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ABSTRACT

House price prediction is a pivotal area of research and application within the real estate industry and
financial sectors. It involves employing advanced statistical techniques and machine learning algorithms
to forecast the future market values of residential properties.The primary objectives of house price
prediction are to provide accurate estimates of property values, support informed decision-making for
buyers, sellers, and investors, and aid in risk management for financial institutions. Key steps in the
process include data preprocessing to clean and prepare datasets, feature engineering to enhance predictive
capabilities, and model selection based on the complexity and specific requirements of the dataset.Various
machine learning models, such as linear regression, decision trees, random forests, and neural networks,
are commonly utilized to analyze and predict housing market trends. Evaluation metrics such as Mean
Squared Error (MSE) or Root Mean Squared Error (RMSE) are employed to assess the performance and
reliability of these models in predicting house prices accurately.

Keywords: real estate, house price, machine learning, linear regression, decision tree regression, random
forest regression, Root mean squared error(rmse), mean squared error(mse),meanabsolute error.

INTRODUCTION

In today's fast-growing world, the rapid expansion of urban populations has sparked a surge in demand
for residential spaces. This boom in real estate has brought forth a critical challenge: accurately
determining house prices that are fair to both buyers and sellers. Predicting house prices with precision is
essential to ensure affordability and transparency in the market.

To address this challenge, this project employs advanced machine learning algorithms to develop a
predictive model for house prices. By analyzing a rich dataset sourced from leading real estate firms, the
model considers a wide array of factors including property size, amenities, and historical sales data. This
approach allows us to capture the subtle variations in property values that exist across diverse
neighborhoods and fluctuating market conditions.

By leveraging data-driven insights and sophisticated modeling techniques, our goal is to provide a reliable
tool that supports informed decision-making for all stakeholders in the real estate ecosystem. Whether it's
assisting buyers in finding homes within their budget or aiding sellers in setting competitive prices, our
predictive model aims to enhance fairness and efficiency in the dynamic world of real estate transactions.
In the realm of real estate, accurately predicting house prices is paramount, given the dynamic nature of
housing markets and the diverse needs of buyers and sellers. To tackle this challenge effectively, our
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project harnesses the power of Random Forest Regression—a robust machine learning algorithm
renowned for its accuracy in predictive modeling.

Random Forest Regression integrates multiple decision trees to create a robust ensemble model. This
approach considers various features such as property size, amenities, and historical sales data to predict
house prices with optimal precision. The use of Cross-Validation techniques like Root Mean Squared
Error (RMSE), Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared (R2) score
ensures that our model achieves high accuracy and reliability in its predictions.

Furthermore, we have developed a user-friendly graphical interface to streamline the process of predicting
house prices. This interface provides a hassle-free experience, empowering users—from prospective
buyers to real estate professionals—to obtain accurate price estimates swiftly and conveniently.

By leveraging advanced machine learning techniques and a user-centric interface, our project aims to
enhance transparency, efficiency, and confidence in real estate transactions. Whether facilitating informed
buying decisions or aiding sellers in setting competitive prices, our solution is designed to meet the
evolving demands of the modern real estate market effectively.

OBJECTIVES
The purpose of this study to is to build a model using machinelearning algorithms. That can fulfill
the below objectives.

e Identify and analyze key factors influencing house prices, such as property characteristics, location,
economic indicators, and market trends.

e Develop a predictive model using machine learning algorithms to accurately forecast house prices
based on these factors.

e Create a user-friendly interface for real-time input of property features, enabling users to obtain instant
predictions of house prices.

e Facilitate informed decision-making for stakeholders including buyers, sellers, investors, and real
estate professionals in navigating the housing market.

e Enhance transparency and efficiency in real estate transactions by providing reliable and data-driven
insights into property valuation.

Technologies Used
software used are:

Python 3.11.9

Google Collaboratory
PyCharm

Anaconda Environment
e Jupyter

libraries used for building model:
= Scikit-learn

= NumPy

= Pandas

= Matplotlib

= Pickle
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software used for building user interface:
= Flask

= Locale

= Numpy

Scikit-learn

SCOPE

Project Scope and Objectives:

o Target Variable: Clearly define the target variable, which is typically the selling price or market value
of residential properties.

o Geographical Area: Specify the geographical scope or region where the prediction model will be
applied (e.g., city, state, country).

o Property Type: Define the specific types of properties included (e.g., single-family homes, condos,
townhouses).

e Purpose: Outline the main goals of the project, such as assisting real estate transactions, investment
decisions, or market analysis.

