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Abstract: 
This study focuses on predicting real estate prices using machine learning techniques to improve the 

accuracy and efficiency of property valuation. The research leverages diverse datasets, including property 

features, location attributes, market trends, and economic indicators, to train machine learning models for 

reliable price predictions. Popular algorithms such as linear regression, decision trees, random forests, and 

gradient boosting methods are employed and compared for their predictive performance. Advanced 

techniques like hyperparameter tuning, feature engineering, and cross-validation are utilized to enhance 

model accuracy. The study also emphasizes the interpretability of models to ensure that predictions align 

with market realities and stakeholder expectations. By providing data-driven insights, the research aims to 

support stakeholders, including buyers, sellers, and real estate professionals, in making informed decisions 

in a competitive housing market. 
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I.     INTRODUCTION 

The real estate market is a vital component of the 

global economy, influenced by various factors such 

as economic conditions, government policies, and 

regional market dynamics [1]. Accurately 

predicting real estate prices is essential for investors, 

policymakers, and stakeholders to make informed 

decisions. Traditional methods for property 

valuation rely heavily on econometric models and 

expert opinions, which often fail to adapt to rapidly 

changing market conditions [2]. The emergence of 

machine learning (ML) has significantly enhanced 

predictive accuracy by leveraging large datasets and 
complex feature interactions.    

Recent advancements in ML techniques, 

including ensemble learning, deep learning, and 

advanced regression models, have demonstrated 

superior performance in real estate price prediction 

[3]. These models utilize diverse datasets 

comprising property features, location attributes, 

market trends, and economic indicators to build 

robust predictive frameworks [4]. Popular ML 

algorithms such as linear regression, decision trees, 

random forests, and gradient boosting techniques 

have been widely employed to improve predictive 

accuracy in housing markets [5]. 

Despite these advancements, challenges 

persist in ML-based real estate price prediction. The 

interpretability of ML models remains a critical 

concern, as black-box models often lack 
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transparency in decision-making, limiting their 

adoption in real-world applications [6]. 

Additionally, feature selection, data quality, and 

model generalization across diverse markets pose 

significant research gaps that require further 

investigation [7]. Addressing these issues through 

explainable AI (XAI) techniques and hybrid 

modeling approaches can enhance trust and 

reliability in ML-driven real estate predictions. 

The real estate market is one of the most 

significant sectors of the global economy, serving 

as a critical asset class for individuals, businesses, 

and institutional investors [1]. Accurate property 

price prediction is essential for various stakeholders, 

including homeowners, investors, banks, and 

policymakers, to make informed decisions 

regarding buying, selling, financing, and urban 

planning [2]. Traditional methods for real estate 

price estimation primarily rely on hedonic pricing 

models, econometric techniques, and expert-based 

appraisals. However, these conventional approaches 

often struggle to capture the complex, non-linear 

relationships between various economic, 

geographic, and structural factors influencing 

property values [3]. Moreover, the rapid evolution 

of market conditions, policy changes, and 

macroeconomic fluctuations pose additional 

challenges to maintaining reliable and adaptive 

prediction models [4]. 

With the advent of machine learning (ML), 

the real estate industry has witnessed significant 

advancements in predictive modeling capabilities. 

ML algorithms can process large-scale datasets, 

identify intricate patterns, and generate highly 

accurate price predictions by leveraging diverse 

sources of information, such as property attributes, 

neighborhood features, market trends, and 

economic indicators [5]. In recent years, various 

ML techniques, including regression models, 

decision trees, ensemble methods, deep learning 

architectures, and hybrid models, have been 

explored to improve the robustness and accuracy of 

real estate price forecasting [6]. These techniques 

have demonstrated superior performance compared 

to traditional statistical methods by effectively 

handling high-dimensional data, non-linearity, and 

feature interactions. 

Several studies have investigated the application 

of ML models in real estate price prediction. 

Regression-based approaches, such as multiple 

linear regression (MLR) and ridge regression, have 

been widely used due to their interpretability and 

computational efficiency [7]. However, their 

predictive capabilities are often limited in capturing 

non-linear dependencies between features. Tree-

based ensemble methods, such as Random Forest 

(RF) and Gradient Boosting Machines (GBM), have 

gained popularity for their ability to model complex 

relationships and feature interactions [8]. 

