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ARTICLE INFO ABSTRACT

This study focuses on analyzing and predicting house prices in the
Greater Jakarta Area using a machine learning approach,
specifically comparing the performance of random forest
regression and multiple linear regression. the increasing demand
for adequate housing in Greater Jakarta Area, coupled with
fluctuating house prices influenced by factors like land size,
building size, number of bedrooms, bathrooms, and other facilities,
necessitates an accurate price prediction system to assist both the
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INTRODUCTION

The property sector in the Greater Jakarta (Jakarta, Bogor, Depok, Tangerang, and Bekasi) area
continues to experience rapid growth in line with increasing urbanization and its status as a national
economic center. However, this growth is accompanied by complexities in determining house prices,
which are influenced by various multivariate factors, ranging from strategic location and access to
public transportation such as the LRT and MRT, to nearby supporting facilities. This price uncertainty
often creates information asymmetry between sellers and buyers, necessitating the need for more
accurate and objective valuation instruments.

Traditional property valuation methods are often considered inefficient in handling large
volumes of data and non-linear relationships between variables. In recent years, literature has shown
that data-driven approaches using machine learning algorithms can provide more precise predictions
than manual estimation. The use of historical transaction data and physical building specifications
allows for modeling that can capture hidden patterns behind the dynamic fluctuations in property
market prices in the capital's buffer zone.

In this study, two popular algorithms were used as comparative methods: Linear Regression and
Random Forest. Linear Regression was chosen because of its ability to provide clear interpretations of
linear relationships between variables. On the other hand, Random Forest, an ensemble learning-
based algorithm, is used to handle the data complexity and non-linear interactions often found in
property data, while simultaneously mitigating the risk of overfitting that can occur with a single
model.

The main objective of this study is to evaluate the performance of the two models in predicting
house prices in the Greater Jakarta area. By comparing evaluation metrics such as Mean Absolute Error
(MAE) or R-squared, this study is expected to provide recommendations on which model is most
reliable for investors, developers, and the general public. The results of these predictions are expected
to guide smarter financial decision-making in the competitive property market.

Over time, people’s needs have continued to evolve, one of which is the need for housing. Property
developers compete to build or purchase homes as an investment asset. This situation encourages
potential buyers to carefully consider whether a house provides sufficient financial value, as property
prices tend to increase continually [1].

Prediction is a technique used to estimate future values based on past or current data. Accurate
prediction capabilities enable organizations and institutions to make informed decisions. Previous
research titled “Prediction of House Prices in East Bandung Using the Moving Average Algorithm”
demonstrated that the moving average model achieved an accuracy rate of 70-90% with an error rate
between 10-30% [2][3].

The rising trend of house prices each year can be analyzed based on property attributes. Because
prices are volatile and difficult to predict accurately, potential buyers need systems capable of
estimating house prices based on these features. This study applies regression algorithms Multiple
Linear Regression and Random Forest Regression to build predictive machine learning models that
estimate property prices in Greater Jakarta Area [4][5].

Based on the market complexity described above, this study attempts to address the key question
of how property variables, such as location, land area, and supporting facilities, influence house price
formation in the Greater Jakarta area. The primary focus of the problem lies in finding the most
accurate prediction model amidst dynamic price fluctuations, by questioning whether a simple linear
approach can outperform more complex ensemble-based algorithms. Therefore, this study aims to
identify key price determinants while empirically testing the performance of the Linear Regression
and Random Forest algorithms. By comparing evaluation metrics such as R-Squared and Mean
Absolute Error (MAE) of the two models, this study aims to determine the most reliable predictive
model for stakeholders in decision-making in the property sector.
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METHOD

A. Data Mining

A data mining approach was used to predict property prices across various geographic areas by
considering variables such as location, size, and facilities. Data mining- based regression and
classification techniques identify hidden patterns among property attributes that significantly affect
prices. The results show that combining spatial and non- spatial variables improves model
performance [6].

B. Software: Weka 3.9.6

The Waikato Environment for Knowledge Analysis (Weka) is a software tool that applies machine
learning algorithms for data exploration and analysis.

C. Multiple Linear Regression

Multiple Linear Regression (MLR) extends the simple linear regression model [7]. While simple
regression involves one independent variable, MLR includes multiple predictors, expressed as (1):

Y=a+B1X1+B2X2+..+BnXn+e (1)
where:
Y =dependentvariable (response)
X =independentvariable (predictor) a = constant
B =slope or coefficient estimate

D. Random Forest Regression

A Random Forest consists of multiple decision tree models, applying the methods of bootstrap
aggregating (bagging) and random feature selection for regression and classification. A decision tree
is a flowchart-like structure designed as a tree, with a root node used for collecting information. The
decision tree classifies data samples with unknown classes into predefined categories [8]. The
objective of a decision tree is to avoid overfitting the dataset while achieving maximum accuracy.

A Random Forest is an ensemble of decision trees that are combined into a single model. Its
performance relies on a random vector value that is uniformly distributed across all trees, with each
decision tree built to a maximum depth. A Random Forestis a tree-based classifier {h(x, 6k),k=1,...},
where {6k} are independently distributed random vectors, and each tree casts a vote for the most
popular class for a given input x [9].