In a house price prediction project, various techniques and methodologies are employed to develop

accurate models that can forecast property prices effectively.

e Linear Regression

Random Forest Regression

Support Vector machine

Gradient Boosting

Cross Validation

scope in the context of house price prediction refers to the specific area or region for which the prediction

model is designed to estimate property prices. The choice of geographical scope is crucial as it determines

the relevance and accuracy of the model's predictions within that particular area.

DATA ANALYSIS

Data analysis in the context of house price prediction involves the systematic examination, exploration,

and interpretation of data to derive meaningful insights that contribute to building accurate predictive

models.

Data Overview:

« Start by obtaining a comprehensive understanding of the dataset's structure, variables, and size.

o Identify the target variable (house prices) and potential predictor variables (features).

Descriptive Statistics:

o Calculate summary statistics (mean, median, range, standard deviation) for numerical variables (e.g.,
house size, number of bedrooms) to understand their distribution and variability.

e Analyze frequency distributions and counts for categorical variables (e.g., property type,
neighborhood).

Data Visualization:

o Create visual representations (histograms, box plots, scatter plots) to explore relationships between
variables.

o Examine patterns, trends, and outliers that may impact house prices.
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Model Preparation:

e Train-Test Split:
Divide the dataset into training and test sets to evaluate model performance on unseen data.
Use techniques like stratified sampling to maintain class balance in categorical variables (if
applicable).

e Cross-Validation:
Implement cross-validation methods (e.g., k-fold cross-validation) to assess model robustness and
generalize performance across different subsets of data.

Prediction and Application:

o Predictive Modeling: Develop models to predict house prices based on selected features and historical
data.

o Application Scenarios: Deploy the model for various applications such as real estate valuation,
investment decision support, and market trend analysis.

In this System, instead on relying on traditional techniques we employ the machine learning methods

to create models that can not only effectively predict the prices of new house but also provides time-

saving benefits and reduced human efforts.

The aim of this project is to predict the price of the houses by giving some data to it, so with the help of

that data we can predict the prices by using various techniques like linear regression,gradient etc.

And support vector machine that can predict the price for new house based on the existing features.

IMPLEMENTATION AND METHEDOLOGY
1. Loading dataset using Pandas:
from matplotlib import pyplot as plt

import pandas as pd

from sklearn.preprocessing import LabelEncoder

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import r2 score

import pickle as pkl

import seaborn as sns

import numpy as np

le = LabelEncoder()
data[ "Location’] = le.fit transform(data"Location’])
data['Price’] = np.log(data[ ‘Price’])

rfc = RandomForestRegressor ()
data = pd.read_csv('train.csw'ﬂ
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2. Describing The dataset:

[13] data.head(5)

()

. . . No. of . Lift Car Maintenance 24x7 children's Lands
id  Price Area Location Bedrooms New/Resale Gymnasium Available Parking Staff Security Play Ares Clubhouse Intercom ca
0 0 4850000 720 Kharghar 1 0 0 1 1 1 1 0 0 0
1 1 4500000 600 Kharghar 1 0 1 1 1 1 1 0 1 0
2 2 6700000 650 Kharghar 1 0 1 1 1 1 1 1 1 1
3 3 4500000 650 Kharghar 1 0 0 1 1 1 1 0 0 1
4 4 5000000 665 Kharghar 1 0 0 1 1 1 1 0 0 1
v 0s  completed at 7.05PM o X
data.describe()
. ) No. of . Lift Car Maintenance 24x7 Children's
i Price Area Bedrooms New/Resale  Gymnasiun Available Parking staff  Security Play Area

count 6347.000000 6.347000e+03 6347.000000 6347.000000 6347.000000 6347.000000 6347.000000 6347.000000 6347.000000 6347.000000 6347.000000
mean 3173.000000 1.515401e+07 1004.327084 1.910036 0.341736 0.581377 0.801481 0.562943 0.281393 0.562943 0.559319
std  1832.365411 2.015943e+07  556.375703 0.863304 0.474329 0.493372 0.396916 0.496061 0.449714 0.496061 0.496508
min 0.000000 2.000000e+06  200.000000 1.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
25%  1586.500000 5.300000e+06  650.000000 1.000000 0.000000 0.000000 1.000000 0.000000 0.000000 0.000000 0.000000
50% 3173.000000 9.500000e+06  905.000000 2.000000 0.000000 1.000000 1.000000 1.000000 0.000000 1.000000 1.000000
75% 4759.500000 1.750000e+07 1182.000000 2.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000

max  6346.000000 4.200000e+08 8511.000000 7.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000

