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This research aims to develop and compare machine learning models for predicting
health insurance premiums based on physical characteristics are age, Diabetes,
BloodPressureProblems, AnyTransplants, AnyChronicDiseases, Height, Weight, KnowAllergies,
HistoryOfCancerinFamily and NumberOfMajorSurgeries. Six models were investigated: Support
Vector Regression (SVR), Lasso Regression, Ridge Regression, Decision Tree, Random Forest, and
XGBoost. Hyperparameter tuning was applied to optimize each model's performance by using
GridSearchCV. The experimental results indicate that the Random Forest model yielded the best
performance, achieving the lowest MAPE and RMSE, as well as the highest R-squared (R?) value,
thereby demonstrating its superior ability to capture and explain the variance in the data.
Furthermore, age was identified as the most influential feature in predicting insurance premiums
across all models, aligning with the initial hypothesis. Tree-based models showed better prediction
performance than linear models, due to the nonlinear relationships in insurance premium data and
interactions among features. This study provides a foundation for further research using alternative
datasets or more advanced models and holds potential for practical applications in the health

insurance industry to improve the accuracy and efficiency of premium estimation.
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ANDALANMNRANAIANIAIADY (RMSE) WAY ANAZLULANTEELN8ANNWLT99U (Explained

24
1A o
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3.1 LAUNITASILULAIADY (Experiment Workflow)

! a = R B P o 0 a A o
NAULTNNITANTN NQ@?;IVL&]Q’]\?LLNuﬂ’]‘J‘m‘ENLLUU@W@'M@EI’N@ZL@%I@ PANRNTIUNU A

U

LU N LAZIUAAUAT AR UEUSLNNIANTRUNNTIAE

Model Selection

Data Cleaning

Support Vector Regression (SVR)
Lasso Regression (LR)

Ridge Regression (RR) Train Hyperparameter
Decision Tree (DT) Model Tuning

Random Forest (RF)
XGBoots (XGB)

Explore Data Analysis
(EDA)

Training Data

Data Pipeline

‘ Model Evaluation
‘ MAE,MAPE,RMSE,R2

TestData k.
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A Anuariinisaanisdeyainienldenu 1w nsinanarendeya (data

cleaning) N13Ufuaina nisulasguuudaya (data transformation) ANARNFaLLg (feature
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32  msviAnNazaIntayaLasiAsaNdaya (Data Cleaning and Preprocessing)

[ A o PP . . [ d’l < &
ﬁmm@g@mmm%mmﬁ The medical insurance cost mm@u@um@’mmuisﬁm

u

KAGGLE “ faflwivladdmiugadeyauuuiila (Open Source) Hatuanudayaviavium 986
daya Heouisianun 11 fouls uanefanne 2 Tnaazigadayaliivlilu google drive
LA9YINN3AsTayaaIN google drive 1819 google colab LNaNNIsLaAIKAT By ALAZ A5

wuvanaessiellAndviunishadayauansisnindsznay 3

FNIN 2 PNEAZIRATBNTATRYA

. Y . TR
ANAL TasaLLle ANBELNE )
GHE
1 Age 218 FLATl
2 Diabetes annzaeslsamny (1wl AaLal
3 BloodPressureProblems  trymnidaspnnusuladin (/1) FaLA
4 AnyTransplants nstgninsaduns (we/luinae) AaLAT
5  AnyChronicDiseases m?méﬂﬁ*ﬂﬁ‘@iﬂ(ﬁ/h\iﬁ) AALAT
6  Height AU LAY
7 Weight vihuiin FNLAY
8  KnowAllergies Annsuwivizald (@/14R) Pl

