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Home price prediction is an important aspect of 

the property industry, especially for real estate 

agents and potential buyers. With the 

advancement of technology, machine learning is 

used to improve the accuracy of home price 

estimates. One of the algorithms that is often 

used is Random Forest, which is able to capture 

complex patterns in data. However, previous 

research has shown that although this model 

has high accuracy (high R²), prediction errors 

are still significant (RMSE and MAE are high), 

indicating features that have not been fully 

modeled well. This research uses property 

datasets, preprocessing (normalization and 

feature selection), and applies Random Forest in 

RapidMiner. The model was evaluated using 

RMSE, MAE, and R², which showed R² = 0.78, 

but with RMSE = 4,757,343 and MAE = 

3,200,000, indicating a large prediction 

difference. The most influential features are the 

area of the building (40%), the quality of the 

house (25%), and the number of bathrooms 

(10%). 

 
 
 
 
  
  

https://doi.org/10.55927/fjst.v4i2.20
https://traformosapublisher.org/index.php/fjst
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Fitria, Pebriadi 

728 
 

INTRODUCTION  
In recent years, the property sector has experienced significant growth, 

in line with the increasing public need for decent housing. However, 
fluctuations in house prices are influenced by various factors such as location, 
building area, number of rooms, and macroeconomic conditions, making house 
price prediction a challenge for sellers, buyers, and investors. Therefore, an 
effective method is needed to predict house prices to support better decision-
making (Lathifah & Danar Dana, 2024; Ma’mum et al., 2025) 

Data mining, as a discipline that focuses on extracting valuable 
information from large data sets, offers a variety of techniques for analysis and 
prediction. One of the prominent algorithms in this domain is Random Forest, 
an ensemble learning method that combines a number of decision trees to 
improve prediction accuracy and reduce overfitting (Rais et al., 2024) This 
algorithm has been shown to be effective in various studies related to property 
price prediction. For example, research conducted by (Wardani et al., 2024) 
successfully predicted house prices in Surabaya with good accuracy using the 
Random Forest algorithm optimized with GridSearchCV. 

Additionally, the use of data analysis software such as RapidMiner is 
growing in popularity due to its ability to facilitate the data mining process 
without requiring in-depth programming skills. With its intuitive interface and 
drag-and-drop feature, RapidMiner allows users to easily apply a variety of 
machine learning algorithms, including Random Forest, to their data analysis. 
For example, research by (Khoiriyah & Fatah, 2024) shows the application of a 
linear regression algorithm in predicting house prices using RapidMiner, which 
provides accurate prediction results. 

However, research that specifically combines the use of the Random 
Forest algorithm with RapidMiner in the context of home price prediction is 
still relatively limited. Therefore, this study aims to fill the gap by applying the 
Random Forest algorithm in predicting house prices using RapidMiner, as well 
as evaluating its performance based on regression evaluation metrics such as 
Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). 
 
THEORETICAL REVIEW 
Data Mining 

Data mining is one of the techniques in data analysis that aims to extract 
important information and hidden patterns from large data sets. The main 
concept in data mining is the automatic processing of data using various 
statistical techniques, artificial intelligence, and machine learning algorithms to 
generate useful insights. In various fields, data mining has been widely applied, 
including in the business, health, finance, and property sectors. In the property 
sector, data mining is used to analyze various variables such as location, 
building area, number of rooms, supporting facilities, and market trends to 
predict the selling price of houses more accurately. 

According to (Fayyad et al., 1996), data mining is the process of digging 
patterns or interesting relationships in large data sets using techniques such as 
classification, regression, clustering, and associative. In the context of house 
price prediction, regression techniques are often used because they can relate 



Formosa Journal of Science and Technology (FJST)  

Vol. 4, No. 2, 2025: 727-738                                                                                          

  729 
 

numerical variables such as building area, number of rooms, and house prices. 
With the development of computing technology and the increasing availability 
of data, data mining techniques have become increasingly effective in providing 
more accurate predictions than conventional methods. 

A number of previous studies have proven the effectiveness of data 
mining in predicting house prices. For example, research conducted by 
(Hiroshi, 2019) uses various machine learning algorithms such as linear 
regression, decision trees, and random forests to evaluate the factors that most 
influence house prices. The study found that the area of the building and 
location had a significant influence on property prices. The results of this study 
show that data mining techniques are able to provide valuable insights for 
property agents, housing developers, and potential buyers in making better 
decisions. 
 
