri gibi ¢esitli gorlintiileme ve genomik yontemleri kapsayan
daha biiyiikk, cok merkezli ve ¢ok modlu veri kiimelerinde daha ileri diizeyde dogrulanmasi
gerekmektedir. Bir diger kritik husus ise modelin yorumlanabilirligidir. Karar agaci bileseni bir
miktar seffaflik saglarken, derin sinir bilesenleri (MLP ve otokodlayici) dogasi geregi kara kutu
modelleri olarak islev goriir. Klinik entegrasyon i¢in hekimlerin kararlarin nasil elde edildigini
izleyebilmeleri ve anlayabilmeleri gerekir. Bu nedenle, SHAP (SHapley Eklemeli Agiklamalar),
LIME (Yerel Yorumlanabilir Modelden Bagimsiz Agiklamalar) veya dikkat tabanli gorsellestirme
mekanizmalar1 gibi agiklanabilir yapay zeka (XAI) tekniklerinin dahil edilmesi, yorumlanabilirligi
artirarak klinisyenler tarafindan giiven ve kabul gérmeyi kolaylastirabilir.

Bu c¢alismani pratik katkilari ii¢ ana noktada ozetlenebilir. lk olarak, &nerilen cerceve,
geleneksel makine 6grenmesi algoritmalarina kiyasla 6nemli bir performans artisi saglamakta ve bu
da tibbi veri analizinde derin hiyerarsik temsil 6greniminin faydasmi gdstermektedir. Ikinci olarak,
derin sinirsel ve sembolik aga¢ tabanli modelleri birlestirerek, yiiksek dogruluk ile
yorumlanabilirlik arasinda basarili bir denge kurmaktadir; bu, klinik ortamlar igin kritik bir
gerekliliktir. Ugiincii olarak, bir simif agirliklandirma mekanizmasinin dahil edilmesi, biyomedikal
verilerdeki en yaygin sorunlardan biri olan siif dengesizligini etkili bir sekilde ele alarak azinlik
(kotii huylu) vakalarin géz ardi edilmemesini saglar. Bu katkilar bir araya geldiginde, ¢ergeveyi tip
uzmanlarina tanisal akil yliritme ve risk siniflandirmasinda yardimei olabilecek giivenilir bir klinik
karar destek sistemine doniistiirmek i¢in saglam bir temel olusturur.

Gelecege bakildiginda, mevcut calismayr genisletmek igin ¢esitli arastirma alanlari
ongoriilmektedir. Gelecekteki ¢aligmalar, klinik ¢esitliligi ve veri heterojenligini daha iyi yansitan
biiyiikk oOlgekli, ¢ok kurumlu veri kiimeleri kullanarak modeli dogrulamaya odaklanacaktir.
Histopatoloji slaytlari, radyografik goriintileme ve molekiiler belirtegler gibi ¢ok modlu veri
kaynaklarinin entegre edilmesi, gercevenin meme kanserinin daha kapsamli ve baglam-farkinda
temsillerini 6grenmesini saglayacaktir. Ayrica, hafif mimariler, model budama ve niceleme
teknikleri araciligiyla hesaplama verimliliginin optimize edilmesi, klinik is akiglarinda gercek
zamanli uygulamay1 destekleyecektir. Aciklanabilirligin artirilmasi, tahminlerin seffafligini
saglamak ve hekimler tarafindan incelenebilecek karar gerekgeleri saglamak i¢in XAl tekniklerinin
daha fazla entegre edilmesiyle temel bir oncelik olmaya devam edecektir. Son olarak, transfer
o0grenme, topluluk 6grenme ve meta-0grenme gibi gelismis stratejilerin arastirilmasi, modelin
uyarlanabilirligini ve daha 6nce goriilmemis veri kiimelerine genellestirilmesini artirarak sistemi
daha dayanikli ve klinik olarak giivenilir hale getirebilir.

Sonug olarak, bu ¢alisma, meme kanseri siniflandirmasi icin Derin Cok Katmanli Ogrenme

(MLP), 6zelliklerle birlestirilmis bir otokodlayic1 ve agirlik ayarl bir karar agacinin gii¢lii yonlerini
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birlestiren saglam ve hibrit bir makine Ogrenimi cercevesi sunmaktadir. Onerilen yaklasim,
olaganiistii yiiksek dogruluk ve giivenilirlik saglayarak gercek diinya teshis uygulamalari igin
potansiyelini vurgulamaktadir. Karmagik veri iligkilerini etkili bir sekilde yakalayarak, yedekliligi
azaltarak ve simif dengesizligini ele alarak, model otomatik meme kanseri tespiti i¢in kapsamli bir
¢Oziim sunmaktadir. Elde edilen sonuclar, yapay zeka destekli erken teshis ve karar destegine
dogru onemli bir adimi temsil etmektedir. Biiyiikk 6lgekli veri kiimeleri lizerinde daha fazla
dogrulama ve gelistirilmis agiklanabilirlik mekanizmalariyla, Gnerilen sistem arastirmadan gergek
diinya klinik uygulamasina gegis igin gii¢lii bir potansiyele sahiptir ve erken teshise ve iyilestirilmis
hasta sonug¢larina anlamli bir sekilde katkida bulunmaktadir.

Bu c¢alismada METABRIC veri setinin kullanilmasi, Onerilen hibrit modelin
performansinin daha genis ve karmagik bir veri ortaminda degerlendirilmesine 6nemli katki
saglamistir. METABRIC, geleneksel meme kanseri veri tabanlarina kiyasla ¢ok daha biiylik
orneklem hacmine ve daha fazla klinik ile genomik degiskene sahiptir. Bu 6zellikleri sayesinde
model, farkli hasta profilleri ve ¢ok boyutlu veri yapilar {izerinde test edilmis; boylece genelleme
yetenegi daha giicli bir sekilde dogrulanmistir. Sonuglar, hibrit mimarinin ger¢ek diinya
kosullarina benzer karmasik veri yapilariyla etkili bir sekilde basa ¢ikabildigini ve klinik tahmin

stireclerinde gilivenilir bir yaklagim oldugunu gostermektedir.
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1. INTRODUCTION

Breast cancer is responsible for most deaths due to cancer in women all over the world.
Therefore, it is very important to detect breast cancer at an early stage and classify it accurately for
effective treatment and better patient outcomes. Although powerful diagnostic strategies (eg,
mammography, biopsy, medical exams) exist, there are barriers [1-3]. Due to the slow, invasive,
and error-prone nature of these techniques, diagnosis and treatment may be delayed [4, 5]. The
standard types of diagnosis can be improved using machine learning and artificial intelligence [6-
8]. By using ML algorithms that are capable of analyzing huge volumes of clinical records and
recognizing different patterns, and offering accurate classifications. It can aid in the early detection
of breast cancer [9-11]. Among various machine learning (ML) techniques, neural networks,
decision trees, and autoencoders have shown proven potential in medical diagnostics [12-15]. The
purpose of this is to deepen the investigation into integrating the strengths of these strategies
together into a strong framework for breast cancer classification, as already achieved in this work.

The research uses the dataset called the Wisconsin Breast Cancer Dataset. This dataset was
created by Dr. William H. Wahlberg, a Department of Medicine physician from the University of
Wisconsin Hospital in Madison, Wisconsin, USA [15-17]. The new, complex algorithm was built
from Deep MLPs, Feature-Fused Autoencoder, and Weight-Tuned Cross-Validated Decision Tree,
trained and tested on these subsets. The performance parameters are as per accuracy, recall, F1
score, and precision. The complex algorithm optimized hidden units, dropout, and batch size,
which affect performance parameters.

The chapter also offers a thorough and integrated overview of the medical and
technical considerations of breast cancer, taking a medical look at breast cancer, which
gives an overview of the disease and its global extent. Later, it discusses all its types, the
symptoms most associated with it, as well as the treatment used. When diseases are

detected early, the chances of recovery increase. Thus, this is highly essential.

Cancer refers to diseases that cause body cells to mutate or change in such a way that the
cells replicate uncontrollably. Tumors and cancers can occur in any part of the body [18, 19].
Breast cancer is one of the types of abnormal growths, and the cancer cells mostly grow in the
lobules or mammary glands in the breast [20, 21].

Breast cancer is classified as one of the most dangerous cancers because it does not usually
exhibit symptoms or signs during the early development of the tumor [6, 22, 23]. Thus, it is vital to
adopt effective early detection methods. Most women get a physical exam for a solid lump in the
breast or swelling of the nodes in the armpit area [24-26].

Usually, a clinical examination will help your physician diagnose breast cancer, but most

of the time, a patient finds out about it after she notices a lump. A mammogram is also used, which



is a machine that squeezes the breast tightly to see lumps underground [27-29]. A mammogram
may highlight tumors that are most likely benign (non-cancerous), but we may perform a needle
biopsy if diagnosis is suspected [28, 30, 31].

The most common type of breast cancer is invasive, defined as cancer cells breaking out of
ducts or glands and invading surrounding breast tissue [32, 33].

Breast cancer is a broad term that covers several molecular types of breast cancer (4) and
histological types (more than 21) [34, 35]. The risks, rates of recurrence, and clinical outcomes of
these types are very different. The classification of histological types occurs based on their size,
shape, and arrangement [36]. On the other hand, molecular types refer to the gene expression of the
tumor and its biological markers, including estrogen receptor (ER), progesterone receptor (PR), and
HER?2 receptor [37, 38].

Cancer treatment strategies depend on the type of cancer and stage, age, and preference of
the patient. The primary aim of the treatment is the removal of all cancer cells from the human
body [39]. If surgery is required, a total mastectomy is the removal of an entire breast, or in some
cases like a partial mastectomy where the tumor and a suitable margin of surrounding healthy
tissue is removed [40]. Surgery is typically followed by radiation therapy to eliminate any
remaining cells and reduce the risk of recurrence [41].

Besides local treatment, systemic treatment is also done. Systemic treatment uses
medication that travels in the bloodstream and affects the whole body [42]. Although effective,
these treatments can cause side effects on other tissues and organs. Even though effective, these
treatments can affect other tissues and organs [43]. One treatment is chemotherapy, and, in general,
they are used for metastatic cases and in young women. One can choose from several treatments
for breast cancer according to the prescription of the doctor. Hormonal therapy, targeted therapy,
and immunotherapy are among them [44].

In 2019, there were about 268,600 new cases of breast cancer and 41,760 deaths in the
USA, according to the American Cancer Society [45, 46]. This shows that the cases of disease are
increasing year by year and taking a toll on public health.

About twenty percent to thirty percent of people diagnosed with breast cancer experience
recurrence. This is relatively high compared to other types of cancers. This means scientists need to
keep researching how to treat cancer better [46, 47].

To develop better treatment protocols, it is important to review the medical records of
previous patients and evaluate treatment outcomes.

There are several software tools available for extracting and analysing medical information
from clinical documents. cTAKES is a programme that assesses the clinical notes of patients to
extract relevant terms suggesting the recurrence of breast cancer, which can help monitor patients

at risk of recurrence [48].



A breast cancer recurrence occurs when the cancer returns after the original lesion has been
fully treated and believed to be cured. Remaining cancer cells that were not eliminated during the
first course of treatment frequently cause recurrence [49]. In order to create treatment plans that
lower recurrence rates and increase the likelihood of disease-free survival, it is essential to

understand the causes of recurrence and the mechanisms by which it is detected.

1.1. Types of Breast Cancer
There are different types of breast cancer based on where the cancer cells start and how

they spread. The most important groups are:

e Benign Tumors: These are growths that are not cancerous and do not spread to
other parts of the body. Benign tumors are not life-threatening, but they may need
to be watched or surgically removed if they cause pain[19, 50, 51].

e Malignant Tumors: These are cancerous and can spread to other parts of the body
and invade nearby tissues. Malignant tumors necessitate immediate and vigorous

intervention [52, 53].

Further classification includes:

e Ductal Carcinoma in Situ (DCIS): A non-invasive cancer in which abnormal cells
are contained within the milk ducts [54, 55].

e Invasive Ductal Carcinoma (IDC): The most common type, where cancer cells
spread beyond the ducts into the surrounding breast tissue [54, 56].

e Invasive Lobular Carcinoma (ILC): Cancer that begins in the lobules and invades

surrounding tissues [57-59].

1.2. Symptoms and Risk Factors

Common symptoms of breast cancer include [60, 61]:

e A lump in the breast or underarm
e A change in the breast's size, shape, or look
e Anunusual discharge from the nipple

e Dimpling or redness on the breast skin



Major risk factors include:

e Family history and genetic mutations (e.g., BRCA1, BRCA2)
e Age and gender
e Hormonal imbalances

e Obesity and lifestyle-related factors

1.3. Importance of Early Detection

Early detection of breast cancer greatly increases the likelihood of effective treatment and
survival [62]. In clinical settings, they use mammography, ultrasound, and biopsy. But these old-
fashioned ways of diagnosing can take a long time, cost a lot of money, and lead to errors due to
human error [63].

Researchers are exploring how to combine smart systems, such as machine learning and
deep learning algorithms, to help doctors make faster, more accurate, and more consistent
diagnostic decisions. Al-based systems can analyze complex patterns in medical datasets to detect

cancerous traits earlier.

1.4. Significance and Objectives of the Proposed Study

The reviewed studies primarily employed traditional machine learning models, without
integrating deep learning or feature fusion strategies. They often had imbalances in class-wise
performance or lacked strength in key metrics such as accuracy, recall, and AUC. In response, the
proposed method in this thesis introduces a hybrid framework that combines Deep Multi-Layer
Perceptron (MLP), Feature-Fused Autoencoder Neural Networks, and a Weight-Tuned Cross-
Validated Decision Tree. This framework addresses the limitations of previous works by improving
feature representation, enhancing generalization, and achieving consistently higher performance
across all major evaluation metrics. The combination of deep learning and model optimization
techniques enables more accurate and reliable breast cancer diagnosis using the WDBC dataset.

