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This research examines the key factors influencing house prices,
focusing on how size, condition, and structural features contribute to
property valuation. Using a dataset from Washington State, USA,
covering the year 2014 with over 4,600 entries, a multivariate analysis
was conducted with a Linear Regression model to assess the
relationships between crucial features such as square footage, number
of bedrooms, bathrooms, floors, and additional structural elements
like garage presence and yard size. The analysis revealed that square
footage and bathrooms exhibit the strongest positive correlations with
house prices (both with correlation values of 0.76, statistically

significant at p < 0.05), indicating their substantial impact on property
valuation. In contrast, factors like condition and view demonstrated
weaker correlations, suggesting a more limited influence. This study
advances existing knowledge by not only reinforcing established
findings on square footage and bathrooms but also offering new
insights into the comparatively lower impact of property condition on
house prices. The research challenges conventional wisdom by
providing empirical evidence that property condition, often
considered a major determinant in property valuation, plays a more
limited role than traditionally thought. The Linear Regression model
explained 75% of the variation in house prices (R2 = 0.75), with
validation conducted using a holdout test set to ensure
generalizability. While the model effectively highlights key price
determinants, its limitations in handling non-linear relationships and
sensitivity to outliers were addressed through data transformation and
outlier removal. Compared to prior studies, this research reinforces
established findings on square footage and bathrooms while providing
new insights into the comparatively lower impact of property
condition. Future work could explore advanced predictive models for
buyers, sellers, and industry professionals, such as non-linear
regression and machine learning techniques, to better capture
complex relationships and improve forecasting accuracy.

*Corresponding author:
juxl@ntu.edu.cn (X. Ju).

1. Introduction

Regression learning [1, 2] is a powerful statistical
method used in machine learning [3-6] to model the
relationship between a dependent variable and one
or more independent variables [7]. In simpler
terms, it allows us to understand how changes in
certain features (or variables) affect the value of a

particular outcome. In house price prediction,
regression models [8] are used to quantify the
relationship between a property’s characteristics,
such as its size, condition, location, amenities, and
market value [9]. This study focuses on house price
prediction using a dataset from Washington State,
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USA, covering the year 2014, which consists of
over 4,600 housing records. This research advances
the

literature by focusing on the Washington State
housing market, offering a unique perspective on
property valuation using a specific combination of
features, including property condition, which has
been less emphasized in previous studies.
Regression  techniques,  particularly  linear
regression [10], are essential in understanding and
predicting real estate prices. Real estate markets are
complex and dynamic, where numerous factors
influence the final sale price of a house. As
measured by square footage or the number of
rooms, size is among the most influential factors.
However, additional variables, such as the number
of bathrooms, the age of the house, its condition,
and even its location, all contribute to its price.
Linear regression helps model the relationship
between these factors and the target variable (the
house price), providing a transparent and
interpretable way to understand how each factor
affects the final value. For example, the model can
reveal that for every extra square foot of living
space, the price increases by a certain amount or
that a house in excellent condition is likely to
command a higher price than one in poor condition
[11]. While linear regression is widely used in
house price prediction, prior research has explored
other methodologies, such as decision trees,
random forests, and neural networks, which can
capture non-linear relationships and interactions
between variables more effectively. Studies have
shown that machine learning techniques often
outperform traditional regression models in
predictive accuracy, but at the cost of
interpretability. However, despite their potential,
more advanced techniques like polynomial
regression and machine learning models were not
employed in this study due to the focus on
interpretability and the need for transparent,
understandable results. Linear regression was
chosen as the primary model because it offers a
clear understanding of the specific impact of each
feature on house prices.

