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Abstract

In recent years, the housing market has faced significant challenges, including fluctuating
prices and declining sales. To solve this issue, there was an increasing need for more
sophisticated methods to predict housing prices accurately. This study aimed to provide real
estate marketers with a tool to enhance their pricing tactics and mitigate the decline in home
sales by predicting house prices using machine learning techniques. Several parameters were
considered in this study, such as location, number of bedrooms, number of bathrooms, land
area, building area, and number of carports. Linear regression and neural network methods
were used to develop predictive models. The findings showed that the neural network method
was more accurate than linear regression, which made it a better tool for real estate pricing
strategies, with land area and number of carports being the most influential aspects in house
price prediction.

Keywords: house price prediction, machine learning, data-driven marketing, linear
regression, neural net.

INTRODUCTION

Homes are among the most fundamental necessities of human existence, besides food,
water, and even the foundation of family stability and well-being (Q. Wang et al., 2024;
Zulkifley et al., 2020). It pertains to the concept of homes as property that most individuals in
society incur costs for in terms of ownership and upkeep (Jafari & Akhavian, 2019). The
housing sector is a significant driver of economic growth in developing and established nations
since housing is the largest asset and expense (F. Wang & Ran, 2019). The quality of life for
all households is significantly influenced by some aspects of their home, which can directly
impact their overall well-being (Bottini & Costarelli, 2023). Everyone wants to buy and live in
a house that matches their lifestyle and provides amenities that meet their desires; however,
predicting the price of a house is challenging since it is constantly changing (Sanyal et al.,
2022). Thus, choosing a price for purchasing and selling a house is a procedure that must be
thoroughly examined (Jauregui-Velarde et al., 2023).

House price forecasts are crucial for many individuals and organizations (H. Zhang et al.,
2023) since house prices have become a significant issue over time (Whelan et al., 2023).
Knowing the projected house price could help house buyers plan better for real estate
purchases, and it is good for house sellers to be aware of the estimated house price on the
market to propose a fair asking price (H. Zhang et al., 2023). In the real estate field, it is
beneficial for potential buyers of homes to assess the value of houses before making any
decision, and it acts as a reference for developers to establish appropriate housing prices,
considering various criteria such as location, size, and accessibility of the property (Teoh et al.,



https://ecbis.net/index.php/go/index
mailto:intania20001@mail.unpad.ac.id
mailto:samidi@budiluhur.ac.id

Volume 4 Issue 1 (2025)

Data Driven Marketing In Real Estate: Forecasting House Prices And Uncovering Influential Factors
Prabadianti et al, 2025

2023). Precisely forecasting the price of a house can assist purchasers and other decision-
makers in making informed choices (Jauregui-Velarde et al., 2023). Inaccurate house price
predictions increase the level of uncertainty and risk for both homeowners and investors,
potentially resulting in financial losses due to unforeseen market fluctuations (Gandhi et al.,
2023; Geerts et al., 2023; Mishra et al., 2022). The effectiveness of the real estate market
largely depends on reliable price forecasting. When such forecasts are lacking, the market may
suffer from inefficiencies, mispricing, and poor investment outcomes (Geerts et al., 2023;
Verma et al., 2023).

In recent years, however, the housing market has faced significant challenges, including
fluctuating prices, economic downturns, and changes in consumer behaviour (Y. Zhang et al.,
2023; Zulkifley et al., 2020) One of the most pressing issues is the decline in home sales
observed in various regions, and unfortunately, Indonesia is facing this issue. The volatility of
housing prices has consistently been a prominent subject of study in building, real estate, and
built environment research (Jafari & Akhavian, 2019). According to Indonesia's residential
property price index year on year, the price has fluctuated from the 1st quarter of 2022 to the
4th quarter of 2023. It can be increased by 1-2% but decreased by 1-2% over the observed
period (Statista, 2024). Similar to the property price index growth, Indonesia’s year-on-year
residential property sales growth from the 1st quarter of 2020 to the 2nd quarter of 2023 also
experienced fluctuation. From the 2nd quarter of 2022 until the 2nd quarter of 2023, sales kept
going down, and overall property sales decreased by 12.3%. Among the three housing types,
the sales for small houses are the most significant overall decline (Statista, 2023).