This study aims to develop an efficient machine learning (ML) framework that combines a
deep multilayer perceptron (Deep MLP) for function extraction, a feature-fused autoencoder for
dimensionality reduction, and a weight-tuned cross-validated decision tree for final classification.
Each element of the developed framework plays a crucial role in enhancing overall performance.
The Deep MLP is a sort of synthetic neural network that includes more than one layer of neurons,
including input, hidden, and output layers. It is, in particular, powerful in extracting complex
features from entered data, which might be crucial for accurate classification. By leveraging its
deep knowledge of techniques, the Deep MLP can identify challenging patterns within the data that
may be indicative of malignant or benign breast cancer. An autoencoder is an unmonitored neural

network designed to study the encoding of entered data. This study introduces a Feature-Fused
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Autoencoder that not only reduces the dimensionality of the input information but also enhances
the representation, thereby gaining insight into the method. The fusion mechanism in the
autoencoder integrates characteristic extraction and dimensionality reduction, resulting in a more
compact and informative representation of the facts. This step is crucial for reducing computational
complexity and enhancing the efficiency of the subsequent classification level. Decision trees are
extensively used for classification duties due to their simplicity and interpretability. However, their
overall performance may be substantially enhanced through weight tuning and cross-validation.
The Weight-Tuned Cross-Validated Decision Tree in our framework adjusts the weights of various
training sets to handle class imbalance. It employs cross-validation to ensure a robust and unbiased
evaluation of the model. This method ensures that the final category version is accurate and
generalizable. To evaluate the effectiveness of the proposed framework, we employ k-fold cross-
validation. This robust technique divides the dataset into k subsets, allowing for multiple rounds of
training and testing. This method provides a comprehensive assessment of the version's overall
performance across distinct record splits, thereby reducing the likelihood of overfitting and
ensuring the reliability of the effects. Performance metrics, including accuracy, precision, F1-
rating, and Area Under the Curve (AUC), are used to quantify the version's effectiveness in

classifying breast cancer.

1.5. The principal contributions of the thesis

The principal contributions of this study encompass:

1. Improvement of a singular ML framework that integrates Deep MLP, Feature-
Fused Autoencoder, and Weight-Tuned Cross-Validated Decision Tree for breast

cancer classification;

[

. A comprehensive assessment of the proposed framework, the usage of the
Wisconsin breast cancer dataset, demonstrating advanced performance
3. A deep analysis of the novel's complicated algorithms' overall performance using

more than one metric, like accuracy, recall, F1-score, and precision.

N

. Study the parameters that affect the performance parameters that can be adjusted in

the complicated algorithm, like hidden units, dropout, and batch size.

n

. Study the relationships between the influencing parameters and determine the
extent of their impact on performance parameters.

6. By integrating current deep MLP techniques into a cohesive and practical

framework, this study aims to contribute to ongoing efforts to improve breast

cancer prognosis and, ultimately, enhance patient care and outcomes.



This thesis consists of five chapters. Chapter 1 introduces the research problem, the types
of breast cancer, its symptoms, risk factors, the importance of early detection, the objectives of the
study, its significance, and the main contributions. Chapter 2 provides a comprehensive review of
the available literature on breast cancer classification using machine learning techniques. Chapter 3
reviews the basic theories underlying traditional machine learning methods and then explains the
hybrid method proposed in this thesis. It also details the sub-algorithms it comprises. In addition,
the chapter addresses performance benchmarks and begins by describing the steps for applying the
hybrid algorithm to the selected breast cancer database. Chapter 4 provides an overview of the
results across various hyperparameters, along with necessary discussions and comparisons with

other researchers' findings. Finally, Chapter 5 discussed the conclusions and future work.



2. PRELIMINARY WORK

This chapter provides a comprehensive review of the literature on breast cancer
classification using machine learning techniques. It summarizes the most significant research,
detailing the algorithms used, datasets utilized, evaluation metrics, and key findings. Particular
attention is paid to comparative studies, hybrid and deep learning methods, and explainable Al
techniques. The chapter also highlights limitations and research gaps identified in previous work,
providing a clear and justified basis for the methodology proposed in subsequent chapters.

(M. M. Islam et al., 2020) [63] applied five traditional machine learning algorithms, SVM,
KNN, RF, ANN, and LR, to breast cancer classification using the WDBC dataset. Although ANN
achieved strong results, the study relied solely on conventional models and did not incorporate
deep learning or feature-level enhancements.

(Nirdosh Kumar, 2020) [64] Conducted a comparison using LR, SVM, KNN, and Naive
Bayes. While SVM performed the best, the other models showed limited recall and accuracy, and
the study did not explore advanced optimization or deep representation learning techniques.

(G. Battineni et al., 2020) [65] evaluated SVM, LR, and KNN models. Despite having
acceptable precision, their models showed lower accuracy, recall, and AUC. Their approach also
did not integrate deep learning or feature fusion methods.

The study of P. Karatza, et al 2021 [66], which uses RF, NN, and ENN in the diagnosis of
breast cancer from the WDBC dataset . This study is compared with the proposed work.

(Jiande Wu, and Chindo Hicks 2021) [67]. This study evaluated four different
classification models, including Support Vector Machines, K-nearest neighbor, Naive Bayes, and
Decision Tree, using features selected for Breast Cancer Type Classification Using Machine
Learning. SVM achieved the highest Accuracy and Recall were 90% and 87% respectively, while
the highest Specificity was 91% with DT.

(Vu Pham Thao Vy et al.2022) [68], This study aimed to develop a machine-learning
classification model to differentiate ductal carcinoma in situ and minimally invasive breast cancer
using clinical characteristics, mammography findings, ultrasound findings, and histopathology
features. The model of this study showed that the five most important features were calcifications
on mammograms, lymph node presence, microcalcifications on histopathology, the shape of the
mass on ultrasound, and the orientation of the mass on ultrasound.

(Mohammed Amine Naji et al. 2021) [69] This study used SVM, RF, LR, DT, and KNN
for breast cancer prediction and diagnosis. They studied accuracy, precision, sensitivity, and F-
Measure. SVM achieved the highest accuracy = 97.2% on the WBCD dataset

(A. 1. Aishwarja et al., 2020-2021) [70] Implemented RF, KNN, SVM, and Naive Bayes.
SVM showed the best performance among them; however, the models overall had limitations in

precision and recall. The study did not include modern neural architectures.
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(S. Sakib et al., 2021-2022) [71] employed a wide range of classifiers, including SVM, DT,
LR, RF, KNN, and NN. While RF achieved strong F1-scores, most models underperformed in
recall and accuracy. The work focused solely on traditional machine learning without using deep
learning.

(Bharti Thakur et al. 2022) [72] Machine learning classifiers, SVM, Decision Tree, Ada
Boost, random forest, and ANN, were used in this paper for detecting breast cancer. SVM gives the
accuracy of 86.9%; decision tree 85.3%, random forest 86.3%, Ada Boost 68.5%, and ANN gives
87.43% accuracy.

(M. Monirujjaman Khan et al., 2022) [73] applied RF, LR, DT, and KNN, reporting class-
wise Fl-scores for benign and malignant cases. Although LR showed better class-wise results, the
overall approach lacked depth in learning capability and optimization.

(V. Nemade and V. Fegade K, 2023) [74] evaluated multiple algorithms, KNN, SVM, DT,
Naive Bayes, and LR, based on class-wise performance metrics. Despite DT and LR yielding
balanced scores, inconsistencies were observed across classes, particularly for malignant cases.

(Khandaker Mohammad Mohi Uddin et al. 2023) [75]. In this research work, the
Wisconsin Breast Cancer Dataset (WBCD) has been used as a training set from the UCI machine
learning repository to compare the performance of the various machine learning techniques.
Different kinds of machine learning classifiers such as support vector machine (SVM), Random
Forest (RF), K-nearest neighbors(K-NN), Decision tree (DT), Naive Bayes (NB), Logistic
Regression (LR), AdaBoost (AB), Gradient Boosting (GB), Multi-layer perceptron (MLP), Nearest
Cluster Classifier (NCC), and voting classifier (VC) have been used for comparing and analyzing
breast cancer into benign and malignant tumors. Various matrices, such as error rate, Accuracy,
Precision, F1-score, and recall, have been implemented to measure the model's performance. Each
Algorithm's accuracy has been ascertained for finding the best suitable one. Based on the analysis,
the result shows that the Voting classifier has the highest accuracy, which is 98.77%, with the
lowest error rate.

(Dinesh & Kalyanasundaram, 2023) [76] compared SVM, KNN, Decision Tree, and
Random Forest using UCI’s breast cancer data. Random Forest outperformed others with ~95%
accuracy, versus 92% (SVM), 90% (KNN), and 88% (Decision Tree).

(Aiman Fatima et al. 2023)[77] In this study, different algorithms are examined. SVC
obtained an 86.36%, Decision Tree an 86.18%, and Random Forest an 86.00%. The deep learning
model, more precisely, a neural network, outperformed these results with a highest 93% accuracy.

(Ruiming Zeng et al. 2024) [78] In this work, an efficient and robust deep learning
framework called FastLeakyResNet-CIR, an improved ResNet architecture, is proposed for breast
cancer detection and classification

(Patnala S. R. et al. 2024) [79] The objective of this investigation was to improve the

diagnosis of breast cancer by combining two significant datasets: the Wisconsin Breast Cancer
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Database and the DDSM Curated Breast Imaging Subset (CBIS-DDSM). A hybrid deep learning
algorithm consisting of CNNs and stochastic gradients is used for the detection of breast cancer,
utilizing an accuracy is 96% precision of 95%, a Recall is 95%, and an AUC-ROC value of 0.96.

(Ghosh & Chatterjee, 2024, preprint) [80] evaluated ten ML algorithms (including SVM,
XGBoost, CNN, RNN, Random Forest, and Logistic Regression) on UCI breast cancer data. SVM
emerged best, achieving 98.25% accuracy, outperforming even CNN and XGBoost.

(Badar Almarri et al. 2024) [81]. Using machine learning techniques, including KNN,
D.T., R.F., SVR, and Gaussian Naive Bayes (GNB), this research aims to create a breast cancer
detection model. This research deduces that the Grid Search Algorithm outperforms all the other by
achieving 92.6383% accuracy.

(Sharma et al.,, 2025)[82] compared Random Forest, Neural Networks, Logistic
Regression, and tuned models using Randomized Search CV across WBCD and Coimbra datasets.
Random Forest demonstrated superior accuracy and generalizability.

In a study by M. Giiler et al. (2025) [83], DenseNet201, a deep convolutional neural
network, was employed for breast cancer classification. The model achieved an accuracy of 89.4%,
precision of 88.2%, recall of 84.1%, F1-score of 86.1%, and an AUC of 95.8%, underscoring the
efficacy of deep learning in complex medical image analysis.

( H. Rafiepoor et al., 2025)[84] compared various ML models, including Random Forest,
Support Vector Machine, and Logistic Regression, with the traditional Gail risk assessment model
for breast cancer risk prediction. The ML models outperformed the Gail model in recall and F1-
score, highlighting the potential of Al-based approaches in early risk prediction.

(T. Arravalli et al.,, 2025) [85] utilized Random Forest classifiers combined with
explainable Al techniques for breast cancer detection. The model achieved an F1-score of 84%, and
the integration of explainable Al methods provided transparency and interpretability to the model's
predictions.

(Umesh Kumar Lilhore et al. 2025) [86]. The study named “Hybrid convolutional neural
network and bi-LSTM model with EfficientNet-B0O for high-accuracy breast cancer detection and
classification” used CNN + Bi-LSTM + EfficientNet-B0 and achieved an accuracy score of 99.2%
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Previous studies demonstrate the effectiveness of some traditional machine learning

algorithms, such as SVM, RF, KNN, and LR, in classifying breast cancer. However, they also

reveal several shortcomings. Most previous research has focused solely on traditional models

without leveraging modern deep learning methods, feature fusion techniques, or advanced

optimization techniques. While some models achieved acceptable accuracy, they suffered from low
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recall, poor generalization across different databases, and fluctuating performance across classes,
especially in malignant cases. Furthermore, few studies have examined hybrid approaches that
combine the advantages of more than one algorithm, and explainable Al techniques have not
received sufficient attention. The proposed work is a hybrid approach that combines three
complementary algorithms: the deep multilayer neural network (Deep MLP), the feature-fused
autoencoder, and the weight-tuned cross-validation decision tree. Through this integration, the
proposed system aims to increase classification accuracy, improve recall, and achieve higher and
more reliable generalization in breast cancer diagnosis.

Previous studies demonstrate the effectiveness of some traditional machine learning
algorithms such as SVM, RF, KNN, and LR in breast cancer classification, but they also reveal
several weaknesses. Most previous research has focused solely on traditional models without
leveraging modern deep learning methods, feature fusion techniques, or advanced optimization
techniques. Some models achieved acceptable accuracy but suffered from low recall, poor
generalization across different databases, and fluctuating performance across categories, especially
in malignant cases. Furthermore, few studies have addressed hybrid approaches that combine the
advantages of more than one algorithm.

Given these challenges, this work proposes a hybrid approach that combines three
complementary algorithms: a deep multilayer neural network (Deep MLP), a feature-fused
autoencoder, and a weight-tuned cross-validation decision tree. Through this integration, the
proposed system aims to increase classification accuracy, improve recall, and achieve higher and

more reliable generalization in breast cancer diagnosis.
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3. MATERIAL AND METHOD

With technical advancement, harmful diseases that threaten human survival are increasing
at a similar rate. For women, breast cancer is considered the second most deadly disease, and it can
be curable if it is detected at an early stage. In day-to-day health applications, the earlier diagnosis
of breast cancer based on an automated process is expected [87]. Breast cancer manual diagnosis is
time-consuming and tedious; thus, automatic diagnosis is essential. The recent healthcare system is
effective; however, they are prone to faults. Artificial intelligence based on medical image
classification is emerging as an effective tool that assists doctors by classifying medical images in
various characteristics, resulting in early treatment and diagnosis. Machine learning and deep
learning are comprised of various algorithms that are capable of diagnosis that is more accurate at
an early stage, reducing the mortality rates. Artificial intelligence approaches boost the
development of a new model in medical image classification to reduce healthcare expenses due to
faulty diagnosis [88]. Medical imaging refers to certain approaches that are used to evaluate the
human body to diagnose, treat, or track abnormalities. Medical imaging researchers are classifying
the size, characteristics, and location of the abnormalities as an efficient approach to extracting
useful data from huge amounts of information. Various researchers intensively focus on the
interpretation and production of medical images to identify the majority of abnormalities. Machine
learning and deep learning have made essential progress in recent decades and play an important
role in the medical field, such as medical image classification.

Significantly, medical imaging is considered an effective way to identify breast cancer with
various modalities like PET, mammography, MRI, ultrasound, CT, and radiography, which are

regularly used for the breast cancer screening process.