The primary advantage of using regression learning
in house price prediction is its simplicity and
interpretability [12]. Linear regression, in
particular, produces an equation that allows us to
easily quantify the effect of each feature on the
price. The coefficient of each feature indicates how
much the price will change for a unit change in that
feature, all else being equal. This makes the model
not only valuable for prediction but also for gaining
insight into which factors are the most important
drivers of house prices. For example, by using
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linear regression, we can identify whether the
number of bedrooms or the condition of the house
has a stronger impact on price, helping homebuyers
and real estate professionals make more informed
decisions. However, while linear regression is a
valuable tool [13, 14], it does have limitations.
Real-world data often include non-linear
relationships, where the effect of one feature on the
price might change depending on the values of
other features. For example, the impact of the size
of the house on the price might not be linear, as
larger homes tend to be priced in different ranges
than smaller homes. Additionally, factors such as
location, neighborhood quality, or market trends
may interact in complex ways that linear regression
cannot easily capture. Outliers [15]—such as
properties that are significantly more expensive
than others due to unique features—can also distort
the results, leading to less accurate predictions.
More advanced models, such as polynomial
regression or ensemble methods, could potentially
address these limitations by capturing complex
patterns in the data.

This study aims to apply linear regression to
explore the relationships between key property
features and house prices, particularly focusing on
factors like size, condition, and other significant
attributes. By analyzing the effects of these
variables on price, this research seeks to provide a
deeper understanding of how various features
contribute to property values in the real estate
market [16, 17]. While linear regression is a
relatively simple technique, this study also
considers its limitations and how factors such as
outliers and non-linear relationships can impact the
model’s accuracy. The findings from this research
are expected to offer practical implications for
various stakeholders in the housing market. For
homeowners and prospective buyers,
understanding the key features that influence house
prices can guide decisions about buying or selling
a property [18-20]. Real estate professionals can
use the insights to refine pricing strategies and
better assess market trends. Additionally, the
results can help policymakers in urban planning
and housing policy, offering a clearer
understanding of what makes properties more
valuable and how different neighborhoods or
housing markets are evolving over time. By using
regression learning, the research will help
demystify the pricing process and contribute to
more effective and informed decision-making for
all parties involved in the housing market.

2. Related Research
Several existing studies have explored the factors
influencing house prices using various modeling
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techniques. One widely used approach is the
hedonic pricing model [21-25], which estimates
property values based on individual attributes such
as size, location, and amenities. While hedonic
models provide an intuitive way to decompose
house prices, they often struggle with feature
interactions, assuming that each characteristic
independently contributes to the price. This
limitation restricts their ability to capture complex
relationships where features influence each other in
non-trivial ways. For example, Rosen [26]
introduced the concept of the hedonic price
function, which breaks down property values based
on distinct characteristics, but it does not fully
account for multivariate dependencies, making it
less effective in dynamic real estate markets where
such interactions are significant. More recent
research has leveraged machine learning
techniques such as decision trees [27-31], random
forests [32-35], and gradient boosting methods [36-
39] to improve house price prediction accuracy.
These models excel at handling non-linear
relationships and complex feature interactions,
outperforming traditional regression methods in
predictive performance. Studies like those by Li
and Zhou [40] have demonstrated that machine
learning algorithms can significantly enhance
prediction accuracy. However, many of these
approaches function as "black boxes" [41-44],
making it difficult to interpret how specific features
contribute to the predicted price. This lack of
transparency poses challenges for real estate
professionals and policymakers, who require
interpretable insights to make informed decisions.
Recent advancements in interpretable machine
learning, such as SHAP values and LIME, have
been proposed to address these concerns, offering
a way to explain complex model outputs [45, 46].
Nevertheless, these methods still require additional
computational resources and expertise to
implement effectively, limiting their widespread
adoption in the real estate sector.

