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INTRODUCTION

A house is one of the primary human needs that serves not only as a place to live but
also as a high-value economic investment asset. Accurate house price determination is
essential because it is still frequently performed manually based on intuition or personal
experience, often resulting in inconsistencies and market imbalances (Rahayuningtyas et al.,
2021). In the digital era, the application of Machine Learning technology has become an
effective alternative for predicting house prices objectively and efficiently. By utilizing
historical data, predictive models can be developed to estimate house prices by considering
various factors such as location, building area, land area, number of bedrooms, and other
supporting facilities (Ridho et al., 2022).

Several previous studies have applied Machine Learning algorithms for property price
prediction. Study Fitri (2023) demonstrated that Linear Regression, Random Forest
Regression, and Gradient Boosted Trees Regression were able to generate house price
predictions with low prediction errors. Based on the evaluation of these three methods using a
house price dataset, Random Forest Regression achieved the best performance with an RMSE
value of 0.440 and the highest accuracy of 81.5%. This method outperformed Linear
Regression (RMSE = 0.515) and Gradient Boosted Trees Regression (RMSE = 0.508). In
addition, the dataset size and preprocessing process significantly affected prediction accuracy,
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indicating that larger datasets and additional preprocessing techniques could further improve
model performance (Fitri, 2023).

Meanwhile, study (Hidayah et al. 2024) showed that the combination of Decision
Tree, Support Vector Regression, and Random Forest algorithms improved the accuracy of
house price prediction models. Based on the RMSE analysis, Random Forest produced the
lowest prediction error with an RMSE value of 3.204, making it the best-performing model
among the evaluated methods. However, the Random Forest model still exhibited an R?
difference of 0.113, indicating a tendency to overfit the training data compared to the Linear
Regression model, which showed a smaller R? difference of 0.020.

Algorithms such as Decision Tree, Neural Network, K-Nearest Neighbor, Gradient
Boosted Trees, Support Vector Regression, and Random Forest possess different
characteristics and levels of complexity that influence prediction accuracy and computational
efficiency (Cucos & lantovics, 2024; Alarfaj et al., 2022). These algorithms were selected
because of their ability to produce highly accurate predictions while maintaining
computational efficiency, with each algorithm offering distinct advantages in learning data
patterns, handling complex variables, and prediction speed (Karimi et al., 2025; Ozlem & Tan,
2022). Several recent studies have emphasized the importance of selecting algorithms that
match the characteristics of the dataset to achieve optimal prediction performance (Lee et al.,
2021). Therefore, a comprehensive comparative analysis is required to determine the most
effective algorithm for improving model performance, particularly in terms of prediction
accuracy and efficiency (Sari & Prabowo, 2025).

Despite these studies, no previous research has simultaneously compared six widely
used algorithms using the Altair Studio platform for house price prediction analysis. Altair
Studio was selected because of its comprehensive capabilities in supporting data analysis by
allowing users to visually construct analytical workflows through interconnected operators,
including data preprocessing, predictive and descriptive modeling, model evaluation,
visualization, and automated learning features, making it highly efficient for Data Mining
tasks (Taranto-Vera et al., 2021). This study is expected to provide a more comprehensive
understanding of the effectiveness of various Machine Learning algorithms in predicting
house prices. Furthermore, the findings are expected to serve as a valuable reference for
system developers and property business practitioners in selecting a prediction model that is
more accurate, efficient, and easy to implement using Altair Studio.

METHOD

The method used in this study employs a Data Mining approach to analyze and
compare the performance of several Machine Learning algorithms for house price prediction.
Data Mining is a systematic approach to discovering hidden information from data so that it
can be utilized optimally. It not only focuses on information extraction but also plays an
important role in developing predictive models capable of estimating future values or
behaviors based on the available data (Warjiyono et al., 2024).

This Data Mining approach utilizes various Machine Learning algorithms designed to
identify hidden patterns in historical data and generate accurate prediction models (Manullang
et al., 2021). The algorithms used in this study include Decision Tree, Neural Network, K-
Nearest Neighbor, Gradient Boosted Trees, Support Vector Regression, and Random Forest.
Each algorithm has different characteristics, advantages, and levels of complexity. Decision
Tree was selected because of its flexibility in providing clear visualizations, making
prediction results easier to interpret (Illahi et al., 2023). Neural Network was chosen for its
capability to process large and complex datasets as well as its flexibility in capturing non-
linear relationships among variables (Ferdiansyah et al., 2024). K-Nearest Neighbor was
employed as a simple yet effective distance-based method for predicting values by identifying
the K nearest neighbors of the testing data based on the training data (Agsha, 2025). Gradient
Boosted Trees and Random Forest are ensemble learning algorithms that improve prediction
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accuracy by combining multiple decision tree models. Meanwhile, Support Vector Regression
was selected because of its ability to handle high-dimensional data, its robustness against
overfitting, and its flexibility in modeling both linear and non-linear relationships (Handani et
al., 2024).