The decrease in home sales can be attributed to various factors. Traditional market
analysis techniques and pricing methodologies sometimes need help to analyze large amounts
of data, resulting in underutilization (Q. Wang et al., 2024). This insufficiency in pricing
strategy causes the sales to decline, producing a tough-to-break cycle. To address this issue,
there is a growing need for more sophisticated methods to predict housing prices accurately.
Accurate price prediction can help businesses utilize the forecasted house price value to modify
their strategy to assist those experiencing economic obstacles in owning a home (Y. Zhang et
al., 2023). Housing data sets are typically complex, containing numerous feature attributes.
Therefore, there is a lack of clarity regarding which attributes are the most significant, and
machine learning (ML) excels in selecting the appropriate factors to consider, which is often
challenging (Teoh et al., 2023). Machine learning techniques offer promising solutions in this
regard.

The key objective of this study is to develop and implement ML models for predicting
housing prices. The model will utilize various features such as location, number of bedrooms,
bathrooms, carports, land area, and building area to generate accurate price predictions. By
doing so, the study aims to provide real estate professionals with a tool to enhance their pricing
strategies and mitigate the decline in home sales. This research holds significant implications
for the real estate industry. Firstly, it can help real estate marketers set more accurate and
competitive prices, attracting more potential buyers. Secondly, stakeholders can better address
market demands and preferences by understanding the key influencing factors in housing
prices. Finally, implementing ML in this context could pave the way for broader ML
applications in real estate, promoting the advancement of novel ideas and improved efficiency
within the sector. This study also differs from past studies in that it focuses on analyzing data
specifically from properties for sale in Bandung, which adds a fresh aspect to the study. In
contrast to earlier studies, this research primarily focuses on the main components of a house
and does not consider environmental variables. Research also supported by a literature review
that outlines relevant theories and previous research as the basis for the analysis, namely as
follows:
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Machine Learning for House Price Prediction

Artificial intelligence (AI) generally refers to robots or agents that can observe their
surroundings, acquire knowledge, and make intelligent judgments or suggestions based on that
knowledge; one advanced Al is Machine Learning, which can be used for recognizing,
understanding, and analyzing data (Rampini & Re Cecconi, 2021). Within machine learning,
there are clear-cut classifications of learning, namely supervised and unsupervised learning
(Kaytan and Aydilek 2017). Supervised learning contains several models such as linear
regression (LR), neural network, support vector regression (SVR), ensemble approach,
decision tree (DT), Naive Bayes, K-nearest neighbour (k-NN), and discriminant (Hoxha,
2024).

Machine learning algorithms have become popular for house price prediction (Y. Zhang
et al., 2023) since they can identify the crucial variables contributing to house prices (Teoh et
al., 2023). ML algorithms utilize sample data to predict housing prices by building a model
through experience rather than using explicit modeling equations that show how dependent and
independent factors are connected. Several supervised learning techniques have been utilized
in prior studies to forecast housing prices (Adetunji et al., 2021; Forys, 2022; Y. Zhang et al.,
2023). The goal of supervised learning is to establish a model that accurately represents the
connection between input and output variables (Kotu & Deshpande, 2019).

Normal regression problems are typically addressed with the linear regression model as
the baseline model (Trang et al., 2021). Zhao et al. (2019). Developed a highly effective price
prediction model using linear regression, random forest, neural network, and XGBoost
methods. Other research that uses linear regression, random forest, and decision tree methods
also generates good accuracy, with accessibility as the most influential housing price factor
among physical condition, socioeconomic characteristics, built-form, and location (Y. Zhang
etal., 2023). (Adetunji et al., 2021) also applied the random forest method to help people decide
whether the property should be acquired by considering the' three most important factors of
house prices: physical condition, style, and location.

Zulkifley et al. (2020) analyzed by building upon prior studies and derived a valuable
summary of the key attributes that hold the most significance in housing analysis, which
revealed that support vector regression, artificial neural networks (ANN), and XGBoost were
the three most effective methods for predicting house prices with location and structural
attributes as the prominent factors in predicting house prices and the locational characteristic
was shown to be the primary element influencing the accuracy of the predictions, resulting in
low error rates. Research conducted by (Rampini and Re Cecconi, 2021) shows that in
predicting house prices, the surface and box of the parking lot are the most important factors,
and between the use of ElasticNet, XGBoost, and neural networks that were tested, the one that
performed better than the others is neural networks. Some of the previous research also proves
that Neural networks are the best fit for predicting house prices (Forys, 2022). Based on
existing research, this study proposes linear regression as the basic method always used in price
prediction and the neural networks method, which has recently become reliable.