Additionally, advanced boosting algorithms like 

XGBoost, LightGBM, and CatBoost have emerged 

as state-of-the-art techniques, offering improved 

generalization and computational efficiency in real 

estate prediction tasks [9]. Neural networks and 

deep learning models, including convolutional 

neural networks (CNNs) and recurrent neural 

networks (RNNs), have also been explored for their 

ability to learn hierarchical representations from 

structured and unstructured data sources, such as 

satellite images, textual property descriptions, and 

social media data [10]. 

Despite the progress in ML-driven real estate 

price prediction, several challenges remain 

unaddressed. One key limitation is the 

interpretability of black-box ML models, which 

makes it difficult for stakeholders to trust and 

validate predictions, particularly in regulatory 

environments and financial institutions [11]. 

Explainable AI (XAI) techniques, such as SHAP 

(Shapley Additive Explanations) and LIME (Local 

Interpretable Model-Agnostic Explanations), have 

been introduced to provide transparency in ML 

decision-making processes [12]. Another critical 

issue is data quality and availability, as property 

valuation depends on diverse datasets, including 

land records, demographic information, and 

economic indicators, which may be incomplete, 

noisy, or subject to privacy constraints [13]. 

Furthermore, model generalization across different 

geographic regions and housing markets is an 

ongoing challenge, as models trained on one dataset 

may not perform well in another due to variations in 

local market dynamics [14]. Addressing these 

issues requires novel feature engineering techniques, 
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domain adaptation methods, and hybrid modeling 

approaches that integrate ML with econometric 

frameworks. 

 

2. LITERATURE SURVEY 
Real estate price estimation has traditionally 

relied on econometric models, hedonic pricing 

methods, and statistical regression techniques [1]. 

The hedonic pricing model, which decomposes 

property value into individual characteristics such 

as location, size, and amenities, has been widely 

used in real estate valuation [2]. Econometric 

models like Autoregressive Integrated Moving 

Average (ARIMA) and Generalized Linear Models 

(GLM) have also been explored for time-series 

forecasting in housing markets [3]. However, these 

models often struggle to capture complex, non-

linear relationships between features, leading to 

suboptimal predictive performance in dynamic 

markets. 

Recent studies have highlighted the limitations of 

traditional valuation techniques, including their 

sensitivity to missing data, inability to model high-

dimensional datasets, and reliance on assumptions 

about market behavior [4]. These shortcomings 

have driven the adoption of machine learning (ML) 

approaches that leverage large datasets and 

advanced pattern recognition capabilities for real 

estate price prediction. 

 

2.1. Machine Learning in Real Estate Price 

Prediction 
Regression models have been widely applied in 

real estate price prediction due to their 

interpretability and computational efficiency. 

Multiple Linear Regression (MLR) has been used 

as a baseline model for price forecasting, providing 

insights into the relationship between property 

features and price trends [5]. However, MLR 

assumes linear relationships between variables, 

which may not hold in complex real estate markets. 

Regularized regression techniques, such as Ridge 

and Lasso regression, have been explored to 

address multicollinearity issues and improve 

generalization [6]. These models impose penalties 

on large coefficients, reducing overfitting and 

enhancing model robustness. ElasticNet, a hybrid of 

Ridge and Lasso regression, has been shown to 

perform well in feature selection tasks, particularly 

when dealing with high-dimensional datasets [7]. 

 

2.1.1. Decision Trees and Ensemble Learning 

Methods 
Decision tree-based models, including Random 

Forest (RF) and Gradient Boosting Machines 

(GBM), have gained popularity in real estate price 

prediction due to their ability to capture non-linear 

relationships between features [8]. RF, an ensemble 

of multiple decision trees, reduces overfitting and 

improves model stability, making it a preferred 

choice for housing market analysis [9]. 