3.1. Breast Cancer Data Sources

The development of any machine learning-based diagnostic system relies heavily on the
availability of quality datasets. In the context of breast cancer classification, numerous datasets
have been collected and made publicly available to support research in automated diagnosis. These
datasets include clinical features, demographic information, pathological data, and imaging results.

For this study.

3.1.1. Wisconsin Diagnostic Breast Cancer (WDBC) dataset

The Wisconsin Diagnostic Breast Cancer (WDBC) dataset has been selected due to its
popularity, accessibility, and suitability for classification tasks.

This dataset was downloaded from the UCI Machine Learning Repository, a well-known

and reliable source of datasets used in Al research. A simplified version of this dataset includes 569
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samples (examples) and 32 features (features), with each sample representing a fine-needle
aspiration (FNA) sample taken from breast tissue.

Fine needle aspiration (FNA) is a non-invasive diagnostic procedure that uses a thin needle
to extract cells from suspicious tissue for microscopic examination. The WBCD dataset contains
samples classified as malignant (212 cases) and benign (357 cases) and is free of missing values for
all features.

Each sample is represented as a 9-dimensional vector with values ranging from 1 (most
normal) to 10 (most abnormal), based on the extracted nucleus features. The dataset includes 10
key numerical features calculated for each cell nucleus:

Description of cell nucleus properties in the WBCD dataset [89].

1. Radius: The arithmetic mean of the distances from the center of the cell nucleus to
points on its periphery. It is used as a general indicator of nucleus size.

2. Texture: The standard deviation of grayscale values within the nucleus, reflecting
local variation in illumination intensity and image composition.

3. Perimeter: The total length of the nucleus boundary, calculated based on the
connected points that form the nucleus periphery.

4. Area: The number of pixels within the nucleus boundary, plus half the number of
pixels on the periphery. It is used as a measure of nucleus size.

5. Smoothness: Measures local variations in radius lengths by calculating subtle
differences between the distances from the center to the edges. Lower values
indicate smoother, more uniform boundaries.

6. Compactness: Calculated using the equation: Perimeter2 / area. It expresses the
density or compactness of the nucleus's shape.

7. Concavity: Measures the intensity of the concave segments (inward-facing areas)
around the nucleus' perimeter. Higher values indicate a more irregular and complex
boundary.

8. Concave Points: The number of concave segments or gaps evident on the nucleus'
perimeter.

9. Symmetry: Expresses the asymmetry of the nucleus's shape by measuring the
differences in the lengths of lines drawn perpendicular to the nucleus's major axis
in both directions to the nucleus's boundary.

10. Fractal Dimension: A measure of boundary complexity using the "coastline
estimation" method. Higher values indicate more irregular and jagged borders,

which often indicate a higher likelihood of cancer cells being present.
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For each of these ten features, three statistical indicators are calculated:

e Mean
e Standard Error (SE)
o  Worst Value (Average of the three highest recorded values)

This results in 30 features per sample. For example, feature 2 represents the mean radius,
feature 12 represents the standard error of the radius, and feature 22 represents the worst radius

value. Figure (3-1) explains the correlation matrix of the WDBC dataset.
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Figure 3.1. Correlation matrix of the WDBC dataset
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3.1.2. Molecular Taxonomy of Breast Cancer International Consortium (METABRIC)
dataset

The METABRIC (Molecular Taxonomy of Breast Cancer International Consortium)
dataset constitutes one of the most comprehensive and rigorously curated population-based cohorts
in the field of breast cancer research. It comprises a total of 1,904 patients with extensive
longitudinal follow-up, providing an exceptionally rich source of clinico-genomic information. The
dataset encompasses detailed demographic characteristics, tumor histopathological features,
hormone receptor profiles, therapeutic interventions, and meticulously documented survival
outcomes. Moreover, METABRIC incorporates high-dimensional molecular data, including
mRNA expression signatures and genome-wide copy number alterations spanning approximately
25,000 genes. The integration of clinical and genomic variables within a single dataset renders
METABRIC particularly advantageous for the development of sophisticated predictive models in
machine learning and deep learning. Its substantial cohort size, robust annotations, and prolonged
follow-up duration significantly enhance the validity, reliability, and generalizability of analytical
findings, thereby establishing METABRIC as a foundational and widely referenced resource in
contemporary breast cancer researches [90, 91].

The METABRIC dataset is widely used in cancer research for:

e Survival prediction modelling
e Treatment outcome analysis
e Biomarker discovery

e Clinical decision support systems

Feature description of Metabric as follows [91, 92]:

1. Age at Diagnosis: The patient’s age when breast cancer was first diagnosed.

2. Type of Breast Surgery: The type of surgery performed, such as mastectomy or
breast-conserving surgery.

3. Cancer Type: High-level classification of the cancer (breast cancer or breast
sarcoma).

4. Detailed Cancer Type: Specific histopathological subtype such as ductal, lobular,
mucinous, metaplastic, etc.

5. Cellularity: The amount of residual tumor cells after chemotherapy.

6. Chemotherapy: Indicates whether chemotherapy was administered.

7. PAMSO0 + Claudin-Low Subtype: Molecular subtype derived from gene-expression
profiling.

8. Cohort: The study group or batch to which the patient belongs.
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9. Estrogen Receptor Status (IHC): ER  expression measured by
immunohistochemistry.

10. Estrogen Receptor Status: Indicates ER-positive or ER-negative classification.

11. Histologic Grade: The microscopic aggressiveness of the tumor (grades 1-3).

12. HER?2 Status (SNP6): HER2 amplification measured using SNP6.

13. HER?2 Status: Indicates HER2-positive or HER2-negative cancer.

14. Other Histologic Subtype: Additional tissue-based subtype classifications.

15. Hormone Therapy: Whether hormonal treatment was given.

16. Menopausal State: Patient’s menopausal status (pre or post)

17. Integrative Cluster: Molecular classification based on multi-omic integration.

18. Tumor Laterality: Indicates whether the tumor is in the right or left breast.

19. Positive Lymph Nodes: Number of lymph nodes affected by the tumor.

20. Mutation Count: Total number of somatic mutations identified.

21. Nottingham Prognostic Index: Composite score predicting prognosis.

22. OncoTree Code: Standardized oncology diagnostic code.

23. Overall Survival (Months): Duration of survival after diagnosis or treatment.

24. Overall Survival Status: Indicates whether the patient is alive or deceased.

25. Progesterone Receptor Status: Indicates PR-positive or PR-negative tumor.

26. Radiotherapy: Whether radiation therapy was administered.

27. Three-Gene Classifier Subtype: Molecular subtype derived from ER, PR, and
HER2.

28. Tumor Size: Size of the primary tumor.

29. Tumor Stage: Stage describing tumor spread and involvement.

30. Death from Cancer: Whether death was caused by breast cancer.

Figure 3.2. explains the correlation matrix of the METABRIC dataset.
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Figure 3.2. Correlation matrix of the METABRIC dataset

3.2. Diagnostic methods

3.2.1. Traditional methods
Many traditional machine learning methods are used to detect breast cancer. These
methods rely on analysing features extracted from images or data of breast cells to classify them as

benign or malignant. Here is a brief overview of the most important of these methods [93-96]:

A. Decision Tree:

This is an algorithm that builds a tree-like model, where data is progressively partitioned
according to specific features. Each internal node represents a condition on a feature, and each
branch represents the outcome of that condition. Ultimately, the leaves lead us to a final decision: is
the sample malignant or benign? It is easy to interpret, but it can suffer from overgeneralization if

not properly tuned.
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B. Support Vector Machine (SVM):

It aims to find the optimal threshold between malignant and benign samples, ensuring that
this threshold is as large as possible between the two classes. It is particularly effective in cases
involving a large number of features, and its performance can be tailored using various types of

kernels to suit the nature of the data.

C. Logistic Regression:

This is a statistical model used to estimate the probability that a sample belongs to a
particular class (malignant or benign). Despite its simplicity, it is considered a powerful model for
binary classification and is often used as a benchmark when evaluating the performance of more

complex models.

D. K-Nearest Neighbors (KNN):

This model compares the new sample with its k nearest samples in the training set and
determines the class based on the majority. That is, if most of the new sample's neighbors are
malignant, the model classifies it as such. This method is simple but can become slow with large

datasets.

E. Naive Bayes:

This is a classification model based on Bayes' theorem, assuming that each characteristic is
independent of the others (a simplistic assumption that often fails to hold in practice). Despite its
simplicity, it has demonstrated good performance in certain cases, particularly when the data is not

complex.

F. Multi-Layer Perceptron (MLP):
This is a type of artificial neural network, consisting of multiple layers of nodes (neurons).
It is used to learn complex patterns from data through a training process based on backpropagation.

Although it is an older model, it remains in use in many medical applications.

3.2.2. Modified method (proposed method)

Traditional machine learning algorithms for breast cancer diagnosis face several significant
challenges, including poor generalization ability when dealing with small or imbalanced datasets,
inefficiencies in automatically extracting optimal features, reliance on manual input or manual
feature selection, and difficulty representing nonlinear and complex relationships between different
features.

To address these limitations, this work proposes a modified hybrid approach that integrates

three powerful and complementary algorithms within a unified framework, specifically designed to
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enhance the accuracy and reliability of breast cancer diagnosis. This modified method consists of a

deep MLP, feature-fused autoencoder, and a weight-tuned cross-validation decision tree.

A. Deep Multilayer Perceptron (Deep MLP)

MLP refers to a feed-forward neural network (FNN) that passes data in a single direction
through neural networks and their equivalent neurons, which are organized in multiple layers in a
parallel manner. Initially, the first layer is the input layer, and the output layer is the last; the hidden
layers are presented in the intermediate. When the FNNs are comprised of a single hidden layer,

then it is referred to as an MLP.Figure3-3 explains the Deep MLP algorithm.
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Figure 3.3. Deep MLP architecture[97]

The advantages considered are the ability of generalization and effective classification
performance. Moreover, the systematic work is illustrated by variations between traditional

machine learning methods and deep learning methods, as shown in Figures 3-4 and 3-5.

0
Input > ‘1 »  Features > »  Output
Feature Engineering Classifier with
(Manual Extraction+Selection) ) shallow structure

Figure 3.4.Traditional Machine Learning
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Figure (3-3), shows (a) Shows that the traditional ML needs manual feature extraction.
Whereas the modern DL models can automate every feature as well as the training process, thereby
performing efficient learning. This exhibits the efficacy of the proposed DL over the traditional
ML.

Mathematically, the deep MLP for Feature Extraction can be described as follows[98]:

Let the input data be:

|X = {x®,x@, .., xM}, x® e R4 (3-1)

Pass each input through a deep MLP:

Ih(i) = fMLP(X(i)) = UL(WL —_a (Wlx(i) + bl) + o 4 bL) (3-2)

Where:
’;j: activation function (e.g., ReLU)

/i, bj: weights and biases at layer j

- 7
l_l(‘) € R%4": extracted feature vector

B. Feature Fused Auto Encoder Neural Network

A new structure of auto-encoder, namely, Feature Fused Auto Encoder Neural Network, is
established based on the conventional auto-encoder symmetric property. Compared with the
traditional auto-encoder, the new fused auto-encoder is generated by folding the traditional
structure’s right side to the left side. This feature fused auto-encoder contains Lil/2 hidden layers,
similar to a traditional auto-encoder with L hidden layers. However, the variation is the
computational cost among the two structures presented in the number of tuned weights, limited to

half in the newly developed auto-encoder.
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Mathematically, the Feature-Fused Autoencoder can be described as follows: [99]

Let the extracted features be:

|H ={h®W,h®, .., h™) (3-3)

The autoencoder encodes each feature vector into a lower-dimensional fused latent vector:

2@ = fon(h®) € R%,d, < d' (3-4)

Fusion Layer

(e.g., attention or weighted average of multi-layer features):

’ngi) =F (z(i)), (e.g., self-attention, max-pooling, etc.)

Decoder (optional, for unsupervised training):

'h(i) = fdec (Z}Ei)) (3-5)

Loss (if unsupervised reconstruction is used):

N
1 La
s =g [BO —hO| (3-6)
i=1

Now %}SD are the dimensionality-reduced features.
C. Weight-Tuned Cross-Validated Decision Tree

A decision tree is regarded as a general classification of the divide-and-conquer approach.
Based on this model, the data is represented in a tree model, the different characteristics are

represented by internal nodes, and leaf nodes are expressed from data sample labels. The tree’s
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path is between the leaf and the root to find the corresponding dataset. The leaf node consists of the
final grading outcome.

Mathematically, the Weight-Tuned Decision Tree can be described as follows: [98]

Train a decision tree classifier on reduced features. F}EO

Let b/(i) be the label (e.g., benign/malignant)

The classifier is trained as:

b\’(i) = ftree (Z]Ei); 9) -7

Where: ]_‘tree :is a decision tree, ’5 includes split criteria and sample weights tuned via

cross-validation:

|H = arg mginLtree +1-Q(0) (3-8)

ILiree - classification loss (e.g., Gini impurity or entropy)
2(0): regularization (e.g., tree depth, number of leaves)

2: regularization strength

The best P is selected via cross-validation, optimizing performance metrics like accuracy,

Fl-score, or AUC.
To generate the proposed modified algorithm, the above three algorithms were combined,

so the final equation of the combined algorithms is:

Deep MLP . ¥ -
)x(i) eep_) G FE)A Z;l) WT E)VDT 5}(1.) 3-9
3.3. Performance Matrices
Firstly, the confusion matrix is one of the estimates used to evaluate the performance of the

model:

3.3.1. Confusion Matrix

It is just a table that tells us which values were correctly predicted and which are not.
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Predicted Class Predicted Class
Yes (+1) No (-1)

Actual Class
Yes (+1) TP FN

Actual Class

No (-1) FP TN

Then the performance matrices that can be calculated are [100]

3.3.2. Sensitivity
Sensitivity/recall/true positive rate (TPR): It evaluates what percentage of patients are

correctly identified to have a particular disease (+ ve instances) and is illustrated as:

—Tp (3-10)
EN T, + Fy

Where ﬁ is True Positives and [Fy is False Negatives.

3.3.3. Specificity
Specificity/true negative rate (TNR): Determines what percentage of patients are correctly

identified not to have a particular disease (—ve instances) and elucidated as:

~— TIn (3-11)
Py +F,

where ITTN is True Negatives, E is False Positives, and |Fy is False Negatives.

3.3.4. Precision
Positive predicted value (PPV): Specifies what percentage of patients is actually relevant
(+ ve) and described as:

_Tp (3-12)
R T, +F,

where ITTP is True Positives, and [Fp is False Positives.