9  HistoryOfCancerinFamily  szdfnsidunsiderasnsaunia (3/188) Falaa

v
10 NumberOfMajorSurgeries  AMUAUATINTHNAR DY Aalad

11 Premium Price (INR) \eatlseii (gUausa) Fiaa
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from google.colab import drive
drive.mount (' /content/drive")

v

Mounted at /content/drive

(4

—

3] data_path = "/content/drive/MyDrive/Project_Jidapa/Dataset™
data = pd.read_csv(f"{data_path}/2. Medicalpremium for paper 3.csv")

o # Check data type of each column
data.dtypes

nwisenau 3 TAndmiunisbedaya

gpdayai AN sTiuuasnanlssmAaumsariuaAd sy iustazes)lu
a IS a a z 2 o v o 2 dl oA 1
anaRugll aaslszmadumy antuddslainisinanuazaiadeyaluEesgdidardnely
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¥ e
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1 1 a v =3 v z =3 dl a ¥ 1 o dl
ﬂqqqﬂuﬂxmuﬂmﬂﬂﬂﬂgﬂﬂﬂﬂM@ﬂ@WﬂHUQQNW@1%&@4ﬂqﬂﬂiﬂﬂﬂﬂﬁﬂﬂﬂutﬂ1ﬂafuu@d@qﬂ

a

v
o 4

% gi £ ) o :j/ = o v I o ¥
ﬂﬂg@ﬂﬂzmﬂﬂxﬂﬂﬁﬂMMMQMﬂumqmm%ﬂﬁmm@ﬂ@nﬂumﬂﬂ%ﬁﬂﬁiuﬂ@ﬂiﬂ@ﬂﬂg@
( encoding) d1% 5y s 2w 9 Diabetes, BloodPressureProblems, AnyTransplants,
AnyChronicDiseases, KnowAllergies, HistoryOfCancerlnFamily ﬁ@gaﬁ@uﬁﬂﬂi‘ﬁ\ﬁmﬂ@

¥ o o Y = & o ' ¥ o
1ﬁwqﬂq?uﬂﬂﬂ?ﬂ@ﬂ@ﬂ@ﬁﬂU?ﬂﬂu@ﬂQmQ@ﬂqﬁﬂﬂHﬂﬂﬂﬂqWﬂﬁgﬂﬂll6

[ 1 # Show null values
print(data.isnull().sum())

)

Age

Diabetes
BloodPressureProblems
AnyTransplants
AnyChronicDiseases
Height

Weight

KnownAllergies
HistoryOfCancerInFamily
NumberOfMajorSurgeries
PremiumPrice

dtype: inte4

e B v I v B v B v I O T v T v I v T v i v

nnlszney 4 AeaaauA1elugadeya



1]

] data

o # Check data type of each column
data.dtypes

2 e
Age int64
Diabetes int64

BloodPressureProblems int64
AnyTransplants intG4

AnyChronicDiseases int64

Height int64
Weight int64
KnownAllergies int64

HistoryOfCancerinFamily int64
NumberOfMajorSurgeries int64

PremiumPrice int64

dtype: object

ndsznay 5 naasuTindeys
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Age Diabetes BloodPressureProblems AnyTransplants AnyChronicDiseases Height Weight KnownAllergies HistoryOfCancerInFamily NumberOfMajorSurgeries PremiumPrice

0 45 0
1 60 1
2 36 1
3 52 1
4 38 0
981 18 0
982 64 1
983 56 0
984 47 1
985 21 0

986 rows = 11 columns.

0 0 0 155 57 0
o 1] o 180 73 L]
1 0 0 158 59 0
1 0 1 183 93 1]
1] ] 1 166 88 1]
o 0 o 169 67 [}
1 0 0 153 70 0
1 0 0 155 7 0
1 0 0 158 73 1
0 0 0 158 75 1

nndseney 6 fiatnaedtadeya

0

0
0
0

)

o o o o °

25000
29000
23000
28000

23000

15000
28000
29000
39000
15000
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wlavinnisdnsadayailesduanngadeyainagansnizaesdayaianeainuay

naEanssiuntaaazgdnluudas fauls Anseduiadeyaiieaisnetnglsiiuans

Awiszney 7

[ 1 data.describe()

b1]

age
count 986 000000
mean  41.745436
std 13963371
min 18000000
26%  30.000000
50% 42000000
76%  53.000000

max 66.000000

Disbetes
866 000000
0.419878
0493789
0.000000
0.000000
0.000000
1.000000

1.000000

Bl

986 000000
0.468560
0499264
0.000000
0.000000
0.000000
1.000000

1.000000

AnyTr:

