
First International Conference on Computer, Computation and Communication  (IC3C-2025) 

565 

Advanced Machine Learning Techniques for Predicting House Prices: A 
Comparative Analysis 

Gautam Kumar 
Computer Science and Engineering 

Chandigarh University Chandigarh, India 
gautam.e16534@gmail.com 

This research paper explores advanced 
machine learning techniques for predicting house 
prices. By comparing various models and evaluating 
their performance on different datasets, the study aims 
to identify the most effective approach for accurate 
house price prediction. The paper also discusses the 
implications of these models in the real estate market, 
considering factors such as interpretability, scalability, 
and data quality. 
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I. INTRODUCTION 

A. Background and Motivation 

The real estate sector has long been a cornerstone of eco- 
nomic activity, significantly influencing both macroeconomic 
stability and individual financial well-being. In recent years, the 
importance of accurate house price predictions has grown, 
driven by the need for informed decision-making among 
various stakeholders, including potential homebuyers, real 
estate investors, financial institutions, and policymakers [1]. 
Traditional methods of house price prediction have typically 
relied on statistical models that utilize historical data and 
economic indicators. While these approaches have provided a 
baseline for understanding market trends, they often struggle to 
capture the intricate, nonlinear relationships that exist among 
the numerous factors influencing house prices [2]. 

The advent of machine learning (ML) has introduced a 
paradigm shift in predictive modeling across various domains, 
including real estate. ML models, characterized by their ability 
to learn from data and uncover hidden patterns, offer the 
potential to significantly enhance the accuracy of house price 
predictions. By leveraging vast datasets and sophisticated 
algorithms, these models can analyze complex interactions 
between variables such as location, property characteris- tics, 
economic conditions, and market sentiment. Despite the 
promising capabilities of ML, there remains a critical need 
to systematically evaluate these models to determine which 

techniques are most effective for predicting house prices in 
different contexts [3]. 

B. Problem Statement 

Accurately predicting house prices is a multifaceted chal- 
lenge that requires consideration of a diverse set of factors, each 
contributing to the overall valuation of a property. The inherent 
complexity of the real estate market, characterized by its 
dynamic and often volatile nature, further complicates this task. 
Existing prediction models, while useful, are frequently limited 
by their inability to account for nonlinear interactions and the 
diverse range of variables that influence house prices. 
Additionally, the performance of these models can vary signifi- 
cantly depending on the quality and nature of the data used [4]. 
This research seeks to address these challenges by identifying 
and evaluating the most effective ML techniques for house 
price prediction, with a particular focus on understanding the 
comparative strengths and weaknesses of different models in 
handling real estate data. 

C. Objectives of the Study 

The overarching aim of this study is to conduct a rigorous 
comparative analysis of various ML models to determine their 
effectiveness in predicting house prices. To achieve this, the 
study will focus on the following specific objectives: 

 To evaluate the predictive performance of different ML 
models, including linear regression, decision trees, ran- 
dom forests, support vector machines, and neural net- 
works, in the context of house price prediction [5]. 

 To assess the impact of feature selection on the accuracy, 
robustness, and interpretability of the predictive models. 

 To identify the best-performing model based on a com- 
prehensive set of evaluation metrics, such as mean squared 
error (MSE), mean absolute error (MAE), and R-squared. 
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 To provide practical insights into the implications of using 
ML models in the real estate industry, particularly in terms 
of scalability, implementation, and data require- ments 
[6]. 

D. Research Questions 

The following research questions are formulated to guide the 
investigation and ensure that the study addresses key aspects of 
house price prediction using ML: 

 Which ML model provides the highest predictive accu- 
racy for house prices across different datasets and market 
conditions? 

 How does the selection of features influence the perfor- 
mance, interpretability, and generalization ability of ML 
models? 

 What are the specific strengths and limitations of various 
ML models in capturing the complexities of real estate 
data? 

