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Abstract— House price prediction plays a crucial role in the real
estate industry, helping buyers, sellers, and investors make well-
informed decisions. Accurate estimation of property values
enables stakeholders to assess market trends, plan investments,
and minimize financial risks. This study focuses on the application
of linear regression, a fundamental and widely used machine
learning algorithm, to predict house prices based on multiple
influencing factors. These factors include location, property size,
number of bedrooms, amenities, and other relevant characteristics
that significantly impact pricing.

Linear regression models the connection between input
variables (features) and an output variable (such as house price)
using a linear equation. By examining past housing data, it
uncovers patterns and relationships among variables, enabling it
to predict outcomes for new, unseen cases. Its straightforward
nature and ease of interpretation make it a popular option,
particularly for initial analysis and baseline modeling in real estate
applications.

To assess how well the model performs and how reliable it is,
metrics like Mean Squared Error (MSE) and the coefficient of
determination (R?) are used. These measures help evaluate
prediction accuracy and indicate how effectively the model
explains variations in house prices. The results of this study
indicate that linear regression can deliver reasonably accurate
predictions when the data is well-structured and relevant features
are selected.

Overall, this approach demonstrates that linear regression
serves as a simple, efficient, and practical tool for house price
estimation, offering valuable support for real estate market
analysis and decision-making processes.
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I. INTRODUCTION

The real estate market plays a vital role in the global economy,
influencing investment decisions, financial planning, and government
policies. Accurate prediction of house prices is essential for a wide
range of stakeholders—buyers, sellers, investors, and policymakers—
so they can make well-informed decisions. In the past, property
valuation depended largely on manual evaluations and expert
judgment, which often led to subjective and inconsistent outcomes.
With the growing emphasis on data-driven approaches and the
advancement of machine learning, predictive models have gained
popularity as reliable tools for estimating property values [1].

Predicting house prices plays a key role in the real estate sector.
Prices are influenced by multiple factors, including location, number
of bedrooms, total area, and available amenities. To analyze these
variables and generate accurate predictions, machine learning
methods—especially regression techniques—are widely applied [2].

Among these methods, linear regression stands out as one of the
most basic and commonly used algorithms for predictive analysis. It
works by identifying the relationship between independent variables
(features) and the dependent variable (house price) through fitting a
linear equation to the observed data. The model assumes that the
relationship between the input features and the house price can be
represented by a straight line modeling [3]. It establishes a relationship
between independent variables (features) and the dependent variable
(house price) by fitting a linear equation



to the observed data. The model assumes that the
relation- ship between the input features and the house
price can be represented by a straight line [4].

II. LITERATURE REVIEW

House price prediction has been a widely researched
topic in real estate analytics, with numerous studies
exploring different models and methodologies to
improve accuracy [5]. Traditional statistical approaches,
such as Hedonic Pricing Models (HPM) and Multiple
Linear Regression (MLR), have been commonly used to
estimate housing prices based on factors like size,
location, and amenities. Early studies, such as those by
Rosen (1974), established the foundation for hedonic
pricing, em- phasizing the impact of property
characteristics on market value. More recent research
has explored the limitations of linear regression,
particularly its inability to capture non-linear
relationships in complex real estate markets. In response,
machine learning models, including Decision Trees,
Random Forests, and Support Vector Regression (SVR),
have been introduced to improve predictive
performance. Studies by Kumar & Ravi (2016) and
Zheng et al. (2020) demonstrated that ensemble
methods, such as Gradient Boosting Machines (GBM)
and XGBoost, significantly enhance accuracy by cap-
turing intricate patterns in large datasets [6].
Additionally, the integration of geospatial and
socioeconomic factors has been highlighted in research
by Brunsdon et al. (1996) and Dube” et al. (2017),
showing that spatial dependen- cies and external
economic conditions strongly influence house prices.
Recent progress also integrates deep learning methods
like Artificial Neural Networks (ANNs) and
Convolutional ~ Neural  Networks (CNNs) to
automatically extract features and assess properties from
images. Furthermore, studies have emphasized the
importance of real-time data from online real estate
platforms and economic indicators to improve
forecasting accuracy [7]. Despite the effectiveness of
these models, challenges remain, including data quality
issues, feature selection complexity, and the
interpretability of black- box models. This literature
review underscores the evolution of house price
prediction methods, highlighting the need for hybrid
models that balance accuracy, interpretability, and real-
time adaptability in dynamic housing markets [8].

