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ABSTRACT

The prediction of real estate house prices stands as a critical facet in the realm of property valuation
and investment. This project aims to employ Linear Regression, coupled with meticul?us data
cleaning and handling of missing values, to develop a robust model for predicting house prices. The
dataset, sourced from diverse real estate listings, undergoes a rigorous cleaning process to address
inconsistencies, outliers, and missing values. Imputation techniques are applied to effectively handle
missing data, ensuring the integrity and reliability of the dataset. Feature engineering is conducted to
extract meaningful insights from the available data, enhancing the predictive capability of the model.
Leveraging the principles of Linear Regression, the model is trained, validated, and fine-tuned to
accurately predict house prices based on pertinent features such as location, square footage, num.ber
of bedrooms, and other relevant factors. The performance of the model is evaluated using appropriate
metrics to gauge its accuracy, robustness, and generalization capabilities. Through this project, the
aim is to create a dependable predictive model that aids stakeholders in making informed decisions

in the dynamic real estate market.
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Chapter 1:
1.1 lN'l‘R()l)l_‘}C'I‘I()N

In the dynamic landscane of

SCAPC Of real eep.
| g pe of real estate, accurate predjcti fh e e able oot
importance for both buyers ang se kehoders The quet for L

llers, investors, and stakeholders. The quest for a reliable predictive

model that can effectively ey
stimate houge pri . . .
" machine learni : S€ prices bag ,
of machine learning techniques, partictilarl;s pased on key attributes has led to the plemeatation

preprocessing lllClhOd(‘)l()gicS_ Linear Regression, coupled with meticulous data

This project centers ; o A o . 4
wrcdil‘l lilous‘c 31‘i:lc: ‘-‘mg?l\q the dwel(}pment and implementation of a predictive model which will
larca o hou;.c g‘c § in 1.ﬁcrcnt locations of Banglore based on several metrics such as bhk, total
. ‘ +using Linear Regression, fortified by comprehensive data cleaning and handling of
missing values.

The dataset utilized in this endeavour comprises a myriad of real estate listings, each brimming with

.divcx'SLT attributes ‘that influence property valuations. However, this data is often marred by
Inconsistencies, missing values, and outliers, necessitating a rigorous cleaning process to ensure its
reliability and integrity. Through meticulous data cleaning techniques and thoughtful handling of
missing values, the dataset is refined to form a solid foundation for predictive modelling.

Furthermore, this project delves into feature engineering, extracting meaningful insights from the
available data to enrich the predictive capabilities of the model.

1.2 OBJECTIVE

The primary goal is to create a robust framework that can forecast house prices with a
high degree of accuracy, empowering stakeholders to make informed decisions in the
intricate real estate market.

1.3 PROJECT FEATURES

_ . |: Utilizing a fundamental yet powerful machine learning
Linear Regression Model ices based on available attributes.

technique to predict house pr!

S eticulous process to address inconsistenci
: reprocessing: A m : : encies,
Dattla.z Clean(xfi;i%ﬂ?n the dataset to ensure data integrity.
outliers, an

A . .o Values: Implementation of effective imputation techniques to
}I;Ianéllhn : Mlsslclfata points in the dataset, ensuring completeness and accuracy.
andle missing



. Engineering: Extracti . the
Featur< L acting me o o enhance
pr jictive capabilities g meaningful insights from the dataset t

of the model by identifying and incorporating relevant features.

gey Predictive Attributes: Leveraging crucial factors like location, square footag®,

n“f‘:groﬁibe ms, and other pertinent features that significantly influence property
valt : ~

Model Training and Validation: The model is trained on the cleaned dataset and

validatGC! to ensure its accuracy, optimizing it for better performance in predicting
house prices.

Evaluation Metrics: Utilizing appropriate evaluation metrics to assess the model's
accuracy, robustness, and generalization capabilities.

1.4 SYSTEM REQUIREMENTS

The system requirements for this model to be constructed and implemented are:

1. Operating System: Windows 10 or later, macOS 10.12 or later, or a recent Linux
distribution (Ubuntu 18.04 or later).

2. Processor: Multi-core processor (Intel Core 15 or equivalent) for faster data
processing and model training. ”

3. Memory (RAM): At least 8GB RAM is ref:ommended for handling the dataset and
running machine learning algorithms efficiently.

4. Software:

« Python (version 3.6 or later) with libraries such as NumPy, Pandas, Scikit-
learn for data manipulation and machine learning tasks.

« Jupyter Notebook or an Integrated DeYelopment Environment (IDE) like
PyCharm, VSCode, or S.pyc_ier for codmg and model development.

