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ABSTRACT

House prices need careful guessing because choices here carry big money risks. Old ways of
judging value usually depend on people looking closely, using their experience - this can bring
bias or mixed results. As Al and ML grew stronger, number-based techniques started offering
sharper estimates, changing how homes are priced.

Looking at how different machine learning methods predict home values, this work uses
organized real estate information. Features like size of the land, count of rooms, age of
construction, space for vehicles, general condition ratings, and neighborhood details make up the
data set. Cleaning steps - fixing gaps in records, turning categories into numbers, adjusting scale
differences, eliminating odd entries - helped sharpen predictions. Instead of just one approach,
four were tested: straight-line fitting, tree-style splitting, forest-based averaging, then boosting-
driven refinement. Each was judged by average mistake size, error spread, plus explained variance
- not magic, just math tracking accuracy.

When tested, ensemble techniques did better than standard regression. Random Forest stood out
by predicting most accurately. These outcomes show artificial intelligence models boost how well
property values are estimated. Efficiency gets a clear lift from using such systems.

Keywords: House Price Prediction, Artificial Intelligence, Machine Learning, Regression Models,
Random Forest, Real Estate Analytics.
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1. Introduction

Home prices shape how economies grow. Depending on where they stand, things like roads or job
markets can push values up. Sometimes it's crowds moving in that changes everything. People
buying or selling need clear forecasts - so do banks and officials. Big money rides on these deals.
Commitments stretch years into the future. What matters most often hides in small shifts nobody
expects.

Old ways of judging house prices depend on people checking details, comparing similar sales, using
experience. These ways work okay, yet take long, sometimes bring personal views, errors. As
information piles up, computers grow stronger, smart systems learn patterns without direct
programming. Such tech now helps handle tough guesses, especially when figuring out property
worth. Machines spot trends hidden to humans, adjust fast, offer fresh angles where old rules slow
down.

Starting off, machine learning tools pick up trends hidden in past home sales. They spot how things
like room count or build year link to final cost. Instead of guessing, these systems weigh each detail
- yard size, bathroom numbers, even street vibe - to judge worth. A newer house might matter less if
it sits on a small plot. Garage space adds weight, especially near cities. Neighborhood traits shift
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value more than expected. Together, every piece feeds into smarter estimates that beat old-school
appraisals. Results stay steady where humans might waver.

A fresh look at forecasting home values begins here - machine learning models built on regression
form the core of this work. Instead of one approach, several take part in a head-to-head comparison
to see which fits best. Performance comes down to clear numbers, measured by well-known
statistical tools that judge accuracy closely. One model stands out only if it proves more dependable
when tested thoroughly. Behind it all lies a goal: shaping something solid, able to grow, rooted
firmly in data, for estimating what homes are worth.

1.1 . Motivation

The motivation behind this research includes:

v" To reduce human bias in house price estimation.

v' To provide fast and automated property valuation.

v To help buyers and sellers make informed financial decisions.

v To analyze which machine learning model provides the best prediction accuracy.

Real estate decisions involve high financial risk. Therefore, reliable prediction systems can
significantly reduce uncertainty.

1.2.0bjectives

The primary objectives of this research are:

v To analyze housing data and identify key price-determining factors.
To implement various machine learning regression models.

To compare model performance using statistical evaluation metrics.

To 1dentify the best-performing algorithm.

AU NN

To propose a scalable Al-based prediction system.

Activities @ Chromium Web Browser ~

House Price Prediction

Enter House Details

2. Literature Review
Last time researchers looked at home value forecasts, they tried these methods:
Linear Regression for modeling linear relationships.

Hedonic Pricing Models for analyzing individual property attributes.
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Decision Trees for handling non-linear patterns.
Random Forests for improved generalization.
Support Vector Machines (SVM) for regression tasks.

Neural networks handle tricky patterns by learning how pieces influence one another. Connections
between layers adjust through experience, shaping outcomes step by step. Each unit contributes a
small part, building up something larger without clear rules at first glance.