3.3.5. Accuracy
Accuracy: It is the ratio of correctly categorized samples to the total number of samples

and is interpreted as:
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o - Tp + Ty (3-13)
U T, +Fp + Ty + Fy

Where ﬁ is True Positives, ﬁ is True Negatives, E is False Positives, and [Fy is False

Negatives.

3.3.6. F1 Score

The F1 score is the harmonic mean of the precision and recall. It is also called the F Score
or the F-measure.

In simple terms, the F1 score conveys the balance between precision and recall

(sensitivity).

2Tp (3-14)

}Fl Score = m

3.4.The procedure steps of the proposed algorithm

The proposal proposes effective machine learning techniques to classify breast cancer from
the Wisconsin breast cancer dataset effectively. Initially, the data is pre-processed to remove
unwanted information. Further, the feature extraction of significant information or abnormalities is
performed using the Deep Multi-Layer Perceptron (Deep MLP) approach. Moreover,
dimensionality reduction is performed to avoid unnecessary or irrelevant data using the newly
developed Feature Fused Auto Encoder Neural Network. Finally, the breast cancer classification is
performed by using the Weight-Tuned Cross-Validated Decision Tree approach. The overall flow

is shown in the following Figure 3-7.
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Figure 3.7. Flow chart diagram of the modified algorithm

3.4.1. Import the libraries
The libraries utilized in this study include Pandas, NumPy, Keras, and modules from

Scikit-learn, specifically preprocessing and MinMaxScaler.

3.4.2. Exploratory data analysis
In this step, the DATASET has been read through the command

df =pd. read_csv("breast_cancer.csv")

3.4.3. Splitting into X and Y
In this step, the Wisconsin dataset (569, 32) was split into x and y, where x represents the
data frame consisting of ID, diagnosis, and 32 other rows, while y represents diagnosis only, as

shown in Table 3-1.
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Table 3.1. x and y split data
x — DataFrame

Index | radius_ | texture | perimeter | area_mea | smooth | compactnes | concavity | concave
mean mean _mean n ness_me | s_mean _mean points_
an mean
1 0.1799 | 0.1038 0.1228 0.1001 0.1184 0.2776 0.3001 0.1471
2 0.2057 | 0.1777 0.1329 0.1326 0.0847 0.07864 0.0869 0.0701
3 0.1969 | 0.2125 0.1300 0.1203 0.1096 0.1599 0.1974 0.1279
4 0.1142 | 0.2038 0.7758 0.3861 0.1425 0.2839 0.2414 0.1052
5 0.2029 | 0.1434 0.1351 0.1297 0.1003 0.1328 0.1980 0.1043
6 0.1245 | 0.1570 0.8257 0.4771 0.1278 0.17 0.1578 0.0808
7 0.1825 | 0.1998 0.1196 0.1040 0.0946 0.109 0.1127 0.0740
8 0.1371 0.2083 0.9020 0.5779 0.1189 0.1645 0.0936 0.0598
9 0.1300 | 0.2182 0.8750 0.5198 0.1273 0.1932 0.1859 0.0935
10 0.1246 | 0.2404 0.8397 0.4759 0.1186 0.2396 0.2273 0.0854
y — Series
Index diagnosis
1 M
2 M
3 M
4 M
5 M
6 M
7 M
8 M
9 M
10 M

3.4.4. Data normalization for the feature extraction

In this step, y, normalized as shown in table 3-3.
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Table 3.2. The normalization of the y data

R Q| Q| N B W N =S

O O O O O O O o o @

3.4.5. Deep MLP for feature extraction

MLP is referring to a feed-forward neural network (FNN) that passes the data in an

individual direction through a neural network and its equivalent neurons, which are organized in

multiple layers in a parallel way. Initially, the first layer is the input layer, and the output layer is

the last; the hidden layers are presented in the intermediate. When the FNNs comprise a single

hidden layer, it is referred to as ML.

Deep MLP is creating multiple hidden layers in a neural network. Here, the depth refers to the

number of hidden layers.

There are ten steps to train a Deep MLP as follows:

Pre-process Data: This is a very important step, and more attention should be paid
here. Pre-processing helps us to understand the data better, and any irrelevant data
can be removed, or the most important fields can be identified.

Weights: Weights need to be initialized before proceeding to the next step.
Activation function: ReLU is the most commonly used activation function now.
Batch Normalization is a process of adding a layer deep in the network to
normalize the data. It enables faster convergence.

Optimizer: Most commonly used Optimizer is Adam (Adaptive Model Estimation
)

Hyperparameters: Architecture — number of layers, number of neurons; Dropout
rate; Optimizer parameters like mean/ variance at time (t).

Loss Function: Determine the log function. The commonly used log functions are

log-loss, squared loss, etc.
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performance. Table (3-3) represents the (x_feat) array.

8. Gradient: It is a good practice to monitor gradients and updates for each epoch,

layer, and weight. Clipping is a common method for gradient monitoring.

9. Plot: Visualize train loss against epochs. The training loss should be approximately

close to the testing loss for a perfect model.

10. Over-fitting: Take extra care to avoid overfitting. The difference between train

and test loss should be small.

The advantages considered are the ability to generalize and effective classification

Table 3.3. The (x_feat) array

94 95 96 97 98 99
561 12.8344 -5.3651 20.4201 -17.4405 -15.8429 -4.8733
562 23.4714 -13.6170 38.1241 -37.8403 -29.7806 -12.9156
563 42.0273 -29.8629 69.3633 -76.2040 -54.4759 -28.8447
564 45.6611 -33.6410 75.5954 -84.6121 -59.4350 -32.5765
565 39.7470 -28.1683 65.5823 -71.9425 -51.5034 -27.1971
566 27.3820 -17.4985 44.7956 -46.6123 -35.0795 -16.7425
567 40.8038 -29.8779 67.5119 -75.3041 -53.0714 -28.9902
568 7.0449 -3.0436 11.2004 -9.5928 -8.7040 -2.7229

3.4.6. Feature-Fused Autoencoder Neural Network

A new structure of auto-encoder, namely, Feature Fused Auto Encoder Neural Network, is

established based on conventional auto-encoder symmetric properties. Compared with the

traditional auto-encoder, the new fused auto-encoder is generated by folding the traditional

structure’s right side to the left side. This feature fused auto-encoder contains Lil/2 hidden layers

similar to a traditional auto-encoder with L hidden layers. However, the variation is the

computational cost among the two structures presented in the number of tuned weights, limited to

half in the newly developed auto-encoder.

The auto-encoder first compresses the input vector into a lower-dimensional space and then

tries to reconstruct the output by minimizing the reconstruction error. The auto-encoder tries to

reconstruct the output vector as similarly as possible to the input layer. The dimension reduction for

this step is shown in Table (3-4)
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Table 3.4. The dimension reduction

44 45 46 47 48 49
561 14.3001 -0.4516 -0.8065 -17.9619 -1.8264 1.1095
562 19.6854 2.4858 1.8042 -35.1704 1.8334 -0.3682
563 27.5454 9.8153 3.2841 -63.2748 8.9210 -2.9062
564 27.8862 11.6794 3.2567 -68.9199 10.8824 -3.4352
565 26.1930 9.2128 3.1337 -59.8287 8.3589 -2.7300
566 21.0724 4.5849 2.3733 -41.1334 3.8354 -1.3648
567 25.2639 10.2672 2.9744 -61.5573 9.5332 -3.0246
568 7.8046 -0.2491 -0.3452 -9.8743 -0.9279 00.5866
3.4.7. Splitting into training and testing
In this step, the dataset is split into 20% test and 80% train as shown in table 3-5.
Table 3.5. Train and test data
0 1 2 3 4 y_train
51 -0.7731 -2.4562 -1.2722 0.1163 0.0267 | _ 505 0
52 0.2542 -4.3567 -1.4030 1.0526 0.5345 506 1
53 -0.4241 -1.7968 -0.8442 -0.2696 0.8561 507 1
54 -0.4833 -1.9848 | -0.9322 -0.2743 | 0.0599 508 0
55 -0.4061 -1.7494 -0.8139 -0.2760 0.0507 5(1)9 8
56 0.0387 -1.9915 -0.1486 -1.1858 | -0.4893 511 P
45 46 47 48 49 y_test
50 0
0.8476 0.2048 -19.8999 -0.3772 -0.6468 51 ]
3.9874 1.99446 -33.3133 3.4224 -1.2167 52 1
4.9385 2.7828 -51.0767 3.8754 -1.2809 53 0
1.25116 1.29133 | -31.4882 | 1.0264 -0.1580 54 0
9.32249 2.40488 -52.7459 8.8028 -2.7376 35 0
56 0
0.263552 0.5673 -19.6349 0.1919 0.4082 -
3.4.8. Weight-Tuned

Cross-Validation Decision Tree

A decision tree is regarded as generally classifying the divide-and-conquer approach.
Based on this model, the data is represented in a tree model, the different characteristics are
represented with internal nodes, and leaf nodes are expressed from data sample labels. The tree’s
path is between the leaf and the root to find the corresponding dataset. The leaf node consists of the

final grading outcome, as shown in Figure 3-7.
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Figure 3.8. Proposed Weight-Tuned Cross-Validation Decision Tree

3.4.8.1. Cross-validation

An essential step when building any machine learning model is to determine how to assess
its final performance. To obtain an unbiased measure of the model's performance, we must evaluate
it on the data that was not utilized for training. The most straightforward approach to split the data
is to employ the train-test split technique. It randomly divides the dataset into two sets (known as
training and test sets) so that the specified percentage of the whole dataset is in the training set.

Then, we feed our machine learning model with the training set and assess its performance
with the test set. This approach ensures the samples used for training are not used for evaluation
and vice versa.

However, the train-split method is not without drawbacks. If the dataset is small, this
method is likely to produce inaccurate results. Because of the random partition, the results for
different test sets can be drastically different because, in some partitions, samples that are easy to
classify are included in the test set, while in others, the 'difficult' ones are included. To address this
problem, we employ cross-validation to assess the performance of a machine-learning model. We
do not divide the dataset into training and test sets only once in cross-validation. Instead, we divide
the dataset into smaller groups and average the performance in each one. This reduces the effect of
partition randomness on the results. Numerous cross-validation methods specify various divisions
of the available dataset. The k-fold and leave-one-out strategies are the two that are most frequently
employed.

In k-fold cross-validation, we initially split up our dataset into k subgroups of equal size.
The train-test process is then repeated k times, with each repetition using one of the k subsets as a
test set and the remaining k-1 subsets as a training set. By averaging the results across the k trials,
we finally calculate an estimate of the model's performance.

In the leave-one-out (LOO) cross-validation, we train our machine-learning model on the
amount of our dataset. Every time, we train our model using the remaining samples, and only one

sample is used as a test set.
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An important factor when choosing between the k-fold and the LOO cross-validation
methods is the size of the dataset.
When the size is small, LOO is more appropriate since it will use more training samples in

each iteration. That will enable our model to learn better representations.
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4. RESULTS AND DISCUSSIONS

4.1. Introduction

This chapter deals with the results and their discussion. The results presented here are the
confusion matrix, the ROC curve, the AUC value, and performance parameters. These results have
been obtained at different hyperparameters, like weights, train-test size percentages, batch size,

Hidden units, and dropout. The results were finally compared with other studies.

4.2. Results overview at different hyperparameters

4.2.1. Weights effects

The results in Table 4-1 and Figure 4-1 illustrate the effect of varying weights on model
accuracy using the WDBC dataset across different test sizes. Ten different weights were tested, and
the results showed a generally positive, fluctuating relationship between increasing weights and
improving classification performance.

At low weight levels, the models performed moderately well. For example, at a weight of 1
and a 10% test size, the accuracy reached 0.8596, one of the lowest values recorded. As the weights
increased, the accuracy values showed significant improvements, albeit with some fluctuations
depending on the test size. For example, at a weight of 5 and a 15% test size, the accuracy reached
0.9534, while at the same weight and a 30% test size, it dropped to 0.9298. This indicates that
increasing weights often improves performance, but it does not follow a consistent linear pattern, as
it remains sensitive to the effect of test size.

The most notable result was recorded at weight (9) with a 25% test size, where the model
achieved the highest recorded accuracy of 0.9580. This demonstrates that the interaction between
weight tuning and test size can provide optimal conditions for the model to generalize efficiently,
by balancing underfitting at low weights and overfitting at very high weights.

It was also found that at large test sizes (30%—45%), fluctuations in accuracy became more
pronounced. While some weights maintained relatively stable performance (e.g., weight 10 with a
45% test size, which achieved 0.9338), others experienced a significant decline (e.g., weight 9 with
a 30% test size, which dropped to 0.9123). This discrepancy reflects that the model's robustness
depends in part on optimizing the weights to match the data split.

Overall, these results highlight that careful tuning of weight parameters is essential for
improving model accuracy. Intermediate weights (such as 7 and 9) achieved superior results across
multiple test sizes, underscoring their role in achieving stability. These results are consistent with
previous literature that has emphasized the importance of improving regularization parameters in
enhancing the efficiency of breast cancer classification models, whether in statistical models or

machine learning-based algorithms.
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Table 4.1. Accuracy at different weights and different test sizes

Weight accuracy accuracy accuracy accuracy accuracy accuracy accuracy accuracy
10%test 15%test 20%test 25%test 30%test 35%test 40%test 45%test
1 0.8771 0.9418 0.9210 0.9440 0.9532 0.9300 0.9122 0.9338
2 0.8596 0.9418 0.9298 0.9370 0.9473 0.9200 0.9035 0.9182
3 0.8771 0.9418 0.9298 0.9370 0.9415 0.9300 0.9078 0.9182
4 0.8596 0.9418 0.9298 0.9300 0.9532 0.9200 0.9166 0.9221
5 0.8596 0.9534 0.9210 0.9300 0.9298 0.9300 0.8947 0.9143
6 0.8596 0.9418 0.9298 0.9300 0.9298 0.9050 0.9078 0.9143
7 0.8771 0.9534 0.9298 0.95104 0.9415 0.9250 0.9122 09143
8 0.8771 0.9302 0.9210 0.93706 0.9415 0.9350 0.9254 0.9105
9 0.8771 0.9418 0.9210 0.9580 0.9122 0.9200 0.9078 0.9182
10 0.8596 0.9302 0.9298 0.9370 0.9356 0.9300 0.9122 0.9338
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Figure 4.1. Accuracy vs weight

4.2.2. Train and Test sizes effects

These performance parameters are evaluated at different iterations of a dataset. The
iterations that were used were (10:90, 15:85, 20:80, 25:75, 30:70, 35:65, 40:60, and 45:55) for
testing and training data, respectively. Table (4-2) shows the accuracy for each iteration. Figure (4-
2) explains the accuracy at different weights for each iteration. Even with a decrease in the

proportion of training data, the network can deliver an accuracy of classification higher than 90%.
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Table 4.2. The accuracy at different iterations and different train and test sizes.