3. Training test Split:
x_train, x test, y train, y test=train test split(x, y, random state=0, train size=0.3)

rfc.fit(x_train,y_train)
y_pred = rfc.predict(x_test)

print(r2 score(y test,y pred))
pkl.dump(rfc, open('model.pkl’,'wb"))

0.8262782475000026
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4. Graphical User Interface:

limport numpy as np

import pandas as pd

from sklearn.preprocessing import LabelEncoder
from flask import Flask, render_template, request
import pickle

app = Flask(_name )

data = pd.read csv('train.csv')

model = pickle.load(open( 'model.pkl’, 'rb"))
le = LabelEncoder()

x = le.fit transform(data['Location’])

@app.route('/")
def index():

locations = sorted(data['Location'].unique())
return render_ template( 'home.html', locations=locations)

@app.route('/predict', methods=["'POST'])
def predict():

location = request.form.get('location’)

area = request.form.get('area’)

bhk = request.form.get( 'bhk")

ne request.form.get( toggle’)

gy request.form.get (' gym')

ind = request.form.get('ind")

5. FINAL OUTPUT:

House Pricing in Mumbai

Are you looking for a place to live in Mumbai?

Location

Santacruz East v 1250
No of BHK Gymnasium i ) Indoor Games | »

New (I Resile Car Parking D Jogging Track D

Predict Price

Estimated Price is : ¥ 16659205.09
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RESULTS AND DISCUSSIONS

To evaluate each model’s performance and selecting the best model out of them that fulfills the end goal
more precisely we have taken certain evaluation measures as below:

mean is often used for providing valuable insights into thecentral or representative values of a machine
learning algorithms.

standard deviation is a statistic that quantifies how far the datavalues are from the mean.

mean absolute error is a magnitude of difference between theprediction of an observation and the true
value of that observation.

mean squared error is a measure that the average squareddifference between the predicted and the
actual target. root mean squared error Is a measure that the average

difference between values predicted by a model and the actualvalues.

mean absolute percentage error is a measure that theaverage magnitude of error produced by a model.
coefficient of determination(R2) is used to measure that howwell model fits the data and predict future
outcomes.

random forest regressor:

def print_scores(scores):
print(“Scores:", scores)
print("Mean: ", scores.mean())

print("Standard deviation: ", scores.std())

print_scores(rmse_random_forest)

Scores: [13.20099101 13.05565968 13.300799 13.18064786 13.48984448 13.16390043
13.22230796 13.33831925 13.06547011 12.86322838]

Mean: 13.188116815630064

Standard deviation: ©.16322200494324832

Mean Absolute Error:

from tabulate import tabulate

# Given data
data =
‘Model’: ['Linear Regression’, ‘RandomForest Regressor', 'GradientBoosting Regressor', ‘SupportVector Regressor'],

‘Mean Absolute Error': [6.106964366905503, 2.3086928464232126, 5.875438492413066, 5.799108859045625

the data as a table

print(tabulate(data, headers="keys', tablefmt='double_outline'))

|
| Model Mean Absolute Error |
f i
| Linear Regression 6.10696 |
RandomForest Regressor 2.30869 |
GradientBoosting Regressor 5.87544 |
SupportVector Regressor 5.79911 |
i j

Mean Squared Error:

from tabulate import tabulate

# Given data

data =
‘Model’: ['Linear Regression', 'RandomForest Regressor', ‘'GradientBoosting Regressor', ‘'SupportVector Regressor'],
‘Mean Squared Error': 71.55418441423552, 10.089542685676184, 66.21716468941608, 70.3358567977349

# Display the data as a table

print(tabulate(data, headers='keys', tablefmt='double_outline'))