The research process consisted of several sequential stages: problem identification,
literature review, data collection, data preprocessing, algorithm implementation, result
evaluation, comparative analysis, and conclusion. Each stage was conducted systematically to
develop an effective house price prediction model for each algorithm evaluated. The detailed
explanation of each research stage is presented as follows:

Problem Identification ’

|

Literature Review ’

!

Data Collection ’

!

‘ Data Preprocessing ’

! ' ! | !

Implementation Implementation Implementation Implementation Implementatiol
of Decision Tree | | of Neural Network of K-Nearest of Gradient of Support Vect:
Neighbor Boosted Trees Regression

A 4

‘ Result Evaluation ’

l

Comparative Analysis l

of Results

Figure. 1. Research Stages

Problem Identification, Researchers analyzed the challenges that arise when
individuals or businesses struggle to accurately estimate house prices due to market
fluctuations and interrelated factors such as building area, land area, number of bedrooms, and
supporting facilities. Therefore, this study identified and analyzed the application and analysis
of machine learning algorithms, specifically Decision Trees, Neural Networks, K-Nearest
Neighbors, Gradient Boosted Trees, Support Vector Regression, and Random Forests, in
modeling and predicting house prices. The ultimate goal was to determine the most effective
and accurate method for predicting house prices using the Altair Studio platform.

Literature Study, A literature review was conducted to gain a deeper understanding of
the basic theory and application of machine learning algorithms in various prediction
contexts, particularly in the problem of property price prediction. This study included an
explanation of the working principles of each algorithm, its advantages and disadvantages,
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and the relevance of each algorithm for processing data with diverse characteristics.
Furthermore, the reviewed literature also included the results of previous research comparing
the performance of several predictive algorithms, providing an overview of the accuracy,
computational efficiency, and complexity of the resulting models.

Data Collection, This stage includes the process of searching, selecting, and collecting
relevant house price datasets as a basis for developing a predictive model. The dataset used in
this study was obtained from the Kaggle platform and consists of 1,010 records with 6
attributes: house price, building area, land area, number of bedrooms, number of bathrooms,
and garage. The house price variable is used as the prediction target, while the other attributes
are used as predictor variables. Before being used in the modeling process, a data quality
check was conducted, including checking for missing values, duplicate data, and outliers. The
results showed that the dataset had no missing values, so no data imputation process was
required. In addition, several extreme values (outliers) were found in several numeric
attributes. However, these values were retained because they still represent the real conditions
of house characteristics and prices, so it is hoped that the model can learn data patterns more
representatively.

Data Preprocessing, At this stage, the collected datasheets will be processed. Data
preprocessing itself is performed using Altair Studio in several stages. Altair Studio was
chosen because it offers a variety of intelligent and informative methods, such as
classification, clustering, and prediction, allowing users to apply techniques tailored to their
analysis needs (Sudarsono et al., 2021). The data preprocessing stages include data import,
feature selection, data cleaning, data splitting, model visualization, and model testing. Next,
comes the Algorithm Implementation process: at this stage, the preprocessed data will be
implemented using six machine learning algorithms: Decision Tree, Neural Network, K-
Nearest Neighbor, Gradient Boosted Trees, Support Vector Regression, and Random Forest.
This implementation process produces predicted values for house prices.

Result Evaluation, Model performance evaluation is conducted by considering three
main aspects: performance, computation time, and model complexity. The performance
evaluation uses two regression metrics: Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE). RMSE measures the root mean square of the difference between predicted and
actual values. Meanwhile, MAE calculates the average absolute difference between predicted
and actual values. The combination of RMSE and MAE can provide a more comprehensive
picture of model accuracy (Sukmaningtyas et al., 2024). Then, computational time is
evaluated during model training and testing. Training time indicates how quickly the model
can learn patterns from the training data, while testing time measures the model's efficiency in
predicting new data. Finally, model complexity is evaluated, which describes the level of
complexity of the structure and parameters used in the algorithm development and
implementation process. Each algorithm has different complexity determinants, depending on
the characteristics of the method used.

Comparative Analysis: This stage is conducted to assess the extent to which each
algorithm is able to produce accurate, efficient, and balanced predictions in the context of
house price modeling. This analysis is conducted quantitatively by considering the results of
the model evaluation, namely model performance, computational time, and the complexity of
each prediction model.

