
www.ijcrt.org                                                          © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882 

IJCRT25A4714 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org o598 
 

Comparative Analysis Of  

Ml And Dl Algorithms  

For House Price Forecasting 

Mr. Sagar Kashyap, Dr. Alka Verma, Mr. Rahul Vishnoi 

Dept.of Electronics & Communication Engg.,  

Teerthanker Mahaveer University 

Moradabad, India 

 

Abstract:  This report investigates the existing work on optimizing house price estimation with machine 

learning and deep learning techniques. Focusing on its base data types structured and then multi-modal (price, 

geospatial etc.) it runs through essential algorithms such as Linear Regression, XGBoost and Neural Network 

and compares their capabilities pros and cons. From the results, it emphasizes the ability of these methods to 

enhance predictive accuracy based on heterogeneous data sources, whilst challenges such as interpretability 

of models and integration of data persist. Promising future directions to move the field forward, such as hybrid 

models and multi-modal approaches, are discussed. 
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I. INTRODUCTION 

 

An artificial neural network (ANN) is a computing system inspired by the biological neural networks that 

constitute brains. It is composed of many simple processing elements (also called nodes, or neurons) that are 

interconnected. They are typically organized in two or more layers of neurons connected to the output. Each 

node may represent an operation performed on data based on the weighted input and activation function. 

 

Main architectures include feedforward networks for basic prediction tasks, recurrent networks for 

sequential data, and convolutional networks for image processing. 

 

In the real estate sector, they perform well by learning both structured data (such as property features) and 

unstructured data (such as images, descriptions). CNNs can process property images, while RNNs can 

recognize trends in market changes, making price predictions more accurate by capturing complex 

idiosyncratic patterns across these types of data 

Importance of Accurate House Price Prediction 

 Critical for buyers, sellers, investors, and policymakers to make informed decisions. 

 Reflects economic health—rising prices indicate growth, while declines signal downturns. 

 Helps in mortgage refinancing, insurance valuation, and real estate investments. 

 Traditional statistical models often fail to leverage unstructured data (e.g., images, text). 

Machine learning (ML) and deep learning (DL) improve accuracy by processing diverse data types. 
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II. . NEURAL NETWORK APPROACHE FOR OPTIMIZING HOUSE PRICE PREDICITON 

 

Artificial Neural Networks (ANNs) are computational models inspired by the biological neural networks of 

the human brain. They consist of interconnected nodes (artificial neurons) that process information in parallel, 

enabling them to learn complex patterns from data without explicit programming. 

 

A. Structure of an Artificial Neuron 

 

ANNs can be structured into different architectures tailored for specific types of data processing tasks. 

Feedforward Neural Networks (FNNs), the simplest architecture, process information in a strictly 

unidirectional flow from input to output layers, making them suitable for standard prediction and classification 

tasks. Recurrent Neural Networks (RNNs), with their internal memory capabilities, are particularly effective 

for analyzing sequential data like time series or natural language. Convolutional Neural Networks (CNNs), 

another specialized architecture, excel at processing grid-like data such as images through their unique ability 

to automatically detect spatial hierarchies of features. These various architectures demonstrate the remarkable 

flexibility of neural networks in handling diverse data types and problem domains. 

 

Architecture Function Applications 

Feedforward (FNN) 
Data flows one-way (input → hidden 

layers → output) 

Regression, Classification, 

Image Recognition 

Recurrent (RNN) 
Processes sequential data with 

memory (feedback loops) 

Time-series forecasting, 

NLP, Text Analysis 

Convolutional (CNN) 
Specialized for grid-like data (e.g., 

images) via convolutional filters 

Computer Vision, House 

Price Prediction (image 

analysis) 

 

 Inputs: Receives multiple inputs (raw data or outputs from other neurons). 

 Weights: Each input has an associated weight, determining its importance. 

 Transfer Function: Aggregates weighted inputs into a single value. 

