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 This research develops a house price prediction system in Surabaya using 

the Backpropagation Neural Network (BPNN) method. The dataset was 

obtained through web scraping of property listings, resulting in 3,435 

records with 52 attributes. To improve stability, the target variable (house 

price) was transformed using natural logarithms. Several neural network 

architectures were tested, and the best configuration [32, 64, 32] achieved 

Mean Absolute Error (MAE) of 0.3125, Root Mean Squared Error (RMSE) 

of 0.4201, R² of 0.7138, and Mean Absolute Percentage Error (MAPE) of 

1.46%. A multi-run evaluation of 20 iterations confirmed consistency of 

results. The model was implemented as a web-based application using 

Flask, allowing users to predict house prices in real-time. This research 

shows that BPNN is reliable for property price forecasting and can support 

decision-making in the housing market. This research not only advances the 

academic understanding of neural network-based property valuation but 

also delivers practical insights that can guide policymakers, investors, and 

urban planners in making data-driven housing market decisions. 
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1. Introduction 
The property sector represents one of the most dynamic industries globally, with significant 

economic and social implications. In Indonesia, this sector continues to expand steadily, driven by population 

growth, urbanization, and the rising demand for both residential and commercial properties [1]. Housing, in 

particular, serves not only as a basic human necessity but also as an important form of investment, with 

property values often appreciating over time. Multiple determinants such as land area, building size, location, 

accessibility, infrastructure, and neighborhood quality strongly influence the formation of property prices [2], 

[3]. 

Surabaya, the second-largest metropolitan city in Indonesia, presents a particularly dynamic housing 

market. Rapid population growth, coupled with urban expansion and infrastructure development, has resulted 

in fluctuating property prices that vary widely across different districts [2]. Bank Indonesia’s Survei Harga 

Properti Residensial (SHPR) reports regular changes in property indices, with Surabaya consistently ranking 

as one of the most active property markets nationwide [2]. Accurate prediction of housing prices is therefore 

vital for prospective buyers, sellers, investors, real estate agents, and policymakers. 

https://creativecommons.org/licenses/by-sa/4.0/
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Historically, property valuation has relied heavily on statistical models, most notably Multiple 

Linear Regression (MLR) [4]. While MLR and similar approaches provide interpretability, they often fail to 

capture the complex, nonlinear interactions between features in housing data [10], [12]. In recent years, 

Machine Learning (ML) techniques have emerged as powerful alternatives capable of modeling nonlinear 

relationships and uncovering hidden patterns within large and noisy datasets [5], [6], [8]. 

Among ML techniques, Artificial Neural Networks (ANNs) have shown particularly strong 

potential in predictive analytics. The ability of ANNs to approximate nonlinear functions is supported by the 

universal approximation theorem [18]. The Backpropagation Neural Network (BPNN), first popularized by 

Rumelhart et al. [4], has become one of the most widely applied variants across domains ranging from 

healthcare diagnostics [7] to financial forecasting [15]. BPNN is highly suitable for complex regression tasks 

such as housing price prediction, where interdependent factors collectively determine outcomes. 

Several studies have successfully demonstrated the applicability of ANNs in housing markets. 

Zhang et al. [6] revealed that ANN-based models consistently outperform regression-based models in 

predicting house prices. Kok et al. [8] and Taşpınar and Yildiz [9] conducted comparative studies across 

multiple algorithms, concluding that ANNs generally achieve higher accuracy, especially with large and 

diverse datasets. Furthermore, hybrid approaches combining ANNs with ensemble methods such as Random 

Forests and Gradient Boosting have been reported to yield promising results in complex prediction problems 

[15], [17]. 