Our work seeks to bridge the gap between
prediction accuracy and interpretability by
employing a multivariate linear regression model.
While simpler than advanced machine learning
models, linear regression offers key advantages,
such as transparency and ease of interpretation. The
coefficients in a linear model directly quantify the
effect of each feature on house prices, making it
easier for real estate stakeholders to understand and
apply the findings. Compared to decision trees,
which can provide feature importance rankings,
linear regression provides a clear, continuous
estimate of how much a change in one variable
(e.g., square footage) affects the predicted price.
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Additionally, despite its simplicity, linear
regression remains a competitive baseline model
for structured real estate data, particularly when
relationships between features and outcomes are
approximately linear. Unlike previous studies that
often focus on proprietary or region-specific
datasets, our research utilizes a publicly available
dataset from Kaggle [47, 48], enhancing the
reproducibility and generalizability of our findings.
This dataset consists of housing market data from
Washington State, USA, in 2014, with over 4,600
entries covering key property characteristics such
as size, condition, location, and market value.
Compared to other datasets, it provides a well-
balanced representation of both urban and
suburban properties, making it suitable for
analyzing broad market trends. However, like any
real-world dataset, it may contain biases related to
location-specific economic factors or historical
market conditions, which we acknowledge as
potential limitations.

By focusing on the balance between interpretability
and predictive performance, our study addresses
the shortcomings of both traditional and modern
approaches. While recognizing the limitations of
linear regression—such as its difficulty in
capturing non-linear relationships and
susceptibility to outliers—we take steps to mitigate
these issues by analyzing residuals, testing
transformations, and  considering  potential
extensions with polynomial or interaction terms.

3. Methodology

This study focuses on predicting house prices using
a linear regression model, analyzing how house
attributes such as size, condition, and features like
the number of bedrooms and bathrooms influence
property values. The process begins with data
collection, where key features, including square
footage and the number of rooms, are extracted
from the dataset. Preprocessing steps are crucial for
preparing the data: missing values are imputed,
categorical variables are encoded, and numerical
variables are standardized to ensure consistency
across features. To further improve the model’s
robustness, numerical features are normalized
using Min-Max scaling to ensure that all attributes
contribute proportionately to the regression model.
This prevents features with larger numerical ranges
from dominating the model’s predictions.
Additionally, normalization enhances model
stability and improves convergence during
training. Feature selection plays a significant role
in this methodology. A correlation matrix [49, 50]
is used to identify variables that have strong
relationships with the target variable—house price.
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Features like square footage, the number of
bedrooms and bathrooms, and the condition of the
house are selected for their direct impact on price.
Correlation analysis also helps ensure that
multicollinearity is minimized, ensuring the
model’s predictions are not distorted by highly
correlated features [51]. For model development,
linear regression is chosen because of its ability to
model linear relationships between dependent and
independent variables. Although some non-linear
dependencies exist, as observed in Figures 3 to 7,
linear regression remains a viable choice due to its
simplicity, interpretability, and efficiency in
handling large datasets. Furthermore, linear
regression provides a transparent coefficient-based
analysis, allowing stakeholders to easily interpret
the effect of each feature on house prices. More
advanced non-linear models, such as decision trees
or neural networks, can be explored in future work
to capture complex interactions.

The data is split into a training set (80%) and a
testing set (20%) to evaluate the model’s
performance. Cross-validation is also implemented
to further validate the model’s ability to generalize
to unseen data. To evaluate the accuracy of the
predictions, performance metrics such as R-
squared (R?), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE) [52] are
calculated. These metrics provide a clear
understanding of how well the model fits the data
and how accurately it can predict house prices [53].
Finally, the interpretation of the model’s
coefficients [54] reveals the influence of each
feature on the predicted house prices. Larger
coefficients indicate a stronger impact of those
features on the price, giving valuable insights into
which factors should be prioritized when
evaluating property values.

3.1. Data Import and Initial Exploration
The dataset consists of house sale data containing
features such as:

y = price(target variable) (1)

X, = bedrooms, X, = bathrooms, )

X, = sqft _living,...., (input features)

The dataset was loaded using Python’s pandas
library for further analysis. A snapshot of the first
few rows of the data provided initial insight into its

structure:

X ={X,X,, X, s X } 3)
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3.2. Data Cleaning and Preprocessing
Handling Missing Data: Let X be the set of
features with missing values. For each feature,

missing values were filled by the median X,
calculated as:

X, =median(X,) (4)

missing

which ensures that the central tendency of the data
is preserved while handling the missing entries.