986 000000
0.055781
0229615
0.000000
0.000000
0.000000
0.000000

1.000000

s AnyChronicDi

§86.000000
0.180527
0.384821
0.000000
0.000000
0.000000
0.000000
1.000000

Height
§86.000000
168.182556

10098155
145000000
161.000000
168000000
176.000000
188.000000

Weight KnownAllergies

986.000000
76.950304
14.265006
51.000000
67.000000
75.000000
87.000000

132.000000

§86.000000
0.215010
0411038
0.000000
0.000000
0.000000
0.000000
1.000000

History0fc i1y
986 000000

0.117647

0.322353

0.000000

0.000000

0.000000

0.000000

1.000000

986 000000
0667343
0749205
0000000
0.000000
1.000000
1.000000

3.000000

Premium Price (INR)
586000000
24336.713996

6248 184382
15000.000000
21000.000000
23000.000000
28000.000000

40000.000000
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siauile Diabetes, BloodPressureProblems, AnyTransplants, AnyChronicDiseases,
KnownAllergies, L@ ¢ HistoryOfCancerinFamily # A1 min winiL 0 wae max iM1fy 1

iasnnanndoutsmattiiudeyailszinnld/lald vred/INd Tnare@s 9849 Diabetes

|
=

WINAU 0419 uan9dUsrui 41.9% 289nguA20t 198 N0 UMY Ty
BloodPressureProblems HANtaat1lszinn 0.469 1301lsz110u 46.9% 189NqNFA0E19H
ifyuiiraspauaulatin AnyTransplants HA1RALANNES 0.055 Lansdnlinestlszunm

5.5% Mpasunisdgnaineadtng a1 AnyChronicDiseases HALaa% 0.180 LaAINLlszanny



27

18% 12INgNA2ae19ilsA a3 KnownAllergies HANLRAE 0.215 Gennnea Dl AunHlsz i

21N1IWNLTZNNU 21.5% 30U HistoryOfCancerinFamily a¢i#l 0.117 138 11.7% Laneinil

u

svdRuzisaluasaumsaliuiniin

{uniudeyaimatTuiniacing Height (daug9) ﬁﬁhmﬁﬂmﬁ 168.18 LIURLNRAT AU
Jeunmnmegiufe 10.10 uufiing daugaingaie 145 1u. uazgegaRa 188 1u. Aselng
LLiﬂﬂgj‘ﬁ 161 1. ﬁ/ﬁﬁlﬁﬂu’ﬂ@:ﬁ 170 T LL@;ﬂ%ﬂ%@‘ﬁ@W@giﬁ 176 T8, UAASINNGNALDEN
dawlvnjeg ludwanugainsguesdlunmanie/melue s

Wniln (Weight) HAaasegi 76.9 Nlaniu daullaaiuuninsgiuegn 14.27

v 1
1 o o o

nlansu Anlmtinsngane 51 nn. wavgegaaa 132 nn. InedAdelnausni 67 nn., Jaagiu
= o = - g o . 9 v =
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o

v
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AHANTUS (Correlation) ARaNdNRUTTaIuAavfawlsiuATislsyiu Geazuandeinung

wNUimNNFeuLAnIsaNINLIENaL 8 waL 9

o P Calculate the correlation matrix
correlation_matrix = data.corr()

# Create a heatmap with green and blue tones

plt.figure(figsize=(12, 18))

sns.heatmap(correlation_matrix, annot=True, cmap='RdBu', center=8) # Use RdBu colormap for blue and red tones
plt.title('Correlation Heatmap')

plt.show()

nsznau 8 TRRAIMSUN12859ANF NI AN T A NANRUS LAZINUNANTRY



28

Correlation Heatmap
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Diabetes - 0.21

0.8
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0.6
AnyChronicDiseases - 0.051 0.027 0.0087 0.015 0.21
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-0.4
Weight - -0.019 -0.025 -0.061 0.0021 0.0035
KnownAllergies - -0.024 -0.08 -0.012 0.0019 -0.027 -0.01
-0.2
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feature selection tvaiaan fiautls uldluntsntuuuanaessia e W ldnadnsnangaws
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(INR) Aviinluanuidaniadaenaazdsldiaanld feature selection Wnunaadasnieuingn
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WaE 11