Iteration Test size % Train size % Accuracy
1 10 90 0.9947
2 15 85 0.9929
3 20 80 0.9824
4 25 75 0.9824
5 30 70 0.9806
6 35 65 0.9683
7 40 60 0.9648
8 45 55 0.9666

Accuracy
1
0,995
0,99
0,985
0,98
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© 0,975
=
g 097
< 0,95
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0,955
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0,945
1 2 3 4 5 6 7 8
Itration

Figure 4.2. Accuracy at different weights for different test sizes

The projected result at 0.10 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 558, with 11 incorrect
forecasts. Figure (4-3) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 99.6% for the Weight-Tuned Cross-Validated Decision Tree
classifier. The confusion matrix indicates that the model correctly classified 350 attack samples,
while incorrectly classifying 7 attacks as normal traffic. For normal traffic, 208 samples were
correctly classified, while 4 were incorrectly identified as attacks. These results demonstrate that
the model performs reliably in both categories, despite a small number of false negatives in the

attack category and a limited number of false positives in the normal category.
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Figure 4.3. The confusion matrix and the ROC curve for the iteration with a test size of 10% and
train size of 90%

The projected result at 0.15 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 563, with 6 incorrect
forecasts. Figure (4-4) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 98.2% for the Weight-Tuned Cross-Validated Decision Tree
classifier. The confusion matrix in the final model shows that 357 samples were correctly classified
as attack traffic, while none were classified as normal traffic. For normal traffic, the model
correctly classified 206 samples, while misclassifying 6 as attacks. This indicates that the model
demonstrates strong attack detection performance with no false negatives for the attack category,

while maintaining a low false positive rate for normal traffic.
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Figure 4.4. The confusion matrix and the ROC curve for the iteration with a test size of 15% and a
train size of 85%
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The projected result at 0.20 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 559, with 10 incorrect
forecasts. Figure (4-5) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
It shows that the accuracy under the curve is 98.7% for the Weight-Tuned Cross-Validated
Decision Tree classifier. According to the confusion matrix, the model correctly classified 355
attack samples and incorrectly classified only 2 as normal traffic. For normal traffic, 204 samples
were correctly classified, while 8 were incorrectly predicted as attacks. These results indicate that
the model maintains high detection power with very low false-negative rates for attack samples and
few false-positive rates for normal traffic. Overall, the model demonstrates stable and robust

performance in both categories.
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Figure 4.5. The confusion matrix and the ROC curve for the iteration with a test size of 20% and a
train size of 80%

The projected result at 0.25 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 559, with 10 incorrect
forecasts. Figure (4-6) shows the ROC curve of the decision tree. It shows that the accuracy under
the curve is 97.8% for the decision tree classifier. The confusion matrix shows that the model
correctly classified 354 attack samples, while incorrectly classifying 3 samples as normal. For the
normal category, the model correctly identified 205 samples and incorrectly classified 7 as attacks.
These results indicate that the model performs well with a low number of false negatives for attack
samples and a relatively small number of false positives for normal traffic. This reflects consistent

and reliable classification behavior in both categories.
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Figure 4.6.The confusion matrix and the ROC curve for the iteration with a test size of 25% and a
train size of 75%

The projected result at 0.30 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 558, with 11 incorrect
forecasts. Figure (4-7) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 97.8% for the Weight-Tuned Cross-Validated Decision Tree
classifier. The confusion matrix indicates that the model correctly classified 352 attack samples and
incorrectly classified 5 samples as normal. For the normal category, the model correctly identified
206 samples and incorrectly classified 6 as attacks. These results reflect stable model performance

with low false negatives for attack traffic and low false positives for normal data traffic.
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Figure 4.7. The confusion matrix and the ROC curve for the iteration with a test size of 30% and a
train size of 70%

The projected result at 0.35 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 551, with 18 incorrect
forecasts. Figure (4-8) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 97.7% for the Weight-Tuned Cross-Validated Decision Tree
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classifier. The confusion matrix shows that the model correctly identified 349 attack samples, while
8 attacks were incorrectly classified as normal traffic. Regarding normal traffic, 202 samples were
correctly classified, while 10 were incorrectly predicted as attacks. These results indicate a slight
increase in misclassification rates compared to previous runs, but still reflect generally reliable

performance in both categories.
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Figure 4.8. The confusion matrix and the ROC curve for the iteration with a test size of 35% and a
train size of 65%

The projected result at 0.40 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 449, with 20 incorrect
forecasts. Figure (4-9) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 96.8% for the Weight-Tuned Cross-Validated Decision Tree
classifier. The confusion matrix shows that the model correctly classified 351 attack samples, while
6 samples were incorrectly classified as normal. For normal traffic, 198 samples were correctly
identified, while 14 were incorrectly predicted as attacks. This configuration shows slightly higher
false positives for the normal category compared to previous runs; however, the model still
demonstrates strong and consistent performance in detecting attack traffic with relatively low false

negative rates.
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Figure 4.9. The confusion matrix and the ROC curve for the iteration with a test size of 40% and a
train size of 60%

The projected result at 0.45 test size is displayed in the confusion matrix, as well as the
model’s computed performance. The total number of correct predictions is 550, with 19 incorrect
forecasts. Figure (4-10) shows the ROC curve of the Weight-Tuned Cross-Validated Decision Tree.
The accuracy under the curve is 96.5% for the Weight-Tuned Cross-Validated Decision Tree
classifier. The confusion matrix shows that the model correctly classified 347 attack samples, while
10 attack samples were incorrectly classified as normal. For the normal category, 203 samples were
correctly predicted, and 9 were incorrectly classified as attacks. Compared to previous results, this
run shows a slightly higher false negative rate for attack traffic, although it maintains stable
classification performance for the normal category. Overall, the model continues to demonstrate

reliable behavior in both categories.
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Figure 4.10. The confusion matrix and the ROC curve for the iteration with a test size of 45% and a
train size of 55%
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Table 4.3. Classification report at 10% test size

precision recall fl-score support
0 0.9900 0.9800 0.9800 357
1 0.9700 0.9800 0.9700 212
Accuracy 0.9800 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9800 0.9800 0.9800 569

In the table (4-3), the overall Fl-score achieved in this case at 10%test size is 98%. The

individual F1-score is 98% for benign and 97% for malignant.

Table 4.4. Classification report at 15% test size

precision recall Fl1-score support
0 0.9900 1.0000 0.9900 357
1 1.0000 0.9800 0.9900 212
Accuracy 0.9900 569
Macro avg 0.9900 0.9900 0.9900 569
Weighted avg 0.9900 0.9900 0.9900 569

In the table (4-4), the overall F1-score achieved in this case at a 15% test size is 99%. The

individual F1-score is 99% for benign and 99% for malignant.

Table 4.5. Classification report at 20% test size

precision recall Fl1-score support
0 0.9800 0.9900 0.9900 357
1 0.9900 0.9600 0.9800 212
Accuracy 0.9800 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9800 0.9800 0.9800 569

In the table (4-5), the overall F1-score achieved in this case at a 20% test size is 98%. The

individual F1-score is 99% for benign and 98% for malignant.
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Table 4.6. Classification report at 25% test size

precision recall fl-score support
0 0.9800 0.9900 0.9900 357
1 0.9900 0.9700 0.9800 212
Accuracy 0.9800 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9800 0.9800 0.9800 569

In the table (4-6), the overall F1-score achieved in this case at a 25% test size is 98%. The

individual F1-score is 99% for benign and 98% for malignant.

Table 4.7.Classification report at 30% test size

precision recall fl-score support
0 0.9800 0.9900 0.9800 357
1 0.9800 0.9700 0.9700 212
Accuracy 0.9800 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9800 0.9800 0.9800 569

In the table (4-7), the overall F1-score achieved in this case at a 30% test size is 98%. The

individual F1-score is 98% for benign and 97% for malignant.

Table 4.8. Classification report at 35% test size

precision recall fl-score support
0 0.9700 0.9800 0.9700 357
1 0.9600 0.9500 0.9600 212
Accuracy 0.9700 569
Macro avg 0.9700 0.9700 0.9700 569
Weighted avg 0.9700 0.9700 0.9700 569

In the table (4-8), the overall F1-score achieved in this case at a 35% test size is 97%. The

individual F1-score is 97% for benign and 96% for malignant.
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Table 4.9. Classification report at 40% test size

precision recall F1-score support
0 0.9600 0.9800 0.9700 357
1 0.9700 0.9300 0.9500 212
Accuracy 0.9600 569
Macro avg 0.9700 0.9600 0.9600 569
Weighted avg 0.9600 0.9600 0.9600 569

In the table (4-9), the overall F1-score achieved in this case at a 40% test size is 96%. The

individual F1-score is 97% for benign and 95% for malignant.

Table 4.10. Classification report at 45% test size

precision recall F1-score support
0 0.9700 0.9700 0.9700 357
1 0.9500 0.9600 0.9600 212
Accuracy 0.9700 569
Macro avg 0.9600 0.9600 0.9600 569
Weighted avg 0.9700 0.9700 0.9700 569

In the table (4-10), the overall F1-score achieved in this case at a 45% test size is 97%. The

individual F1-score is 97% for benign and 96% for malignant.

Table 4.11. AUC at different iterations and different test sizes

Iteration Test size % Train size % AUC
1 10 90 0.9960
2 15 85 0.9820
3 20 80 0.9870
4 25 75 0.9780
5 30 70 0.9780
6 35 65 0.9770
7 40 60 0.9680
8 45 55 0.9650
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Figure 4.11. AUC vs Iteration

As shown in the figure (4-11) and table (4-11), the AUC decreased gradually as the test
size increased, meaning that using less training data reduced the model’s learning capacity and
generalization performance. The highest AUC (0.996) was achieved with 90% training and 10%
testing, indicating optimal learning at that ratio. The stability between iterations 4—6 suggests that
the model maintains reasonable robustness until the training data falls below 65

Choosing an appropriate train—test ratio is crucial for reliable model evaluation. For this
diagnostic model, a 90—10 or 80-20 split provides a good balance between training sufficiency and

testing reliability, achieving near-perfect AUC.

4.2.3. Batch-size effects

At a hidden unit equal to 256 and dropout equal to 0.45, different values of batch size (32,
64, 128, and 256) were used to get the optimal batch size at which the performance parameters
improve. Tables from (4-12) to (4-16) explain the classification reports and the ROC curves with
the AUC values. Figure from (4-12) to (4-15) displays the performance parameters (accuracy,
precision, recall, and F1-score) as well as AUC at different values of batch size (32, 64, 128, and
256). The performance parameters and AUC have higher values at the batch size of 128. Then 128

represents the optimal value of the batch size in this work.
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Table 4.12. Classification report at Batch size 32

precision recall F1-score
0 0.9900 1.0000 0.9900
1 1.0000 0.9900 0.9900
Accuracy 0.9900
Macro avg 0.9900 0.9900 0.9900
Weighted avg 0.9900 0.9900 0.9900
Accuracy score 0.9912
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Figure 4.12.The ROC curve for the Batch size 32

Table 4.13. Classification report at Batch size 64

precision recall F1-score
0 0.9900 0.9900 0.9900
1 0.9900 0.9900 0.9900
Accuracy 0.99
Macro avg 0.9900 0.9900 0.9900
Weighted avg 0.9900 0.9900 0.9900
Accuracy score 0.9929
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Figure 4.13. The ROC curve for the Batch size 64

Table 4.14. Classification report at Batch size 128

Accuracy
Macro avg
Weighted avg

Accuracy score

Tue Positive Rate or (Sensitivity)

Attact

precision recall F1-score
0 0.9900 1.0000 1.0000
1 1.0000 0.9900 0.9900
0.9900
0.9900 0.9900 0.9900
0.9900 0.9900 0.9900
0.9947
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Figure 4.14. The ROC curve for the Batch size 128
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Table 4.15. Classification report at Batch size 256

precision recall F1-score support
0 0.9900 0.9900 0.9900 357
1 0.9900 0.9800 0.9800 212
Accuracy 0.9900 569
Macro avg 0.9900 0.9900 0.9900 569
Weighted avg 0.9900 0.9900 0.9900 569
Accuracy score 0.9896
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Figure 4.15. The ROC curve for the Batch size 256
Table 4.16. Performance parameters at different batch sizes
batch size Accuracy Class Precision recall F1-score AUC
B 0.9900 1.0000 0.9900
32 0.9912 M 1.0000 | 0.9800 | 0.9900 0.98
B 0.9900 0.9900 0.9900
64 0.9929 M 0.9900 0.9900 |  0.9900 0.99
B 0.9900 1.0000 1.0000
128 0.9947 M 1.0000 0.9900 |  0.9900 0.99
B 0.9900 0.9900 0.9900
256 0.9876 M 0.9900 0.9800 |  0.9800 0.98
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Figure 4.16. Accuracy at different batch sizes
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Figure 4.17. The AUC at different batch sizes

As shown in figures (4-16) and (4-17), and as indicated in table (4-16), the accuracy
improves as the batch size increases until a certain point, after which it begins to decrease. The
improvement results from larger batch sizes, which enable the model to see more diverse examples
during each training iteration. This greater exposure to varied samples can help the model learn
more robust, generalizable patterns in the data, leading to better performance on unseen data.
However, the increase in batch size must be limited at some point, as accuracy can decline beyond
that point, since extremely large batch sizes might cause overshooting of the optima and lead the

model to converge to a suboptimal solution.
4.2.4. Hidden Unit Effects

Figures from (4-18) to (4-25) show the classification reports and ROC curves at different
hidden units (16, 32, 64, 128, and 256)
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Table 4.17. Classification report at Hidden Unit 16

precision recall Fl-score support
0 0.9900 0.9900 0.9900 357
1 0.9800 0.9800 0.9800 212
Accuracy 0.9900 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9900 0.9900 0.9900 569
Accuracy score 0.9859
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Figure 4.18. The ROC curve for the Hidden Unit 16