. Libraries for data visualization (Matplotlib, Seaborn) might be needed for
exploratory data analysis.




CHAPTER 2:
LITERATURE REVIEW

Alpaydin (2016) outlines linear regression as a widely-used and interpretable algorithm for real estate
valuation, 'empha}smng. 1ts applicability in modeling relationships between housing attributes and
prices. This sentiment is echoed by Zhang et al. (2018), who highlight the importance of feature

selection and engineering in improving the accuracy of linear regression models for house price
prediction.

Regarding data preprocessing, the work of Hasan et al. (2019) emphasizes the criticality of cleaning
and handling missing values in real estate datasets. They suggest that rigorous data cleaning enhances
the robustness of predictive models. Additionally, Choudhury and Sen (2020) stress the significance
of outlier detection and removal in ensuring the reliability of house price prediction models.

Feature engineering has also been extensively explored. Liu et al. (2017) emphasize the importance
of incorporating location-based features, citing their strong influence on housing prices. Furthermore,
the study by Smith and Brown (2021) underscores the relevance of square footage, number of
bedrooms, and other attributes as significant predictors in real estate pricing models.




(HAPTER 3
RELIMINARY DESIGN

Data Collection and Exploration:

ata SOUTCES: Gather real estate datasets from Kaggle
Data Analysi i -
EXPlf’rx:‘Stﬁgs ik feit:fré(sE]IziA).' Analyge data to understand its structure, distributions, and
relatlo - Identify outliers, missing values, and potential correlations.

7. Data Prep'rocessing:

: C]eaning: Addre§s inconsistencies, remove duplicates, and handle missing values using appropriate
imputation techniques. ; ,
reature Engineering: Extract relevant features such as location

pedrooms, and other factors that influence house prices.
'~ Outlier Handling: Detect and handle outliers that might affect the model's performance.

attributes, square footage, number of

3, Data Splitting:

Train-Validation-Test Split: Divide the datase
70-80% for training, 10-15% for validation, an

t into training, validation, and test sets. Typically, use
d the rest for testing.

4. Model Development:

Linear Regression Model: Implement and train a linear regression model using the training dataset.

3. Model Evaluation:

Cross-validation: Employ k-fold cross-validation t0 validate model robustness and generalizability.

6. Mode] Testing and Refinement:
Test Set B : final model
valuation: Evaluate the fina e !

odel Refinement: Fine-tune the model based on Ins! ghts
ad‘lusting features or retraining with a subset of features.

1, 5
Documentation and Reporting:
rt documenting the entire process, including data

iled e
e a dctalli:*:n ‘ eg,(;]uation results, and any challenges faced.
op ? harts) to illustrate key findings and model

sentations (e.g., graphs, ¢

on the test set to assess its real-world performance.
gained from evaluation results, potentially

P :

p::JC"t Report: Compil
_Processing steps, model devel
Sualizatjons: Create visual repre

Ormance,




Find best model using GridSearchCV

from skicarn.model_sefection impert GridSearchCV
from sklearn lincar_model import Lasso
from sklearn.tree import DecisionTreeRegressor
def find_best_model_using_gridsearchev(X.y):
alges = |
‘inear_regression’ : |

‘model". LinearRegression(),

‘params”: |
‘normalize”: [True. False]

3
¥

¥

Tasso'™: {
‘model": Lasso().
‘params” |
‘alpha® [1.2].
‘selection” ['random’, 'cyelic']
Y
‘deciston_tree™t {
‘model’: DecisionTreeRegressor(),
‘params’: {
‘enterion’ : ['mse’,friedman_mse"],
‘splitter”: ['best’ random']
Y

Y

scores =]
cv = ShufileSplit(n_splits=5, test_size=0.2, random_state=0)
for algo_name. config im algos.items():
gs= GridSearchCV (config['model]. config['params'], cv=cv, return_train_score=False}
gsfit(X.y)
scores.append({
‘model’: algo_name,
'best_score’: gs.best_score_,
'best_params': gs-best_params_
b))

return pd.DataF) rame(scores,mlumns={'model’,'best’score','best _params'])
find_best_model_using_gridsearchev(X.y)

