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Abstract— As the years go by, the ever-
increasing movement of house prices has become
an important factor in investment decisions and
financial planning to curb inflation. However,
fluctuations or increases in house prices can be
caused by various factors that can affect the
value of house price predictions. This study aims
to analyze the influence of optimization and the
relationship between feature engineering and
modeling in house price predictions. The
research stages include data preprocessing,
logarithmic transformation, feature engineering,
data splitting, and optimization in determining
parameters during tuning. Model performance is
evaluated using the Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE),
Mean Absolute Percentage Error (MAPE), and
Determination coefficient (R*2-Squared)
metrics. The results show that the Support
Vector Regression algorithm produces the best
performance with a MAE value of 274 million,
an RMSE of 780 million, a MAPE of 7%, and an
R”2-Squared of 98%. This research is expected
to serve as a reference for future studies on
regression model optimization, particularly in
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decision-making for more accurate house price
predictions.
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I. INTRODUCTION

The growing knowledge and insight among the
younger generation, especially Generation Y or
Generation Z who are just entering the workforce,
has had a significant impact on their perceptions or
views of property, particularly homes. This younger
generation is beginning to realize the importance of
owning a home as both a primary need and a future
investment. However, increasingly complex
economic challenges, such as rising living costs,
market fluctuations, and limited income, mean that
they must be more careful in planning their
finances, including their plans to buy a home
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(Wadani et al., 2023). According to Dewabrata et al.
2023, the number of housing units is becoming
increasingly limited each year, making it difficult
for people to achieve their desire to buy a home.

|
|

Figure I Source: databoks.katadata.co.id

Based on Figure 3 sourced from katadata.co.id,
January 2025 shows several price increases at the
beginning of the year, with a percentage of 9.4% in
Yogyakarta, 8.2% in Denpasar, and 3.1% in
Semarang. In addition, significant population
growth, accompanied by numerous housing
developments by the government and developers,
has created various options for people to own
homes (Fuadah et al. 2020).

The increase in house prices is driven by several
factors, including population growth, increased
public demand for housing, limited land availability,
rising building material prices, and so on. Therefore,
one solution that can help prospective home buyers
is the use of machine learning algorithms to predict
house prices by considering several factors that can
affect those prices. According to Fuadah et al.
(2020), the use of prediction algorithms not only
helps determine home prices that are in line with
consumers' financial capabilities, but also increases
their confidence in investing in the property sector.

Therefore, careful analysis is needed to
accurately predict house price movements so that
prospective buyers can avoid potential losses and
choose the most profitable property (Siregar et al.,
2023). With the implementation of Random Forest,
XGBoost, and Support Vector Regression
algorithms, predicting house prices can be done
more accurately based on available data
(Nuzurialini, 2024).
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Then, hyperparameter tuning in this study uses
Random Search and Bayesian Optimization, where
experiments on both were chosen because Random
Search can explore more combinations in a short
time, even though the combinations are made
randomly, Random Search can often find
combinations of hyperparameters with optimal
results (Ramadhan et al. 2024). Bayesian
Optimization was chosen because it can efficiently
find the optimal hyperparameter combinations for
Random Forest without having to try all possible
combinations by building a probabilistic model,
often referred to as Gaussian Process Regression,
which predicts which hyperparameters can provide
better results (Tuner et al. 2021).

The author hopes that this research will
contribute to the development of models with
optimal accuracy in predicting house prices, given
the fluctuating dynamics of house price increases,
while also helping the younger generation make
more informed financial decisions.

II. METHOD

A. Optimization Flow

This research began with careful data
preprocessing to ensure optimal data quality. The
initial process involved data cleaning, which
consisted of detecting and correcting incorrect,
inaccurate, or missing data so that the dataset was
ready for analysis. Next, Exploratory Data Analysis
(EDA) was conducted to understand the
characteristics of the data, find patterns, detect
outliers, and check assumptions through descriptive
statistics and visualization.
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Figure II Block Diagram of Optimization

The next stage is feature transformation and
feature combination. Transformation includes data
standardization using Standard Scaler and
conversion of categorical variables with Label
Encoding. Feature combination is done by forming
new variables such as space efficiency, interior
quality, building age, and infrastructure quality to
improve the predictive ability of the model. In
addition, feature importance analysis is also
performed to select the best features using three
schemes: all features, the five features with the
highest contribution, and features with an
importance above 95%.

Figure III Multicolinarity Check

To improve performance, this study applies K-
Fold Cross Validation as a validation method, so
that the model can be tested consistently on various
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data subsets. Furthermore, hyperparameter tuning is
performed using Random Search and Bayesian
Optimization. Random Search explores parameter
combinations randomly  with  computational
efficiency, while Bayesian Optimization utilizes
probabilistic models to adaptively search for
optimal parameters.

Model evaluation was performed using three
metrics, namely Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE), and R-
Squared (R?). These metrics were used to assess the
accuracy of predictions and the model's ability to
explain data variability. The evaluation results are

expected to show the contribution of the
preprocessing stage, feature selection, data
partitioning scheme, and tuning method to

improving the model's performance in predicting
house prices.

