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Abstract

This study explores the application of machine learning (ML) algorithms in predicting real estate prices using
housing-related features such as house age, distance to MRT stations, and number of nearby convenience stores.
Four models—Logistic Regression, Random Forest, and Neural Networks—were evaluated using a dataset of
414 housing transactions. Performance metrics such as accuracy, precision, recall, F1-score, and ROC-AUC
were used to compare the models. The goal is to determine the most effective algorithm for house price
prediction based on various evaluation metrics and dataset characteristics. The results show that ANN
outperforms other models in prediction accuracy, while Random Forest offers an optimal balance between
performance and interpretability. SVM demonstrates solid performance on smaller datasets but lacks scalability.
Logistic Regression, though efficient, struggles with nonlinear relationships. This research contributes valuable
insights for real estate stakeholders aiming to leverage ML for data-driven property valuation.

Keywords: (ML )Machine Learning, (ANN) Artificial Neural Networks,( RF) Random Forest, (LR Logistic
Regression, (ROC-AUC) Receiver Operating Characteristic Area Under Curve, (SHAP )SHapley Additive
exPlanations, (DNN Deep Neural Networks, XGBoost — Extreme Gradient Boosting, (MRT )Mass Rapid
Transit, (CFS )Correlation-based Feature Selection,(BFS)Best First Search, (IQR) Interquartile Range

1. Introduction

Real estate price prediction is a key concern for investors, developers, and urban planners. Traditional methods
rely on economic indicators and manual appraisals, which can be subjective and time-consuming. Machine
learning offers an automated, data-driven approach to estimate property prices accurately by analyzing complex,
nonlinear relationships among features such as location, age, and amenities.This study investigates four
supervised learning models for predicting housing prices per unit area. The models are assessed based on their
prediction accuracy and suitability for structured tabular datasets.
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Figure 1: Evaluating ML Models for Real Estate Price Prediction

This diagram illustrates the core components of the study: machine learning models, their application in
predicting real estate prices, and the evaluation of their predictive accuracy. It visually represents the logical
flow from model implementation to performance analysis.

1.2. Machine Learning Models Used

Logistic Regression: Logistic Regression is a statistical model commonly used as a baseline in classification
and regression tasks. It models the probability of a target variable based on one or more independent variables
using a logistic function. While it is highly interpretable and computationally efficient, its major limitation lies
in the assumption of linearity between input features and the target. This restricts its performance in datasets
with complex nonlinear relationships, such as real estate price prediction.(Hosmer et al., 2013)

Random Forest: Random Forest is an ensemble learning method that constructs multiple decision trees and
merges their outputs to produce more accurate and stable predictions. It is robust against over fitting, handles
high-dimensional and nonlinear data well, and provides feature importance scores, which enhance model
interpretability. However, the computational cost increases with the number of trees and dataset size, making it
less efficient for real-time applications. Despite this, it performs exceptionally well in real estate price
modeling.(Breiman, 2001)

Neural Networks Artificial Neural Networks (ANNs) are inspired by the human brain’s architecture and are
capable of learning complex nonlinear relationships through multiple layers of interconnected nodes. They are
particularly effective in capturing intricate patterns in structured data, such as housing attributes, making them
highly suitable for price prediction. However, their training requires large datasets and significant computational
resources, and they often suffer from a lack of interpretability compared to traditional models.(Goodfellow et
al., 2016)
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2. Literature Review:
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e06478.
(2021)
. Gallego, B., et al.
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Abdulka ANN, SVM, DUba.' accuracy; SVM and KNN [ Alexandria
10 | der etal. KNN Housing were more interpretable for | Engineerin
(2022) Market P y g

Abdulkader, H., et
ANN produced best al. (2022).

analysts. Journal, 61(12),
11433-11442.

Literature Review Table 1: Real Estate Price Prediction using Machine Learning

2.1 Literature review summery and findings:

Gradient Boosting and Ensemble Models Outperform Simpler Algorithms:Multiple studies (e.g.,
Li et al., 2020; Sun et al., 2019) concluded that ensemble models like XGBoost and LightGBM
provide superior prediction accuracy and robustness. Their ability to model complex, non-linear
relationships makes them highly effective for real estate price prediction.

Neural Networks Show the Highest Accuracy but Require Large Datasets:Research by Wen et
al. (2018), Khamis & Kamaruddin (2020), and Abdulkader et al. (2022) consistently reported
that ANN-based models outperform traditional models in terms of accuracy. However, they
demand substantial computational resources and are less interpretable.

Random Forest is a Strong All-Rounder:Several studies (e.g., Mallick et al., 2020; Gallego et al.,
2021) highlighted Random Forest’s ability to handle high-dimensional data and provide stable
predictions across diverse datasets. It strikes a balance between interpretability, accuracy, and
computational efficiency.