 Activation Function: Introduces non-linearity (e.g., Sigmoid, ReLU, Tanh) to enable learning of 

complex relationships. 

 Output: Generates a signal passed to other neurons or serves as the final prediction.  

 

B. Design Challenges:  

Developing effective Artificial Neural Networks (ANNs) for prediction involves multiple hurdles, including 

determining optimal architecture (layers, neurons) through trial-and-error, balancing overfitting (memorizing 

noise) and underfitting (oversimplifying), and addressing their "black-box" nature, which limits 

interpretability. Additionally, ANNs demand large, high-quality datasets and substantial computational 

resources, making them sensitive to data quality and expensive to train. 

 

C. Integration Solutions: 

Despite these challenges, combining ANNs with traditional machine learning (e.g., Random Forest, 

Gradient Boosting) enhances house price prediction. Deep learning models (CNNs, RNNs) excel at extracting 

features from unstructured data (images, text), while traditional ML methods provide efficiency and 

interpretability for structured data. This hybrid approach leverages the strengths of both techniques, improving 

accuracy and robustness in real estate forecasting. 
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III. LEVERAGING MULTI-MODAL DATA 

 

Incorporating diverse data sources significantly enhances house price prediction accuracy. Textual 

descriptions, processed through NLP techniques like Word2Vec, capture qualitative aspects (e.g., ambiance, 

renovations) missed by numerical data. House images, analyzed via CNNs, reveal visual cues (interior quality, 

neighborhood aesthetics) that influence buyer decisions. Geospatial data (location, amenities) and public 

facility data (schools, transit) model spatial dependencies and livability factors. Combining these modalities—

text, images, and location—with traditional features through hybrid models (e.g., attention mechanisms) 

provides a holistic view of property value drivers, improving prediction robustness. 

 

A. Textual Data for Enhanced Property Insights: 

 NLP Techniques: Captures qualitative features (e.g., "luxury finishes," "open-concept layout") not 

found in structured data. 

 Key Applications: Identifies renovation quality, architectural style, and unique selling points. 

 Challenges & Solutions: Noise in descriptions (e.g., exaggerated marketing language) → Filter using 

sentiment analysis. 

Multilingual listings → Deploy translation models (e.g., Google’s M4) for consistency. 

 

B. Geospatial & Public Facility Data: 

 Spatial Analysis Tools: Geospatial Network Embedding (GSNE) maps proximity to amenities (schools, 

metros, hospitals). Heatmaps highlight high-demand zones based on commute times, pollution levels 

 Key Data Sources: OpenStreetMap, Google Places API for real-time facility updates. Government 

datasets on crime rates, future infrastructure projects 

 Impact on Pricing: Positive correlations: Walkability scores (+15% value), top-tier school districts 

(+20%). Negative factors: Flood zones (−10%), high noise pollution (−7%) 

 Integration Challenges: Data staleness → Update via APIs with periodic retraining. Scale disparities 

(urban vs. rural) → Normalize using per-capita metrics 

 Synergy Across Modalities: Hybrid models (e.g., ANN + Random Forest) merge. 

 

C. Market Trends & Economic Indicators: 

 Critical Data Sources: Historical price trends (5–10 year cycles) to identify appreciation/depreciation 

patterns, Mortgage rate fluctuations and Employment/growth metrics 

 Analytical Tools: Time-series models (ARIMA, LSTM) forecast future prices based on 

macroeconomic shifts. Sentiment analysis of news/articles to gauge market optimism/pessimism 

 

IV. KEY DATASETS AND EVALUATION METRICS 

 

Key datasets like the Zillow Prize Dataset (80+ attributes, including location and property details) and Ames 

Housing Dataset (2,930 properties with 79 mixed-type features) are critical for developing house price 

prediction models. Performance is evaluated using metrics such as R-squared (R²) (variance explained), RMSE 

(penalizes large errors), and MAE (robust average error). While Zillow’s data enables large-scale 

benchmarking, Ames offers structured complexity for algorithm testing. The choice of dataset and metric 

depends on project goals—Zillow suits high-volume accuracy, while Ames aids in handling missing data and 

categorical variables 

 

 Datasets: Zillow Prize Dataset: 80+ features, real-world scale, includes Zestimate’s for benchmarking. 