Factors in House Pricing

Several studies have analyzed the factors that influence home affordability from both
micro and macro viewpoints (Q. Wang et al., 2024). Previous research, which tested through
correlation and regression analysis, considers the macroeconomic indicators as a strong link
between house price stability by the inflation rate, GDP, income level, and employment level
that influence the affordability of house prices (Sabrina Abdul Latif et al., 2020). According to
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Zheng (2023), GDP growth combines with education, health insurance, household, and
income. Most of the other research involves more of the micro point, which are the factors that
match the preferences of potential buyers. These factors include elements that encompass the
attributes of the house, such as the livable surface, number of bedrooms and bathrooms;
location area that refers to specific facts related to the geographical position, such as closeness
to parks, supermarkets, and universities; and socioeconomic aspects, such as the average
income and education level of its residents (Lenaers et al., 2024).

House prices are primarily influenced by accessibility to job centers and facilities, as
well as the environmental qualities of the region (Kang, 2025; Szumilo et al., 2017; van Ruijven
& Tijm, 2024). According to research conducted by Forys (2022), property appraisers stated
that the basic characteristics of the land property are of priority, such as the property's
condition, neighborhood, plot area, distance from the city center, and location. Other research
categorized the factors that influence housing prices as locational, structural, and
neighbourhood factors (Zulkifley et al., 2020). Similarly, (Wu et al., 2018) also determined
that the influencing factors of housing price consist of location features, neighborhood, and
architecture, which were later added by land-use planning, environment, block size, and wind
power. Despite both of the factors seeming to have a lot of influence on housing prices, the
macroeconomics factor is less frequently employed (Zulkifley et al., 2020). The rationale
behind this finding is that including macroeconomic variables in prediction models can be more
challenging due to their weaker correlation with real estate prices than location factors and
property attributes (Warisse, 2017). Another reason for this is the unclear and contradictory
research findings on the correlation between the analyzed macroeconomic factors and property
prices (Chiwuzie, Dabara, and Omotehinshe, 2021). Therefore, the structural and location
factors are the two principal categories (Krdamer et al., 2023). Following the microeconomic
approach, this study concentrates especially on the structural and locational features of the
house, such as location, land area, building area, number of bedrooms, number of bathrooms,
and carports, which are regarded as more directly measurable and influential in property
pricing.

2. RESEARCH METHOD

The Cross Industry Standard Process for Data Mining (CRISP-DM), which was created
by a consortium of organisations specialising in data mining, is a prevalent framework for data
science processes widely used to produce solutions in the field (Kotu and Deshpande, 2019).
CRISP-DM organises the data mining process into six phases: business understanding (project
goals and requirements), data understanding (data collection and insight discovery), data
preparation (data selection and transformation, modeling (use of techniques), evaluation
(assessing the model), and deployment (monitoring and presenting gained knowledge). These
phases assist businesses in comprehending the data mining process and offer a roadmap for
planning and executing a data mining project. Here is the research flow
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Figure 1. Research Flow

The dataset comprises diverse numerical data that will undergo quantitative analysis,
including linear regression and Neural networks, to forecast housing prices and identify the
primary factors influencing them. The study will be conducted using the RapidMiner Studio
10.3 software to run linear regression, ANN, and performance evaluation methods.

2.1. Linear Regression

Linear regression is a technique used for numeric prediction in which the main concept
is to forecast the value or class of a dependent characteristic, y, by creating a function, y=f(X),
that combines the predictor attributes, X (Kotu and Deshpande, 2019). Hence, regression
analysis is a model that determines the relationship between variables (Zulkifley et al., 2020).
The regression approach is widely used to model the house price affordability index drivers.
When conducting research using regression methods, it is typical to encounter challenges such
as multicollinearity, which arises from the interdependence of variables, as well as dealing with
a large number of variables (Q. Wang et al., 2024). The linear regression model takes the form:

Y=bo+ bix;i+bx>+ ... +buxn (1)