Model Mean Squared Error

i
\

i

Linear Regression | 71.5542
RandomForest Regressor | 10.0e895
GradientBoosting Regressor | 66.2172
SupportVector Regressor i 70.3359
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Root Mean Squared Error:

from tabulate import tabulate

# Given data

data =
'Model': ['Linear Regression’, ‘RandomForest Regressor', ‘'GradientBoosting Regressor', 'SupportVector Regressor'],
‘Root Mean Squared Error': [8.458970647439056, 3.1764040494993995, 8.1373929909656, 8.386647530314775

# Display the data as a table
print(tabulate(data, headers='keys', tablefmt='double_outline'))

Model Root Mean Squared Error
r

Linear Regression 8.45897

RandomForest Regressor 3.1764
| GradientBoosting Regressor 8.13739

SupportVector Regressor 8.38665

Mean Absolute Percentage Error:
from tabulate import tabulate

# Given data

data =
‘Model’: ['Linear Regression’, 'RandomForest Regressor', ‘'GradientBoosting Regressor', 'SupportVector Regressor'],
‘Mean Absolute Percentage Error': [33.18459408177617, 12.658214220164085, 32.00008511320517, 30.80315946613664

# Display the data as a table

print(tabulate(data, headers='keys’, tablefmt='double_outline'))

Model Mean Absolute Percentage Error
f

Linear Regression 33.1846

RandomForest Regressor 12.6582

GradientBoosting Regressor 32.0001

SupportVector Regressor 30.0032

Coefficient of Determination(R2):

from tabulate import tabulate

# Given data

data =
‘Model’: ['Linear Regression’, ‘'RandomForest Regressor', ‘GradientBoosting Regressor', ‘SupportVector Regressor'],
‘Coefficient of Determination (R"2)': [©.807719122286294344, ©.8600828120139838, ©.8600828120139838, 0.024614335424990474

# Display the data as a table
print(tabulate(data, headers='keys', tablefmt='double_outline'))

. |

Model | coefficient of Determination (R*2) |
: g:
Linear Regression 0.00771012 |
RandomForest Regressor 0.860083 ‘|

\
\
GradientBoosting Regressor | 0.860083 |
SupportVector Regressor I 0.0246143 ‘|
J )

Discussions:

By comparing all the above-mentioned evaluation metrics, we came to know that Random Forest
regressor performance best out of all algorithms used. For various performance measures whether it be
mean, standard deviation, mean absolute error, mean squared error.

Root mean squared error, mean absolute percentage error. Randomforest regressor had outperformed
better than others.

LIMITATIONS
House price prediction faces several challenges that can affect its accuracy. One major issue is the quality
and completeness of data used in models. If data on property features, market trends, or economic
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conditions is incomplete or inaccurate, predictions may be skewed.

Another challenge is the volatility of housing markets, which can be influenced by sudden economic shifts,
policy changes, or unexpected events like natural disasters.

Predictive models may struggle to account for these unpredictable factors, making long-term forecasts
difficult. Additionally, the complex interactions between different variables affecting house prices, such
as location factors and buyer behaviors, pose difficulties in accurately modeling price movements.

To improve predictions, there's a constant need for better data, more sophisticated modeling techniques,
and a deep understanding of local market dynamics.

FUTURE ENHANECMENTS

Future enhancements in house price prediction will focus on several key areas to improve the accuracy
and relevance of predictive models. Firstly, there will be a concerted effort to enhance the quality of data
used in these models.

This includes improving data collection methods to ensure more comprehensive and up-to-date
information about property attributes, neighborhood dynamics, and economic indicators.

Secondly, there will be a push towards adopting more advanced modeling techniques, such as machine
learning algorithms and artificial intelligence, to better capture complex relationships and non-linear
patterns in housing data.

These advanced models will also integrate real-time data sources like social media trends and 10T devices
to provide timely insights into market dynamics.

User-friendly interfaces will be designed to make predictive insights accessible and understandable to
various stakeholders, including homebuyers, sellers, and investors.

Lastly, interdisciplinary collaboration between data scientists, economists, urban planners, and domain
experts will be encouraged to leverage diverse perspectives and expertise in improving the predictive
capabilities of these models.