[ 1 #lLine chart between Premium Price and Age
plt.figure(figsize=(1@, 6))
sns.lineplot(x="Age', y='Premium Price (INR)', data=data)
plt.title('Premium Price vs. Age')
plt.xlabel('Age')
plt.ylabel{'Premium Price (INR)')
plt.grid(True)
plt.show()

nilsznau 10 TAanisafiensmidunasanguazAnieilssfugunw

Premium Price vs. Age
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Wuduld uaznsmnuansponuduiusiulidlaianuidudunsaizananslimiugluuun
o [ ! dy o o ] 1 < o A o dl dl v o
daauraanisinAndalseiuguniniuengusatiglsinindalfaulsdunaziasioun

NATEUA9E]
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uanansaulsengudtarnigInfaulsiaauimnuduiusiuAwdedssiugunin

1 v ¥ | dl o v 1 v
a9 lstielnaarldnannaes (box plot) inagnisnszanasesdeyauazningadesyaly

El u

uAseimNRaUnEnlating (outlier) wanssannlsznay 12 way 13

©

# Create a figure with 2 rows and 2 columns of subplots (4 plots total)
fig, axes = plt.subplots(2, 2, figsize=(15, 10)) # Adjust figsize as needed

# Flatten the axes array for easier indexing
axes = axes.ravel()

# Iterate through the first four columns and create box plots

for i in range(4):
sns.boxplot (x=columns_to_plot[i], y='Premium Price (INR)', data=data, ax=axes[i])
axes[i].set_title(f'Premium Price vs. {columns_to_plot[i]}")
axes[i].set_xlabel(columns_to plot[i])
axes[i].set_ylabel('Premium Price (INR)')

plt.tight layout() # Ensures proper spacing between plots
plt.show()

# Create a second figure with 2 rows and 2 columns of subplots (4 plots total)
fig, axes = plt.subplots(2, 2, figsize=(15, 1@))
axes = axes.ravel()

# Iterate through the remaining three columns and create box plots

for i in range(3):
sns._boxplot(x=columns_to_plot[i+4], y='Premium Price (INR)', data=data, ax=axes[i])
axes[i].set_title(f'Premium Price vs. {columns_to_plot[i+4]}")
axes[i].set_xlabel(columns_to plot[i+4])
axes[i].set_ylabel('Premium Price (INR)')

axes[3].axis('off') # Removing the last subplot as we only need 3 for the remaining columns.

plt.tight layout()
plt.show()

nwilsznau 12 TAAn1s8519nI I nnand
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Premium Price vs. Diabetes

Premium Price vs. BloodPressureProblems
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3.4  NIFASIBUUANADY (Machine Learning Model)

N13@8519ULLANA89 IHARERANRUNTEN BN aRNaTN Google Colab TngFu s

'
aa o

ann1safslausEnaniy aelsznaudos g adiniuldein XGBoost Feazfadrianis
a o = ~ % — [y = . PR Y o

mmm\‘m‘ﬂum%wﬂﬂhmuﬂ’m Scikit-learn VL@ LL@%LL@U?W?Q"]ﬂ Scikit-learn NN IBINUNIT
wilsdaya Teun train_test split, GridSearchCV, cross_val_score uaz KFold sianngada s
Fenldaulugaginiuainaunuanasssiag o) lAun LinearRegression, Lasso, Ridge, SVR,
DecisionTreeRegressor, RandomForestRegressor XGBRegressor Laz XGBClassifier fiax

= dl v o v dgl 2% b2 1

@mﬂui@mmmmmmﬂumim:mmmmmgm‘ummu 1@ un scale, StandardScaler,
TransformedTargetRegressor, make_pipeline 8 s Pipeline LA zqmﬁﬁﬂﬁﬂiﬂ‘]_lﬁaﬁﬁl‘ff
drufunisdssiiunasansreeluwuuanaaals wn mean_squared_error, r2_score,

mean_absolute_error LA £ mean_absolute_percentage_error laus1annatanndnasy

v
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!pip install xgboost
!pip install --upgrade scikit-learn xgboost