E. Hybrid Machine Learning for House Price Prediction

Hybrid machine learning combines several algorithms such as Random Forest, Gradient Boosting, and
Support Vector Regression to enhance predictive accuracy. This approach captures complex nonlinear
relationships between features, yielding more accurate house price predictions [10].

F. Evaluation of Random Forest and XGBoost Algorithms

The Random Forest and XGBoost algorithms are widely used in house price prediction due to their
capability to handle complex and non-linear data [11]. Random Forest operates using an ensemble
technique that constructs multiple decision trees through the bootstrap aggregating (bagging) process.
Meanwhile, XGBoost implements a more efficient and faster boosting method. Research indicates that
ensemble models like XGBoost exhibit superior accuracy compared to simple linear regression [9].

G. Comparison of Regression Models of Property Prediction

Several regression models, such as Linear Regression, Decision Tree, and K-Nearest Neighbors, are
comparatively evaluated in the context of property price prediction. Each algorithm possesses distinct
advantages and disadvantages depending on the data's structure and distribution. This research
concludes that no single model is superior for all conditions; therefore, the choice of algorithm mustbe
tailored to the specific characteristics of the dataset and the final objective [12].

H. Research Stages
1. Preliminary Steps
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a) Observation: Observation is a research activity involving the collection of information related to
the research problem, sourced from public data obtained from Kaggle.com.

b) Literature Review: This method involves gathering credible references required for the research
report.

¢) Documentation: Literature has long been utilized as an information source in research for
analysis, interpretation, and even prediction.

2. Exploratory Data Analysis (EDA): Exploratory Data Analysis (EDA) is the initial investigation
process used to identify patterns, discover outliers, test hypotheses, and verify assumptions. EDA
is highly beneficial for early error detection, as it allows users to find anomalies, understand
relationships within the data, and extract significant factors. This process is instrumental in
statistical analysis. In exploratory data analysis, several techniques can be employed for data
processing [13].

3. Pre-processing: Pre-processing involves the treatment of data to correct or clean incorrect entries,
thereby making the data usable. In this stage, the initial raw data is processed to fit the
requirements of the analysis [14].

4. Exploratory Data Analysis: Exploratory Data Analysis is the method of examining the available data
to determine how to process it. This stage includes checking for null values, removing duplicate
data, and converting data categories.

5. Representation: In this stage, the raw data is transformed into a representation or visualization.
The data can be visualized in forms such as boxplots, histograms, and other graphical
representations.

6. Modeling: Modeling is the application of an algorithmic model where data is further processed to
derive conclusions. This process will yield different results depending on the characteristics of the
data [15].

7. Deployment/Evaluation: In this stage, conclusions are drawn from the data mining results. The final
conclusion is based on the various hypotheses generated from the data mining process [6].

RESULT AND DISCUSSION

This house price prediction study employs the Exploratory Data Analysis (EDA) method.
Exploratory Data Analysis (EDA) is a process of analyzing a dataset to summarize its primary
characteristics and gain an understanding of its overall condition. Typically, EDA utilizes visualization
methods such as Histograms, Box Plots, and Violin Plots. The research process, utilizing Exploratory
Data Analysis (EDA), is outlined below [8].

A.  Data Pre-processing

In this stage, the house price dataset is filtered. This selection process serves to remove irrelevant or
unused data. The data to be discarded includes invalid, inconsistent, and null values.

Table 1. Sample of the dataset.

url price_in_r title address district
https://ww 12700000 Rumah Ke Summarec Summarec
https://ww 19500000 Rumah Ca Summarec Summarec
https://ww 33000000 Rumah Me Summarec Summarec
https://ww 45000000 Rumah Ho Summarec Summarec
ads_id bedrooms bathrooms land_size_m building size
hos106803 03:00 02:00 55:00:00 69:00:00
hos106858 03:00 03:00 119:00:00 131:00:00
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hos109277 03:00 03:00 180:00:00 174:00:00
hos107855 04:00 03:00 328:00:00 196:00:00
maid_bath = floors building a = year_built property_c
00:00 02:00 bagus
01:00 02:00 bagus
01:00 02:00 06:00 2016:00:00 bagus seka
01:00 02:00 09:00 2013:00:00 bagus

2. The table above presents the dataset after it has been parsed into distinct columns; however, it still
contains several null values and unnecessary columns.

B.  Exploratory Data Analysis

Exploratory Data Analysis (EDA) is the process of examining the available data to determine how it
should be processed. This stage involves checking for null values and removing superfluous columns.
Once the data has been cleansed of erroneous entries, descriptive statistics are subsequently
applied to summarize and describe the data as follows.

Table 2. Sample Dataset.

price_in_r city bedroom bathroom land_size building s
45000000 Bekasi 4.0 3.0 328.0 196.0
27000000 Bekasi 3.0 3.0 136.0 200.0
27000000 Bekasi 3.0 3.0 136.0 200.0
t maid_bed maid_bat floors garages furnishing
2200 mah 1.0 1.0 2.0 1.0 unfurnish
3500 mah 1.0 1.0 2.0 2.0 unfurnish
3500 mah 1.0 1.0 2.0 1.0 unfurnish

b. The table above presents the cleaned dataset, which is ready for conversion into the .arff format
readable by the Weka software.