These advancements aim to create more reliable, accurate, and socially responsible tools for forecasting
house prices in the future.

CONCLUSION

From this project we conclude that, the Random Forest Regressor model proves to be optimal choice for
predicting price for fulfilling our main goal that is to predict price for both houses based on the existing
data as well as on the user input data.

Future enhancements will continue to focus on refining modeling techniques, enhancing data robustness,
and fostering interdisciplinary collaboration to deliver more accurate and reliable predictions. By
addressing these challenges and embracing ethical considerations, predictive models can better serve
stakeholders in the real estate market, providing valuable insights for decision-making and navigating the
complexities of property valuation in an increasingly dynamic environment.

e It has the accuracy of about 86% .

e And graphical user interface is also used.

e Flask library is used.

e Helps people to predict the prices of the houses.

e Predict the accurate house prices.

e Itincludes features like:
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gym.

car parking.
location.

indoor activities.
outdoor activities.

a s wnN e

APPENDIX

Project Code:

Code for predicting the house price:

from matplotlib import pyplot as plt

import pandas as pd

from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import r2_score

import pickle as pkl

import seaborn as sns

import numpy as np

rfc = RandomForestRegressor()
data = pd.read_csv('train.csv’)
le = LabelEncoder()

data['Location'] = le.fit_transform(data['Location'])
data['Price'] = np.log(data['Price’])

x = data.drop([*"id","Price", ""Lift Available,"Clubhouse’, ""Maintenance Staff'","'24x7 Security"’,
"Children’s Play Area™, ""Intercom",'Swimming Pool’,"Gas Connection’, "'Landscaped Gardens'],

axis =1)
y = data['Price’]

gl = x['Area’].quantile(0.25)
g3 = x['Area‘].quantile(0.75)

iqr =g3-ql
u=0q3+ 15*igr
I=qgl-1.5*igr

outl = x[x['Area’] < I].values
out2 = X[x['Area’] > u].values
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X['Area’].replace(outl,l,inplace = True)
X['Area’].replace(out2,u,inplace = True)

# Price
gl = y.quantile(0.25)
g3 = y.quantile(0.75)

iqr =qg3-ql
u=qg3+ 15*igr
I=qgl-1.5*igr

outl = y[y < I].values
out2 = y[y > u].values

y.replace(outl,l,inplace = True)
y.replace(out2,u,inplace = True)

x_train, x_test, y_train, y_test=train_test_split(x, y, random_state=0, train_size=0.3)

rfc.fit(x_train,y_train)
y_pred = rfc.predict(x_test)

print(r2_score(y_test,y pred))

pkl.dump(rfc, open(‘model.pkl*,'wb"))
code for the output interface:

import numpy as np

import pandas as pd

from sklearn.preprocessing import LabelEncoder
from flask import Flask, render_template, request
import pickle

app = Flask(__name_ )
data = pd.read_csv('train.csv’)

model = pickle.load(open(*'model.pkl’,'rb"))
le = LabelEncoder()
x = le.fit_transform(data['Location'])

@app.route('/")
def index():

IJFMR240323952 Volume 6, Issue 3, May-June 2024

11


https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

locations = sorted(data['Location’].unique())
return render_template(*home.html’, locations=locations)

@app.route(*/predict’, methods=['POST"])
def predict():
location = request.form.get(‘location’)
area = request.form.get(‘area’)
bhk = request.form.get(*bhk")
ne = request.form.get("toggle’)
gy = request.form.get(‘gym?®)
ind = request.form.get('ind")
ca = request.form.get(‘car’)
jog = request.form.get(‘jog")
n=0
for i in range(414):
if data['Location'][i] == location:
n=i
break
if gy =="'on":
gym=1
else:
gym=0
if jog =='on":
jogg=1
else:
jogg=0
if ca=="on":
car=1
else:
car=0
if ind =="on":
indd=1
else:
indd=0
if ne=="on":
new =1
else:
new =0
print(area,x[n],bhk,new,gym,car,indd,jogg)
input = pd.DataFrame([[area,x[n],bhk,new,gym,car,indd,jogg]], columns=[*Area’,’'Location’,"No.
of Bedrooms',"New/Resale’,"Gymnasium’,"Car Parking',"Indoor Games','Jogging Track'])
pred = model.predict(input)[0]*1e6
return str(np.round(pred,2))
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if _name__ =="_main__"":
app.run(debug = True, port=5000)
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CHAPTER 16