Linear regression is still utilized as a house price prediction model despite being the
most basic model compared to others, which, with this method, allows for precise training to
get the desired outcomes (Trang et al., 2021). This is because the linear regression machine
learning approach applies a linear regression model to make predictions within a continuous
range rather than discrete categories (Kavitha et al., 2016). The linear regression model serves
as a baseline for evaluating the effectiveness of various machine learning models by comparing
their performance metrics, such as MAE, MSE, and R-square scores, to identify the ideal model
(Trang et al., 2021).
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2.2. Artificial Neural Networks

Artificial Neural Networks (ANNSs) consist of a sequence of trainable modules called
layers, where these layers do not need any parameter adjustment except for the network size
(Lecun et al., 2015). ANN is designed to mimic the functioning of biological neural systems,
such as the brain's information processing. They consist of many interconnected processing
units called neurons, which collaborate to solve specific issues (J. Zhao & Zhang, 2021). The
ANN is consistently chosen when dealing with non-linear attributes (Zulkifley et al., 2020).
This method is becoming increasingly popular due to its high efficiency and straightforward
implementation; also, the most notable advantage of neural networks is that they require little
human intervention in tweaking the model; thus, the neural network is relatively easy to apply
(Rampini & Re Cecconi, 2021). The inner workings of the neural network modeling process
are explained by the developers of this technique using various biological terms; however, it is
based on a straightforward mathematical framework that is:

Y=1+2X;+3X>+4X3 (2)

Y is the estimated outcome, and X1, X2, and X3 are the input characteristics. The
intercept is 1, whereas the scaling factors or coefficients for the input characteristics X1, X2,
and X3 are 2, 3, and 4, respectively (Kotu & Deshpande, 2019). ANN has three layers
consisting of the first layer, in which data is introduced into the model; the second or middle
layer, which is the “hidden layers” that determine the correlations between features to achieve
the most accurate forecast; and the last layer is where the results are provided in the form of a
prediction value for the target variable (Rampini & Re Cecconi, 2021). The output results of
the ANN model display the relative weights through colour-coded links with the description
tab in the model window, providing the precise values of the link weights (Kotu & Deshpande,
2019).

2.3. Performance Evaluation

Forecast accuracy standards must be developed to assess the performance of different
models and compare them across various use cases (Kotu & Deshpande, 2019). With the
advancement of computer technologies, researchers are increasingly faced with the challenge
of determining the accuracy of a specific prediction algorithm (Edalatpanah et al., 2024). The
utilization of R-squared (R2), Mean Absolute Error (MAE), and Root Mean Squared Error
(RMSE) as assessment metrics highlights the significance of employing comprehensive and
diverse criteria to assess the performance of a model (Hoxha, 2024). MAE is a straightforward
measurement influenced by the data's scale (Chai, 2020). MAE is commonly favoured due to
its ability to represent the average error accurately, and a higher number of MAE indicates a
decrease in the method's accuracy. The maximum accuracy, which aligns with the actual value,
is achieved when the MAE is zero (Rampini & Re Cecconi, 2021). MAE is defined as follows:

MAE = £5.000 )
Root Mean Square Error (RMSE) is a measure that depends on the scale of the data and
is employed when it is important to penalise high relative residue (Kotu & Deshpande, 2019)
RMSE is employed to assess the accuracy of forecasts where the variability of the errors in

predicting values (residuals) is calculated (Sanyal et al., 2022). RMSE is defined according to
the following formulas:

RMSE =+ 30, (Yi-Yi) (4)
Where m represents the total number of observations, including the train and test sets

used to evaluate models. The actual rent for the property is denoted as Yi, whereas Yi represents
the forecast rent for the property (Lenaers et al., 2024). R2 is also considered a good measure
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for the fitness evaluation with ranges from 0 to 1, where the closer it is to 1, the more accurate

it is (Sanyal et al., 2022) The formula that is used for R-squared is:
SSE

R=1-2 (5
SSE (Squared sum of error) is the sum of squared residuals calculated from the
difference between each observation and its corresponding anticipating value, and SST (Sum
of squared total) is the squared differences between each observation and the aggregate mean
(Sanyal et al., 2022).

