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Abstract

The real estate industry is an important component of China’s national economy, affecting livelih-
oods and national economic planning. Trends in housing prices directly impact financial stability
and overall macroeconomic development. Therefore, researching and predicting housing prices
are crucial for individual consumers, real estate developers, and national macroeconomic regula-
tors. This study is based on housing sales data and basic property information from King County,
USA, collected from May 2020 to May 2021 via the Kaggle platform. Support Vector Machine (SVM)
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and XGBoost models were employed to predict housing prices. Evaluation criteria including Mean
Absolute Error, Root Mean Square Error, and coefficient of determination were used to assess and
compare the predictive performance of these models. The conclusion drawn was that the XGBoost
model demonstrated the best fitting and predictive performance. Overall, this research provides a
scientific approach to housing price prediction, offering valuable insights for both sellers and
buyers in the housing market.
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Figure 1. Schematic diagram of support vector machine
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Figure 2. Distribution of sales prices
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Figure 3. Distribution of sales prices-logarithmic scale
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Figure 4. Heatmap
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Figure 6. Comparison between SVR predictions and actual values
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Table 5. Evaluation of the XGBoost prediction model
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