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Data Cleaning & Analysis

No Missing Data No Duplicated Data

df.isnull().sum()

num_duplicates = df.duplicated().sum()
City
House Area (sqm)
No. of Bedrooms
No. of Toilets
Stories print( {num_duplicates}")
Renovation 5tatus —
Price ($)
dtype: inte4

[ B S [ o I = Y o Y

Number of duplicated rows: O

head{1 und_gradient{cmap="Blues")

8).style.backgr
City House Area (sqm) No. of Bedrooms Mo. of Toilets Stories Renovation Status Price ($)

0 Chicago 742.000000 furnished 1330000

1 Denver 896.000000 furnished 1225000

2 Chicago 996.000000 3 semi-furnished 1225000

Dropping Exclusive Data &

4 New York 742.000000 i ; T ol 1141000

5 Boston 750.000000 E s el 1085000

Denver £58.000000 semi-furnished Rl

MNew York 1620.000000 iGN 1015000

Denver 810.000000 ] : furnished 987000

Seattle 575.000000 E unfurnished 980000



Feature Engineering (Dummy Variables) @

City_Chicago City Denver

Dummy Variable Dummy Variable for
for Cities Renovation Stqtus

City_New York City_Seattle

0 0

0

0

0

0

0

0

0

= = = = = = DID w—

0
n
0 0
0 0
. I
0 0
n
. I
n
0 0

1



Feature En

Ineerin
Box Plot

Histograms

Boxplot of House Area (sgm)
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Outliers

Ratio:

Ratio of Outliers to Non-Outliers
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Histogram of House Area (sqm)
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Not Removing Outliers
due to Limited Data.



Feature Engineering (Feature Creation) #

House Area (sqm) : : . :
H-DUEE ﬂ_l'{-}ﬂ per BEdI{H}[[l _ House Area_per Bedroom Toilet to Bedroom_Ratioc Total Rooms Stories House Area Interaction
No. of Bedrooms
185.500000 0.500000
224.000000 1.000000 3584.000000
R T N—
TD]_IEt t{] B'Ed_['ﬂﬂ:[ﬂ Rﬂt]ﬂ __ 332.000000 1952.000000
No. of Bedrooms

187.500000 0.500000 1500.000000
185.500000 0.250000 1484.000000

250.000000 1.000000 750.000000

Total Rooms = No. of Toilets + No. of Bedrooms

214.500000 0.750000 7 3432.000000

324.000000 0.600000 3240.000000

: . : 202.50000 0.250000 520.00000
Stories House Area Intersection = Stories x House Area (sqm) IEELLLIL 000 1620.000000

e
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Violin Plot Cities Pie Chart & Stacked
Bar Chart

Distribution of Cities

Violin Plot of House Area (sqm)

Stacked Bar Chart of Different Cities

Cities
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Data Visualisation (Bivariate Analvysis

Histogram
Renovation Status

Histogram for Comparison of Renovation Statuses
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Data Visualisation (Bivariate Analvysis

Correlation Heatma

Correlation Heatmap of Dataset Features
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Data Visualisation (Bivariate Analvysis

Box Plot

Hoxplot for Data Visualisation

Columns




Data Preprocessing and Dummy Baseline #

Separation of
Feature and Target Train-Test Split

X = df ( 1 axis }

¥ _train, X test, ¥_tralm, Y _test - train_test split(X, ¥, test =size - 8.2, shuffle , random_state - 28)
Y - df]

primt{“Train Test Split Successfully Executed™)
primt{“Feature and Target Separation Successfully Executed™)

Traln Test Split Successfully Executed

Dummy Baseline

Mean Squared Brror Root Mean Sguared Brror  Mean Absolute Brror  Mean Absolute Percentage Bror  Explained Variance Score  R-Squared Score

Feature and Target separation successfully Executed

3.813054e+10 195271.442819 154755.718668 0.327846 -2.220446e-16 -0.01133

010

200



Model Trainin

Leamning Curve for LinearRegression

Leaming Curve for KNeighborsRegressor Learning Curve for SVR Loarning Curve for DecisionTreeRegressor