3. RESULTS AND DISCUSSION
3.1 Business understanding

Real estate marketers and property developers are challenged when house sales decline
in a competitive property market. To enhance the efficacy of sales and marketing activities, a
primary business goal was to create a precise predictive model for evaluating house prices
using different property attributes and determining the aspects that have a substantial impact.
Using this strategy, the company aims to establish more favourable pricing, gain insights into
market preferences, and enhance sales volume.

3.2 Data Understanding

The initial step in the data comprehension phase involves gathering relevant
information for analysis. The data for this research were obtained through web scraping of
www.rumah123.com in March 2024, specifically focusing on residential properties in
Bandung, West Java, Indonesia. The raw datasets consist of type, status, price, instalment,
house name, location, bedroom count, bathroom count, carport count, land area, and building
area. Each of the raw data categories is described as

Table 1. Description of Raw Dataset

Data Data Type Description
Type Nominal The type or classification of the property
Status Nominal The property’s status (available or not)
Price Numeric The property’s price in Indonesia Rupiah (IDR)
Instalment Nominal Any instalment plan information related with the
property
House name Nominal The name or title of your residential property
Location Nominal The location or area of the propery in Bandung
Bedroom Numeric Number of bedrooms in the property
count
Bathroom Numeric Number of bathrooms in the property
count
Carport count Numeric ~ The amounts of carports or parking places available
on the site
Land area Numeric The property’s total land area measured in square
meters
Building area Numeric The property’s total building area measured in

square meters

Source: Data Processed, 2025
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These datasets are intended to facilitate the study and analysis of real estate,
specifically housing price regression, in Bandung, West Java, Indonesia.

3.3 Data Preparation

The initial step in the data preparation phase involves selecting pertinent data for
analysis. The information utilized for the house price analysis comprises variables often used
in previous research: location, bedroom count, bathroom count, carport count, land area,
building area, and price (Dwivedi et al., 2022; Lenaers et al., 2024; Njo et al., 2025). The
data was chosen due to its potential to substantially impact housing prices and its ability to
offer comprehensive insights for predicting prices. After selecting the data, the next task is
to cleanse it to ensure its quality and consistency. The data cleansing procedure entails
verifying and addressing missing values, correcting data inaccuracies (such as typographical
errors or illogical values), and eliminating duplicate entries.

Once the data has been cleaned, the next step is to format it to prepare it for analysis.
This includes data type conversion, standardisation of numerical values to ensure a
consistent scale, and categorical data encoding. Proper data formatting ensures that analysis
algorithms can work optimally. The current data is guaranteed to have data categories that
align with the aim of the data itself and is standardised using the "normalize" operator.
During this phase, the location data is also transformed from a nominal to a numerical format
using the "nominal and numerical" operator. This is achieved by specifying the attribute
filter type as a subset and the coding type as unique integers. As a result, the original location
data, which consisted of sub-district names in Bandung, is converted into a numerical format
ranging from 0 to 26. Each number corresponds to a different sub-district. The clean dataset
has 6534 data points and eight columns. The columns include row number, price, location,
bedroom count, bathroom count, carport count, land area, and building area. The price data
serves as a label or dependent variable. The result of the executed operation produces the
following data set. To provide an overview of the dataset structure and its statistical
characteristics, the following tables present the data profile, including data types, minimum
and maximum values, mean, and standard deviation, as well as the first ten rows of the
cleaned dataset.

Table 2. Data Profile

Data Data Type Minimal Maximal Mean Std. Deviation
Price (in Numeric 170 22000 3206.876 3364.787
million)

Location Nominal - - - -
Bedroom Numeric 1 15 3.809 1.806
count
Bathroom Numeric 1 10 2.652 1.300
count
Carport Numeric 0 10 1.206 1.221
count
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Land area Numeric 36 687 201.993 138.993
Building Numeric 36 1126 205.476 150.313
area

Table 3. First 10 Rows of Clean Dataset
Row Price  Location Bedroom Bathroom Carport Land Building

No. (in count count count area area
million)

1 2100 0 3 2 2 137 170
2 4100 0 3 2 3 202 300
3 3300 0 5 2 1 350 258
4 1300 0 11 3 0 176 176
5 3600 0 5 3 1 184 234