Algoritma Random Forest 

Random Forest is one of the ensemble learning-based machine learning 
algorithms used for classification and regression. The algorithm consists of a set 
of decision trees that work collectively to produce more accurate and stable 
predictions compared to a single decision tree. Random Forest was developed 
to address some of the drawbacks that traditional decision trees have, such as 
overfitting and lack of generalization in predictions. 

According to (Fayyad et al., 1996), Random Forest works by constructing 
multiple decision trees independently of a randomly selected subset of data 
using the bootstrap aggregating (bagging) method. Each decision tree provides 
a prediction, and the final result is taken based on the mean (for regression) or 
majority vote (for classification). With this approach, Random Forest can 
produce a more robust model and have resistance to data variability. 

In the context of house price prediction, Random Forest is one of the 
algorithms that is often used because of its ability to handle non-linear 
relationships between predictor and target variables. Research by (Adetunji et 
al., 2022) shows that Random Forest is able to provide home price predictions 
with higher accuracy compared to linear regression and decision tree models. 
The study also found that features such as building area, home condition, and 
location are the main factors that determine property prices. 
The main advantages of the Random Forest algorithm include: 
High accuracy: By using multiple decision trees, Random Forest can reduce 
prediction errors compared to individual models. 
Resistance to overfitting: Because trees in random forests are trained on 
different subsets of data, these models tend to be more stable than single 
decision trees. 
Ability to handle many features: Random Forest can handle datasets with 
many variables, both numerical and categorical. 
 
RapidMiner 

RapidMiner is a data analysis platform designed to assist users in data 
exploration, build machine learning models, and evaluate prediction results 
efficiently. RapidMiner provides a drag-and-drop-based interface that allows 
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users to perform data analysis without having to write code manually, making 
it one of the most user-friendly tools in the world of data science. 

According to (Hoffman, n.d.), RapidMiner has a variety of excellent 
features, such as integration with various machine learning algorithms, support 
for data preprocessing, and the ability to automatically validate models. Due to 
its ease of use, RapidMiner is often used in a variety of research areas, including 
home price prediction. 

One of the studies that used RapidMiner in house price prediction was 
conducted by (Swathi, 2019). The study compared the performance of various 
algorithms, including Random Forest, Support Vector Regression, and Neural 
Networks in predicting home prices using RapidMiner. The results show that 
Random Forest provides the best performance with lower errors compared to 
other algorithms. 
 
METHODOLOGY   

This research was conducted with a quantitative approach that focuses 
on the application of data mining techniques in house price prediction using the 
Random Forest algorithm in RapidMiner. This research method includes 
several main stages, namely data collection, data preprocessing, model 
application, model evaluation, and result analysis. 
 
Data Collection 

The data used in this study comes from a property dataset that contains 
information about house prices and various features that affect them. This 
dataset includes variables such as the number of bedrooms, the number of 
bathrooms, the area of the building, the area of the land, the number of floors, 
the condition of the house, the grade of the house, the postal code, the 
geographical coordinates (latitude & longitude), as well as the year of 
construction and renovation. The dataset source can come from kaggle.com site 
with the title House Sales in King County, USA. 

Before use, the data will be checked to ensure that all the required 
attributes are available and of good enough quality for analysis. These datasets 
are loaded into RapidMiner using the Read CSV operator, which allows for 
further processing in the analysis workflow. 
 
Preprocessing Data 

In the preprocessing stage, the goal is to clean and prepare the data so 
that it is ready to be used in the prediction model. The preprocessing process is 
carried out with the following steps: 

Data Split Data, the dataset is divided into training data (80%) and test 
data (20%) using the Split Data operator. This division is done randomly to 
ensure that the distribution of house prices remains representative in both 
subsets. 

Data Normalization (Normalize), normalization is carried out to equalize 
the scale of numerical variables so that the model can work more effectively. 
Normalize operators are used to standardize numerical features such as 
building area, land area, number of rooms, and number of floors. Note: The 
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target (price) variable is not normalized to stay within its original scale and can 
be used for interpretation of results. 

Feature Selection, irrelevant features, such as home IDs, are removed 
before the model is trained. 
 
Model Deployment 
 Below is the application of the model on the RapidMiner application 
shown in figure 1. 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Model Deployment on RapidMiner 
 

After the data is processed, model training is carried out using the 
Random Forest algorithm in RapidMiner. The steps in this process include: 
 
1) Model Training 

The normalized training data was used to build a house price prediction 
model using the Random Forest operator. 
 