B. Feature Engineering

In this study, feature combination was performed
to create new features that are more representative
based on the initial analysis results of the structure
and correlation between variables. From the 11
initial features, five new features were formed,
namely room efficiency, building quality, building
age, and infrastructure quality. These features are
designed to capture more relevant information and
simplify data complexity, so that they are expected
to improve the accuracy and efficiency of
predictions.

The next stage was feature selection, which plays
an important role in optimizing model performance
by using only the features most relevant to the
target variable. Feature selection was carried out
using the feature importance values from the
Random Forest and XGBoost algorithms. Three
scenarios were tested, namely the use of all features,
the selection of the five features with the highest
contribution, and the selection of features with an
importance value above 96%. This strategy allows
the model to focus on important variables while
reducing noise and computational load.
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Figure IV Feature Importance

Next, feature importance analysis was conducted
to identify the variables that most influenced the
prediction results. Based on the calculation results,
the features of installments, number of facilities,
building area, view, and building age emerged as
the dominant variables. In addition to the individual
approach, this study also applied accumulative
feature importance to measure the cumulative
contribution of features. Thus, only features with a
collective contribution above 94% were retained in
the modeling to maintain a balance between
complexity and prediction quality.

Figure V Accumulative Importance

Finally, at the feature transformation stage, data
distribution normalization was performed through
log transformation. This step was necessary because
a number of numerical features showed uneven
distributions and contained extreme outliers, for
example in property prices, installments, land area,
and electricity power. This transformation helped
normalize the distribution, reduce the influence of
extreme values, and improve the stability and
accuracy of the model in making predictions.
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Figure VI Data training log transform
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Figure VII Data testing log transform
II. RESULT

In this study, three machine learning algorithms,
namely Random Forest Regression, Extreme
Gradient Boosting (XGBoost), and Support Vector
Regression (SVR), were implemented through nine
experiments for each algorithm. The experiments
were designed based on a combination of data
division schemes (80:20, 70:30, and 60:40) and
three feature selection approaches, namely the use
of all features, the five features with the highest
importance, and features with an importance
accumulation above 94%. This strategy allowed for
an in-depth evaluation of the influence of variations
in the amount of training data and feature quality on
model performance.
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The optimization results show that Random
Forest performs best in a 70:30 data split scenario
with an accumulative feature scheme >94% and an
error percentage of 7.83%. Under these conditions,
the model produces an R? value of 0.97 with a
validation of 0.90, with an error value obtained at
MAE of 321 million and RMSE of 937 million.
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Figure VIII Scatterplot Accuracy Results Random
Forest

The XGBoost algorithm also showed high
performance, especially in the 70:30 data split
scenario with the use of all features. Optimization
through a combination of the

colsample bytree,learning rate,max_depth,min_chi
1d weight, n_estimators, and subsample parameters
resulted in an R? of 0.97 with a validation of 0.89.
However, the MSE value of 392 million and RMSE
of 935 million indicate that there are a number of
predictions with large errors, even though the
model's accuracy remains competitive with a
MAPE of 12.68%.
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Figure IX Scatterplot Accuracy XGBoost

Meanwhile, Support Vector Regression (SVR) is
recorded as the algorithm with the best
performance, as seen in the error percentage in
MAPE of 7.09%, which has the smallest error value
among other algorithms. In the 70:30 scenario with
all features, SVR produced an R? of 0.98 with a
validation of 0.90, as well as consistency in
accuracy, indicating excellent generalization
capabilities. Although there was a significant gap
between the MAE of 274 million and the RMSE of
780 million, these results still showed model
stability without any indication of significant
overfitting.
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Overall, the comparison of the three algorithms'
performance indicates that SVR is the leading
model for predicting house prices in the 2024-2025
Surabaya dataset. This advantage is supported by
the application of Bayesian Optimization in
hyperparameter tuning, which allows SVR to
capture data patterns with greater precision while
maintaining a balance between accuracy and
generalization capabilities.

IV. CONCLUSION

This study confirms that optimization
through feature engineering plays a crucial role in
improving the accuracy of house price predictions.
Techniques such as feature encoding, feature
combination, and log transformation have been
proven to improve model performance by capturing
more relevant information and reducing data
complexity. In addition, testing on datasets with a
wide price range shows that model performance is
not only determined by algorithms and parameters,
but is also greatly influenced by the characteristics
of the dataset relative to the algorithm used.

More specifically, Random Forest has
proven to be quite robust against outliers and
provides interpretability through feature
importance, but its performance is still influenced
by data distribution and sample splitting strategies.
XGBoost has the strength to handle complex
datasets by utilizing residual error, although it
requires more careful parameter tuning and longer
computation time. Meanwhile, Support Vector
Regression (SVR) is highly sensitive to scaling,
splitting, and kernel selection processes, but when
properly optimized, it can deliver simple yet highly

effective results, especially on medium-sized
datasets.

Compared to the baseline without
optimization, the combination of feature

engineering, feature selection, and hyperparameter
tuning techniques consistently provides significant
performance improvements. Thus, this study
successfully answers the research question and
provides recommendations for regression model
optimization strategies, where SVR proves to be the
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most effective algorithm compared to Random
Forest and XGBoost for supporting house price
decision making.
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