RESEARCH PAPER

Certainly! Let's explain each point from the outline in a paragraph:

1. Introduction:

The introduction sets the stage by highlighting the critical importance of accurate house price prediction
within real estate markets. It emphasizes how precise valuation impacts various stakeholders, including
homeowners, investors, lenders, and policymakers. The motivation behind adopting machine learning for
house price prediction is underscored, pointing out its potential to overcome limitations of traditional
methods by leveraging sophisticated algorithms capable of handling large datasets and capturing intricate
relationships among diverse predictors. The research objectives are outlined, focusing on exploring how
machine learning techniques can enhance predictive accuracy and reliability in the dynamic realm of real
estate valuation.
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2. Literature Review:

The literature review provides a comprehensive overview of existing methodologies used in house price
prediction. It discusses traditional approaches such as hedonic pricing models and econometric techniques,
highlighting their strengths and limitations. Furthermore, it explores recent advancements in machine
learning methodologies applied to this domain, citing relevant studies and case examples where algorithms
like linear regression, decision trees, and neural networks have successfully been employed. This section
serves to contextualize the current state of research and identify gaps that warrant further investigation.

3. Methodology:

The methodology section begins by detailing the process of data collection, emphasizing the sources and
types of data utilized, including property attributes, geographical information, economic indicators, and
potentially unstructured data like sentiment analysis from social media. It then discusses the crucial steps
of data preprocessing and cleaning to ensure data quality and consistency for subsequent analysis. Feature
selection and engineering techniques are elaborated upon, explaining how relevant predictors are chosen
and transformed to improve the accuracy and robustness of predictive models. The section then delves
into the selection of machine learning algorithms such as random forests, gradient boosting, and deep
learning models, justified based on their suitability for the research objectives. Finally, it outlines the
model training procedure, validation techniques like cross-validation, and performance metrics such as
RMSE (Root Mean Squared Error) and R2 used to evaluate and compare model performance.

4. Results:

In the results section, the experimental setup is described in detail, including specifics about the dataset
used, model configurations, and any preprocessing steps undertaken. It presents the findings of the
experiments, showcasing the performance of different machine learning models in predicting house prices.
This includes comparative analyses of model accuracies, feature importance rankings, and insights gained
from interpreting the results. Visual aids such as charts, graphs, or tables may be used to effectively
communicate the findings and highlight any observed trends or patterns in the data.

5. Discussion:

The discussion section interprets the results within the broader context of house price prediction using
machine learning. It examines the implications of the findings for enhancing predictive accuracy and
reliability in real-world applications. Key insights from the results are discussed, including the strengths
and limitations of the models tested, and how they align with or diverge from existing literature. The
section also addresses any challenges encountered during the research, such as data limitations or model
assumptions, and considers the potential impact of external factors on model performance. Finally, it
proposes future research directions aimed at advancing house price prediction methodologies, such as
integrating more advanced algorithms, incorporating additional data sources, or exploring
interdisciplinary approaches.

6. Conclusion:

The conclusion provides a concise summary of the research paper, reiterating the key findings and their
significance for the field of house price prediction using machine learning. It emphasizes how the study
contributes to advancing knowledge and understanding in this domain, highlighting practical implications
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for stakeholders such as real estate professionals, policymakers, and investors. The conclusion also offers
final reflections on the broader implications of adopting machine learning techniques in real estate
valuation and underscores the potential for future research to further refine and improve predictive models.

7. References:

The references section lists all sources cited throughout the paper, ensuring proper attribution of ideas and
findings to existing literature. It follows appropriate citation styles (e.g., APA, IEEE) to maintain academic
rigor and facilitate further reading for interested readers.

Appendices (if applicable):

Appendices may include supplementary information that supports the main text, such as detailed model
parameters, additional experimental results, or code snippets used in the research. These materials provide
transparency and completeness to the research methodology and findings, offering interested readers
deeper insights into the research process.

This structured approach ensures a thorough and coherent presentation of research on house price
prediction using machine learning, covering theoretical foundations, methodological details, empirical

findings, and avenues for future exploration.
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