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ABSTRAK

Nama Mahasiswa / NPM : Raissa Atha Febrianti / 21081010244

Judul Skripsi : Penerapan Model XGB-ILSO-1DCNN Untuk
Klasifikasi Anemia Berdasarkan Data CBC

Dosen Pembimbing : 1. Dr. Eng. Ir. Anggraini Puspita Sari, ST., MT.
2. Afina Lina Nurlaili, S.Kom., M.Kom.

Penelitian ini bertujuan untuk melakukan klasifikasi jenis anemia berdasarkan data
Complete Blood Count (CBC) dengan menerapkan model XGBoost—Improved
Lion Swarm Optimization—-One Dimensional Convolutional Neural Network
(XGB-ILSO-1DCNN). Metode penelitian terdiri atas delapan tahapan utama, yaitu
pengumpulan dataset CBC dari Mendeley Data, proses preprocessing (pembersihan
data, transformasi kategorikal, standarisasi fitur, dan pembagian data), augmentasi
fitur menggunakan XGBoost, penyeimbangan data dengan Synthetic Minority
Oversampling Technique (SMOTE), transformasi data ke format 1D-CNN,
optimasi hiperparameter menggunakan ILSO, pelatihan model, serta evaluasi
performa menggunakan Confusion Matrix. Model XGBoost digunakan untuk
menghasilkan representasi fitur tambahan yang memperkaya data input, sementara
1D-CNN berperan sebagai model klasifikasi utama untuk mengenali pola antar fitur
hematologis. Proses optimasi dilakukan dengan algoritma ILSO untuk
menyesuaikan parameter penting seperti learning rate, dropout, batch size, dan
epoch agar diperoleh konfigurasi model terbaik. Hasil penelitian menunjukkan
bahwa penerapan algoritma ILSO secara signifikan meningkatkan performa model
dibandingkan model tanpa optimasi. Model XGB-ILSO-1DCNN menghasilkan
akurasi tertinggi sebesar 98,63%, dengan nilai precision sebesar 99,32%, recall
sebesar 97,50%, dan F1-score sebesar 98,34%. Berdasarkan hasil tersebut,
penerapan pendekatan hybrid XGB-ILSO-1DCNN mampu meningkatkan akurasi,
stabilitas, serta kemampuan generalisasi model, sehingga dapat digunakan sebagai
sistem pendukung keputusan Klinis untuk diagnosis anemia secara otomatis dan
efisien.

Kata kunci : Anemia, XGBoost, Improved Lion Swarm Optimization (ILSO), 1D-
CNN, Klasifikasi
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ABSTRACT

Student Name / NPM : Raissa Atha Febrianti / 21081010244

Thesis Tile :Implementation XGB-ILSO-1DCNN Model for
Anemia Classification Based on CBC Data

Advisor : 1. Dr. Eng. Ir. Anggraini Puspita Sari, ST., MT.

2. Afina Lina Nurlaili, S.Kom., M.Kom.

This study aims to classify types of anemia based on Complete Blood Count (CBC)
data by applying the XGBoost—Improved Lion Swarm Optimization—-One
Dimensional Convolutional Neural Network (XGB-ILSO-1DCNN) model. The
research method consists of eight main stages, namely collecting the CBC dataset
from Mendeley Data, preprocessing (data cleaning, categorical transformation,
feature standardization, and data division), feature augmentation using XGBoost,
data balancing with the Synthetic Minority Oversampling Technique (SMOTE),
data transformation to 1D-CNN format, hyperparameter optimization using ILSO,
model training, and performance evaluation using a Confusion Matrix. The
XGBoost model was used to generate additional feature representations that
enriched the input data, while 1D-CNN served as the main classification model to
recognize patterns between hematological features. The optimization process was
carried out using the ILSO algorithm to adjust important parameters such as
learning rate, dropout, batch size, and epoch in order to obtain the best model
configuration. The results show that the application of the ILSO algorithm
significantly improves model performance compared to models without
optimization. The XGB-ILSO-1DCNN model produced the highest accuracy of
98.63%, with a precision value of 99.32%, a recall of 97.50%, and an F1-score of
98.34%. Based on these results, the application of the XGB-1LSO-1DCNN hybrid
approach can improve the accuracy, stability, and generalization ability of the
model, so that it can be used as a clinical decision support system for automatic
and efficient anemia diagnosis.

Keywords: Anemia, XGBoost, Improved Lion Swarm Optimization (ILSO), 1D-
CNN, Classification
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