-

T~

a /' il 004

) 100 150 200 20 00 350 50 100 150 200 %0 300 %0 % 0o 150 2200 &0 0 x0 % 100 150 200 &0 300 *0

Taang exmTeive Trawang exsrgoes

Training exsmples Trawning examples

Learning Curve for MLPRegressor Learning Curve for LinearSVR Loaming Curve for Randomi orestRogressor Loarning Curve for GradwntBoostingRogrossor

.- T

%0 00 150 0 0 300 %0 w0 100 150 200 =0 300 »0

Trawing examcivs Trasang exareios

250

score_time test MAE train_MAE train_MSE test RMSE train_RMSE | train_R2 test MAPE irain_MAPE

200 350

miodel

0.556864 0.211662 0200163 gesreietia

LinearRegression  0.003046 0003690  93553.743730 E85160.958105 16179451609.653057  14121868215.156702 126813718898 113809.045645 EOEILLTE

KNeghborsRegressor  0.002801 0.003618 109564361136 86660570057  23188654358.532410  14322733310.682678 151849161137 119657.504558 0.308369 gkt 0.246807 0197176 0318706
MLPRegressor 0.114759 0.00 ) 448242373043 442244896203 231595750286.174255 226262414552.312317 480953624673  475636.758660 5075357 -5.622224 0.933302 0.937233 0095058 0.103287
LinearSVR  0.004371 0.003266 12 LBE30 125423860593  30302587731.855919  28788555850.156055 173693327773 169648.652285 D.094275% 0157599 212 0270457 126324 0167555
SVR 0.004521 0.003936 2. 137384015807 35776117457.523712 35525294315.161705 188533292064 188448933917 _0060316 -0.039173 0.301395 0.303857 0.000214 Q000240
DedsionTrecRegressor  0.002597 0.002554  120265.031061 1067567050  2774209098867.604447 57552424.329502 166368335695 T314.774832  p164684 0995309 0.262900 0002435 0177104 0998309

RandomForestRegressor (0.182302  0.005285 97031296362 35631239228  18370291159.320869  2435409548489998 135115254217  49337.273401 QOWCPERLN 09258756 O s 0079927 BPEAlTd 0923776

GradientBoostingRegressor 0070531 0002741 99857.642861 55625344243  18331597224.331963  5207383315.717894 135040663123 72135959639 EAWCEPITE 0.847694 0131670 B Eed 0847604

Baseline (.000542 0001450 139287.828677 140595446875 34046555803.361200 34183287529.111183 184059.699011 184859877007 011487  0.000000 0336658 0.000000 -0.000000



Model Comparison (RFR and DT

Leaming Gurss for Decsion Trae Mod s
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Mean Absolute Error
(MAE)

Mean Squared Error
(MSE)

squared
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Prodcted valuss

Mean Absolute Percentage Error
(MAPE)

Explained Variance Score
(EVS)

samples = 30 3%
value = 804647 727

0411391

0.556180

House Area (sqm) <= -0.301
samples = 74.5%
valuo « 411679692

Ronovation Status_unfurnished <= 0.380
samples = 48 2%
value = 370850.0

samples = 17.9%
value = 313653 6846

Stores_House_Area_interaction <= 0.225

samples = 26.4%
value « 486238261




Model Selection and Improvemen

inear Suppor Gradient Booster
ector Regression Rearessor

Learning Cunse lor RandomizedSesarchCy Mods

GridSearchCV Modol

Learning Curve for
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R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
squared (MAE) (MSE) (RMSE) Error (MAPE) Score (EVS)

Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
(RMSE) Error (MAPE) Score (EVS)

RandomizedSearchCV Af 7 471448 2.131182e+ 10 176951.451201 0. 0.110 RandomizedSearchCV  0.611144 3.121264 61e+10 115219.840686