Show hidden output

# Import libraries

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LinearRegression, Lasso

from sklearn.preprocessing import PolynomialFeatures, scale

from sklearn.metrics import mean_sguared_error, r2_score, mean_sbsolute_error
import xgboost as xgh

from xgboost import XGBERegressor

from xgboost import XGBClassifier

from sklearn.preprocessing import StandardScaler

from sklearn.linear_model import Ridge

from sklearn.svm import SWR

from sklearn.ensemble import RandomForestRegressor

from sklearn.tres import DecisionTreeRegressor

from sklearn.model_selection import GridSearchCV

from sklearn.model_selection import cross_val_score

from sklearn import metrics

from sklearn.model_selection import KFold

from sklearn.pipeline import make_pipeline

from sklearn.metrics import mean_absolute_percentage_error

from sklearn.pipeline import Pipeline

from sklearn.pipeline import Pipeline

from sklearn.compose import TransformedTargetRegressor

from sklearn.model_selection import @GridsearchCV, cross_wval score
from sklearn.metrics import mean_absolute error, mean_absolute_percentage_error, r2_score

A nszney 14 library NadudniunisaFeuuuanaes
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seed MneAnilad1iuld 1l random state e linadns luyn 7 seUEaALMNBUANUARIAY

Aniszneu 15

[]

# Set seed for reproducibility
seed = 42

wivdmsIuas train 70 test 30

[]

# Split data into training and testing sets
X_train, X test, y train, y test = train_test_split(X, y, test size=8.3, random_state=seed)

print(X.shape)

print(y.shape)

# print(X_train_scaled.shape)
print(X_train.shape)
print(y_train.shape)

# print(X_test_scaled.shape)
print(X_test.shape)

# print(X_test_scaled.shape)
print(y_test.shape)

(986, 18)
(936,)
(69@, 10)
(69@,)
(296, 10)
(296,)

nwilszney 15 TARguiunIsuLideya
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Tmlf;;ffiu"m:v‘hmiﬁﬂmﬂizﬁwﬁmwmmme‘ifmm%wm 6 UL Feil 1) Support
Vector Regression (SVR) 2) Lasso Regression 3) Ridge Regression 4) Decision Tree 5)
Random Forest as 6) XGBoots (eXtream Gradient Boosting) %\‘l%\‘l 6 WULANABIAZEIUNT
Anuaznagetuazilssiunaiildaenun 1 seuneundsantuazinn A W finesied
LA AZLLILA N0 8IURT N ST el E AN AN 09UL LA AN FIANNTUAIYNANS
UssifunauuusassiievnuuusnaesifissAvanniige eluusazuunsnaesiazden
sinelusuzeinistiounsiwessiedaly FeazsesiivanmslunisldAnmaniu Gereud
f«]zL?'m‘hmiﬂﬂ%’@;ﬂ@ﬁuslw,wi@umm”mmiﬁﬁmm%’w data pipeline tiatlasiuniasalua
wesgadeyainlldgedeyanaseay
Support Vector Regression (SVR) 2418190AMMUANIIINLIAAS TW AN C Faflu
AUFUANAATENINNANNTUTDUTRIULLI1A8Y fun1sfiimesiitaaiung overfiting,
epsilon (€) firuundasasanfianunsanasdm eror I, kemel 1 luntsinsunginuses
Wi i linear, poly, rbf, ey gamma GRYDIErS AILANANGUTaUIasIL LA A L6

TAR&IMFLINI9A519 Support Vector Regression (SVR) LaaANAInInUsenay 16

#1. SVR before Tuning

# Define the pipeline for X
pipeline = Pipeline([
('scaler x', StandardScaler()),
("svr', SVR())
1
# Wrap the pipeline with TransformedTargetRegressor to scale y
model = TransformedTargetRegressor(
regressor=pipeline,

transformer=5tandardScaler()

)