Boosting techniques such as XGBoost, 

LightGBM, and CatBoost have demonstrated 

superior predictive performance by iteratively 

refining weak learners to enhance overall accuracy 

[10]. A study comparing XGBoost and LightGBM 

for UK real estate price prediction found that both 

models outperformed traditional regression 

approaches, with LightGBM achieving lower 

prediction error due to its optimized handling of 

categorical data [11]. These models have been 

widely adopted in real estate forecasting due to 

their efficiency and ability to handle large datasets. 

 

2.1.2. Deep Learning Approaches 
Recent advancements in deep learning have led to 

the exploration of artificial neural networks (ANNs) 

and deep learning architectures for real estate price 

prediction. Convolutional Neural Networks (CNNs) 

have been employed to analyze spatial data and 

satellite imagery for property valuation [12]. 

Recurrent Neural Networks (RNNs) and Long 

Short-Term Memory (LSTM) models have been 

utilized for time-series forecasting, capturing 

historical price trends and market fluctuations [13]. 

Hybrid deep learning models combining CNNs 

with LSTMs have shown promise in incorporating 

both spatial and temporal dependencies in property 

price prediction tasks [14]. However, a key 

limitation of deep learning models is their lack of 

interpretability, which hinders their adoption in 

regulatory environments and financial decision-

making. 
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3. PROPOSED SYSTEM 
The proposed system aims to develop a robust and 

scalable machine learning-based framework for real 

estate price prediction. This system integrates 

multiple machine learning (ML) models, advanced 

feature engineering techniques, and explainable AI 

(XAI) methodologies to enhance predictive 

accuracy and transparency. The system leverages a 

structured approach, starting from data 

preprocessing, feature selection, model training, 

and evaluation to deployment in a real-world setting. 

Unlike traditional econometric models, which rely 

on limited structural attributes, this system 

incorporates diverse features such as spatial, 

temporal, economic, and social indicators to 

improve model reliability across different market 

conditions. 

 

3.1. Data Collection and Preprocessing 
The system gathers real estate data from multiple 

sources, including government property records, 

real estate listings, economic reports, and 

geographic information systems (GIS). The dataset 

consists of key property attributes such as size, 

number of bedrooms, location, neighborhood 

characteristics, historical price trends, and 

macroeconomic factors (e.g., interest rates and 

inflation). To ensure data quality, preprocessing 

techniques such as missing value imputation, outlier 

detection, data normalization, and encoding of 

categorical variables are applied. Additionally, 

spatial data, including proximity to essential 

facilities (schools, hospitals, transportation hubs), 

are integrated using GIS-based feature extraction 

techniques. 

 

3.2. Feature Engineering and Selection 
To improve model performance, the proposed 

system employs feature engineering techniques 

such as interaction terms, polynomial features, and 

principal component analysis (PCA) for 

dimensionality reduction. Feature selection is 

performed using techniques like Recursive Feature 

Elimination (RFE) and SHAP (Shapley Additive 

Explanations) values to identify the most influential 

variables affecting property prices. By carefully 

selecting relevant features, the system reduces 

overfitting and enhances model interpretability. 

 

3.3. Machine Learning Model Implementation 
The system incorporates multiple ML algorithms 

to compare their performance in predicting property 

prices. The models include: 

• Regression-Based Models: Multiple Linear 

Regression (MLR), Ridge Regression, and 

Lasso Regression are used as baseline 

models to assess linear relationships. 

• Tree-Based Ensemble Models: Random 

Forest, XGBoost, LightGBM, and CatBoost 

are utilized to capture non-linear 

interactions and improve accuracy. 

• Deep Learning Approaches: Artificial 

Neural Networks (ANNs) and Long Short-

Term Memory (LSTM) networks are 

explored for capturing complex temporal 

dependencies in price trends. 

• Hybrid Models: A combination of ML 

techniques and econometric models (e.g., 

integrating XGBoost with ARIMA) is 

implemented to improve predictive 

robustness. 

Each model undergoes hyperparameter tuning 

using Randomized Search and Grid Search methods 

to optimize performance. The models are trained on 

historical data and validated using k-fold cross-

validation to ensure generalizability. 