More recent research (2023–2025) has further advanced this field by integrating deep learning and 

explainable AI techniques into real estate prediction. For instance, convolutional neural networks (CNNs) 

have been applied to capture geographic variations in housing markets [26], while graph neural networks 

(GNNs) have shown effectiveness in modeling spatial dependencies among properties [27]. Other works 

emphasize interpretability by combining XGBoost with SHAP values for feature-level insights [28], and 

adaptive loss functions with feature embedding optimization have demonstrated state-of-the-art accuracy in 

dynamic residential markets [29]. These developments highlight that AI-based approaches continue to evolve 

rapidly, reinforcing the importance and timeliness of applying BPNN in the context of Surabaya. 

Nevertheless, in the Indonesian context, particularly in Surabaya, there is still a limited number of 

empirical studies applying ANN-based models for property valuation. Most research to date has focused on 

regression or basic ML algorithms, without extensive experimentation on deep or multi-layer neural 

networks. This study therefore contributes by filling that research gap. 

The primary objective of this research is to develop and evaluate a Backpropagation Neural 

Network model for predicting house prices in Surabaya. A dataset of 3,435 housing records was collected 

from an online property listing platform through web scraping. After comprehensive preprocessing including 

normalization, encoding, and outlier treatment several ANN architectures were tested to identify the best-

performing configuration. Finally, the optimized model was deployed into a Flask-based web application for 

real-time prediction. 

The significance of this study lies in two key aspects. From an academic perspective, it provides 

empirical evidence regarding the applicability of BPNN in property valuation in Indonesia. From a practical 

perspective, it offers a functional tool that can support informed decision-making for buyers, sellers, and 

investors. 

 

2. Research Method  
This research followed a structured methodology consisting of six main stages: data collection, data 

preprocessing, data splitting, neural network design, model training and evaluation, and system 

implementation.  

2.1.  Data Collection 

The dataset was obtained using web scraping from Pinhome, one of the largest property listing platforms 

in Indonesia. Web scraping is an established approach for extracting structured data at scale from online 

sources [13]. A total of 3,435 housing records were collected, each comprising 52 attributes. These attributes 

included land area, building area, number of bedrooms, number of bathrooms, number of floors, electricity 

capacity, land ownership type, and property price. 

The inclusion of diverse attributes is crucial because property price formation is inherently 

multifactorial, influenced not only by physical characteristics but also by legal, infrastructural, and locational 

aspects [1], [2], [3]. 

 

2.2.  Data Preprocessing 

 Raw housing data is often noisy and incomplete; therefore, preprocessing was carried out through 

several steps to improve data quality. First, missing values were addressed by applying mean or mode 
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imputation depending on the attribute type, while records with excessive incompleteness were removed to 

maintain reliability [10], [11]. Second, categorical attributes such as land ownership were transformed into 

numerical form using one-hot encoding to enable compatibility with the neural network input layer [7]. 

Third, continuous variables including land area and building area were normalized into a 0–1 range, which 

helps reduce scale dominance and stabilize the learning process [8] In addition to normalization, 

dimensionality reduction techniques such as Principal Component Analysis (PCA) can be considered for 

future studies to reduce feature redundancy and improve computational efficiency [16]. While PCA was not 

applied in this research, its integration could further optimize the learning process by capturing the most 

informative features in housing datasets. Finally, outliers were detected using the Interquartile Range (IQR) 

method and quantile thresholds, and extreme values were trimmed to minimize potential distortion during 

training [14]. Through these steps, the dataset was refined to ensure it was clean, structured, and suitable for 

training the Artificial Neural Network. 

2.3.  Data Splitting 
 The dataset was divided into training and testing subsets using an 80:20 ratio. This produced 2,748 

training samples and 687 testing samples. Such a ratio follows best practices in machine learning, striking a 

balance between model training capacity and evaluation robustness [12]. 

 

2.4.  Neural Network Design 
 The ANN model was designed as a feedforward Backpropagation Neural Network. The input layer 

size corresponded to the number of predictor attributes, while the output layer contained a single node 

representing the predicted log-transformed house price. 