6 1170 0 2 1 1 65 45

7 2900 0 4 3 2 260 260

8 4500 0 5 3 2 404 250

9 2100 0 3 2 2 137 170

10 2200 0 4 3 2 172 220

3.4 Modelling

3.4.1. Correlation Matrix

The correlation matrix generated in RapidMiner for the housing dataset offers valuable
insights into the associations among several features, such as the number of bedrooms,
bathrooms, carports, land area, building area, and the goal variable, house price. By
analysing correlation coefficients, we may determine the features that exhibit the most robust
linear associations with property prices. A correlation value near +1 suggests a strong
positive linear relationship. The correlation matrix data above shows that the land area
variable has a very strong relationship with building area, with a correlation value of 0.749.
This shows that houses with larger land areas tend to have larger building sizes as well, both
of which can be important indicators in determining house prices. In addition,
bathroom count also shows a fairly strong correlation with building_area (0.590), followed
by bedroom_count with building_area (0.496), indicating that larger homes are generally
equipped with more bedrooms and bathrooms. A moderate relationship is also seen between
bathroom_count and land area (0.446). On the other hand, the location variable shows a
very weak correlation with the other features, with values below 0.1, so its contribution is
expected to be insignificant in the context of house price prediction, its contribution is
expected to be insignificant. Based on these results, variables land area, building area,
bedroom_count, and bathroom_count have great potential to be used as the main predictors
in building a house price estimation model.
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Figure 2. Correlation Matrix

3.4.2. Linear Regression

The Linear Regression method was employed to forecast house prices using the
prepared dataset, which has columns labelled location, number of bedrooms, number of
bathrooms, number of carports, land area, building area, and price. The results are as follows.
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Figure 3. First Process of Linear Regression

The "normalize" and "replace missing values" operators will be connected to the
clean dataset to guarantee that the data is standard and there are no null values.
Subsequently, employ the Shuffle operator to randomize the order of the data, ensuring
that the two partitions are statistically equivalent when separated.

Linear Regression

Apply Model Performance

Figure 4. Second Process of Linear Regression

Next, divide the data into two sets using the Filter Examples Range operator. In this
instance, 90% of the data is designated for training purposes, while 10% is designated
for testing purposes. The training data will be further divided into training and validation
sets. The default Split Validation options, which include relative, 0.7, and shuffled, will




/i/ 9 Vol. 4 No. 1 (2025)
i I E ‘ B S e-ISSN: 2963-7589
4 Economic and Business Journal | ECBIS

ECONOMICS AND BUSINESS JOURNAL

https://ecbis.net/index.php/go/index

remain unchanged (Kotu & Deshpande, 2019), and this will be required to evaluate the
linear regression model's performance. In addition, it is advisable to establish the local
random seed, which defaults to 1992. This guarantees that RapidMiner will select the
same samples if the procedure is executed later. The linear regression operator is
included in the validation and is used to apply the model. The following is a graph of
the price prediction results compared to existing prices.

ExampleSet

Figure 5. Comparison of Price Prediction and Existing Price in Linear Regression

According to the linear regression results, the land area, building area, and number
of carports have a significant influence on house prices. This is indicated by the p-value
of the three variables, which are below the 5% significance level (p<0.05), each
amounting to 0.000. The land area variable shows a regression coefficient of 1,739.790,
which shows that each increase in one unit of land area has the potential to increase
house prices by Rp1,739,790. Meanwhile, the building area has a coefficient of
1,176.987, and the coefficient of the number of carports is 196.486, which means that
an increase in building area and carports is also positively correlated with an increase in
house prices. The results of linear regression indicate that land area, building area, and
number of carports strongly influence the prices of houses. This result is in line with
research conducted by Hamami & Dahlan (2024). In contrast, location and number of
bedrooms weakly influence the house price prediction. The equation resulting from this
result is

House Price = (22.725 * location) + (— 43.756 * bedroom_count) +
(— 62.584 * bathroom_count) + (196.486 * carport_count) + (1739.790 *
land_area) + (1176.987 * building_area) + 3217.981 (6)

3.4.3. Artificial Neural Networks
Another technique utilized for predicting property prices is neural networks. The
operator components used are identical to those employed in linear regression up until
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the point of data normalization. Following the application of the "normalize" operator,
the subsequent step involves using the "split data" operator to partition the data into
training and testing data, with a ratio of 90% for training and 10% for testing. Lastly,
the performance regression operator is also implemented. Below is the proposed method
design, and the hidden layer consists of five nodes that use the sigmoid activation
function. The result of this hidden layer is the weight of each input characteristic on a
node, which represents its level of influence.