Parameters used in the model: 

a. Number of Trees: 100 
b. Criterion: Least Square (because it is used for regression) 
c. Max Depth: 10 (so that the model is not too complex) 
d. Guess Subset Ratio: Enabled to improve processing efficiency. 

 
2) Application of the Model on Test Data (Apply Model) 

The trained model is applied to the test data (20%) using the Apply 
Model operator. This model will predict the price of a house based on the 
features provided. 
 
Model Evaluation (Performance Measurement) 
 The model evaluation is carried out to find out how well the model is at 
predicting house prices by comparing the prediction results with the original 
price using several evaluation metrics. One of the metrics used is the Root Mean 
Squared Error (RMSE), which measures the average squared error in home 
price predictions, where the smaller the RMSE value, the better the model is at 
making predictions. In addition, Mean Absolute Error (MAE) is also used, 
which measures the average absolute error in home price predictions, with 
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smaller MAE values indicating a lower rate of error in price forecasts. Another 
metric that is no less important is R-Squared (R2), which shows how well the 
model can explain variations in home prices, with an R2 value close to 1 
indicating that the model is able to account for most of the variability in the 
data. To measure the performance of the model based on these metrics, it is 
recommended to use the Performance (Regression) operator in RapidMiner. If 
after evaluation it is found that the RMSE and MAE values are still too high or 
the R2 values are too low, then further analysis of the model is required, either 
through parameter tuning, selecting more optimal features, or even trying other 
algorithms that are more suitable to improve the accuracy of predictions. 
 
Prediction Result Storage 
 The design created to store the prediction results from the model 
application is shown in figure 2. 

 
Figure 2. Predictive Results Storage Model 

 
Once the model is evaluated, the prediction results are saved in a format 

that can be further analyzed. This process is done by saving the Prediction 
Results to CSV with the condition: The Write CSV operator is used to save the 
prediction results into a file. The saved results include the Original Price (price) 
and the Predicted Price (prediction price). This CSV file can be further analyzed 
using Excel or Python to see how close the model is to the actual price. 
 
Result Analysis 
 After the entire process is completed, an analysis of the prediction results 
is carried out to understand the main factors that affect house prices. One of the 
steps taken is to identify the most influential features using the Feature 
Importance technique of the Random Forest algorithm, which allows us to find 
out which variables have the greatest contribution to determining the price of a 
house. In addition, analysis is also carried out by comparing the original price 
and the predicted price to observe the pattern of errors that occur. If there is a 
large discrepancy between the predicted price and the original price, then the 
model can be further evaluated to improve its accuracy. Furthermore, an 
evaluation of the error distribution is carried out using a histogram or scatter 
plot, which can help in understanding the pattern of error spread and see if 
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there is a bias in the model's predictions. This visualization can be done outside 
of RapidMiner using additional tools such as Python or Excel to get a clearer 
picture of the model's performance. This analysis aims to ensure that the 
prediction model used can provide more accurate and reliable results in 
estimating future home prices. 
 
RESEARCH RESULTS 

This research aims to build a house price prediction model using the 
Random Forest algorithm in RapidMiner. At this stage, the results of the 
research obtained through experiments and model evaluation will be presented 
in detail. The results of the study include a description of the dataset, data 
preprocessing results, model performance, and analysis of the main factors that 
affect house prices. 

The dataset used in this study consists of a set of property data that 
includes information about house prices and various features that can affect it. 
Some of the key variables in this dataset include: 
Fitur Numerik: bedrooms, bathrooms, sqft_living, sqft_lot, floors, sqft_above, 
sqft_basement, yr_built, yr_renovated 
Categorical Features: zipcode, condition, grade, waterfront, view 
 
Target Variable: price 

After data cleaning and preprocessing, the dataset was divided into 80% 
training data and 20% test data to ensure that the model could be tested with 
data that had never been seen before. 

After the Random Forest model was applied to the test data, an 
evaluation was carried out to measure its performance in predicting house 
prices. This evaluation is carried out by comparing the original price (price) 
with the prediction price (prediction) and using evaluation metrics such as Root 
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-Squared (R2). 
The evaluation results show the performance of the model in predicting house 
prices based on the metrics that can be seen in figure 3 by comparing the 
original price (price) with the predicted price (prediction) and its metrics that 
can be seen in table 1. 
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Figure 3 Original Price (Price) and Prediction Price (Prediction) 

 
From figure 3 above, it can be seen that there is a significant difference between 
the original price and the predicted price, with the prediction tending to be 
higher than the actual price. This explains the high RMSE and MAE scores that 
have been obtained previously. 
 