Several architectures were tested, including: 

 [32] (single hidden layer) 

 [64, 32] (two hidden layers) 

 [32, 64, 32] (three hidden layers) 

The activation function applied in the hidden layers was the sigmoid function, defined as: 

 

 ( )   
 

     *  +
     

 

The network was trained using the backpropagation algorithm, which iteratively adjusts weights by 

propagating error gradients backward through the network [4], [5]. The loss function used was Mean Squared 

Error (MSE). Training was implemented using TensorFlow/Keras libraries [19], [21]. 

 

Backpropagation Algorithm (Simplified Mathematical Overview) 

1. Forward Propagation: Input features are propagated through the network to generate predicted 

outputs. 

2. Error Calculation: The difference between predicted and actual outputs is computed using MSE. 

3. Backward Propagation: Partial derivatives of the error with respect to weights are computed using 

the chain rule. 

4. Weight Update: Weights are updated using gradient descent, defined as: 
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where η is the learning rate and E is the error function [5], [18]. 

 

2.5.  Evaluation Metrics 
 The performance of the model was evaluated using four standard regression metrics that collectively 

provide a comprehensive assessment of prediction accuracy. The Mean Absolute Error (MAE) measures the 

average magnitude of absolute differences between predicted and actual values, offering an intuitive sense of 

error in the same units as the target variable. The Root Mean Squared Error (RMSE) emphasizes larger errors 

by squaring the differences before averaging, making it particularly sensitive to outliers. The Coefficient of 

Determination (R²) quantifies how well the model explains the variance in the target variable, with values 

closer to one indicating a stronger fit. Finally, the Mean Absolute Percentage Error (MAPE) expresses 

(1) 

(2) 
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prediction errors as percentages, allowing for easy interpretation of relative accuracy across different scales. 

Together, these metrics ensure a balanced evaluation of both absolute and relative prediction accuracy as well 

as the overall goodness of fit of the model [12]. 

 

2.6.  System Implementation 
 The trained ANN was deployed in a web-based application using the Flask micro-framework [20]. 

The application interface allows users to input housing attributes and instantly receive predicted prices. This 

implementation demonstrates how machine learning models can be operationalized for practical decision-

making in the property sector. 

 

 

3. Result and Discussion  

3.1.  Data Characteristics 

Exploratory Data Analysis (EDA) revealed substantial variation in property prices. The raw distribution was 

right-skewed, with a small number of high-priced properties disproportionately raising the mean. A 

logarithmic transformation of prices was therefore applied to stabilize variance and approximate normality, 

consistent with prior studies on real estate modeling [6], [8]. 

 

Correlation analysis indicated that land area, building area, and the number of bedrooms exhibited strong 

positive relationships with property price, confirming their role as primary predictors [1], [2]. 

 

3.2.  Model Performance 

 Among the tested ANN architectures, the [32, 64, 32] configuration achieved the best performance 

with the following metrics: 

 MAE = 0.3125 

 RMSE = 0.4201 

 R² = 0.7138 

 MAPE = 1.46% 

These results indicate strong predictive accuracy, surpassing many regression-based benchmarks. 

The model’s stability was confirmed through 20 independent runs, which yielded consistent results. 

 

3.3.  Comparative Analysis with Prior Studies 

The achieved R² value of 0.71 is comparable with findings from Zhang et al. [6] and Taşpınar and 

Yildiz [9], who reported R² values between 0.65 and 0.72. Kok et al. [8] also demonstrated similar 

performance with ANN-based models in housing prediction. 

While ensemble approaches such as Random Forests [15] and Gradient Boosting [17] have been 

shown to yield competitive results, the current study highlights that carefully designed ANNs can achieve 

similar or better accuracy in contexts such as Surabaya. 

3.3.1  Comparative Summary of ANN-Based House Price Prediction Results with Prior 

Studies 

 To further contextualize the results, Table X Model Performance Comparison Across Neural 

Network Architectures (MAE, RMSE, R², MAPE) presents a narrative comparison of this study’s findings 

with selected prior research. Zhang et al. [6] reported that ANN models could reach R² values of 

approximately 0.68 when predicting property prices in China using a dataset of more than 10,000 entries. 