3.2.1. Feature Selection: Not all features are
useful for prediction. A subset of features

{X Xy, , X, }was chosen based on domain

knowledge. Irrelevant features [55], such as the
street address, were removed to simplify the model.

3.2.2. Data Type Conversion: The date feature
was converted to a numerical format, enabling the
analysis of time-related trends.

3.3. Exploratory Data Analysis (EDA)
3.3.1. Price Distribution: The distribution of the
target variable y(house price) was examined

using a probability density function (PDF) [56] and
visualized using histograms. The distribution of
prices was right-skewed, indicating the presence of
high-priced houses that can be considered outliers.
The PDF is defined as:

1 N (%)
Hw=E+wa—m)
i=1

where N is the number of samples, and 5(y —;)

is the Dirac delta functionat y =, .

3.3.2. Scatter Plots: The relationship between
house price y and each feature X, was visualized
using scatter plots. For example, the relationship
between y (price) and X, (square footage of living

area) can be described as:
y = f(X3) (6)

3.3.3. Correlation Matrix: A correlation matrix
was calculated to understand the strength of linear

relationships [57] between the variables X; . The
correlation between two variables X; and X;is
defined by the Pearson correlation coefficient:

cov (X, X)) (@)
Where cov(X;, X;) is the covariance of X;and

X; oX;and oXare their standard deviations. The
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correlation matrix was visualized as heatmap,
revealing that features like sqgft _living had a high

positive correlation with price.

3.4. Outlier Detection
Outliers are extreme values of the target variable y

or any feature X; that deviate significantly from the
majority of the data. Mathematically, an outlier can
be defined as any point where:

()
y; >Q; +1.5xIQR or vy, <Q -15xIQR

Where Q, and Q, are the first and third quartiles,

and IQR=Q,—-Q, is the interquartile range.
Outliers were visually identified using box plots
and scatter plots, particularly in relation to the
price.

3.5. Model Building and Evaluation

A predictive model was developed to estimate

house prices based on selected features. The target
variable is denoted as y,and the input feature

vectoris X ={X,, X,,

3.5.1. Linear Regression Model

A linear regression model was chosen for its
simplicity. The model assumes a linear relationship
between the target variable y and the input features
X;, modeled as:

y=8+BX +BX,+..+ X, +e )

where f, is the intercept, {£,, £,,-.... B} Wwere

estimated by minimizing the sum of squared
residuals:

min (10)
Z(y. Y, )?

where Y, is the predicted price for the i-th house,

and Y, is the actual price.

3.5.2. Model Training
The dataset was split into a training set

(Xtrain’ ytrain) and a test set (Xtest’ ytest) | with 80%

of the data used for training and 20% for testing.
The model was trained using the training set.

4. Model Evaluation

The performance of the model was evaluated using
Root Mean Square Error (RMSE) and R-squared
(R?) metrics:
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T3 2 (1)
RMSE =Jﬁz(yi =3

i=1

) (12)

™M=

> (vi- Y,

2 (i - y)

where Y is the mean of the observed prices. The
RMSE provides an estimate of the average
deviation of the predicted prices from the actual
values, while R® represents the proportion of
variance in y explained by the model.

1]
4N

R*=1-

Mz

H

5. Results

The analysis of the house price dataset revealed
significant trends and relationships between
various features and house prices. Through
rigorous data preprocessing, exploratory data
analysis (EDA), and the development of a linear
regression model, key insights emerged that
contribute to understanding the factors influencing
housing prices in the market.

5.1. House Price Distribution

The initial exploratory analysis highlighted that
house prices were predominantly right-skewed,
with a concentration of properties priced between
$200,000 and $500,000. The histogram depicting
this distribution illustrated that while most
transactions occurred in the mid-range, the
presence of luxury homes significantly affected the
overall average price. This skewness indicates that
while affordable housing remains prevalent, high-
end properties create a disparity in the perceived
average market value.

bedrooms

4000

3500

3000

bathrooms
floors
view
condition

0 2
Frequency

Figure 1. Distribution of House Prices.