 

 
Fig 1: Architecture  

The Fig 1 expert system for automated real estate 

valuation integrates structured and textual data from 

real estate listings to enhance property price 

prediction and decision-making. It begins by 

extracting two primary types of data: structured 

features, including property size, location, number 
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of bedrooms, and amenities, and textual 

descriptions, such as agent remarks and property 

advertisements. While structured features can be 

directly utilized in predictive models, textual 

descriptions undergo a transformation through a 

text representation method, such as natural 

language processing (NLP) techniques like TF-IDF, 

word embeddings, or transformer-based models. 

This conversion enables the integration of 

unstructured data into numeric representations that 

can be effectively used for machine learning models. 

The predictive model then processes these 

numerical representations, employing algorithms 

such as regression models, decision trees, or deep 

learning networks to estimate property values. The 

system's output serves two key purposes: it provides 

decision support for buyers and sellers by offering 

accurate real estate price predictions, and it assists 

real estate agents in generating optimized property 

descriptions that enhance listings. By leveraging 

both structured and unstructured data, this 

automated system improves real estate valuation 

accuracy, streamlines property transactions, and 

enhances market transparency, making it a valuable 

tool for stakeholders in the real estate industry. 

 

3.4. Gradient Boosting Regression Model 

(XGBoost, LightGBM) 
Ensemble models like XGBoost optimize the 

prediction error iteratively: 

 

     (1) 

 

Where: 

Fm(x) = Model at iteration m 

Fm-1(x) = Previous iteration model 

η = Learning rate (controls the step size of the 

update) 

hm(x) =New weak learner (decision tree) added to 

improve prediction 

 

 

 

3.5. SHAP (Shapley Additive Explanations) for 

Feature Importance 

To interpret the model, SHAP values calculate the 

contribution of each feature: 

    (2) 

Where: 

 P(x) = Model prediction for input xxx  

 Φ0 = Base value (expected prediction)  

     Φi= SHAP value for feature xi, indicating its 

contribution to the final prediction 

 

3.6.Multiple Linear Regression Model 
A fundamental approach to predicting real estate 

prices is the Multiple Linear Regression (MLR) 

model: 

P = β0 + β1X1 + β2 X2 +………+βn Xn + €    (3) 

Where: 

• P= Predicted property price 

• β0 = Intercept (baseline price) 

• β1 , β2 ,….. βn= Coefficients of independent 

variables 

• X1, X2,…, Xn = Property features (e.g., size, 

location, number of bedrooms, amenities) 

• ϵ = Error term (representing unmodeled 

factors) 

 

4. RESULTS: 

 

 
Fig 2 : Exploratory Data Analysis of Real 

Estate Features for Price Prediction 
The Fig 2 presents an exploratory data analysis 

(EDA) of key features in a real estate dataset using 
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histograms with kernel density estimation (KDE) 

plots. These visualizations help in understanding 

the distribution, patterns, and potential impact of 

different attributes on house price predictions. The 

house age distribution reveals distinct peaks around 

5, 20, and 30 years, indicating common 

construction periods. The distance to the nearest 

MRT station exhibits a highly right-skewed 

distribution, suggesting that most properties are 

located closer to public transportation, a crucial 

factor influencing real estate prices. The number of 

convenience stores follows a relatively uniform 

distribution, with a slight concentration around 4-6 

stores, highlighting the role of neighborhood 

amenities in property valuation. The latitude and 

longitude distributions show a widespread 

geographical distribution of houses, indicating no 

extreme clustering in specific locations. The house 

price per unit area graph displays a slightly right-

skewed distribution, with most properties priced 

between 20 and 50 units, suggesting a mid-range 

market dominance while also highlighting some 

high-priced outliers. These insights emphasize the 

importance of proximity to transportation, 

availability of nearby amenities, and property age in 

determining real estate prices. The analysis 

provides a foundation for selecting relevant features 

in machine learning models for price prediction, 

ensuring that models capture key market trends 

effectively. 

 

 
Fig 3:Correlation Heatmap for Real Estate Price 

Prediction 
The Fig 3 represents a correlation heatmap 

displaying the relationships between various real 

estate features and their impact on house prices per 

unit area. The heatmap uses a color gradient, where 

values closer to 1.00 (red) indicate a strong positive 

correlation, and values closer to -1.00 (blue) 

indicate a strong negative correlation. Lighter 

shades represent weaker correlations. 