Some models learn patterns deeply. These systems predict outcomes using layers of processing.
Complex data flows through them. They improve when exposed to more examples. Performance
grows over time without fixed rules.

When it comes to prediction accuracy, ensemble approaches tend to edge out older statistical
techniques. Their strength lies in minimizing errors from too much pattern hunting. They also
manage large sets of variables without falling apart. Instead of relying on one model, they combine
many. This blending helps smooth out mistakes any single method might make. Because of this
teamwork, results often stay stable even when data gets messy

Dataset Data.
Exploration
Model Testing
Data
Cleaning
Model
Building Result
Feature

Engeneering

3. Research Methodology
a) Problem Statement

To develop a machine learning model that predicts house prices based on input features such as
area, number of bedrooms, bathrooms, location, and other property attributes.

To design and implement a machine learning model that accurately predicts house prices based on
property features and historical sales data.

B) Dataset Description

The dataset contains housing information including:
Lot Area

Number of Bedrooms

Number of Bathrooms

Year Built

Garage Area

NN N N N

Overall Quality
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v Location details
v" Sale Price (Target Variable)

The dataset consists of approximately 1460 records with multiple numerical and categorical

features.
Step 1: Step2: model is achieved
Data Selection Convert data ready to
ingest for model
—— traning
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Maintain prediction and Model Tuning
C) Data Preprocessing

Data preprocessing is a crucial step in machine learning. The following techniques were applied:
1 Handling Missing Values

Numerical columns filled with mean/median.

Categorical columns filled with mode or labeled as “None”.
2 Encoding Categorical Variables

One-Hot Encoding for nominal variables.

Label Encoding for ordinal variables.

3 Feature Scaling

Standardization using StandardScaler.

4 Outlier Removal

Z-score method applied to remove extreme values.

5 Data Splitting

70% Training Data

15% Validation Data

15% Testing Data

d) Proposed Algorithms
The following models were implemented:
1. Linear Regression

2. Decision Tree Regressor
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3. Random Forest Regressor

4. Gradient Boosting Regressor

Decision Tree Process

Root Node

Splitting

Branch/Sub-tree

Terminal Node Terminal Node Terminal Node
Terminal Node Terminal Node

e) Proposed Algorithm Steps

Input: Housing dataset

Output: Predicted house prices

Steps:

Load dataset

Perform data cleaning

Handle missing values

Encode categorical variables

Split dataset into training and testing sets
Train ML models

Evaluate models using regression metrics

® NN kWD =

Compare performance
9. Select best-performing model
7. Result Evaluation and Analysis

The performance comparison of models is shown below:

Model MAE RMSE R?* Score
Linear Regression Moderate Moderate 0.82
Decision Tree High High 0.75
Random Forest Low Low 0.91
Gradient Boosting Low Moderate 0.89

Observations:

v" Random Forest achieved the highest R? score (0.91).

v Linear Regression performed well but could not capture non-linear relationships.
v" Decision Tree showed overfitting.

v" Ensemble methods provided better generalization.

8. Discussion
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The results indicate that ensemble learning techniques significantly improve prediction accuracy
compared to simple regression models. Feature importance analysis revealed that:

Overall Quality

Location

Living Area

Garage Capacity

Year Built

AN NN

are major contributors to house price determination.

Model interpretability remains an important factor for practical implementation. While ANN
achieved highest accuracy, Random Forest provides better explainability.

9. Conclusion and Future Work

Not far off the mark, a look into machine learning shows it handles house price forecasts well when
fed past market numbers. Out of all approaches tested, the model known as Random Forest
Regressor hit closest to real values, missing less than others.

Future work may include:

v' Using Deep Learning models such as Artificial Neural Networks (ANN).
v Incorporating real-time market trends.

v' Using geographical data and satellite imagery.

v Developing a web-based application for live predictions.

Al-based house price prediction systems can significantly improve transparency and efficiency in
the real estate industry.
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11. Future Scope
Future research directions include:
v’ Integration of real-time market data
v Use of Geographic Information Systems (GIS)
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v" Deep Learning models with spatial data

v' Web-based deployment

v" Explainable Al for better model transparency
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