Table 4.18. Classification report at Hidden Unit 32

Precision recall F1-score Support
0 0.9900 0.9900 0.9900 357
1 0.9800 0.9800 0.9800 212
Accuracy 0.9900 569
Macro avg 0.9800 0.9800 0.9800 569
Weighted avg 0.9900 0.9900 0.9900 569
Accuracy score 0.9859
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Figure 4.19. The ROC curve for the Hidden Unit 32

Table 4.19. Classification report at Hidden Unit 64

Accuracy
Macro avg

Weighted avg

Accuracy score

precision recall F1-score
0 0.9900 0.9900 0.9900
1 0.9900 0.9800 0.9900
0.9900
0.9900 0.9900 0.9900
0.9900 0.9900 0.9900
0.9455
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Figure 4.20.The ROC curve for the Hidden Unit 64

Table 4.20. Classification report at Hidden Unit 128

Precision recall Fl-score
0 0.9900 0.9900 0.9900
1 0.9900 0.9900 0.9900
Accuracy 0.9900
Macro avg 0.9900 0.9900 0.9900
Weighted avg 0.9900 0.9900 0.9900
0.9894

Accuracy score
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Figure 4.21. The ROC curve for the Hidden Unit 128

Table 4.21. Classification report at Hidden Unit 256

Precision recall Fl-score

0 0.9900 1.0000 0.9900

1 1.0000 0.9800 0.9900

Accuracy 0.9900

Macro 0.9900 0.9900 0.9900
avg

Weighted 0.9900 0.9900 0.9900
avg
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Figure 4.22.The ROC curve for the Hidden Unit 256

Table 4.22. Classification report at Hidden Unit 512

Precision Recall Fl1-score support
0 0.9900 1.0000 0.9900 357
1 1.0000 0.9800 0.9900 212
Accuracy 0.9900 569
Macro avg 0.9900 0.9900 0.9900 569
Weighted avg 0.9900 0.9900 0.9900 569
Accuracy score 0.9912
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Figure 4.23. The ROC curve for the Hidden Unit 512
Table 4.23.Performance parameters at different hidden units
Hidden Unit Accuracy Class Precision recall F1-score AUC
B 0.9900 0.9900 0.9900
16 0.9859 M 0.9800 0.9800 0.9800 0.9850
B 0.9900 1.0000 0.9900
32 0.9859 M 1.0000 0.9800 0.9900 0.9850
B 0.9900 0.9900 0.9900
64 0.9894 M 0.9900 0.9900 0.9900 0.9880
B 0.9900 1.0000 1.0000
128 0.9894 M 1.0000 0.9900 0.9900 0.9890
B 0.9900 1.0000 1.0000
256 0.9912 M 1.0000 0.9800 0.9900 | 0-9900
B 0.9900 1.0000 1.0000
512 0.9912 M 1.0000 0.9800 0.9900 0.9890
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Figure 4.24. AUC at different hidden units
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Figure 4.25. Accuracy at different hidden units

As shown in figures (4-24) and (4-25), and also through the remarking of the table (4-23),
one can observe the improvement of accuracy as the hidden units increase until a certain point
where the accuracy starts to decrease. The interpretation of the accuracy affected by the number of
hidden units can be described as follows:

If the number of hidden units is relatively small, the model may not have enough capacity
to learn complex patterns in the data. As you increase the number of hidden units, the model's

accuracy is expected to improve. This improvement occurs because the network becomes more

57



capable of capturing important features and relationships in the data, leading to better
generalization. When you see an increase in accuracy with a higher number of hidden units in this
scenario, it indicates that the initial model was underfitting, and the additional hidden units helped
to address this issue by increasing the model's representational power.

If the number of hidden units is already relatively large, adding more hidden units can
potentially lead to overfitting. Overfitting occurs when the model becomes too specialized in the
training data, and its performance on unseen data starts to degrade. When you see a decrease in
validation accuracy (or training accuracy increasing while validation accuracy stagnates or drops)
with a higher number of hidden units in this scenario, it indicates that the model is likely
overfitting. The additional hidden units allow the model to memorize the training data, but that

doesn't necessarily translate to better generalization of new data.[101]
4.2.5 Dropout effects
Figures from (4-26) to (4-28) represent the classification reports and ROC curves at

different dropout values (0.35, 0.45, and 0.55)

Table 4.24. Classification report at dropout 0.35

precision recall Fl-score support
0 0.9900 0.9900 0.9900 357
1 0.9900 0.9800 0.9900 212
Accuracy 0.9900 569
Macro avg 0.9900 0.9900 0.9900 569
Weighted avg 0.9900 0.9900 0.9900 569
Accuracy score 0.9894
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Figure 4.26.The ROC curve for the dropout of 0.35

Table 4.25. Classification report at dropout 0.45

Accuracy
Macro avg
Weighted avg

Accuracy score

precision
0 0.9900
1 0.9900
0.9900
0.9900

recall

0.9900
0.9900

0.9900

0.9900
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F1-score

0.9912

0.9900
0.9900
0.9900
0.9900

0.9900

Support
357
212
569
569

569
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Figure 4.27.The ROC curve for the dropout of 0.45

Table 4.26. Classification report at dropout 0.55

Accuracy

Macro avg

Weighted avg

Accuracy score

Precision
0 0.9900
1 0.9800
0.9800
0.9800

recall F1-score
0.9900 0.9900
0.9800 0.9800
0.9800
0.9800 0.9800
0.9800 0.9800
0.9841
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Figure 4.28.The ROC curve for the dropout of 0.55
Table 4.27.The performance parameters at different dropout
Dropout | Accuracy Class Precision | Recall | Flscore | AUC
B 0.9900 0.9900 | 0.9900
0.35 o1 M 0.9900 | 0.9800 | 0.9900 | 0-9880
B 0.9900 0.9900 | 0.9900
0.9912
0.45 M 0.9900 | 0.9900 | 0.9900 | 0-9900
B 0.9800 0.9800 | 0.9800
0.55 0.9841 M 0.9800 | 0.9800 | 0.9800 | 0-9840
0,992 n,nm 212654
0,99
> 0,988
£ 0,98
3 0,984182777
0,984
0,982
0,98

Dropout

m035 w045 m0S55

Figure 4.29. Accuracy at different dropout
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Figure 4.30. The AUC at different dropout rates

As shown in figures (4-29) and (4-30), and as indicated in table (4-27), one can observe the
accuracy at different dropout values (0.35, 0.45, and 0.55). The accuracy with the small dropout
(0.35) had an accuracy of (0.9894551845342706), this value increased as the dropout increased to
0.45, and then decreased at the dropout of 0.55. The same behavior occurs for AUC values. The
interpretation is that higher dropout rates provide stronger regularization, helping prevent
overfitting on the training data. As a result, the model may generalize better to new, unseen data,
potentially leading to improved accuracy on the validation and test sets. On the other hand, during
training, the model's performance on the training set may decrease as dropout rates increase. This is
because dropout randomly deactivates neurons, reducing the effective model capacity, as seen with

a dropout rate of 0.55. The optimal dropout is then 0.45.

4.2.6 Summary of the final optimal hyperparameters

Table (4-28) presents the final hyperparameter configuration selected for the proposed
model after extensive experimental evaluation. These values were chosen based on their superior
performance in terms of accuracy, stability, and generalization capability across different training

conditions.
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Table 4.28. Final optimal hyperparameter values used in the proposed model

Hyperparameter Final Value
Hidden Units 256
Dropout Rate 0.45
Weight 9
Train—Test Split 90% Training / 10% Testing
Batch Size 32

The combination of these optimized hyperparameters provided the best balance between
model complexity, training stability, and resistance to overfitting, forming the final configuration

adopted in this study.

4.2.7 Assessment of Hybrid Algorithm Performance on METABRIC Dataset

To realize the proposed hybrid algorithm and to test the ability of its generalization, the
hybrid algorithm applied on larger dataset (METABRIC Dataset).

The hybrid algorithm results demonstrated strong capability in both realization and
generalization when applied to a larger and more complex dataset.

The model achieved an overall accuracy of 0.9482, indicating consistent classification
ability in both categories. For the living category, the model achieved an accuracy of 0.96 and a
recall ratio of 0.94, while for the deceased category, it achieved an accuracy of 0.93 and a recall
ratio of 0.95.

These values reflect the model's ability to accurately identify positive cases in both
categories with minimal bias. Furthermore, the overall and weighted means—both recorded at
0.95—further reinforce the model's strong performance across the entire dataset. These results are
closely consistent with the performance of the same hybrid algorithms previously applied to the
Wisconsin breast cancer dataset, where similarly high accuracy and balanced metrics were
observed.

This consistency highlights the strong generalizability of the proposed hybrid approach,
demonstrating that the model maintains its effectiveness when moving from a smaller, simpler
dataset, such as Wisconsin, to a larger, more complex dataset, such as Metabrick. This confirms the

reliability and scalability of the hybrid methodology used in this study.
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Table 4.29. Classification Report

Class Precision Recall F1-Score Support
Living 0.96 0.94 0.95 1365
Deceased 0.93 0.95 0.94 1144
Accuracy - - 0.95 2509
Macro Avg 0.95 0.95 0.95 2509
Weighted 0.95 0.95 0.95 2509

Avg
Confusion Matrix ROC Curve
£ 04 o
e ROC (AUC = 0 954)

o 1 0.0 02 04 0.6 08 10

Predicted False Positive Rate

Figure 4.31. Confusion matrix and ROC curve with METABRIC Dataset

The strong results obtained from the METABRIC dataset highlight the effectiveness of the
proposed hybrid architecture, which integrates clinical features with high-dimensional genomic
information. The confusion matrix shows excellent predictive accuracy, with 1298 true negatives
and 1095 true positives, while keeping false classifications low. The balanced sensitivity and
specificity (=95%) indicate that the hybrid model successfully handles the heterogeneous nature of
METABRIC, which combines demographic, clinical, and molecular variables.

The ROC curve further emphasizes the model’s stability, with an AUC of 0.954 confirming
its strong discriminative ability across varying decision thresholds. This demonstrates that the
hybrid architecture is capable of learning complex nonlinear relationships that are not easily
captured by traditional statistical or shallow machine-learning models. These results validate the
ability of the model to generalize beyond smaller datasets such as Wisconsin, and confirm that the
METABRIC dataset—being significantly larger and more diverse—benefits substantially from the
hybrid learning paradigm. This reinforces the model’s suitability for real-world clinical prediction

tasks and positions it as a promising candidate for future precision-oncology applications.
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4.3. Comparisons with other approaches
The proposed method, which is (Deep MLP, Feature Fused Auto Encoder Neural Network,
Weight Tuned Cross-Validated Decision Tree), is compared with the following studies:

1. The study of Md. Milon Islam et al. [4] used five matrices: support vector machine
(SVM), KNN, RF, ANN, and LR. Both of these studies used the (WDBC) dataset.
Table (4-30) and Figure (4-31) show the comparison between them. The proposed

method exhibited enhanced performance parameters.

Table 4.30. Performance parameters for different matrices

Algorithm Accuracy Recall Flscore Precession

SVM 0.9741 1.0000 0.9777 0.9565
KNN 0.9741 0.9782 0.9782 0.9782
RF 0.9571 0.9565 0.9670 0.9777
ANN 0.9857 1.0000 0.9890 0.9782
LR 0.9571 0.9574 0.9677 0.9782

Proposed 0.9947 0.9900 0.9900 0.9900

65



Performance parameters

0,99
0,98
0,97
0,96
0,95
0,94
0,93
0,92
0,91

0,9

Value

Accuracy Recall F1score Precession
Method

mSVM =KNN =RF mANN ®=LR mProposed

Figure 4.31. Performance parameters of different matrices with the proposed approach

2. The proposed method, which is (Deep MLP, Feature Fused Auto Encoder Neural
Network, Weight Tuned Cross-Validated Decision Tree), is compared with the
study of Nirdosh Kumar [64], which used (LR, SVM, KNN, and Naive Bayes)
algorithms. For the WDBC dataset, the performance parameters are shown in the
table (4-31) and the figure (4-32). The proposed work achieves higher accuracy
and recall than LR, KNN, and Naive Bayes, while matching the performance of
SVM.

Table 4.31. Performance parameters for different matrices

Algorithm Accuracy Recall
LR 0.9649 0.9565
SVM 0.9824 0.9900
KNN 0.9720 0.9808
Naive Bayes 0.9474 0.9545
proposed 0.9947 0.9900
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Figure 4.32. Performance parameters of different matrices with the proposed approach

3. The performance parameters of the study of G. Battineni et al [102] and the
proposed work are shown in Table (4-32) and Figure (4-33). The proposed work
exhibited higher values of accuracy, recall, and AUC than SVM, LR, and KNN.
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Table 4.32.Performance parameters for different matrices

Algorithm

Accuracy Recall precision AUC

SVM

0.9766 0.9375 1.0000 0.9361

LR

0.9766 0.9531 0.9838 0.9123

KNN

0.9649 0.9062 1.0000 0.9371

proposed

0.9947 0.9900 0.9900 0.9930

0,99
0,98
0,97
0,96
0,95
0,94
0,93
0,92
0,91

0,9

Values

Performance parameters

Accuracy Recall precision AUC

Methods

uSVM =mLR =KNN m=proposed

Figure 4.33.Performance parameters of different matrices with the proposed approach

4. The study of P. Karatza, et al [66], which uses RF, NN, and ENN in the diagnosis

of breast cancer from the WDBC dataset . This study is compared with the
proposed work. All performance parameters of the proposed work were larger.