Feature Importance and Location Factors Are Critical:Across the reviewed literature, features
like distance to city center or MRT stations, number of nearby amenities, and property age were
consistently ranked among the most influential predictors. This suggests that careful feature
engineering can significantly enhance model performance.
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3. Methodology:
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Figure 2: Methodology Flowchart for Real Estate Price Prediction Using Machine Learning Models

This flowchart outlines the sequential process followed in the study, from data collection to model comparison
using Logistic Regression, Random Forest, and Neural Networks.
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3.1 Data Collection
The dataset comprises 414 instances and 8 attributes, including:

o Transaction date

o House age

« Distance to nearest MRT station

o Number of convenience stores

e Geographic coordinates

o House price per unit area (target variable)

Current relation
Relation: Real estate Attributes: &
Instances: 414 Sum of weights: 414

Attributes
All Mone Invert Pattern

Mo, Mame
Mo

X1 transaction date

#2 house age

X3 distance to the nearest MRT station

X4 number of convenience stores

X5 latitude

A6 longitude

e I = T O o K R

==}

% house price of unit area

Figure 3: Attribute List of Real Estate Dataset in WEKA Interface
3.2 Algorithms Evaluation steps:

Step 1: Data Collection:The dataset used for this study was sourced from Kaggle, comprising detailed housing
data, including features such as house age, distance to the nearest MRT station, number of nearby convenience
stores, geographical coordinates (latitude and longitude), and the target variable—price per unit area. The
dataset was downloaded in CSV format and organized for further analysis.

Step 2: Data Preprocessing:To prepare the data for model training, missing values were handled using
imputation or by removing incomplete records. Continuous variables were normalized using Min-Max scaling
to ensure uniform input ranges. Categorical variables, if present, were encoded using one-hot encoding. Outliers
were detected using the Interquartile Range (IQR) method and removed to prevent skewing model training. The
cleaned dataset was then split into 80%o training and 20%o testing subsets.

Step 3: Feature Selection:Two systematic techniques were applied to select the most relevant features:CFS
(Correlation-based Feature Selection): Selected features with strong correlation to the target variable and low
inter-feature redundancy.BFS (Best First Search): A heuristic search method used to identify the optimal subset
of features that improve predictive accuracy. These techniques helped reduce dimensionality and improve both
model efficiency and interpretability.
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Step 4: Model Training, Three machine learning models were trained on the selected features: Logistic
Regression, used as a baseline due to its simplicity and interpretability. Random Forest , an ensemble model
effective in handling high-dimensional and non-linear data. Artificial Neural Network (ANN), a deep learning
model capable of learning complex patterns within the dataset. Hyperparameter tuning was conducted using
grid search to identify optimal configurations for each model.

Step 5: Model Evaluation, Model performance was assessed using multiple evaluation metrics, including
accuracy, precision, recall, F1-score, and ROC-AUC. To ensure the robustness of results, 5-fold cross-
validation was employed, helping to validate model consistency across different data partitions.

Step 6: Model Comparison and Selection, All models were compared based on their evaluation metrics. While
ANN achieved the highest accuracy and generalization capabilities, Random Forest offered a good trade-off
between performance and interpretability. Logistic Regression provided a reliable and computationally efficient
baseline. The final model was selected based on a balanced assessment of performance, scalability, and practical

4. Results and Analysis:

| Model IAccuracy (%6)|Precision (%)|Recall (%)|[F1 Score (%)|ROC-AUC (%)
Logistic Regression||84.5 82.1 79.3 180.6 185.0 |
IRandom Forest  ]91.2 189.5 88.7 189.1 193.4 |
INeural Networks  [94.5 93.7 91.8 92.7 196.0 |

Table 2: Performance Comparison of Machine Learning Models in Predicting Real Estate Prices
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Figure 4: Comparative Bar Chart of Machine Learning Models Based on Performance Metrics

The bar chart titled "ML Algorithms™ provides a visual comparison of the performance of three machine
learning models—Logistic Regression, Random Forest, and Neural Networks—across five key evaluation
metrics: Accuracy, Precision, Recall, F1 Score, and ROC-AUC. The chart clearly shows that Neural Networks

consistently outperform the other models in all metrics. Specifically, Neural Networks achieve the highest
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accuracy (94.5%), indicating they make the most correct predictions overall. They also lead in precision
(93.7%), meaning they are highly effective at minimizing false positives, and in recall (91.8%), demonstrating
strong sensitivity in identifying true positives. Their F1 Score (92.7%) reflects an excellent balance between
precision and recall, while the highest ROC-AUC value (96.0%) suggests superior ability to distinguish between
different output classes. Random Forest models follow closely behind in all categories, while Logistic
Regression performs comparatively lower across the board. Overall, the chart highlights that Neural Networks

are the most accurate and reliable model for predicting real estate prices in this comparative study.

5. Discussion

In this study, each machine learning model exhibits distinct strengths and limitations. Neural Networks deliver
the highest accuracy and generalization performance but demand extensive data, computational resources, and
careful hyper parameter tuning. Random Forest provides a solid balance between accuracy and model
interpretability, making it a practical choice in many scenarios. Logistic Regression are better suited for smaller-
scale problems but struggle with capturing complex, nonlinear relationships in data. Key predictors influencing
real estate prices include the distance to the MRT station, which shows a strong negative correlation with price;
the number of convenience stores nearby, positively associated with price; and house age, where older properties
typically fetch lower prices. Some challenges encountered during the modeling process include overfitting in
Neural Networks, which was addressed using dropout layers, and class imbalance in classification scenarios,
which negatively impacted recall. Furthermore, the interpretability of Neural Networks remains a persistent
concern, limiting transparency in model decision-making.

6. Conclusion

Neural Networks demonstrated the highest predictive performance in estimating real estate prices, making them
the most effective model in this comparative study. Random Forests closely followed, offering a strong balance
between accuracy, interpretability, and lower computational cost. Logistic Regression served as a reliable
baseline model, particularly useful for simpler or smaller-scale tasks. Future research should consider the use
of larger datasets that include additional socio-economic features to improve model performance. Incorporating
time-series elements for trend forecasting and utilizing interpretability tools such as SHAP can further enhance
model transparency and decision-making insights.
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Appendix:

Dataset:
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