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KLASIFIKASI STADIUM KANKER PAYUDARA BERBASIS GEN-MIRNA
DENGAN SVM DAN RIDGE REGRESSION SERTA SELEKSI FITUR
ANOVA-RFE

Agustinus

ABSTRAK

Kanker payudara merupakan penyebab utama kematian pada wanita, di mana
deteksi stadium dini krusial untuk meningkatkan prognosis pasien. Penelitian
ini bertujuan mengembangkan model klasifikasi berbasis machine learning untuk
membedakan stadium I dan III kanker payudara menggunakan data ekspresi gen
dari The Cancer Genome Atlas (TCGA) pada wanita ras kulit putih. Pendekatan
yang digunakan melibatkan seleksi fitur dengan Analysis of Variance (ANOVA)
untuk memilih 1000 fitur awal, dilanjutkan Recursive Feature Elimination
(RFE) hingga diperoleh 35 fitur optimal, dan klasifikasi menggunakan Logistic
Regression dengan penalti L2. Hasil penelitian menunjukkan model terbaik
mampu mencapai akurasi 97%, presisi 97%, recall 97%, dan F1-score 97% pada
skenario stadium I vs. III, dengan durasi komputasi hanya 8 detik. Performa
ini lebih unggul dibandingkan skenario stadium II vs. III (F1-score maksimum
88%) dan penggunaan data miRNA (Fl-score maksimum 82%), menegaskan
efektivitas data ekspresi gen dalam klasifikasi stadium. Sebanyak 35 gen kandidat
biomarker berhasil diidentifikasi, dengan 10 gen didukung literatur terkait kanker
payudara, sementara 25 lainnya berpotensi sebagai penanda baru. Analisis ROC
AUC individual menunjukkan nilai maksimum 0,639, mengindikasikan kekuatan
prediktif bergantung pada kombinasi multivariat. Penelitian ini membuktikan
potensi pendekatan pembelajaran mesin dalam mendeteksi stadium kanker
payudara secara akurat dan efisien.

Kata Kunci: Ekspresi Gen, Kanker Payudara, Klasifikasi Stadium, Machine
learning, Seleksi Fitur
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BREAST CANCER STAGE CLASSIFICATION BASED ON MIRNA GENES
USING SVM AND RIDGE REGRESSION WITH ANOVA-RFE FEATURE
SELECTION

Agustinus

ABSTRACT

Breast cancer is a leading cause of death in women, where early stage detection
is crucial to improve patient prognosis. This study aims to develop a machine
learning-based classification model to distinguish between stages I and 111 of breast
cancer using gene expression data from The Cancer Genome Atlas (TCGA ) in white
women. The approach used involved feature selection using Analysis of Variance
(ANOVA) to select 1000 initial features, followed by Recursive Feature Elimination
(RFE) to obtain 35 optimal features, and classification using Logistic Regression
with L2 penalty. The results showed that the best model was able to achieve 97%
accuracy, 97% precision, 97% recall, and F1-score. 97%, and F1-score 97% in
the stage I vs. IlI scenario, with a computation duration of only 8 seconds. This
performance is superior to the stage Il vs. Il scenario (maximum FI-score 88%)
and the use of miRNA data (maximum F1-score 82%), confirming the effectiveness
of gene expression data in stage classification. A total of 35 biomarker candidate
genes were identified, with 10 supported by breast cancer-related literature, while
the other 25 have potential as novel markers. ROC analysis of individual AUCs
showed a maximum value of 0.639, indicating predictive power was dependent on
multivariate combinations. This research proves the potential of machine learning
approaches in detecting breast cancer stages accurately and efficiently.

Keywords: Gene Expression, Breast Cancer, Stage Classification, Machine
learning, Feature Selection
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