 What practical considerations must be taken into account 
when implementing ML models for house price predic- 
tion in real-world applications? [7] 

II. LITERATURE REVIEW 
A. Overview of House Price Prediction Models 

The prediction of house prices has traditionally been tackled 
using various statistical and econometric models. Commonly 
used methods include hedonic pricing models, which decom- 
pose the price of a property into its constituent attributes, and 
time-series models, which predict prices based on historical 
trends [8]. While these models offer valuable insights, they 
often fall short in capturing the complex and nonlinear rela- 
tionships inherent in real estate markets. Recent advances in 
machine learning (ML) have introduced more sophisticated ap- 
proaches, such as regression models, decision trees, ensemble 
methods, and neural networks, which are better equipped to 
handle large datasets and uncover hidden patterns in the data 
[9]. 

B. The Role of Machine Learning in Real Estate 

Machine learning has emerged as a powerful tool for 
enhancing predictive accuracy in various domains, including 
real estate. ML models are particularly well-suited to handle the 
high dimensionality and complexity of real estate data, 
allowing for more accurate and reliable predictions [10]. For 
instance, regression-based models can predict house prices by 
identifying relationships between multiple independent vari- 
ables, while decision trees and random forests are capable of 
capturing nonlinear interactions between features. Neural net- 
works, particularly deep learning models, have shown promise 
in extracting intricate patterns from large datasets, though they 
often require substantial computational resources and are more 
challenging to interpret [11]. 

 
 

Fig. 1. Gaps in the Price 

 

C. Comparative Studies on Prediction Techniques 

Several studies have compared the effectiveness of different 
ML models in predicting house prices. For example, research 
has shown that ensemble methods, such as random forests and 
gradient boosting machines, generally outperform traditional 
regression models in terms of predictive accuracy [12]. How- 
ever, these models also tend to be more complex and less 
interpretable, which can be a drawback in practical applica- 
tions. Additionally, studies have highlighted the importance of 
feature selection in enhancing model performance, as irrele- 
vant or redundant features can lead to overfitting and reduced 
accuracy [13]. Despite these advancements, there remains a 
lack of consensus on the most effective ML technique for house 
price prediction, with different studies yielding varying results 
depending on the dataset and evaluation metrics used [14]. 

 

D. Gaps in Existing Research 

While significant progress has been made in applying ML 
techniques to house price prediction, several gaps remain in the 
literature. First, there is a need for more comprehensive 
comparative studies that evaluate the performance of ML mod- 
els across diverse datasets and market conditions. Additionally, 
the interpretability of complex ML models, such as neural net- 
works, is an ongoing challenge, particularly in contexts where 
transparency and explainability are critical [15]. Moreover, the 
impact of data quality and feature engineering on model 
performance has not been fully explored, with many studies 
focusing on model selection without adequately addressing 
these foundational aspects [11]. 
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Fig. 2. Graph of Price Prediction 
E. Summary of Existing Models and Techniques 

To provide a clear overview of the existing literature, Table I 
summarizes key studies on house price prediction models, 
highlighting the techniques used, their strengths, and their 
limitations. 

TABLE I 

SUMMARY OF HOUSE PRICE PREDICTION MODELS IN THE LITERATURE 

Model/Technique Strengths Limitations 
Hedonic Pricing Model Simple, interpretable Limited in capturing nonlinear re- 

lationships 
Regression Models Good for linear relationships Prone to overfitting, less effective 

for complex data 
Decision Trees Captures nonlinear interactions Prone to overfitting, less stable 
Random Forests High accuracy, handles complexity 

well 
Less interpretable, computationally 
intensive 

Neural Networks Capable of capturing complex pat- 
terns 

Requires large datasets, difficult to 
interpret 

Gradient Boosting Machines High accuracy, robust to overfitting Computationally expensive, com- 
plex 

III. METHODOLOGY 

A. Data Collection 

The dataset used in this research was compiled from mul- 
tiple reliable sources, including national real estate databases, 
public financial records, and property listing services. The data 
spans a ten-year period, capturing various market conditions 
across multiple regions. Key features include property-specific 
attributes such as square footage, number of bedrooms, age 
of the property, and lot size, along with external factors like 
neighborhood crime rates, proximity to schools and public 
transportation, and economic indicators such as mortgage 
interest rates and unemployment rates. In total, the dataset 
consists of 10,000 unique records. To ensure the validity and 
applicability of the models, the dataset was divided into a 
training set (80%) and a testing set (20%), with stratification to 
maintain a balanced distribution of target variables [15]. This 
approach ensures that the training and testing sets are 
representative of the broader market trends. 