In conclusion, this study aims to provide a comprehensive overview of the
performance of several machine learning algorithms in predicting house prices using the same
dataset and a uniform evaluation method. The evaluation was conducted through three main
aspects: model performance based on RMSE and MAE, computational time efficiency during
the training and testing stages, and model complexity, which includes the structure and key
parameters of each algorithm. This approach is expected to produce objective and measurable
comparisons and provide recommendations for the best algorithm that balances accuracy,
efficiency, and complexity in house price modeling.
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RESULTS AND ANALYSIS

The research results were obtained through the training and testing process of six
machine learning algorithms, namely Decision Tree, Neural Network, K-Nearest Neighbor,
Gradient Boosted Trees, Support Vector Regression and Random Forest. Each algorithm was
tested using the same dataset to make the comparison results more objective and consistent.
The evaluation was carried out based on three main indicators, namely the level of prediction
performance as measured by Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE), computational time efficiency in the training and testing stages, and model
complexity as reviewed from the structure and main parameters of each algorithm. The
following are the results of the model evaluation conducted:

1. Model Performance Evaluation Results

Based on the model performance evaluation stage, RMSE and MAE values were
obtained for each algorithm model. RMSE indicates the average absolute error between the
predicted house price and the actual house price. A lower RMSE value indicates that the
predicted house price is closer to the actual house price. Meanwhile, MAE indicates the
average absolute difference between the actual house price and the predicted house price. The
lower the MAE value, the higher the model's accuracy in predicting house prices. This
indicates that the difference between the predicted house price and the actual house price is
smaller and the model is able to produce predictions closer to reality (Fauzi et al., 2025). The
following table compares the RMSE and MAE values obtained by the models.

Table 1. Comparison results of RMSE and MAE values

Algoritma RMSE MAE
Decision Tree 0,649 0,478
Neural Network 0,630 0,464
K-Nearest Neighbor 0,608 0,485
Gradient Boosted Trees 0,747 0,589
Support Vector Regression 0,662 0,501
Random Forest 0,656 0,474

Based on the evaluation results shown in the table, KNN obtained the lowest RMSE
value of 0.608, making it the model with the smallest mean squared error. This indicates that
KNN is better at handling large errors than other algorithms. Neural Networks ranked second
with an RMSE of 0.630, followed by Decision Tree (0.649), Random Forest (0.656), and
SVR (0.662). Meanwhile, GBT had the highest RMSE value of 0.747, making it the lowest
performing model compared to the other models.

In terms of MAE, Neural Networks performed best with the smallest value of 0.464.
This indicates that Neural Networks produce predictions with the smallest mean absolute
error, resulting in more consistent results. Random Forest (0.474) and Decision Tree (0.478)
also performed quite well, slightly ahead of Neural Networks. Meanwhile, KNN (0.485) was
slightly higher, although still within the competitive range. The SVR (SVR) of 0.501
performed lower than the previous model, while GBT again performed worse with the highest
MAE value of 0.589.

Overall, it can be concluded that KNN excels in minimizing the mean squared error
(RMSE), while Neural Network excels in minimizing the mean absolute error (MAE).
Random Forest and Decision Tree can be categorized as models with intermediate
performance because their results are quite stable, although not as good as KNN and Neural
Network. SVR demonstrated relatively good performance, while GBT was the algorithm with
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the lowest performance in this study. Thus, the KNN and Neural Network algorithms can be
considered the best models, with KNN being more effective in reducing large errors, while
Neural Network is better at providing consistent predictions.
2. Computation Time Evaluation Results

The computation time of the prediction models created for each algorithm was
measured. Computation time is divided into two parts: model training and model testing. The
training computation time indicates how quickly the model can learn from the training data,
while the testing computation time indicates the model's efficiency in predicting new data.
The following table compares the computation time achieved by each model.

Table 2. Comparison results of training and testing time

Algoritma Training Testing
Decision Tree 0,006 s 0,004 s
Neural Network 0,246 s 0,003 s
K-Nearest Neighbor 0,004 s 0,023 s
Gradient Boosted Trees 0,164 s 0,004 s
Support Vector Regression 0,174 s 0,002 s
Random Forest 0,371 s 0,056 s

Based on the measurement results, the fastest training time was achieved by KNN
(0.004 s), followed by Decision Tree (0.006 s). Meanwhile, the algorithms with the longest
training times were Random Forest (0.371 s) and Neural Network (0.246 s), indicating that
complex models require a longer training process. Gradient Boosted Trees (0.164 s) and SVR
(0.174 s) were in the intermediate category.

In the testing phase, the fastest algorithm was SVR (0.002 s), followed by Neural
Network (0.003 s). KNN, on the other hand, took the longest time to produce predictions, at
0.023 s. Random Forest (0.056 s) also took longer than the other algorithms, while Decision
Tree and GBT had similar testing times, at 0.004 s.

Based on these results, it can be concluded that KNN is highly efficient in the training
phase but less efficient in the testing phase, while SVR and GBT are relatively balanced
between training and testing. Decision Trees can also be considered efficient because they
require a short time for both stages, although their accuracy is not as good as KNN or Neural
Networks. Conversely, Neural Networks require a long training time but are more efficient for
testing. Random Forests require longer computation times for both training and testing,
reflecting the higher level of model complexity compared to other algorithms.