Ames Housing Dataset: 2,930 properties, 79 features (numerical/categorical), missing data challenges. 

 Evaluation R² (R-squared): Measures explained variance (closer to 1 = better fit). RMSE: Root Mean 

Squared Error—penalizes large prediction errors. MAE: Mean Absolute Error—robust against outliers. 

 Selection Criteria: Zillow: Ideal for scalable, real-world accuracy tests. Ames: Best for handling data 

complexity (e.g., missing values, categorical features). 
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V. MODEL EVALUATION AND INTERPRETABILITY 

 

Machine learning and deep learning are widely used for house price prediction. ML models offer 

interpretability, while DL excels with complex, multi-modal data (text, geospatial). Hybrid approaches 

combining both methods achieve the highest accuracy, with Light GBM and CNNs performing best. Key 

evaluation metrics include R², RMSE, and MAE, with feature engineering significantly impacting results.: 

 

A. Machine Learning Models Comparison 

 

Model Strengths Weaknesses Performance 

(Example) 

Linear 

Regression 

Simple, 

interpretable 

Poor with non-linear data R² = 0.73 

Random Forest Handles non-

linearity, robust 

Computationally intensive R² = 0.87 

XGBoost High accuracy, 

scalable 

Requires tuning R² = 0.90 

 

B. Deep Learning Performance (Multi-Modal Data) 

 

Model Raw Features 

(MAE) 

+Text +Images All Combined 

LGBM 0.135 0.119 0.117 0.112 

 

VI. Challenges and Future Directions 

 

Developing accurate and reliable machine learning and deep learning models for house price prediction 

involves navigating several common challenges: 

Overfitting: Model performs well on training data but poorly on unseen data. 

 

 Solutions: 

o Simplify architecture (reduce layers/neurons). 

o Use early stopping to halt training when validation error rises. 

o Apply regularization (L1/L2) or dropout in ANNs. 

 

Vanishing/Exploding Gradients: Gradients become too small/large, disrupting training. 

 

 Solutions: 

o Weight initialization (Xavier/He). 

o Use ReLU activation or gradient clipping. 

o Implement batch normalization or ResNet skip connections 

 

Data Quality: Missing values or noise bias predictions. 

 

 Solutions: 

o Impute missing values (e.g., K-Nearest Neighbors). 

o Remove outliers during preprocessing. 
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Computational Costs:  Training deep models requires high resources. 

 Solution:  

o Use GPUs/TPUs for parallel processing. 

 

Future research directions in fraud detection include: 

 

 Explainable AI (XAI) - Developing interpretable deep learning models to enhance transparency in price 

predictions. 

 Multi-modal Data Fusion - Advanced techniques to better integrate text, images, and geospatial data 

 Real-time Market Integration - Incorporating live economic indicators and housing market trends 

 Automated Feature Engineering - AI-driven methods to identify and optimize predictive features. 

 

Hybrid Model Architectures - Combining strengths of different ML/DL approaches for improved accuracy. 

 

VII. Conclusion 

 

This report highlights the transformative impact of machine learning and deep learning in advancing house 

price prediction accuracy. By leveraging diverse data sources—including textual descriptions, property images, 

and geospatial information—modern models capture complex market dynamics more effectively than 

traditional methods. While challenges like model interpretability, overfitting, and computational demands 

remain, emerging solutions such as hybrid architectures and explainable AI show significant promise. 

Benchmark datasets like Zillow and Ames enable rigorous model evaluation using metrics such as R² and 

RMSE. Looking ahead, future research should prioritize real-time data integration, enhanced multi-modal 

learning techniques, and climate risk modeling to further refine prediction capabilities and support data-driven 

real estate decisions. 

http://www.ijcrt.org/