B. Data Preprocessing 

Data preprocessing is a crucial step in preparing the dataset 
for analysis. This stage began with a thorough exploration 
of the dataset to identify and address issues such as missing 
values, outliers, and inconsistencies. Missing values, which 
were present in approximately 5% of the dataset, were handled 
using multiple imputation techniques. For numerical features, 
the mean or median imputation was applied depending on 
the distribution of the data, while categorical features were 

imputed using the mode. Outliers were identified using the 
interquartile range (IQR) method and were either removed or 
capped depending on their impact on the overall dataset [9]. 

To prepare the data for machine learning algorithms, cat- 
egorical variables were transformed into numerical repre- 
sentations using one-hot encoding, ensuring that the models 
could interpret these features correctly. Additionally, numer- 
ical variables were standardized to have a mean of zero and 
a standard deviation of one, facilitating the convergence of 
gradient-based optimization algorithms and enhancing the 
performance of models like Support Vector Machines (SVM) 
and neural networks [8]. The preprocessing stage also included 
feature engineering, where new features were created based on 
existing data, such as calculating the price per square foot or 
deriving socio-economic indices from multiple variables. This 
process aimed to enrich the dataset with relevant information 
that could improve model accuracy. 

C. Feature Selection 

Feature selection is essential for improving model perfor- 
mance by reducing the dimensionality of the dataset and 
eliminating irrelevant or redundant features. In this study, a 
combination of filter-based, wrapper-based, and embedded 
methods was employed to identify the most significant features 
for house price prediction. Initially, filter-based methods such 
as Pearson correlation and mutual information were used 
to evaluate the linear and nonlinear relationships between 
features and the target variable [6]. Features that exhibited low 
correlation with the target or high correlation with other fea- 
tures were considered for removal to prevent multicollinearity. 
Subsequently, wrapper-based methods like Recursive Fea- 
ture Elimination (RFE) were applied in conjunction with 
specific models, such as linear regression and decision trees, to 
assess the impact of different feature subsets on model 
performance. This method involves iteratively removing the 
least important features and retraining the model to determine 
the optimal feature set [3]. Additionally, embedded methods 
such as Lasso regression were used to further refine the feature 
selection process, as they incorporate regularization techniques 
that penalize less important features, effectively reducing their 
influence on the model. The final set of selected features 
included property attributes, location factors, and economic 
indicators, all of which demonstrated strong predictive power 
in the context of house price prediction. 

 

D. Model Implementation 

The core of the research involved the implementation and 
comparison of various machine learning models. The models 
chosen for this study were linear regression, decision trees, 
random forests, support vector machines (SVM), and neural 
networks. Each of these models was selected for its unique 
strengths and suitability for different aspects of the data. 
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Linear Regression: As a baseline model, linear regression 
was used to establish a benchmark for comparison. It 
assumes a linear relationship between the input features and 
the target 



First International Conference on Computer, Computation and Communication  (IC3C-2025) 

569 

 

variable, making it interpretable but potentially limited in capturing complex interactions [6]. 

Decision Trees: Decision trees were implemented to capture nonlinear relationships in the data. They 
recursively split the dataset based on feature values, creating a tree structure that is easy to interpret and 
visualize. However, decision trees can be prone to overfitting, particularly when the tree becomes too complex 
[4]. 

Random Forests: To mitigate the overfitting issues associ- ated with decision trees, random forests, an 
ensemble learning method, were employed. By combining multiple decision trees and averaging their 
predictions, random forests improve generalization and robustness. They are particularly effective in handling 
large datasets with high dimensionality [14]. 

Support Vector Machines (SVM): SVMs were selected for their ability to handle high-dimensional data 
and create complex decision boundaries. By maximizing the margin between classes, SVMs are robust to 
overfitting, especially when combined with kernel functions that allow them to model nonlinear relationships. 
Hyperparameter tuning was performed using grid search to optimize the SVM model [13]. 

Neural Networks: Finally, neural networks were imple- mented to explore the potential of deep learning in 
predicting house prices. A multi-layer perceptron (MLP) architecture was used, consisting of an input layer, 
multiple hidden layers, and an output layer. The model was trained using backpropagation and stochastic 
gradient descent, with ReLU activation func- tions applied to introduce nonlinearity [9]. Although neural 
networks have the capacity to model complex patterns in the data, they require extensive computational 
resources and careful tuning of hyperparameters to avoid issues such as overfitting and vanishing gradients. 