C. Representation

In this stage, a visualization of the house price data is performed, allowing for the observation of its
distribution.

Fig'u rel. Pilot Visualitation
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Figure 1 illustrates the relationships between features within the property dataset, such as price
(price_id_), land size (land_size_m2), building size (building_size_m2), number of rooms (bedrooms,
bathrooms), and other attributes like city, certificate, and furnishing. In general, a pattern emerges
indicating a positive correlation between building and land size with property price. This implies that
properties with larger land and building sizes tend to have higher prices, although this relationship is
not entirely linear due to significant price variations within similar size categories.

The relationship between land size and building size also appears to be quite strong. The majority
of properties with large building sizes also have large land areas, though there are a few cases where
large buildings are situated on relatively small plots of land, which could indicate townhouses or homes
with extensive renovations. Furthermore, the 'city’ variable appears to form distinct clusters in
relation to price and property size, signifying that geographical location is a critical factor in determining
property value.

Other features—such as the number of bedrooms, bathrooms, maid rooms, floors, carports,
garages, and electricity capacity—show an influence on price, but their impact is relatively weaker
compared to land size, building size, and location. Specifically, the influence of 'certificate' and
'furnishing’ on price appears to be very limited and does not form a strong pattern. This suggests that
aspects of legality and the condition of the home's contents are not primary drivers of price variation
in this dataset.

Overall, the factors that most strongly determine property prices in this dataset are building size,
land size, and location (city). Factors such as the number of rooms and electricity capacity have a
moderate level of influence, while other factors like carports, garages, maid rooms, and furnishing
exhibita weak influence. Additionally, it should be noted that this dataset contains a significant number
of outliers, such as small houses with very high prices or large houses with low prices. During the Data
Preprocessing stage, extreme outliers and invalid data were identified and removed to ensure data
quality. Nevertheless, for future model accuracy improvements, more advanced outlier handling
processes (e.g., using statistical methods or data transformations like log-transformation) and data
normalization will be crucial steps..

D. RandomForest
At this stage, an analysis is conducted using RandomForest with 10-fold cross-validation.

Figure 2. Result of the RandomForest Algorithm

From the 10-fold cross-validation, the Random Forest algorithm yields a correlation coefficient of
0.5043. This value indicates a moderate positive correlation between the predicted and actual prices,
suggesting that the model is reasonably capable of capturing some of the relationship patterns
between the features and the target price. The resulting mean absolute error (MAE) is approximately
IDR 157,698,532. This MAE figure represents the average absolute difference between the predicted
and actual prices. In the context of property prices in Greater Jakarta Area, which can reach billions of
rupiah, an MAE of IDR 157 million indicates a fairly good level of accuracy, yet leaves significant room
for improvement, especially for high-value investment decisions. The relative absolute error was
recorded at 37.83%. The model's training time was also efficient, at only 0.54 seconds.
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E. M5P

At this stage, an analysis is conducted using M5P.

=== Classifier model (full training set) ===

M

rta_Barat,Jakazte Utara,J te_Selatan,Jakarte_Pusat

tan, Jakarta_Fusat

* furnishingessmi furnished, furnished

Rumber of Rules : 1

Time taken to build model: 0.4% seconds

Figure 3. Result of the M5P Algorithm

From the analysis using M5P, a correlation coefficient of 0.4895 was obtained, slightly lower than
that of the Random Forest. The mean absolute error (MAE) was also larger, at approximately IDR
209,890,933, with a relative absolute error of 50.34%. This indicates that, in general, the predictive
performance of the M5P model is less accurate than that of the Random Forest for this dataset, with a
larger average prediction deviation. Nevertheless, the training time for M5P was also fast, at 0.49
seconds.

CONCLUTIONS

This research aims to analyze and predict house prices in the Greater Jakarta Area region using a
machine learning approach with two regression algorithms: Multiple Linear Regression (M5P) and
Random Forest Regression. Data was sourced from the website Rumah123.com, followed by data
cleaning, exploration, and visualization to understand the dataset's characteristics. The primary
factors influencing house prices include land area, building size, number of bedrooms and bathrooms,
and location.

From the results of testing using 10-fold cross-validation, it was found that the Random Forest
Regression algorithm demonstrated the best performance, with a correlation coefficient of 0.5043 and
a mean absolute error of approximately 157 million. Meanwhile, the M5P algorithm produced a
correlation coefficient of 0.4895 and a mean absolute error of 209 million. These results indicate that
Random Forest is better able to capture the non-linear relationships between features in the property
data compared to M5P, which forms a primary linear model.

Overall, Random Forest Regression is recommended as a more effective and efficient algorithm
for house price prediction in the Greater Jakarta Area region, although further development is needed
to improve accuracy, particularly in handling outliers and other complex variables.
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