Data Nominal to Numeri... Replace Missing Va... Normalize Split Data Neural Net Performance
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Figure 6. Neural Net Process

Table 4. Hidden Layer Results

Factors Node Node Node Node Node
1 2 3 4 5
Location - 0.362 - - 1.278
0.004 0.021 1.313
Bedroom - 2.535 0.404 0.222 1.305
count 0.246
Bathroo 0.334 0.715 - 0.763 0.695
m count 1.197
Carport 0.079 4.538 - 1.623 2.309
count 0.665
Land area - 0.337 - 0.328 -
1.431 1.041 0.452
Building - 2.415 0.215 0.854 -
area 1.845 0.284
Bias - - - - -
0.624 0.141 3.209 1.988 2.239

Node 1 demonstrates that the size of the building and the land area have a strong
negative impact on housing prices, while the number of bathrooms and carports exerts a
positive influence. The number of bedrooms and location show minimal effect in this
node. Node 2 demonstrates that the number of carports, building area, and bedrooms
have a strong positive impact on pricing, followed by location and bathroom count. In
contrast, the influence of land area is positive but relatively moderate. Node 3 highlights
a significant negative impact from the bathroom count, carport count, and land area,
while the building area contributes slightly positively. The influence of location and
bedrooms is present but weaker. Node 4 indicates that the number of bathrooms,
bedrooms, carports, land area, and building area contribute positively to house prices,
while the location exerts a strong negative impact. Node 5 demonstrates that the location,
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number of bedrooms, bathrooms, and carports have a strong positive impact, whereas
land area and building area have a mild negative influence.

In general, Node 2 exhibits a substantial positive effect on the number of carports
and building area, while Node 3 shows negative effects from bathroom count and land
area. Overall, features such as the number of bedrooms, bathrooms, carports, building
area, and land area substantially influence house values, whereas location’s impact varies
across nodes. These findings are consistent with previous research conducted by (Jafari
& Akhavian, 2019). While the neural network model in this study reveals inconsistent
patterns in the influence of location across different hidden nodes, previous studies have
shown that geographic location, particularly at the district or subdistrict level, can
significantly affect house prices, especially in more developed areas (Mukhlishin et al.,
2017; Njo et al., 2025; Rahmatillah & Sudirman, 2023). The image below illustrates the
comparison between the expected and existing prices, as seen in the chart.

ExampleSet

7.5k 10k 2.5k 15k 17.5k 20k

prediction(price) price

Figure 7. Comparison of Price Prediction and Existing Price in Neural Net

3.5 Evaluation

The selected performance criteria are RMSE, MSE, MAE, and R-squared.
Performance is then evaluated using these metrics. Here are the results of the linear
regression method and neural net method.

Table 5. Performance Evaluation

Method RMSE MAE R-squared
Linear Regression 1931.063 1151.113 0.673
Neural Net 1894.525 1059.474 0.701

The fairly high RMSE shows that the model captures the overall trend well, but there
are big differences between some of its predictions. The neural network model achieved
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better predictive performance, as indicated by a lower RMSE of 1894.525 compared to
1931.063 for linear regression, suggesting that its predictions are generally closer to the
actual house prices. Similarly, the neural network also recorded a lower MAE of 1059.474
versus 1151.113, indicating smaller average absolute errors. Regarding R-squared, the
neural network explains 70% of the variance in house prices, slightly outperforming the
linear regression model with a score of 0.673. These results suggest that the neural network
is more effective in capturing complex patterns and non-linear relationships in the data.

3.6 Deployment

During the Deployment phase, the initial step involves strategizing and integrating
the house price prediction model into a functional environment. This entails incorporating
the model into technologies used by end users, such as property sales platforms or real estate
management systems. For practical application, the predictive model can be embedded
within a web-based interface, allowing real estate agents or prospective buyers to obtain real-
time house price estimates by entering relevant property details. This feature can be
beneficial not only for buyers in assessing whether a house is reasonably priced based on its
specifications, but also for sellers or real estate agents in setting an appropriate asking price
when putting a property on the market. Beyond implementation, it is essential to establish a
structured approach for ongoing monitoring and maintenance. This includes consistently
evaluating model performance using key metrics such as RMSE, MAE, and R-squared to
ensure predictive accuracy and reliability. Additionally, a protocol must be in place for
handling periodic data updates, such as integrating new property listings, so the model can
be retrained when necessary to reflect evolving market conditions. To ensure sustained
relevance and accuracy, the deployment process should also account for potential issues such
as data drift or changes in user behavior. Establishing a feedback loop from end users can
further enhance the model by aligning its outputs with practical needs and expectations in
the real estate sector.