All models were implemented using Python, leveraging libraries such as scikit-learn and TensorFlow. 
Hyperparameter tuning was conducted using grid search and cross-validation to ensure the models were 
optimized for the dataset at hand. 

E. Model Evaluation 

The evaluation of model performance was conducted using a comprehensive set of metrics to ensure a robust 
assessment 
Error (MSE), Mean Absolute Error (MAE), and R-squared. 

Mean Squared Error (MSE): MSE measures the average of the squares of the errors, providing a sense of 

performance [4]. 

Mean Absolute Error (MAE): MAE measures the aver- age absolute difference between predicted and 
actual values, offering an interpretable metric that is less sensitive to outliers than MSE [10]. 

R-squared: R-squared, also known as the coefficient of determination, indicates the proportion of the 
variance in the dependent variable that is predictable from the independent variables. Higher R-squared values 
suggest better model per- formance [11]. 

 

 
 

Fig. 3. Comparison 
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IV. RESULTS AND DISCUSSION 

A. Comparison of Model Performances 

The performance of each machine learning model was evaluated based on the metrics of Mean Squared 
Error (MSE), Mean Absolute Error (MAE), and R-squared. The results, summarized in Table models. 
Linear regression, as expected, performed moderately, providing a baseline with an MSE of 

0.045 and an R-squared value of 0.65. Decision trees and random forests showed marked improvement, 
with random forests achieving a lower MSE of 0.022 and a higher R- squared of 0.80, highlighting its 
robustness in capturing non- linear relationships [12]. Support Vector Machines (SVM) and neural networks 
outperformed traditional models, with neural networks yielding the best results with an MSE of 0.015 and an 
R-squared value of 0.85, indicating strong predictive power [14]. These results suggest that more complex 
models like neural networks, which can capture intricate patterns in the data, are better suited for the task of 
house price prediction. 

 

TABLE II 

COMPARISON OF MODEL PERFORMANCES 
 

Model MSE MAE R-squared 
Linear Regression 0.045 0.153 0.65 

Decision Trees 0.030 0.125 0.75 
Random Forests 0.022 0.110 0.80 

Support Vector Machines 0.09 0.095 0.82 
Neural Networks 0.015 0.087 0.85 

 

B. Impact of Feature Selection 

The feature selection process played a crucial role in enhancing model performance by reducing 
overfitting andimproving generalization. Initially, the dataset contained over 30 features, many of which 
were highly correlated or redun- dant. Through the combination of filter-based and wrapper- based methods, 
the number of features was reduced to 15. This reduction not only improved model training times but also 
enhanced the accuracy of predictions, as seen in the performance metrics of the models [8]. For instance, the 
random forest model, which benefits from reducing feature noise, showed a significant improvement in 
MSE and R- squared after feature selection. The embedded method using Lasso regression further validated 
the importance of certain features, such as property size, location quality, and economic indicators, which 
consistently contributed to accurate price predictions. This highlights the importance of careful feature 
selection in building efficient and effective  

machine learning models. 

C. Evaluation of Metrics 

The evaluation metrics used in this study provided a com- prehensive assessment of model performance. 
MSE, being sensitive to outliers, was particularly useful in identifying models that were robust to extreme 
values. Neural networks, with the lowest MSE of 0.015, demonstrated the ability to handle complex, non-
linear relationships in the data effectively [11]. MAE, which measures the average error in predictions, was 
also lowest for the neural network model, indicating its accuracy in predicting house prices. R-squared, on the 
other hand, provided insight into how well the models explained the variance in house prices. With an R-
squared value of 0.85, the neural network model was the most capable of capturing the underlying trends in 
the data. 

Cross-  were not merely due to overfitting 
on the training data. The results from cross-validation confirmed the generalizability of the models, with 
neural networks consis- tently outperforming other models across different folds. This robustness across 
different subsets of the data reinforces the validity of the neural network model as the best predictor of house 
prices in this study. 

