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ABSTRACT : 

This research presents a House Price Prediction model using machine learning techniques to estimate property prices based on various housing features. The dataset 

was preprocessed and analyzed using libraries like NumPy, Pandas, Matplotlib, and Seaborn. We implemented Linear Regression from Scikit-learn to train and 

evaluate the model. Key steps included matrix operations, feature selection, and applying the train-test split method to assess model accuracy. The results 

demonstrate the effectiveness of regression analysis in predicting real estate prices with reasonable precision. 

1. Introduction 

The real estate market is influenced by numerous factors such as location, size, number of rooms, and amenities, making accurate house price prediction 

a complex task. With the advancement of machine learning, predictive models can now analyze large datasets to forecast property prices more effectively. 

This project leverages Python libraries—NumPy, Pandas, Matplotlib, and Seaborn—for data analysis and visualization, while Scikit-learn’s Linear 

Regression is used for model development. The goal is to assist buyers, sellers, and investors by providing data-driven insights into housing prices. 

2. Literature Review 

Several recent studies have explored house price prediction using Python and machine learning techniques. (2021) Kalra et al. applied regression models 

like Random Forest and Linear Regression, achieving promising results based on property features. (2021) Vidhyavani and colleagues highlighted the 

importance of data preprocessing in improving model accuracy. Other works, such as those by (2024) Nandre and (2023) Bhagat, demonstrated that 

ensemble methods like XGBoost and Random Forest offer better performance than traditional linear models. (2020) Jain emphasized the role of feature 

engineering in enhancing predictions, while (2022) Jadhav compared multiple regression techniques and underlined the significance of proper model 

selection. Collectively, these studies validate the effectiveness of Python-based machine learning models for accurate and efficient house price prediction. 

3. Methodology 

 

http://www.ijrpr.com/
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A. Dataset Description 

• The dataset ; House Price Prediction includes features such as income, house age, number of rooms, number of bedrooms, population and 
location. The dataset contains 5001 data about the features as shown in fig. (1). 

Fig. (1): Loaded Dataset 

• Data was sourced from publicly available housing datasets like Keras real estate data and open government records. The initial exploration at 
“127.0.0.1:8000” will take you to the home page of House Price Prediction with Python. Refer to fig. (2)  

 

Fig. (2): Initial Exploration. 

B. Data Preprocessing 

• Missing values and outliers were handled appropriately. 

• Categorical variables were encoded using one-hot encoding for compatibility. In the dataset address / location is the only categorical variable. 
It represents the location as a string. Refer to fig. (3) for original data sample & fig. (4) for one-hot encoding address. 
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Fig.(3): Original Data Sample                                                          Fig.(4):One-hot encoding address 

C. Model Selection 

For this house price prediction project, two models were selected and tested: 

• Linear Regression: Chosen as a baseline model because of its simplicity, interpretability, and suitability for continuous target variables like 

price. 

• Random Forest Regressor: Selected for its ability to handle non-linearity, feature interactions, and robustness against overfitting. It performs 

well on structured/tabular data. 

• Libraries Used: refer to fig.(6) 

o numpy , pandas for data manipulation. 

o seaborn , matplotlib for visualisation. 

o sklearn for modelling and metrics. 

• Steps Followed: refer to fig.(5) 

 

Fig.(5): Implementation Steps 
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Fig.(6): Libraries’ Implementation Overview 

Heap map ( null value check ) :  

• A heatmap was generated using the Seaborn library, where the presence of null values would be indicated by contrasting colored 

blocks.  

• The heatmap confirmed that no missing values existed in the dataset, validating the dataset's readiness for further processing and 
model training. 

Refer to fig.(7). 

 

Fig.(7):  Heatmap 

D. Performance Metrics 

Model evaluation was performed using: 

•  Mean Absolute Error (MAE) 

       Definition: The Mean Absolute Error is the average of the absolute differences between the       actual values and the predicted values. 
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Formula: 

 

Interpretation: MAE measures the average magnitude of the errors in a set of predictions. It gives equal weight to all errors, regardless of their direction. 

Lower MAE indicates better model performance. 

• Mean Squared Error (MSE) 

Definition: MSE is the average of the squared differences between actual and predicted values. 

Formula: 

 

Interpretation: MSE gives more weight to large errors due to squaring, making it sensitive to outliers. Lower MSE means the model's predictions are 

closer to the actual values. 

• Root Mean Squared Error (RMSE) 

       Definition: RMSE is the square root of the mean squared error. 

       Formula: 

 

Interpretation: RMSE expresses the average prediction error in the same unit as the target variable. Like MSE, it penalizes large errors more than MAE. 

Lower RMSE means better model performance. 

• R-squared (R² Score) 

Definition: R² measures the proportion of the variance in the dependent variable that is predictable from the independent variables. 

Formula: 

 

Interpretation: R² ranges between 0 and 1. Closer to 1 means the model explains a higher proportion of the variance. Higher R² is better for regression 

models. 

 

The conclusion of the metrics is that the Random Forest explains about 85.62% of the variance in the target variable, compared to 67.45% for Linear 

Regression — a significant improvement.  

The Random Forest Regressor consistently outperformed the Linear Regression model, making it the most suitable choice for house price prediction in 

this study. Refer to fig.(8). 
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Fig.(8): Model performance comparison table 

4. Results & Discussion 

1. System Interface Overview: The developed House Price Prediction System is an interactive web-based platform that allows users to predict 

house prices based on multiple input parameters. The interface requires the user to enter: 

• Average Area Income 

• Average Area House Age 

• Average Area Number of Rooms 

• Average Area Number of Bedrooms 

• Average Area Population 

• Address / Area 

Once the inputs are provided, the system predicts the estimated house price using a trained machine learning model. The system interface is user-friendly 

and visually appealing as shown in figure.  

 

Fig.(9): User Input Interface for House Price Prediction 

2. Map Visualisation Feature: To enhance prediction relevance, the system integrates a Google Map feature. Once the user enters an area and 
clicks Show Map, the system displays the location on the map as shown in figure. 
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Fig.(10): Display of map visualisation feature 

3. Prediction Example: A sample prediction was performed by entering the following values: refer to fig.(11) 

 

Parameter Value 

Average Area Income ₹63,345.24005 

Average Area House Age 7.18 years 

Average Area Number of Rooms 5.59 

Average Area Number of Bedrooms 3.46 

Average Area Population 34310.2 

Address / Area Bhilai 

 

Fig.(11): Input Example for House Price Prediction 

Discussion: 

• The system successfully predicts house prices based on socio-economic and infrastructural parameters of a locality. 

• Integration of real-time mapping enhances the contextual accuracy and relevance of the predictions. 

• The user interface offers a clean, minimalistic design with clear, easy-to-use input fields, making it accessible for both technical and non-

technical users. 

• By combining visual map data with numeric inputs, the system effectively bridges the gap between spatial awareness and economic analysis. 

5. Conclusion 

This project successfully developed a House Price Prediction system using machine learning techniques, integrating socio-economic and infrastructural 

data with real-time mapping for enhanced accuracy. Among the models tested, the Random Forest Regressor outperformed Linear Regression in terms 

of prediction accuracy and reliability. The system’s intuitive interface and dynamic, location-based predictions make it suitable for practical use in real 

estate analysis and decision-making. Future enhancements could include more features, deeper models, and expanded datasets for even better results. 
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