[II. METHODOLOGY
A. Data Collection

- Gathering real estate datasets from online sources
such as Zillow or Kaggle (Fig 1).



B. Data Cleaning and Preprocessing

- Handling missing values, removing outliers, and normal-
izing data.

C. Model Development

- Applying linear regression to establish a relationship
between house attributes and prices.

D. Model Evaluation

- Measuring model performance using R? score, MSE, and
MAE.
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Fig. 1: Flowchart

The above flowchart shows how the process is carried out
in prediction of house price using linear regression [9].

IV. IMPLEMENTATION

A. Data collection

Data collection is a crucial step in building a reliable house
price prediction model, as the quality and relevance of data
directly impact the accuracy of predictions. The data for house
price prediction is collected from various sources, including
publicly available datasets such as the Ames Housing Dataset
and Boston Housing Dataset from Kaggle, real estate platforms
like Zillow and Redfin, government property records, and real
estate agency reports. Additionally, data can be scraped from
online real estate listings to obtain the latest market trends. The
dataset consists of multiple features that influence house prices
[10]. These features can be categorized into structural attributes
(e.g., square footage, number of bedrooms and bathrooms,
house type, and age of the property), location- based attributes
(e.g., neighborhood, crime rate, proximity to schools, hospitals,
parks, and public transportation) (Fig 2).

id date price bedrooms bathrooms sqft_living sqft_lot floors waterfront view grade sqft_abo
0 7128300520 20141013T000000  221800.0 3 100 1180 5650 10 0o 0 7 1800
1 6414100192 20141209T000000 3 225 2570 7242 20 o 0 7 21700
2 5631500400 20150225T000000 1 2 1.00 770 10000 10 o 0 6 7700
3 2487200875 20141208T000000 4 300 1960 5000 10 o 0 7 1050.0
4 1954400510 20150218T000000 3 200 1680 8080 10 o o 8 1680.0
8 7237550310 20140512T000000 4 450 5420 101930 10 o 0 " 38900
6 1321400060 20140627T000000 3 225 1715 8819 20 0o o 7 17150
7 2008000270 201501157000000 3 150 1060 71 10 o o 7 1060.0
8 2414600126 20150415T000000 229! 3 1.00 1780 7470 10 o 0 7 1050.0
9 3793500160 201503127000000  323000.0 3 250 1880 6560 20 0o 0 7 18900

10 rows x 21 columns

Fig. 2: Unstructured Dataset

B. Data Cleaning and Preprocessing

To improve the accuracy and dependability of the house
price prediction model, the collected dataset is subjected to a
data cleaning and preprocessing stage [11]. This step is crucial
in handling miss- ing values, removing inconsistencies,
transforming variables, and preparing the data for linear
regression analysis (Fig 3).
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Fig. 3: Distribution of Attributes



C. Model Development

1) Algorithm Selection: Selecting the right model is crucial
for accurate house price prediction. The selection of an
algorithm is influenced by factors like the complexity of the
data, the need for interpretability, and the efficiency of
computation [12]. In this study, Linear Regression is selected
as the primary algorithm due to its simplicity, interpretability,
and effectiveness in modeling relationships between numerical
features and house prices [13].

In linear regression, the dependent variable’s value is
determined based on the independent variables. The value
being predicted depends on how strongly it is related to those
independent variables, and this relationship is measured using
correlation (Fig 4).
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Fig. 4: Heatmap for showing Correlation

The independent variables are plotted on the x-axis while
the dependent variables are plotted on the y-axis. The formula

for multiple regression is given by :
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the coefficients for the independent variables respectively.

2) Training the model: Model training is carried out by
supplying the cleaned and preprocessed dataset to a linear
regression algorithm so it can identify relationships between the
independent variables (features) and the dependent variable
(house price).