4. CONCLUSION

The results of this study provide practical insights for real estate marketers to
improve pricing accuracy and campaign effectiveness. Predictive models such as neural
networks allow marketers to reduce the risk of overpricing or underpricing properties, which
is essential for faster sales, as well-priced homes tend to attract more prospective buyers
(Dwivedi et al., 2022; Saraswathi et al., 2024). Based on the neural network results, three
structural features, which are carport count, building area, and number of bedrooms, were
identified as the most influential factors in determining house prices. These findings align
with previous studies emphasizing the importance of physical attributes such as size, number
of rooms, and overall condition of the property in influencing market value (Hamami &
Dahlan, 2024). Marketers can leverage this insight by highlighting these high-impact
features in their listings and campaigns, for example, promoting homes with ample living
space, multiple carports, or additional bedrooms tailored to family-oriented buyers.

Although land area and bathroom count also play roles in pricing, their impact in the
neural network model was less consistent across hidden layers, suggesting that these features
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may not universally raise perceived value. Therefore, marketers are advised to avoid one-
size-fits-all assumptions and instead tailor promotional strategies based on the most relevant
features for specific property segments. Another key implication lies in the integration of
predictive pricing tools into real estate platforms, which allows marketing teams to automate
price recommendations for new listings using reliable data, which can reduce subjectivity
and improve consistency in pricing decisions, resulting in more targeted and data-driven
marketing strategies (Y. Zhao et al., 2019). This could represent an upgrade in terms of
customer experience, which would positively influence behaviour intention (Eny et al.,
2020). As a result, aligning marketing efforts with data-driven predictions strengthens the
property’s market position and enhances both customer satisfaction and sales performance.

The study successfully utilised the Linear Regression and Neural Net models to
forecast house prices using characteristics such as location, number of bedrooms, number of
bathrooms, carport, land area, and building area. The variables equally identified as positive
and significant determinants in both methods are the land area and the number of carports.
Previous research states that general living area, basement size, and remodelling age are the
most significant factors in determining house prices in America. In contrast, in Australia,
properties with bedrooms, bathrooms, land area, and distance to the CBD are the main
factors in house prices (Teoh et al., 2023). The number of carports that influence house prices
is also supported by the research conducted by Rampini & Re Cecconi (2021). According to
the performance findings, both proposed models show an R-squared value of 67,3% for
linear regression and 70,1% for the neural network. Aligning with this result, Artificial
Neural Networks (ANNs) demonstrate superior performance in house price prediction
compared to other models, as they can identify complex and non-linear patterns within the
data (Njo et al., 2025). Additionally, the error factor in the neural network model is lower
than the error factor in the linear regression model. These findings demonstrate that the
neural network approach is preferable to linear regression for predicting house prices,
especially with this dataset.

This study has several limitations. Firstly, the data used may not account for all
variables that influence property values, such as macroeconomic conditions, income, and the
quality of the neighbourhood, including the availability of various amenities. Second, the
linear regression model employed in this study might not adequately capture the complex
non-linear relationships that often exist between the variables. Real estate markets are
influenced by multifaceted interactions among various factors, and a linear approach may
need to be more accurate to justify these dynamics. Furthermore, using region-specific data,
such as the names of sub-districts, introduces another layer of complexity, making it more
difficult to interpret the results universally. To enhance future research, it is advisable to
include more complex non-linear models, such as Random Forest Regression, which can
effectively capture non-linear interactions. Furthermore, enhancing the dataset by
incorporating additional variables, such as the availability of public facilities, environmental
circumstances, and economic trends, could improve the precision of predictions. Ultimately,
establishing an ongoing monitoring and maintenance system will guarantee the model's
continued relevance and accuracy in response to fluctuations in the property market.
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