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Abstract

House Prices are influenced by multiple factors, and there are problems of nonlinearity, high dimen-
sionality and data heteroscedasticity in their prediction. Based on the Kaggle House Prices dataset,
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this paper constructs a multiple regression prediction framework including linear models, ensemble
learning and kernel methods. This study selects five models, namely Support Vector Regression (SVR),
RandomForest, XGBoost, LightGBM and ElasticNet, to predict housing prices. For each model in the
experiment, 5-fold cross-validation was adopted, and the logarithmic root mean square error (log-
RMSE), logarithmic mean absolute error (log-MAE), and coefficient of determination (R?) were used
as evaluation indicators. The research results show that among these five models, SVR is the best, and
all three evaluation indicators are optimal. Based on the comparison of the previous five models,
the SVR model was selected for tuning. After tuning the three hyperparameters in SVR through Op-
tuna Bayesian optimization, the model performance was further improved. log-RMSE dropped to
0.1249 and R? was 0.8985, which was significantly better than other comparison models.
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Flgure 1. Distribution of sale prices: Original data vs. log-transformed data
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Figure 2. Distribution of key features
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Table 1. Comparison of evaluation metrics across five models

F 1. AMEREIT A HERRRTEE

SVR RandomForest XGBoost LightGBM ElasticNet
Log-RMSE 0.1256 0.1421 0.1459 0.1337 0.3988
Log-MAE 0.0824 0.0946 0.0978 0.0893 0.3100
R? 0.8985 0.8687 0.8624 0.8840 —0.0035

SO gE R, AN T S —E Z BRI (1 SVR. LightGBM) ERILH AL U MERE, LHAE SVR
BRI RSO . AHLEZ R, AN AR s ek A, SRR R B R R, AR Ik
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Figure 3. Scatter plots of predicted vs. actual values based on the optimized SVR model
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Table 4. Predicted values for partial samples in the test set

F 4. WAE LR HABNTUNE

1D 1461 1462 1463 1464 1465

TI{E 119598.6508 160208.2514 183572.5654 201195.1616 192727.0179
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