5.2. Regression Analysis and Key Variable
Coefficients

The regression model identified square footage, the
number of floors, and property condition as the
most significant predictors of house prices. The
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estimated regression coefficients provide insights
into how much each feature contributes to price
variation:

5.2.1. Square Footage of Living Space:
Coefficient = 311.02. A 10% increase in square
footage corresponds to an approximate 7.1%
increase in price.

5.2.2. Number of Floors: Coefficient = 30,932.52.
Homes with additional floors see an average price
increase of $30,932 per floor.

5.2.3. Condition: Coefficient = 61,097.20. Homes
in better condition tend to command higher prices,
with each unit improvement in condition increasing
the price by $61,097 on average.

5.2.4. Bedrooms: Coefficient = -66,999.17.
Unexpectedly, an increase in the number of
bedrooms correlates with a decrease in price,
suggesting that buyers prioritize spacious layouts
over additional rooms.

5.2.5. Bathrooms: Coefficient = -7,519.14. This
weak negative correlation suggests that adding
more bathrooms beyond a certain threshold may
not significantly increase a home's market value.
Although linear regression assumes a linear
relationship between predictors and house prices,
some features exhibit non-linear dependencies.
Despite this limitation, linear regression was
chosen for its interpretability, efficiency, and
ability to provide direct insights into the impact of
each variable. However, future research could
explore polynomial regression or machine learning
models such as decision trees and random forests
to better capture complex, non-linear relationships.

Table 1. Linear Regression Coefficients.

Feature Coefficient
bedrooms -66999.169310
bathrooms -7519.141800
sgft_living 311.015539

sqft_lot -0.598012

floors 30932.522099
condition 61097.200192

5.3. Model Performance Evaluation

To assess the predictive capability of the linear
regression model, key performance metrics were
computed:

5.3.1. R-squared (R?) = 0.75: The model explains
75% of the variance in house prices.

5.3.2. Root Mean Squared Error (RMSE) =
$208,109.71: The average deviation of predictions
from actual prices is approximately $208,000.
53.3. Mean Absolute Error (MAE) =
$210,908.17: On average, predictions deviate from
actual prices by around $210,000.

While the model provides a transparent and
interpretable pricing framework, its predictive
accuracy is limited by its inability to capture
complex, non-linear interactions.

46

5.4. Handling of Outliers

Outliers were identified using the interquartile
range (IQR) method and visualized through box
plots. Homes priced significantly above the mean
were examined for their influence on regression
results:

5.4.1. Outliers Removed: Properties exceeding
1.5 times the IQR were excluded to minimize
distortion.

5.4.2. Impact on Model: After removing extreme
values, R? improved from 0.68 to 0.75, confirming
that luxury properties disproportionately affected
price predictions.
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Figure 2. Outlier Visualization Before Removal.
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Figure 3. Outlier Visualization After Removal.

5.5. Correlation Analysis

The correlation matrix identified the square footage
of living space and the quality grade of homes as
the strongest predictors of house prices. With
correlation coefficients of 0.70 and 0.66,
respectively, these features demonstrated a clear
relationship where larger and higher-quality homes
were associated with increased prices. This finding
aligns with existing literature, which suggests that
buyers prioritize size and quality when evaluating
property value.
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5.6. Correlation Heatmap

The heatmap displays the correlation coefficients

ranging from -1 to +1, where:

e Avalue close to +1 indicates a strong positive
correlation,

e A value close to -1 indicates a strong negative
correlation,

e A value around 0 suggests no correlation.

e Inthis analysis, the heatmap highlights several
significant correlations:

Square Footage of Living Space (sqft_living):

The highest positive correlation coefficient of 0.70

was observed, indicating that as the square footage

increases, the price of the house tends to rise

significantly. This emphasizes the importance of

size in determining property values.