GridSearchCV  0.546845 39889.27672 1.547080e+10 124381.683125 0.202647 0.549165 GridSearchCV  0.624294 80566.160834 113254.841310




Model Selection and Improvemen

K Neighbors

MLP Regressor Reagressor

Learning Curve for GridSearchCy Model
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squared (MAE) (MSE) (RMSE) Error (MAPE) Score (EVS)

Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
(MAE) (MSE) Error (MAPE) Score (EVS)

. N RandomizedSearchCV  0.569603 86774.793578 1.469382e+ 10 121218.076894 0.194526 0.571325
RandomizedSearchCV 2 164866 e+10

i .529603 89991. 6 .605945e + 6 878 .19899 0.536777
GridSearchCV 573714 : 249165 1.458762e+ 10 20779.2266¢ 0.205220 GridSearchCV  0.52960 9991.506116 1.605945e+ 10 126725.878999 0.198996 536777




Voting Regressor

Testing on Training Data
(Before Hypertuning)

R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
squared (MAE) (MSE) (RMSE) Error (MAPE) Score (EVS)
VotingRegressor_Train = 0.582522 85344.706183 14252765612.012691 119384.947175 0.192798 0.583253

Testing on Training Data
After Hypertuninc

Fitting 15 folds for each of 24 candidates, totalling 3608 fits
Best Parameters for Voting Regressor:

{'votingregressor weights': [2, 5, 5, 15, 11, 5]}

R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
squared (MAE) (MSE) (RMSE) Error (MAPE) Score (EVS)
VotingRegressor_Train = 0.600378 83610.340856 13643181241.630388 116804.029218 0187777 0.601163

Testing on Training Data

R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Explained Variance
squared (MAE) (MSE) (RMSE) Error (MAPE) Score (EVS)

VotingRegressor_Test  (0.532031 93430.402598 17644182944.199333 132831.407973 0.183723 0.557734



Voting Regressor Feature Importance A

Feature Importance for Voting Regressor on Housing Price Data

House Area (sgm)
Stories_House Area_Interaction
No. of Toilets

Total_Rooms

Renovation Status_unfurnished
Stories

House Area per Bedroom

Feature

No. of Bedrooms
Toilet_to_Bedroom_Ratio
City_Chicago

City Seattle

City Denver

City_New York

Renovation Status_semi-furnished
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1000 2000 3000
Importance
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g Regressor Comparison

Voting Regressor
VS
Dummy Baseline

R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Error  Explained Variance Score

squared (MAE) (MSE) (RMSE) (MAPE) (EVS)

VotingRegressor  0.532031 93430.402598 1.764418e+10 132831.407973 0.183040 5.567822e-01
Baseline -0.011330 154755.718668 3.813094e+10 195271.442819 0.327846 -2.220446e-16

Voting Regressor

VS
Dummy Baseline

R- Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Error Explained Variance Score

squared (MAE) (MSE) (RMSE) (MAPE) (EVS)

VotingRegressor  0.532031 93430.402598 1.764418e+10 132831.407973 0.183040 0.556782
LinearRegression  0.514622 90503.663276 1.830056e+10 135279.576626 0.171946 0.538062
LassoRegression  0.514642 90508.9938389 1.829987e+10 135276.793828 0.171960 0.538076

RidgeRegression 0.516281 91232.044642 1.823803e+10 135048.250975 0.173803 0.539100



Voting Regressor Influential Points

Cook’s Distance Plot

Cook's Distance for Voting Regressor
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Scoring Table With Outliers and Without

Explained Variance Score

Mean Absolute Error Mean Squared Error Root Mean Squared Error Mean Absolute Percentage Error

squared (MAE) (MSE) (RMSE) (MAPE) (EVS)

0.556782

With Outliers  0.532031 93430.402598 1.764418e+10 132831.407973 0.18304

Without
rhout 0528145 91975.123340 1.779071e+10 0.17709 0.557462

Outliers
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