Taşpınar and Yildiz [9] demonstrated that ANNs achieved higher accuracy than Decision Trees and Support 

Vector Regression, reporting R² values between 0.65 and 0.72 on Turkish housing data. Similarly, Kok et al. 

[8] highlighted the effectiveness of ANNs when applied to housing data from multiple European cities. 

Compared with these works, the present study achieved an R² of 0.71 with only 3,435 records, 

indicating that the ANN was able to generalize effectively even with a smaller dataset. The low MAPE of 

1.46% demonstrates strong robustness, which is crucial in financial applications. 

This comparison underscores that although ensemble methods such as Random Forests [15] and 

boosting algorithms [17] have demonstrated competitive performance in various contexts, a carefully 

designed ANN remains capable of delivering results that are on par with, or superior to, those of ensemble 

models. In the context of Surabaya, where real estate data may be fragmented or limited, this robustness is 

particularly valuable. 

 

3.4   System Implementation 
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The Flask-based web system was successfully developed and tested. The system’s interface is user-

friendly and accessible even to non-technical users, making it suitable for adoption by real estate 

stakeholders. Similar studies integrating ML models into web applications have reported that practical 

usability significantly enhances stakeholder engagement [20], [25]. 

 

3.5. Discussion 
This research reinforces the growing consensus that ANNs outperform traditional regression 

methods in housing price prediction tasks [4], [6], [9]. However, limitations remain. The dataset was limited 

to a single platform, which may introduce sampling bias. Additionally, external macroeconomic factors such 

as interest rates, inflation, and regional development policies were not included, despite their potential impact 

on property prices [22], [23]. For instance, rising interest rates generally reduce mortgage affordability and 

dampen housing demand, while inflation and regional development policies can directly influence 

construction costs and investment flows. The absence of these variables may limit the model’s ability to fully 

capture market volatility and long-term pricing trends. 

Future studies could address these limitations by: 

 Incorporating datasets from multiple listing platforms. 

 Integrating macroeconomic and spatial features. 

 Comparing ANN performance with ensemble and deep learning methods such as Random Forests, 

XGBoost, and Convolutional Neural Networks [15], [17], [24]. 

 

4. Conclusion 
This research developed and evaluated a Backpropagation Neural Network for predicting house 

prices in Surabaya. Using 3,435 housing records obtained via web scraping, the model was trained and tested 

across multiple architectures. The best configuration, [32, 64, 32], achieved an R² of 0.71 with low error rates 

across MAE, RMSE, and MAPE. 

From an academic perspective, this study contributes to the literature by providing empirical 

evidence on the applicability of ANN-based models in the Indonesian housing market, which has been 

underexplored. From a practical perspective, it delivers a working web-based system that allows stakeholders 

to perform real-time property valuation. 

Limitations of this research include reliance on a single data source and the exclusion of 

macroeconomic variables. Future research should expand the dataset, incorporate additional external factors, 

and experiment with hybrid or ensemble learning techniques to further improve prediction accuracy. 

In summary, the study confirms that Backpropagation Neural Networks can effectively model 

complex, nonlinear relationships in real estate data, providing a reliable tool for supporting decision-making 

in the property sector of Surabaya. 

Beyond its academic and technical contributions, this study also holds practical implications. For 

policymakers, the ability to predict housing prices accurately can support urban planning and housing 

affordability programs. For real estate developers, such predictive systems may assist in determining optimal 

pricing strategies and investment decisions. Finally, for individual buyers and sellers, the system provides an 

accessible tool to evaluate whether a property is fairly priced relative to market conditions. These 

implications highlight that beyond theoretical accuracy, predictive models can play a crucial role in 

supporting sustainable housing markets in rapidly developing cities such as Surabaya. 
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