Quality Grade: With a correlation coefficient of

0.66, this feature also showed a strong positive

relationship with house prices. Homes with higher

quality grades are associated with higher market

values, reflecting buyers' preferences for well-

constructed and aesthetically appealing properties.

Number of Bathrooms: This feature exhibited a

moderate positive correlation of 0.52, suggesting

that more bathrooms generally contribute to higher

prices, although the relationship is not as strong as

that seen with square footage and quality grade.
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Figure 9. Correlation Heatmap.
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5.7. Comparison with Alternative Models

The comparison of models [58] highlights the
strengths of Linear Regression in house price
prediction. Despite its simplicity, Linear
Regression demonstrates competitive
performance, offering a balance between accuracy
and interpretability. Unlike complex models such
as Gradient Boosting or Random Forest, Linear
Regression provides clear insights into the
relationship between features and target variables,
making it more suitable for applications where
transparency is crucial.

Table 2. Comparison of Models.

Model MAE MSE R?
Linear 210,908.173 9.869 x 0.032284
Regression 101
Decision 262,910.016 1.052 x -
Tree 1012 0.031647
Random 208,109.707 9.917 x 0.027524
Forest 10
Gradient 202,521.382 9.814 x 0.037695
Boosting 101

Furthermore, Linear Regression is computationally
efficient, requiring less time and resources
compared to tree-based models, which are prone to
overfitting without careful tuning. While advanced
models might slightly improve accuracy, the
simplicity, speed, and ease of implementation of
Linear Regression make it a reliable and practical
choice for real-world applications, particularly
when interpretability and efficiency are prioritized.

0.03

R*2 Score

0.01

0.00
-0.01 -

Linear Regression

Decision Tree Random Forest

Models

Gradient Boosting
Figure 10. Comparison of Models.

5.8. Connection to Existing Literature

The findings of this study reinforce established
results from hedonic price models, particularly
regarding the dominant influence of size on house
pricing. However, this study diverges from
traditional models by emphasizing the weaker-
than-expected impact of property condition and
bedroom count. Compared to machine learning
approaches, the linear regression model provides
better interpretability, aligning with recent
discussions on balancing accuracy  with
transparency in real estate analytics.
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5.9. Implications and Future Work

The results of this study provide actionable insights
for various stakeholders:

5.9.1. Homebuyers & Sellers: Square footage and
home condition remain the most influential factors
in pricing decisions.

5.9.2. Real Estate Professionals: Transparent
models like linear regression can serve as useful
tools for market valuation and pricing strategies.
5.9.3. Policy Makers: The significant impact of
home size suggests that urban planning policies
should prioritize efficient space utilization.

Future research should incorporate location-based
economic indicators, explore hybrid modeling
approaches, and evaluate deep learning techniques
to further enhance predictive capabilities.

6. Conclusion

This study investigated the key factors influencing
house prices using a multivariate linear regression
approach. The findings reveal that square footage
and the number of bathrooms have the most
significant positive correlations with house prices,
reinforcing their critical role in property valuation.
Conversely, features such as the number of
bedrooms and overall condition exhibited a weaker
influence, suggesting that buyers prioritize living
space and amenities over the mere count of rooms.
The linear regression model explained 75% of the
variation in house prices, providing a transparent
and interpretable framework for understanding
price dynamics. However, its limitations, including
sensitivity to outliers and inability to capture non-
linear relationships, highlight opportunities for
further research. Advanced machine learning
techniques, such as decision trees, random forests,
and neural networks, could offer more accurate
predictions while addressing these limitations.
These findings have important implications for
buyers, sellers, and industry professionals,
emphasizing the value of data-driven decision-
making in real estate transactions. Future research
could incorporate additional market factors, such
as location-specific economic indicators, and
explore ensemble learning techniques to enhance
predictive accuracy.
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