The key insights from the heatmap are as follows: 

• Distance to the nearest MRT station (-0.64 

correlation with house price): 

There is a strong negative correlation 

between the distance to the nearest MRT 

station and the house price per unit area. 

This suggests that properties closer to public 

transport tend to be more expensive, 

highlighting the significance of accessibility 

in real estate valuation. 

• Number of convenience stores (0.28 

correlation with house price): 

The number of nearby convenience stores 

shows a moderate positive correlation with 

house price. This implies that properties 

located in areas with better amenities and 

commercial accessibility are generally 

valued higher. 

• House age (-0.01 correlation with house 

price): 

House age has a very weak negative 

correlation, meaning that newer properties 

are slightly more expensive, but this factor 

alone does not have a significant impact on 

price. 

• Latitude and Longitude: 

These geographical attributes have weak 

correlations with house price, indicating that 

while location is important, other factors 

such as amenities and transportation play a 

more dominant role in determining property 

value. 
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Fig 4:Actual vs. Predicted House Prices – Model 

Performance Evaluation 
The  Fig 4 given scatter plot illustrates the 

relationship between actual house prices and 

predicted house prices, serving as a crucial 

evaluation metric for the performance of a machine 

learning model in real estate price prediction. The 

dashed diagonal line represents the ideal scenario 

where predicted values perfectly match actual 

values. A positive correlation is evident as most 

data points follow a linear trend, indicating that the 

model captures the general pricing patterns. 

However, deviations from the ideal line suggest 

prediction errors, where some points fall above the 

line, indicating overestimation, and others below, 

representing underestimation. While the clustering 

of points around the line suggests reasonable 

accuracy, the spread of points signifies residual 

errors, implying areas where the model could be 

further refined. These inaccuracies may stem from 

missing influential features, high variance, or 

external market fluctuations not accounted for in 

the dataset. To enhance model performance, 

techniques such as feature selection, 

hyperparameter tuning, and ensemble learning 

could be explored. Overall, the visualization 

confirms that the model is effective in predicting 

house prices but requires further optimization to 

minimize prediction errors and improve reliability. 

 

5. CONCLUSION 
The study on real estate price prediction 

using machine learning highlights the effectiveness 

of advanced predictive models in capturing key 

factors influencing property valuation. Through 

exploratory data analysis, feature engineering, and 

machine learning model implementation, the 

research demonstrates that factors such as 

proximity to MRT stations, number of nearby 

convenience stores, and structural attributes 

significantly impact housing prices. The correlation 

analysis further validates the importance of 

location-based factors in price determination. The 

performance evaluation, using metrics like RMSE 

and the Actual vs. Predicted Price Scatter Plot, 

indicates that the model effectively predicts real 

estate prices with reasonable accuracy. However, 

slight deviations in predictions suggest the need for 

further refinements. The study emphasizes the 

potential of AI-driven models in assisting buyers, 

sellers, and real estate professionals in making data-

driven decisions. Overall, machine learning proves 

to be a valuable tool in real estate price forecasting, 

offering greater accuracy and efficiency than 

traditional statistical approaches. 

 

6. FUTURE SCOPE 
While the proposed system provides 

promising results, there is substantial room for 

improvement and expansion. Future research can 

focus on integrating external macroeconomic 

indicators, such as interest rates, inflation, and GDP 

trends, to enhance model robustness. Additionally, 

incorporating social sentiment analysis from real 

estate reviews and online platforms can offer deeper 

insights into property desirability. Advanced deep 

learning models, such as CNNs and LSTMs, could 

be explored to capture both spatial and temporal 

dependencies in real estate data. Furthermore, 

explainable AI (XAI) techniques can be leveraged 

to improve model transparency, making predictions 

more interpretable for stakeholders. Expanding the 

dataset to multiple cities and international real 

estate markets would enhance the model's 

generalization ability. Finally, real-time prediction 

systems integrated with GIS-based visualization 

tools and blockchain for secure property 

transactions could revolutionize the real estate 

industry by offering dynamic, transparent, and 

accurate valuation models. 
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