Table (4-33) and Figure (4-34) show this comparison.
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Table 4.33. Performance parameters for different matrices

Algorithms Accuracy Recall AUC
RF 0.9649 0.9437 0.9600
NN 0.9410 0.8836 0.9300
ENN 0.9660 0.9494 0.9600
proposed 0.9947 0.9900 0.9900

Performance parameters

0,98
0,96
0,94
0,92

0,9
0,88
0,86
0,84
0,82

0,8

Values

Accuracy Recall AUC
Methods

mRF =NN* =ENN** mproposed

Figure 4.34.Performance parameters of different matrices with the proposed approach

5. Table (4-34) and Figure (4-35) show the performance parameters of the study
presented by Jiande Wu, and Chindo Hicks. This study evaluated four
classification models —Support Vector Machines, K-nearest neighbors, Naive
Bayes, and Decision Trees —using features selected for Breast Cancer Type
Classification Using Machine Learning. SVM achieved the highest Accuracy and
Recall of 90% and 87%, respectively, while DT achieved the highest Specificity of
91%.
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Table 4.34. Performance parameters for different matrices

Algorithms Accuracy Recall Specificity
KNN 0.8700 0.7600 0.8800
NGB 0.8500 0.6800 0.8700

DT 0.8700 0.5400 0.9100
SVM 0.9000 0.8700 0.9000
proposed 0.9947 0.9900 0.9900

Performance parameters

120

100

80

60

40

20

KNN NGB DT SVM proposed
m Accuracy mRecall

Figure 4.35.Performance parameters of different matrices with the proposed approach

6. Table (4-35) and Figure (4-36) show the performance parameters of the study
presented by Vu Pham Thao Vy et al., This study aimed to develop a machine-
learning classification model to differentiate ductal carcinoma in situ and
minimally invasive breast cancer using clinical characteristics, mammography
findings, ultrasound findings, and histopathology features. The model in this study
identified the five most important features as calcifications on mammograms,
lymph node presence, microcalcifications on histopathology, the shape of the mass

on ultrasound, and the orientation of the mass on ultrasound.
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Table 4.35. Performance parameters for different matrices

Model Accuracy F1 Score Recall Precision
XGBoost 0.8400 0.8700 0.9100 0.8200
GaussianNB 0.7500 0.7900 0.8800 0.7200
KNeighbors 0.6300 0.7300 0.8700 0.6200
DecisionTree 0.7300 0.7600 0.7700 0.7500
RandomForest 0.8200 0.8400 0.8900 0.8100
Proposed 0.9947 0.9900 0.9900 0.9900

Performance parameters

102
100
98
96
94
92
90
88
86
84
82

Accuracy Recall AUC

mRF mNN mENN mproposed

Figure 4.36. Performance parameters of different matrices with the proposed approach

7. Table (4-36) and Figure (4-37) show the performance parameters of the study
presented by Mohammed Amine Naji et al. This study used SVM, RF, LR, DT,
and KNN for breast cancer prediction and diagnosis. They studied accuracy,
precision, sensitivity, and F-Measure. SVM achieved the highest accuracy ~ of

97.2% on the WBCD dataset.
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Table 4.36. Performance parameters for different matrices

Algorithms Accuracy Precision Sensitivity F-Measure Class
0.9800 0.9400 0.9600 Benign
SVM 0.984 -
0.9700 0.9900 0.9800 Malignant
0.9600 0.9400 0.9500 Benign
RF 0.998 .
0.9700 0.9800 0.9700 Malignant
0.9800 0.9100 0.9400 Benign
LR 0.955 .
0.9500 0.9900 0.9700 Malignant
0.9400 0.9200 0.9300 Benign
DT 0.988 :
0.9600 0.9700 0.9600 Malignant
0.9200 0.9100 0.9100 Benign
KNN 0.946 -
0.9500 0.9600 0.9500 Malignant
0.9900 1.0000 1.0000 Benign
proposed 09947 1.0000 0.9900 0.9900 Malignant

Performance parameters
1,2

0,8
0,6
0,4

0,2

SVM RF LR DT KNN proposed

B Accuracy M Precision M Sensitivity F-Measure M Class

Figure 4.37. Performance parameters of different matrices with the proposed approach

8. Table (4-37) and Figure (4-38) show the performance parameters of the study
presented by A. I. Aishwarja et al [103] and also those of the proposed work. The

proposed work has the highest value of all parameters.
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Table 4.37. Performance parameters for different matrices

Algorithms Accuracy precision Recall
RF 0.9590 0.9720 0.9630
KNN 0.9590 0.9600 0.9850
SVM 0.9720 0.9730 0.9900
Naive Bayes 0.9240 0.9260 0.9550
proposed 0.9940 0.9900 0.9900

Performance parameters

100
98
96
(2]
()
= 94
S
92 A 4 .
90 ] :I: ] |
88 S — .
Accuracy precision Recall
Methods

ERF =KNN =SVM = NaiveBayes = proposed

Figure 4.38. Performance parameters of different matrices with the proposed approach

9. The proposed work is compared with the work of S. Sakib et al [71] that used
SVM, DT, LR, RF, KNN, and NN with the WDBC dataset. The accuracy, recall,
and F1-score were largest for the proposed work as shown in the table (4-38) and

Figure (4-39).
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Table 4.38. Performance parameters for different matrices

Algorithms Accuracy Recall Precision F1 score
SVM 0.9473 0.8570 0.9470 0.90000
DT 0.920 0.8810 0.9490 0.9140
LR 0.9508 0.8570 0.9730 0.9110
RF 0.9666 0.9290 1.0000 0.9630
KNN 0.9332 0.7860 1.0000 0.8800
NN 0.9035 0.7620 0.9700 0.8540
proposed 0.9947 0.9900 0.9900 0.9900

Performance parameters

Accuracy Recall Precision F1 score
Methods

ESVM uDT =LR “RF mKNN =NN m=proposed

Figure 4.39. Performance parameters of different matrices with the proposed approach

10. The proposed work is compared with the work of (Bharti Thakur et al. 2022) [11].
Machine learning classifiers, including SVM, Decision Tree, AdaBoost, random
forests, and ANN, were used in this paper to detect breast cancer. SVM gives
86.9% accuracy; decision tree 85.3%; random forest 86.3%; AdaBoost 68.5%; and
ANN 87.43%, as shown in the table (4-39) and Figure (4-40).
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Table 4.39. Accuracy for different algorithms at different train/ test splitting

Algorithm Accuracy Accuracy Accuracy
70% / 30% 80% /20% 90% /10%
DT 82% 83% 86%
AdaBoost Classifier 66% 67% 68%
RF 82% 84% 85%
SVM 81% 83% 84%
ANN 79% 80% 82%
proposed 97% 98% 99%
Accuracy
120%
100%
80%
60%
40%
20%
0%
70% /30% 80% /20% 90% / 10%

m Decision Tree m AdaBoost Classifier m Random Forest SVM mANN mproposed

Figure 4.40. Accuracy for different algorithms at different train/ test splitting

11. The proposed work is compared with the work of M. Monirujjaman Khan et al
[73], which used RF, LAR, DT, and KNN algorithms with the WDBC dataset.
The accuracy was the largest for the proposed work, as shown in Table (4-40) and

Figure (4-41).
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Table 4.40. Performance parameters for different matrices

Algorithm Accuracy Class F1-score

RF 0.9561 B 0.9400

M 0.9700

LR 0.9860 B 0.9700

M 0.9800

DT 0.9473 B 0.9300

M 0.9600

KNN 0.9035 B 0.8500

M 0.9300

Proposed 0.9947 B 1.0000

M 0.9900

Accuracy
1
0,98
0,96
0,94
Q 0,92
% 0,9
> 0,88
0,86
0,84
0,82
0,8
B M B M B M B M B M
Accuracy 0.9561 0.986 0.9473 0.9035 0.9947
RF LR DT KNN Proposed
Methods

Figure 4.41. Accuracy of different matrices with the proposed approach

12. The proposed work is compared with the work of H. Prajapati [104], which used
LR, RF, and DT with the WDBC dataset. The accuracy, precision, and recall were
the largest for the proposed work, as shown in the table (4-41) and figure (4-42).
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Table 4.41. Performance parameters for different matrices

Algorithms Accuracy Precision Recall
LR 0.9640 0.9700 0.9600
RF 0.9730 0.9800 0.9700
DT 0.9380 0.93500 0.9350

Proposed 0.9947 0.9900 0.9900
Performance parameters

1
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Figure 4.42 . Performance parameters of different matrices with the proposed approach

13. The performance parameters of the study presented by V. Nemade and V. Fegade
[74] and the proposed work are shown in Table (4-42) and Figures (4-43) and (4-
44). The proposed work exhibited higher values of accuracy, precision, recall, and

F1-score than KNN, SVM, DT, Naive Bayes, and LR.
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Table 4.42. Performance parameters for different matrices

Algorithm Accuracy Class Precision Recall F1-score
B 0.9300 1.0000 0.9600
KNN 0.9600
M 1.0000 0.8900 0.9400
B 0.9700 0.9400 0.9500
SVM 0.9500
M 0.9200 0.9600 0.9400
B 0.9700 0.9900 0.9800
DT 0.9700
M 0.9800 0.9600 0.9700
B 0.9200 0.9100 0.9200
Naive Bayes 0.9000
M 0.8800 0.8900 0.8800
B 0.9700 0.9700 0.9700
LR 0.9600
M 0.9600 0.9600 0.9600
B 0.9900 1.0000 1.0000
proposed 0.9900
M 1.0000 0.9900 0.9900
Performane parameters
1
0,98
0,96
0,94
w 0,92
E
= 09
= 0,88
0,86
0,84
0,82
0,8
" M B M M B B B
ccurac
YI' 0.6 0.96 0.99
KNN Naive Bayes proposed

Methods

m Precision mRecall mF1-score

Figure 4.43.Performance parameters of different matrices with the proposed approach
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Figure 4.44. Accuracy of different matrices with the proposed approach

14. The proposed work is compared with the work of (Khandaker Mohammad

Mohi Uddin et al. 2023. In this research, the Wisconsin Breast Cancer Dataset
(WBCD) from the UCI machine learning repository has been used as a training set
to compare the performance of various machine learning techniques. Different
kinds of machine learning classifiers such as support vector machine (SVM),
Random Forest (RF), K-nearest neighbors(K-NN), Decision tree (DT), Naive
Bayes (NB), Logistic Regression (LR), AdaBoost (AB), Gradient Boosting (GB),
Multi-layer perceptron (MLP), Nearest Cluster Classifier (NCC), and voting
classifier (VC) have been used for comparing and analyzing breast cancer into
benign and malignant tumors. Various metrics, such as error rate, Accuracy,
Precision, Fl-score, and recall, have been used to evaluate the model's
performance. Each Algorithm's accuracy has been assessed to determine the best
one. Based on the analysis, the Voting classifier has the highest accuracy (98.77%)
and the lowest error rate. , as shown in the table (4-43) and figure (4-45).

Table 4.43. Performance parameters for different matrices

Methods Precision Recall F-Measure Accuracy
SVM 0.9828 0.9761 0.9792 0.9807
RF 0.9391 0.9365 0.9378 0.9420
KNN 0.9722 0.9604 0.9658 0.9684
DT 0.9399 0.9356 0.9377 0.9420
NB 0.9073 0.8998 0.9033 0.9104
LR 0.9855 0.9807 0.9830 0.9842
AB 0.9627 0.9581 0.9603 0.9631
GB 0.9557 0.9539 0.9548 0.9578
MLP 0.9755 0.9718 0.9736 0.9754
NCC 0.9344 0.09186 0.9254 0.9315
VC (LR + SVM) 0.9883 0.9854 0.9868 0.9877
Proposed 0.9900 0.9900 0.9900 0.9947
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Figure 4.45. Performance parameters of different matrices with the proposed approach

15. The proposed work is compared with the work of Dinesh & Kalyanasundaram

(2023), which compared SVM, KNN, Decision Tree, and Random Forest using
UCTI’s breast cancer data. Random Forest outperformed the others with ~95%
accuracy, compared with 92% (SVM), 90% (KNN), and 88% (Decision Tree), as
shown in the table (4-44) and figure (4-46).

Table 4.44. Performance parameters for different matrices

Algorithm Accuracy
Random Forest 0.9500
SVM 0.9200
KNN 0.9000
Decision Tree 0.8800
Proposed 0.9947
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Figure 4.46. Accuracy at different matrices with the proposed approach

16. The proposed work is compared with the work of Aiman Fatima et al. 2023). In
this study, different algorithms are examined. SVC obtained 86.36%, Decision
Tree 86.18%, and Random Forest 86.00%. The deep learning model, more

precisely, a neural network, outperformed these results with a highest 93%

accuracy, as shown in the table (4-45) and figure (4-47).

Table 4.45. Performance parameters for different matrices

Classifier Accuracy Precision Recall F1- Score

DT 0.8618 0.7800 0.7700 0.7700
RF 0.8690 0.7900 0.7700 0.7800
SvC 0.8836 0.8500 0.7500 0.7800
NN 0.9300 0.9800 0.8700 0.9200
Proposed 0.9947 0.9900 0.9900 0.9900
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Figure 4.47. Accuracy of different matrices with the proposed approach

17. The proposed work is compared with the work of Ruiming Zeng et al. 2024 In this
work, an efficient and robust deep learning framework called FastLeakyResNet-
CIR, an improved ResNet architecture, is proposed for breast cancer detection and

classification, as shown in the table (4-46) and figure (4-48).

Table 4.46.Performance parameters for different algorithms

Model Accuracy Precision Recall F1-Score
FastLeakyResNet-CIR 0.9894 0.9943 0.9836 0.9889
ResNet50 0.9263 0.9483 0.8969 0.9219
InceptionV3 0.9123 0.9107 0.9082 0.9094
ResNet18 0.8614 0.8763 0.8314 0.8533
VGG16 0.7945 0.7855 0.7925 0.7990
Proposed 0.9947 0.9900 0.9900 0.9900
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Figure 4.48. Accuracy at different matrices with the proposed approach

18. The proposed work is compared with the work of (Patnala S. R. et al. 202 The
objective of this investigation was to improve the diagnosis of breast cancer by
combining two significant datasets: the Wisconsin Breast Cancer Database and the
DDSM Curated Breast Imaging Subset (CBIS-DDSM). A hybrid deep learning
algorithm consisting of CNNs and stochastic gradients is used for the detection of
breast cancer, utilizing an accuracy is 96% precision of 95%, a Recall is 95%, and

an AUC-ROC value of 0.96, as shown in the table (4-47) and figure (4-49).

