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IMPROVEMENT MODEL PREDIKSI KANKER PAYUDARA
MENGGUNAKAN SUPPORT VECTOR MACHINE DENGAN
KERNEL LINEAR, RBF, HYPERPARAMETER

Veronica Landrea Darnella Oswari

ABSTRAK

Kanker payudara paling umum menyerang wanita dan menjadi persoalan besar di
dunia kesehatan. Pertambahan kasusnya merupakan yang tertinggi di dunia dan
kasus kematiannya terbanyak ketiga di dunia. Upaya deteksi dini perlu dilakukan
agar penderita segera di tangani dan dilakukan perawatan sehingga dapat
meminimalisir kasus kematian karena terlambatnya deteksi dan penanganan.
Salah satu solusi yang dilakukan yaitu melalui data mining dengan
mengkombinasikan algoritma SVM dengan Kernel Linear, Kernel RBF, dan
hyperparameter. Kernel Linear dan Kernel RBF merupakan kernel yang biasa
dipakai pada SVM. Pemilihan hyperparameter dilakukan karena masih jarang
ditemui penelitian kanker payudara yang menggunakan hyperparameter. Selain itu
dari penelitian terdahulu di bidang kesehatan, hyperparameter sukses
meningkatkan akurasi. Penelitian ini akan menggunakan framework CRISP-DM
dengan programming Python dan akan menggunakan bantuan tools Jupyter
Notebook. Penelitian ini bertujuan untuk melakukan prediksi terhadap penyakit
kanker payudara.

Dari penelitian ini, diperoleh nilai akurasi SVM menggunakan hyperparameter
dengan diketahui Kernel terbaik yaitu RBF dengan akurasi 98.38%, fl-score
98.38%, precision 100%, dan recall 96.82%. Maka diketahui hyperparameter
merupakan metode yang cocok untuk penelitian ini. Penelitian diharapkan dapat
membantu bidang kesehatan dan dapat menambah informasi pengetahuan
mengenai implementasi data mining terlebih dalam algoritma SVM Kernel Linear,
Kernel RBF, dan hyperparameter.

Kata kunci: Hyperparameter, Kanker Payudara, Kernel Linear, Kernel RBF,

Support Vector Machine
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IMPROVEMENT MODEL OF BREAST CANCER PREDICTION
USING SUPPORT VECTOR MACHINE WITH LINEAR
KERNEL, RBF, HYPERPARAMETER

Veronica Landrea Darnella Oswari

ABSTRACT

Breast cancer is the most common in women and is a big problem in the world of
health. The increase in cases is the highest in the world and the number of deaths
in the third in the world. Early detection efforts need to be carried out so that
patients are immediately treated so that they can minimize cases of death due to
delays in detection and treatment.

One solution that is done is through data mining by combining the SVM algorithm
with Linear Kernel, RBF Kernel, and hyperparameters. Linear Kernel and RBF
Kernel are kernels commonly used in SVM. The selection of hyperparameters was
made because breast cancer research is still rarely found using hyperparameters.
In addition, from previous research in the health sector, hyperparameters have
succeeded in increasing accuracy. This research will use the CRISP-DM
framework with Python programming and will use Jupyter Notebook tools. This
study aims to predict breast cancer.

From this study, the SVM accuracy value was obtained using hyperparameters with
the best-known kernel, namely RBF with 98.38% accuracy, 98.38% f1-score, 100%
precision, and 96.82% recall. It is known that hyperparameter is a suitable method
for this research. The research is expected to help the health sector and can add
information to knowledge about the implementation of data mining, especially in
the SVM Kernel Linear algorithm, Kernel RBF, and hyperparameters.

Keywords: Breast Cancer, Hyperparameter, Kernel Linear, Kernel RBF, Support

Vector Machine
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