3. Model Complexity Evaluation Results

The complexity evaluation in this study was conducted by considering the parameters

generated by each algorithm.

Table 3. Results of model complexity comparison

Algoritma Main Parameters Complexity

Decision Tree tree depth, leaf nodes 11 depth, 71 leaves
Neural Network layer, neuron 3 layer, 12 neuron
K-Nearest Neighbor K value, amount data, dimensi K =5, 707 data, 5 dimensi
Gradient Boosted Trees tree, tree depth, leaf nodes 50 tree, depth 5, 24 leaves
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Support Vector Regression  kernel, C value, epsilon 200 kernel, C=10,¢£=0,5

Random Forest tree, tree depth 100 tree, 10 depth

In a Decision Tree, complexity is determined by the tree depth and the number of leaf
nodes. Tree depth describes the number of levels from the root to the furthest leaf, while leaf
nodes are the final nodes containing decisions or predicted values. Test results show that the
Decision Tree model has a tree depth of 11 levels with 71 leaf nodes. This indicates a
relatively deep tree structure with numerous branches, so its complexity can be categorized as
medium.

In Neural Networks, complexity is determined by the number of layers and neurons.
Layers consist of input, hidden, and output layers, while neurons function as processing units
in the network. Based on the analysis, the Neural Network model uses three layers with a total
of 12 neurons. The complexity of this model is not considered high, but it is still greater than
that of a Decision Tree because it involves signal propagation between neurons through the
hidden layer.

In K-Nearest Neighbor, complexity is determined by the K value, the amount of
training data, and the number of dimensions. The K value indicates the number of nearest
neighbors used in the prediction, while the number of data and dimensions reflects the dataset
size and the number of input variables. Test results show that the KNN model, using a K
value of 5 using the weighted neighbor method, was trained using 707 data sets with 5 input
variables. KNN complexity is relatively low during the training stage, but increases during the
prediction stage because each test data set must calculate its distance from the entire training
data set.

In Gradient Boosted Trees, complexity depends on the number of trees, tree depth, and
leaf nodes. Based on the analysis, the GBT model uses 50 trees with a tree depth of 5 levels
and an average of 24 leaf nodes. This indicates that GBT has a more complex structure than a
single Decision Tree, as it involves multiple trees built incrementally (boosting) to increase
accuracy.

In Support Vector Regression, complexity is determined by the use of kernels, the C
parameter, and the epsilon parameter. The kernel functions to map the data to a higher-
dimensional space, the C parameter controls the level of regularization, while the epsilon sets
the margin of error tolerance. Test results show that SVR uses 200 kernels, with C = 10 and
epsilon = 0.5. This condition indicates that SVR has a relatively high level of complexity,
primarily due to the large number of kernel calculations involved.

Finally, in Random Forest, complexity is determined by the number of trees and tree
depth. Based on test results, the Random Forest model built 100 trees with a tree depth of 10
levels. This indicates that Random Forest is significantly more complex than a single
Decision Tree, as it involves hundreds of trees combined through a bagging mechanism to
produce more stable and accurate predictions.

Overall, Decision Trees can be categorized as algorithms with relatively low
complexity. Neural Networks and KNN are at an intermediate level of complexity. GBT,
SVR, and Random Forest are considered high-complexity algorithms because they involve
many trees or kernels. This complexity is directly proportional to the computational time
required and affects the trade-off between model accuracy, interpretability, and efficiency.

CONCLUSIONS

Based on the evaluation results of the six machine learning algorithms used in this
study Decision Tree, Neural Network, K-Nearest Neighbor, Gradient Boosted Trees, Support
Vector Regression, and Random Forest the K-Nearest Neighbor algorithm is the model with
the best performance in predicting house prices. Test results show that KNN achieved an
RMSE value of 0.608 and an MAE value of 0.485, indicating the lowest prediction error rate
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compared to other algorithms. In terms of computational time, KNN also demonstrated the
highest efficiency, with a training time of 0.004 seconds and a testing time of 0.023 seconds.
Furthermore, KNN has a relatively simple model complexity yet still produces high
prediction accuracy. These findings demonstrate that a simple model with a distance-based
approach can produce accurate results without requiring lengthy computational processes.

Suggestions for further research include developing the model by adding more diverse
and relevant variables to the determinants of house prices, such as geographic location,
physical condition of the building, accessibility, and local economic factors. Future research is
also recommended to implement the KNN algorithm in the form of a web-based prediction
system or interactive application, so that the results of this study will not only contribute to
the academic field, but also can be directly utilized by the public, property developers, and
business actors in estimating house prices automatically and efficiently. With this
development, it is hoped that the house price prediction system can be more adaptive,
accurate, and applicable in various dynamic property market conditions.
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