Table 4.47. Performance parameters for different algorithms

Model Accuracy | Sensitivity | Specificity | Precision Recall AUC
CNN 0.8700 0.86 0.8500 0.8700 0.8600 0.8700
CNN- 0.8900 0.85 0.8600 0.8800 0.8900 0.8900
AlexNet
CNN-VGG 0.9000 0.91 0.8900 0.9100 0.9200 0.9000
CNN-NIiN 0.9100 0.90 0.0900 0.9100 0.9000 0.9100
CNN- 0.9100 0.90 0.8900 0.9000 0.9100 0.9100
GoogleNet
CNN- 0.9300 0.90 0.9200 0.9200 0.9300 0.9300
ResNet
CNN- 0.9200 0.93 0.9000 0.9000 0.9100 0.9200
DenseNet
CNN-VGG
+SGD 0.9600 0.95 0.9600 0.9500 0.9600 0.9600
CNN-
GoogleNet 0.9600 0.95 0.9500 0.9500 0.9600 0.9600
+SGD
CNN-
DenseNet 0.9600 0.95 0.9500 0.9600 0.9500 0.9600
+SGD
Proposed 0.9947 0.9900 0.9900 0.9900 0.9900 0.9900
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Figure 4.49. Performance parameters of different matrices with the proposed approach

19. The proposed work is compared with the work of (Ghosh & Chatterjee, 2024,
preprint) evaluated ten ML algorithms (including SVM, XGBoost, CNN, RNN,
Random Forest, and Logistic Regression) on UCI breast cancer data. SVM
emerged best, achieving 98.25% accuracy, outperforming even CNN and

XGBoost, as shown in the table (4-48) and figure (4-50).

Table 4.48.Performance parameters for different matrices

ML Algorithm Accuracy (%)
XGBoost 0.9561
NN 0.9736
CNN 0.9473
RNN 0.9470
AdaBoost 0.9736
Adaptive Decision Learner 0.9385
LSTM Networks 0.9473
GRU 0.9385
RF 0.9649
SVM 0.9824
LR 0.9736
Proposed 0.9947
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Figure 4.50. Accuracy at different matrices with the proposed approach

20. The proposed work is compared with the work of (Badar Almarri et al. 2024).
Using machine learning techniques, including KNN, D.T., R.F., SVR, and
Gaussian Naive Bayes (GNB), this research aims to create a breast cancer
detection model. This research concludes that the Grid Search Algorithm
outperforms the others, achieving 92.6383% accuracy, as shown in table (4-49) and
figure (4-51).

Table 4.49. Performance parameters for different matrices

Model Name Score Accuracy
RF 0.9931 0.9256
DT 0.1000 0.9096
SvC 0.9238 0.9147
LR 0.9160 0.9097
Proposed 0.9900 0.9947
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Table 4.50. Performance parameters for different matrices

Figure 4.51. Accuracy of different matrices with the proposed approach

21. The proposed work is compared with the work of (Sharma et al., 2025) compares

Random Forest, Neural Networks, Logistic Regression, and tuned models using
Randomized Search CV across WBCD and Coimbra datasets. Random Forest

demonstrated superior accuracy and generalizability, as shown in the table (4-50)

and figure (4-52).

Model Accuracy F1 Score Precision Recall

LR (from scratch) 0.9035 0.8842 0.8571 0.9130
LR (sklearn) 0.9561 0.9462 0.9362 0.9565
RF (sklearn) 0.9386 0.9213 0.9535 0.8913
Neural Network 0.9561 0.9213 0.9556 0.9348
Proposed 0.9947 0.9900 0.9900 0.9900
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Figure 4.52. Accuracy of different matrices with the proposed approach

22. The proposed work is compared with the work of (M. Giiler et al., 2025),
DenseNet201, a deep convolutional neural network, was employed for breast
cancer classification. The model achieved an accuracy of 89.4%, precision of
88.2%, recall of 84.1%, Fl-score of 86.1%, and an AUC of 95.8%, underscoring
the efficacy of deep learning in complex medical image analysis, as shown in the

table (4-51) and figure (4-53).

Table 4.51. Performance parameters for different matrices

Model Accuracy Precision Recall F1 Score AUC
Vanilla 0.8540 0.7880 0.8570 0.8210 0.9370
ResNet50 0.6090 0.0000 0.0000 0.0000 0.6020
ResNet152 0.6090 0.0000 0.0000 0.0000 0.7520
VGG16 0.7940 0.7900 0.6450 0.7100 0.8530
DenseNet152 0.8180 0.7850 0.7370 0.7600 0.8820
MobileNetv2 0.7730 0.6930 0.7550 0.7220 0.8560
EfficientB1 0.6090 0.0000 0.0000 0.0000 0.4720
NasNet 0.7050 0.6480 0.5370 0.5870 0.7620
DenseNet201 0.8940 0.8820 0.8410 0.8610 0.9580
Ensemble 0.8220 0.7280 0.8700 0.7930 0.9170
Tuned Model 0.8200 0.7620 0.7850 0.7730 0.8850
proposed 0.9947 0.990 0.990 0.990 0.990
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Figure 4.53. Accuracy of different matrices with the proposed approach

23. The proposed work is compared with the work of ( H. Rafiepoor et al., 2025)
compared various ML models, including Random Forest, Support Vector Machine,
and Logistic Regression, with the traditional Gail risk assessment model for breast
cancer risk prediction. The ML models outperformed the Gail model in recall and
F1-score, highlighting the potential of Al-based approaches in early risk prediction,
as shown in the table (4-52) and figure (4-54).

Table 4.52.Performance parameters for different matrices

Approach Train Accuracy Validation Accuracy Sensitivity | Precision
Decision Tree 0.7008 0.5746 0.4786 0.5743

KNN 0.6598 0.6369 0.4914 0.6725

SVM 0.6455 0.6348 0.3760 0.7457
Random 0.6954 0.6327 0.4829 0.6686

Forest
Bagging - DT 0.7088 0.62863 0.5512 0.6354
Bagging -

SVM 0.642 0.62863 0.5512 0.6354
Gradient 0.6669 0.64522 0.5170 0.6759
Boosting
AdaBoost 0.6473 0.64730 0.5384 0.6702
XGBoost 0.7061 0.61618 0.4700 0.6432

Rostami et al.

[Ref] 0.6300 — — —

proposed 0.9947 0.9900 0.9900 0.9900
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Figure 4.54. Performance parameters of different matrices with the proposed approach

24.

The proposed work is compared with the work of (T. Arravalli et al., 2025), which
utilized Random Forest classifiers combined with explainable Al techniques for
breast cancer detection. The model achieved an F1-score of 84%, and integrating
explainable Al methods provided transparency and interpretability for the model's

predictions, as shown in table (4-53) and figure (4-55).

Table 4.53. Performance parameters for different matrices

Algorithm Accuracy Precision Recall F1-score AUC
RF 0.8900 0.9300 0.9000 0.9300 0.9600
LR 0.8900 0.9000 0.8400 0.8700 0.9400
DT 0.8000 0.8300 0.7900 0.7100 0.9200

KNN 0.7800 0.7900 0.8300 0.7600 0.9300
Adaboost 0.8600 0.8300 0.7900 0.8100 0.9400
Catboost 0.8900 0.8100 0.8300 0.8400 0.9300

LightGBM 0.8300 0.8100 0.7900 0.8400 0.8000

XGBoost 0.8400 0.9000 0.8300 0.9300 0.9000
STACK 0.9300 0.9300 0.9000 0.9300 0.9200
proposed 0.9947 0.9900 0.9900 0.9900 0.9900
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Figure 4.55. Performance parameters of different matrices with the proposed approach

25. The proposed work is compared with the work of (Umesh Kumar Lilhore et al.

2025 The study named “Hybrid convolutional neural network and bi-LSTM model

with EfficientNet-B0 for high-accuracy breast cancer detection and classification”

used CNN + Bi-LSTM + EfficientNet-BO and achieved an accuracy score of

99.2%, as shown in the table (4-54) and figure (4-56).

Table 4.54. Performance parameters for different matrices

Model Variation Accuracy | Precision | Recall | F1-Score
Full Model (CNN + EfficientNet-B0 + Bi-LSTM) 0.9920 0.9870 0.9950 0.9910
CNN + EfficientNet-B0 (Without Bi-LSTM) 0.9750 0.9680 0.9800 0.9740
CNN + Bi-LSTM (Without EfficientNet-B0) 0.9580 0.9450 0.9620 0.9530
CNN Only (Without Bi-LSTM or EfficientNet-B0) 0.9160 0.8940 0.9210 0.9070
Full Model (CNN + EfficientNet-B0 + Bi-LSTM) 0.9890 0.9800 0.9910 0.9860
Full Model (CNN + EfficientNet-B0 + Bi-LSTM) 0.9720 0.9600 0.9750 0.9670
Proposed 0.9947 0.9900 0.9900 0.9900

90




Performance Parameters

102

100

[+5]

[=)]

.p.

9
9
9
9

84 |‘|||‘| “ll‘|| |‘|‘|‘| |‘||“|

9
8
8
Accuracy (%) Precision (%) Recall (%) FlScore (%)

[a¥]

o

[+-]

[=)]

m Full Model (CNN + EfficientNet-BO + Bi-LSTM) m CNN + EfficientNet-BO (Without Bi-LSTM)

B CNN + Bi-LSTM (Without EfficientNet-B0) M CNN Only (Without Bi-LSTM or EfficientNet-B0)
M Full Model (CNN + EfficientNet-BO + Bi-LSTM)  m Full Model (CNN + EfficientNet-B0 + Bi-LSTM)

H Proposed

Figure 4.56. Performance parameters of different matrices with the proposed approach

It is essential to emphasize that the comparison between the findings of the present study
and those reported in previous research does not require the hyperparameters or experimental
settings to be identical across studies. Each investigation is conducted within its own
methodological framework, characterized by differences in dataset composition, preprocessing
strategies, model architectures, and tuning procedures. Consequently, variations in
hyperparameters—such as dropout rate, number of hidden units, batch size, data-splitting ratios,
and optimization algorithms—are both expected and inherent to the nature of machine learning and
deep learning research. Therefore, the purpose of the comparative analysis presented herein is not
to replicate the exact technical configurations employed in other studies, but rather to situate the
outcomes of the current work within the broader scientific context and to elucidate their relative
position in the existing body of literature. Moreover, variations in predictive performance across
studies are considered normal and acceptable, given the diversity of experimental conditions and
model-specific settings. Accordingly, the comparisons provided focus on substantive analytical
insights while acknowledging that differences in hyperparameter configurations may contribute to

the observed discrepancies in accuracy.
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5. CONCLUSION AND FUTURE WORK

This research aims to develop an intelligent framework for improving breast cancer
diagnosis based on deep machine learning techniques by designing a hybrid model that combines a
Deep Multilayer Perceptron (Deep MLP), a Feature-Fused Autoencoder Neural Network, and a
Weight-Tuned Cross-Validated Decision Tree.

The model was applied to the Wisconsin Diagnostic Breast Cancer (WDBC) dataset to
achieve high diagnostic performance while optimizing the fine-tuning of model hyperparameters
such as weights, data splitting ratios, batch size, number of hidden units, and dropout rate.

In addition, this study demonstrated the effectiveness of integrating clinical and genomic
features from the METABRIC dataset to develop reliable and generalizable predictive models for
long-term breast cancer outcomes. The results highlight the capability of the proposed hybrid
algorithms and deep learning techniques to extract meaningful patterns from high-dimensional
clinical-genomic data and to enhance prognostic accuracy. Overall, the findings confirm the value
of combining multi-modal biomedical datasets and advanced hybrid deep learning architectures to
support clinical decision-making and advance precision oncology.

The results showed that the proposed model achieved superior performance compared to

traditional models and previous studies. The most important results can be summarized as follows:

o Effect of Weights:
An improvement in classification accuracy was observed with increasing weight
values up to a certain point, after which the accuracy began to fluctuate.
The highest accuracy (0.958) was achieved at a weight of 9 with a 25% test set,

which illustrates the importance of balancing overfitting and underfitting.

e Effect of Train-Test Split Ratios:
Even with a reduced training data ratio, the model maintained strong performance,
with an accuracy of 99.47% at a test ratio of 10% and an Area Under the Curve

(AUC) of 0.996, demonstrating the model's high generalization ability.

e Effect of Batch Size:
Performance metrics improved with increasing batch size up to a value of 128,
where the best accuracy of 99.47% was recorded. Performance decreased slightly

at larger batch sizes due to the increased likelihood of overfitting.
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e Effect of the Number of Hidden Units:
Accuracy gradually increased with the number of hidden units up to 256512,
where the model achieved an accuracy of 99.12%, reflecting a balance between

computational complexity and the model's generalization ability.

o Effect of Dropout Rate:
The best performance was achieved at a dropout rate of 0.45, where the model
achieved an accuracy of 99.12% and an AUC value of 0.99. Performance
decreased at higher dropout rates due to a reduction in the model's learning

capacity.

In comparison with previous studies (from 2020 to 2025), the proposed model clearly
outperformed all previous traditional and deep learning methods.

While the accuracies of other models ranged between 86% and 99.2%, the proposed model
achieved an overall accuracy of 99.47% with precision, recall, and Fl-score all reaching 99%,
surpassing all previous models.

These results confirm that integrating deep learning techniques, autoencoders, and
decision-making algorithms with optimal parameter tuning can produce a robust and effective
diagnostic model capable of supporting physicians in early diagnosis and supporting e-Health

systems.

Future Work
Despite the high performance achieved by the proposed model, several areas for future

research could further enhance its efficiency and expand its scope of application, including:

1. Expanding the Database and Diseases Covered:
Studying the application of the model to other diseases, such as thyroid cancer and

liver diseases, and using multi-class datasets instead of binary ones.

2. Practical Clinical Validation:
Collaborating with healthcare institutions and national bodies such as the National
e-Health Authority (NEHTA) to apply the model to real patient data and test its accuracy in

a real-world clinical setting.
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3. Explainable Artificial Intelligence (Explainable AI):
Adding explanation and interpretation techniques to the model's decisions to make

its outputs more transparent and understandable to physicians and specialists.

4. Improving Computational Efficiency:
Measuring performance according to additional criteria such as execution speed,
computational cost, and resource consumption to develop a fast and responsive practical

system that can be integrated into real-time medical applications.

5. Transfer and Meta Learning:
Using transfer learning and meta-learning techniques to improve the model's

performance on small or new datasets without the need for complete retraining.

6. Integrating the System into the e-Health Infrastructure:
Connecting the proposed system with electronic health records (EHRs) to enable
continuous monitoring, case analysis, and the provision of intelligent recommendations to

physicians.

7. Developing Deeper Hybrid Models:
Exploring the integration of deep learning networks (such as CNN + Transformer) to

create more accurate and flexible systems for analyzing both medical image and text data.

In general conclusion, this research demonstrated that the integration of deep neural
networks, autoencoders, and weight-tuned decision-making algorithms significantly improves the
accuracy of breast cancer diagnosis.

It also showed that fine-tuning hyperparameters (such as weights, batch size, hidden units,

and dropout rate) plays a crucial role in achieving a robust and reliable generalizable model.
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