To do this, the dataset is divided into two portions: 80% is
used for training the model, while the remaining 20% is
reserved for testing. This approach allows the model to learn
patterns from one subset and then be evaluated on previously
unseen data [14]. The model is based on the multiple linear
regression framework, where house price is represented as a
linear combination of factors such as square footage, number of
bedrooms, and number of floors. Using Scikit-Learn’s Linear
Regression function, the model is fitted to the training data
(Table 1). After the training process, the coefficients for each
feature are obtained as follows:

Attributes Coefficients
Bedrooms -4.62019078¢+04
Bathrooms 4.23588267¢+04
sqft livng 1.29352678e+02
Floors 3.35883649¢+04
Condition 2.22162529¢+04
Grade 1.30501032¢+05
sqft above 5.14309869e+01
sqft basement 7.79216914e+01
Year Built -3.79589152¢+03
Year Renovated 1.98399425¢+01

TABLE I: Coefficients of Attributes

D. Model Evaluation

Once the linear regression model has been trained, it is important to
assess its performance to understand how accurately it predicts house
prices. This evaluation is carried out using several statistical metrics
that capture aspects such as accuracy, error, and how well the model
fits the data. Commonly used metrics include Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE), and the R? score (coefficient of determination) [15].

For this evaluation, the R? score has been selected as the primary
metric.

The R? score, also known as the coefficient of determination, measures
how effectively the independent variables account for the variation in
the dependent variable. In other words, it indicates how well the model
fits the observed data.

The Formula for calculating R?-score is as follows:

(v, — yA,-)Z
— (2

here,

yi = Actual house price

y"i=Predicted house prices

ys = Mean of actual house prices

s yi —y )2 = Sum of squared errors (SSE)

(yi—y )2=Total sum of squares

if, R2 = 1: The model perfectly predicts the target variable (best fit).
R? = 0: The model does not explain any variance in the
target variable.
R? < 0: The model performs worse than a simple mean-based
prediction, indicating poor fit.
Higher R? values (closer to 1) indicate that the model explains
most of the variability in the data, making it a better predictor
[16].

A higher R? is generally preferred, it does not always
guarantee a good model. An extremely high R? may signal
overfitting, meaning the model has learned the training data too
closely instead of capturing patterns that apply well to new,
unseen data. Conversely, a low R? does not always mean the
model is bad, especially in domains like economics or real
estate, where many external factors influence prices [17].



V. RESULTS

Scatter plots are commonly used to visualize errors. In this
study, we used a residual plot, which shows the difference
between actual and predicted values. Ideally, these residuals
should be randomly scattered around zero. Residuals around
zero indicate that the error generated are small. This means that
the predicted values are close to actual values and the model
fits the data well (Fig 5).
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Fig. 5: Scatter Plot for visualising error
The R?%score calculated for this model is

0.6320477597526137. This score indicates that 63% of
the variance in housing prices is explained by our model while
the remaining 37% is due to some missing factors like
noise,location.

R? Score = 0.63 (63%)
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VII. CONCLUSION

This study explored the use of Linear Regression for pre-
dicting house prices based on various factors such as size,
location, and amenities. The research followed a structured
approach, including data collection, preprocessing, model de-
velopment, evaluation, and optimization. The findings demon-
strate that Multiple Linear Regression effectively captures
relationships between house features and price, making it a
valuable tool for real estate valuation.

The results indicate that factors like square footage, number
of bedrooms, and neighborhood quality significantly impact
house prices. Although Linear Regression offers a
straightforward and easy-to-interpret model, its accuracy can be
impacted by issues like multicollinearity, outliers, and non-
linear relationships. To address these limitations, regularization
techniques (Ridge and Lasso Regression) and advanced
machine learning models (e.g., Decision Trees, Neural
Networks) can be explored in future research.

In conclusion, Linear Regression serves as a strong baseline
model for house price prediction, offering insights for buyers,
sellers, and real estate professionals. However, incorporating
more complex models and larger datasets could further en-
hance predictive accuracy and market analysis.

VIII. FUTURE SCOPE

The study on house price prediction using linear regression
provides a strong foundation, but there are several areas for
future improvement and expansion. One key area is the
incorporation of advanced machine learning models, such as
Random Forest, Support Vector Regression (SVR), and Neural
Networks, which can capture complex, non-linear relationships
in housing data and potentially improve accuracy. Addition-
ally, real-time data integration from real estate platforms and
economic indicators can enhance prediction reliability by ac-
counting for market fluctuations. Another promising direction
is the use of geospatial analysis, incorporating factors such as
proximity to essential services, crime rates, and neighborhood
development trends.
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