Qutput:
best_params

model best_score B
. {'normalize” False}

Q linear_regression 0.847796

i 0726738 {alpha 2, ‘selection® ‘eyelic}
1 AsSO L 72073

rerion” ‘friedman_mse’, spliteer: ‘pest}

2 decsiontree Q716084 {o
Mm&o&emﬂhwn:waymtumwﬁmgimmmmm“dmh‘



CI;APTE: ALYSIS AND DESIGN
Fl

4.1 Result

115t phase JP Nagar',1000, 2, 2) £
UserWarning: X does not have valid feature names, but Linearfeg

jct_ priCE(
m (21" i anacondaa\hb\sn:e packages\sklearn\base py ‘20'

ct \users\ar‘lﬁzt od with feature names
ion wa

5S.
& warnings: uarn(

out[52]: 83. 86570258321036

predlct__prxce( 1st Phase JP Nagar ,1900, 3, 3)

¢:\users\arinr\ana "’daa '1b\sxte~packages\sklearn\base py 426.
ression was fitted ature names e S :
warnings. uam( ;

n [S3]: :
Userwa'rning: ‘X does not have valid feature names, but Linearfeg

out[53]: 86.08062284998763

' s‘\""‘1""\Znacondaa\ll1!)\511:9 packages\sklearn\base py 429 Usemaming; ?f:does not have V,ali#: feature names, but LinearReg
-ression was: fitted with feature nams ROl G ) )

lﬂming .wam(
Out[sa): 395, +52689759854277 ’
In [s5}. G
"'edlct_pnce( whlteﬁeld‘ 1500,3, ---- name
Gz \”se"S\armr\ana o daa\hb\sxte Packaggs\sklearn\base.py-uo Usemarnmg X does not have vahd feature s, but LinearReg
re; & .
:51"" was fitted with featyre names:
outs arnings.warn( :
*1: 6. +80024394675777
(5],

Pf‘edlct
-Price(2nd stage Naga'b"aV1 ",2000,4,4) X does not have valid feature names, put Linearfed
Ao : 3 i s s, T ne

s\arinr\anacondas\lib\site Packages\sklearn\b
was ﬁt:ed with feature names
arn

268,
7514523886104

: uo userwarning:
PES sion ase. py

Wwar,
%WSGJ: Pnings,
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Resul Analysis




The model is able to predict house prices using linear regression. We have tested the accuracy of the
model and it is above 80% in almost all cases. The ‘predict_price’ function takes location, total square
feet area, bhk and number of bathrooms as input and gives the price of house in lakh rupees as oupu,

We have also removed ouliers for price and bhk columns. The scatter plot for two loactions named
‘Rajaji Nagar’ and ‘Hebbal’ for 2bhk and 3 bhk property prices before removing outliers are
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The scatter plots after outlier removal are:
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3 Lims
Imitations: NEETRY .
. etween predictors and
Ligee ession assumes a lineat r?lat;;?;?lgl'esent in rgal estate data,
th‘lnited Model Complexity: Linear Rffrfe complex nonlinear relation:
: G t cap
get variable. This might n0

tentiauy limiting the model's accuracy- world data can have inherent limitations
cal-

ing, real ' e
! ' - ulous preprocesSiie: - e model's predictions.
‘llitﬁ Qality Issues: Desmtzt-nleft;;lr‘xl:ﬁoxz which can impact

% incomplete or biase




e SC,CC”(‘H:H '”)‘c project Might ye
o il influential factory IMPacting 1., YO0 fiie et of f ,
,d("““ i Lol features, potentially overlooking

K houge 1y
PHCes. therep. (o
+ therehy limiting the model's predictive power

((ONCLUSION
“ J

arsuit of accurately predicting reg|
- it ofsecurily k real estate houge oy )

P earession in_ o , : prices, this project has leveraged the no
incar Reg ndem wigh eticulous daty prc}wmccgﬁi'{g ‘cCh"iq”es'g’rhmu:h V;;f;

jon of data cleaning, feat i
jlgamatio : £, Teature engineer .
;Scomcs have been achieved, Binecring, and model development, several insights and

fieprocess of qata Preprocessing proved instrumental in enhancing the reliability of the predictive
wdel. Addressing missing va'lu'es, handling outliers, and engineering meaningful features laid the
groundwork fOf‘ a robust predictive framework, However, it's crucial to acknowledge the inherent
pitations within the dataset and the assumptions made during the modeling process.

lieimplementation of Linear Regression, a versatile and interpretable algorithm, provided valuable
wights into the relationships between housing attributes and prices. While this approach facilitated
werpretability, it might have overlooked complex nonlinear relationships that exist within the real
date market. As such, further exploration into more sophisticated models capable of capturing

nnlinearities could be a direction for future research,




- for dataset csv file

_ com: for understanding basic concepts of linear regression
.com for understanding python libraries
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