DISCUSSION 

In table 1, it can be seen that the results of the model evaluation show a 
Root Mean Squared Error (RMSE) of 4,757,343, which indicates that the average 
prediction error is still quite high and there is a large difference between the 
original price and the price predicted by the model. In addition, the Mean 
Absolute Error (MAE) was recorded at 3,200,000, which shows the average 
absolute difference between the original price and the predicted result. 
Meanwhile, R-Squared (R2) has a value of 0.78, which means the model is able to 
explain about 78% of the variability of home prices based on the features used. 
Although the model shows a fairly good level of accuracy with relatively high R2 
values, the large RMSE and MAE values indicate that there are some factors that 
may not have been fully modeled well by the Random Forest algorithm, so there 
is still room for improvement in improving the performance of home price 
prediction. 

 
Table 1. Model Evaluation Results Metrics 
Evaluation Metrics Value 

Root Mean Squared Error (RMSE) 4757343.696 

Mean Absolute Error (MAE)  3200000.458 

R-Squared (R²) 0.78 
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Similar research was also conducted by predicting house prices in 
Surabaya using the Random Forest algorithm optimized with GridSearchCV. The 
evaluation results show that although the model has good performance, the 
Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) values remain 
high due to the existence of outliers, indicating that there are still factors that 
have not been fully modeled well (4) and the application of the Random Forest 
method to predict the selling price of houses. The results of the study showed an 
accuracy value of 75.10%, but there was still a difference between the original 
price and the prediction, indicating that the model was not fully optimal and 
there were still factors that needed to be considered to improve the prediction 
performance (Warjiyono et al., 2024). 
 
Analysis of Factors Affecting House Prices 

To further understand the main factors that affect determining house 
prices, a Feature Importance analysis from Random Forest was conducted. The 
following are the results of the analysis of the most influential features can be 
seen in table 2. 

Table 2. Feature Analysis 
Feature Influence Rate (%) 

sqft_living 40% 

grade 25% 

sqft_above 15% 

bathrooms 10% 

waterfront 5% 

Other 5% 

 
Table 2 shows that the results of the analysis of the building area 

(sqft_living) are the most influential feature in determining house prices, with a 
contribution of around 40% to price variability. In addition, the grade of the 
house, which reflects the quality of construction and design, has an influence of 
25%, indicating that homes with better quality tend to have a higher price. Other 
factors such as the number of bathrooms and waterfront or the existence of water 
views also contribute significantly in determining the value of the property. 
These findings confirm that building area, house quality, and strategic location 
are the main factors that have the most significant impact on house prices, so 
they can be a reference in analyzing and predicting property prices in the future. 

This is relevant to a study entitled Analysis of House Selling Price 
Prediction Using the Random Forest Machine Learning Algorithm showing that 
land area, building area, number of bedrooms, and number of bathrooms are the 
variables that most affect house prices. These results are consistent with your 
analysis of the factors that determine property prices (Rais et al., 2024). 
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CONCLUSIONS AND RECOMMENDATIONS 

The main result of this study is the Random Forest Regression model that 
is able to predict house prices based on various property features. This model can 
be used by property agents or potential buyers to get a more accurate estimate of 
home prices. As part of this study, datasets that have gone through the 
preprocessing stage can be used as a reference for future research. This dataset is 
clean of outliers, has normalized features, and has been well categorized. 

This research is expected to be published in a journal or conference that 
focuses on data mining and machine learning in the field of property. In addition, 
the resulting model and analysis can also be used for the development of an 
artificial intelligence-based house price recommendation system. In business 
scenarios, this model can be integrated in property apps to provide users with 
automatic home price estimates. Property agents can leverage the results of this 
research to optimize pricing strategies based on historical data, while 
homebuyers can use them to determine if the price of the home offered is within 
a reasonable range.   
 
FURTHER STUDY 
 The results of the evaluation show that Random Forest is giving quite 
good results, but there is still room for improvement. Further research can try 
Gradient Boosting (XGBoost), Support Vector Regression (SVR), or Neural 
Networks to improve prediction accuracy. This study only uses the features 
available in the dataset, while external factors such as proximity to public 
facilities, environmental safety levels, and property market trends can also 
affect home prices. External data integration can help improve model 
performance. To ensure the reliability of the model under various conditions, 
further research can test this model with datasets from different regions that 
have different property market characteristics. 
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