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INTISARI

Prediksi harga rumah penting dalam industri properti untuk membantu
pengambilan keputusan. Namun, faktor seperti luas bangunan, jumlah kamar, dan
lokasi membuat estimasi harga menjadi kompleks. Penelitian ini membandingkan
metode Ensemble Learning dan Support Vector Regression (SVR) untuk
memperoleh model prediksi terbaik. Dataset diperoleh dari Kaggle dan diproses
melalui penanganan outlier, normalisasi Standard Scaler, serta encoding lokasi.
Model yang diuji meliputi Random Forest, XGBoost, dan SVR (RBF kernel).
Evaluasi menggunakan Mean Absolute Error (MAE), Mean Squared Error (MSE),
dan R-squared (R?) menunjukkan bahwa Random Forest unggul (MAE 0.1971,
MSE 0.1451, R20.8437), diikuti XGBoost (MAE 0.2146, MSE 0.1475, R20.84107),
sementara SVR memiliki performa terendah (MAE 0.267, MSE 0.19, R? 0.79).
Hasil ini menunjukkan bahwa metode Ensemble Learning lebih efektif dalam
prediksi harga rumah dibandingkan SVR. Penelitian ini bermanfaat bagi
pengembang properti, agen real estat, dan calon pembeli dalam memperkirakan
harga rumah. Studi selanjutnya disarankan menggunakan dataset lebih besar dan
meningkatkan tuning parameter SVR.

Kata kunci: Prediksi harga rumah, Machine Learning, Ensemble Learning,

Random forest, XGBoost, Support Vector Regression.
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ABSTRACT

House price prediction is crucial in the real estate industry to support
decision-making. However, factors such as building area, number of rooms, and
location make price estimation complex. This study compares Ensemble Learning
and Support Vector Regression (SVR) to determine the best predictive model. The
dataset was obtained from Kaggle and processed through outlier handling, Standard
Scaler normalization, and location encoding. The tested models include Random
Forest, XGBoost, and SVR (RBF kernel). Evaluation using Mean Absolute Error
(MAE), Mean Squared Error (MSE), and R-squared (R?) indicates that Random
Forest performs best (MAE 0.1971, MSE 0.1451, R20.8437), followed by XGBoost
(MAE 0.2146, MSE 0.1475, R20.84107), while SVR shows the lowest performance
(MAE 0.267, MSE 0.19, R2 0.79). These results demonstrate that Ensemble
Learning is more effective for house price prediction than SVR.This research
benefits property developers, real estate agents, and potential buyers in estimating
house prices. Future studies are recommended to use a larger dataset and improve

SVR parameter tuning.

Keywords: House price prediction, Machine Learning, Ensemble Learning,

Random Forest, XGBoost, Support Vector Regression.
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