D. Discussion of Implications 

The findings from this study have several important im- plications for both the real estate industry and the 
broader application of machine learning in predictive analytics. The superior performance of neural 
networks, as demonstrated by the evaluation metrics, suggests that these models are well- suited for tasks 
involving large, complex datasets with multiple interacting variables. However, the complexity of neural 
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networks also implies a higher computational cost and the need for significant expertise in tuning 
hyperparameters and interpreting results [8]. 

For practitioners in the real estate industry, the results indicate that adopting advanced machine learning 
techniques can lead to more accurate and reliable price predictions, which can be valuable for pricing 
strategies, investment decisions, and market analysis. The importance of feature selection, as highlighted in 
this study, also suggests that industry profes- sionals should carefully consider which factors to include in 
their predictive models, as irrelevant or redundant features can degrade model performance. 

V. CONCLUSION 

This study has explored the application of various ma- chine learning models to predict house prices, 
highlighting the potential of advanced techniques like neural networks in capturing complex relationships 
within the data. The findings demonstrate that neural networks, with their ability to model non-linear 
interactions and process large datasets, significantly outperformed traditional models such as linear 
regression and decision trees. The random forest and SVM models also showed strong performance, 
suggesting that ensemble and kernel-based methods are valuable tools in real estate predictive analytics. 
Overall, the study confirms that machine learning offers powerful solutions for accurately predicting house 
prices, which is crucial for informed decision-making in the real estate industry. 

In conclusion, while this study has made significant strides in advancing the use of machine learning for 
house price prediction, ongoing research and development are necessary to refine these models and expand 
their applicability. The real estate market is continually evolving, and predictive models must adapt to remain 
accurate and relevant. By addressing the challenges and limitations identified in this study, future research 
can contribute to the development of more robust, accurate, and fair predictive tools, ultimately benefiting 
both the real estate industry and its stakeholders. 

REFERENCES 

[1]  IEEE Access, vol. 8, pp. 101234-
101250, 2020. 

[2]  Journal of 
Machine Learning Research, vol. 22, no. 1, pp. 125-145, Jan. 2021. 

[3]  Regression Models for Real Estate Price IEEE Transactions on Knowledge and Data 
Engineering, vol. 34, no. 7, pp. 2900-2910, Jul. 2022. 

[4] L. Q. Zhao,  of Random Forest in Predicting House  

, vol. 53, no. 2, pp. 233-249, Feb. 2021. 
[5] -  IEEE Transactions on Neural Networks and 

Learning Systems, vol. 32, no. 8, pp. 3582-3592, Aug. 2021. 
[6] P. W. Chen,  Empirical Study of Machine Learning Methods for Real Data Mining and Knowledge 

Discovery, vol. 35, no. 4, pp. 1267-1290, Apr. 2022. 
[7] D. M. Thompson,  Vector Machines for House Price Prediction: Journal of Computational 

Finance, vol. 25, no. 3, pp. 45-67, Mar. 2021. 
[8]   ACM Transactions on Knowledge Discovery 

from Data, vol. 15, no. 5, pp. 80-97, May 2021. 
[9]  IEEE 

Transactions on Pattern Analysis and Machine Intelligence, vol. 43, no. 11, pp. 3945- 3956, Nov. 2021. 
[10]  Price  Journal of Artificial Intelligence 

Research, vol. 70, 

pp. 123-145, Dec. 2022. 
[11]  Data Science Journal, vol. 

19, no. 2, 

pp. 112-130, Feb. 2021. 

 

[12] I. C. Thomas,  IEEE Transactions on Computational Intelligence and 
AI in Games, vol. 13, no. 1, pp. 19-29, Jan. 2022. 

[13] J. O. Davis,  Estate Prices: A Comparison of Linear and Non- Computers, 
Environment and Urban Systems, vol. 88, pp. 1-14, Aug. 2022. 

[14] K. M. Wilson,  Impact of Economic Indicators on House Prices: A Machine Learning  International 
Journal of Forecasting, vol. 38, no. 4, pp. 891-907, Dec. 2022. 

[15]  Real  Journal of Real Estate Research, 
vol. 45, no. 3, 

pp. 257-278, Jul. 2021. 
  



First International Conference on Computer, Computation and Communication  (IC3C-2025) 

572 

 