# Fit the model on the training data
model.fit(X_train, y_train)

# Predict on the test set
y_pred_svr = model.predict(X_test)

nnwtsznau 16 TAREIMLNN94519 Support Vector Regression (SVR)
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[ 1 # 2. Lasso Regression

# Define the pipeline
pipeline = Pipeline([
('scaler', StandardScaler()),
("lasso’, Lasso(alpha=8.1))
1

# Fit the pipeline on the training data
pipeline.fit(X_train, y_train)

# Predict on the test set
y_pred_lasso = pipeline.predict(X_test)

nndsenau 17 TARE1MSLIN94519 Lasso Regression
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AMNNINLsENaY 17 LULUA1484 Lasso Regression FuainnnisUiuauindeaya
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TnedaununnsneiuAadunIg Regularization TAAR1TLINN98519 Ridge Regression LaRIAY

Aniszneu 18

" # 3. Ridge regression before Tuning

# Define the pipeline
pipeline = Pipeline([
('scaler', StandardScaler()),
('ridge’, Ridge(alpha=8.1))
D

# Fit the pipeline on the training data
pipeline.fit(X_train, y_train)

# Make predictions on the scaled test set
y_pred_ridge = pipeline.predict(X_test)

nndsenau 18 TARE11MSLIN194514 Ridge Regression

aInnanszneay 18 uuLA1aed Ridge Regression FxaInnn1sdiuauIniaya
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N1945149 Decision Tree kaAdAININLsznaLl 19

# 4.Decision Tree model

# Define the pipeline
pipeline = Pipeline([('dt"', DecisionTreeRegressor(random state=seed))]}

# Fit the pipeline on the training data
pipeline.fit(X_train, y_train)

# Make predictions on the test set
y_pred _dt = pipeline.predict(X_test)

nnilsznan 19 TAnd1usunn943519 Decision Tree
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o # 5. Random forest

# Define the pipeline
pipeline = Pipeline([(’'rf', RandomForestRegressor({random_state=seed))])

# Fit the pipeline on the training data
pipeline.fit(X_train, y_train)

# Make predictions on the test set
y_pred rf = pipeline.predict(X test)

A tlsznau 20 TARd1151N1924519 Random Forest

LUUA1ABI XGBoost MilunluataasnuUAanlduanni1suly Tree-Based

ak A

Algorithm @aludane3nuinld Gradient Boosting Iaglilia1aas XGBoost 411150N1AUA
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Tdfutlyunuul Regression azsingld XGBRegressor 8115LIN194519ULILAA89 TAARI T

N198519 XGBoost LAAIAININLTZNaL 21

[ 1 # 6. XGBoot

# Define the pipeline
pipeline = Pipeline([('xgb’, XGBRegressor{random state=seed))])

# Fit the pipeline on the training data
pipeline.fit(X_train, y_train)

# Make predictions on the test set
y_pred xgb = pipeline.predict(X test)

A tlsznau 21 TARd11sUN1924519 XGBoost

Az lAd19nNLLLANa89 Decision Tree, RandomForest way XGBoost A% laifaein
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35 nsdsuquanlailaswisidimas (Hyperparameter Tuning)
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wan 3 A1 azlailAvianismaaauen C vise A1 epsilon @3N GridSearchCV azinns
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Aumgansinesiunizanigalngld s-fold cross-validation uazlfAiAnnpainiAdaw

TINAIRaILaAt (Mean Squared Error: MSE) ilufiadnia 9A1 MSE azgnudasiiluaiau

14 .

anlusimiilasarnduanld minimization lunszua1N13 tuning Lia GridSearchCV 11411

\@FAAUAL IANNHRRTNATGAAINNINARBIAIFN 7] LazIITimeiangatiazgniaunld

Tungaf9uuanand SVR uuninng A nisdmasiinisUsunsaandn Iengusunisdsu
quanlailasnisinasuaqutuanaas Support Vector Regression (SVR) L& A6 4

Anisznay 22

#1. SVR with Tuning Parameter

# Define the pipeline for X
pipeline = Pipeline([
('scaler_x', StandardScaler()}),
("svr", SVR())
1)

# Wrap the pipeline with TransformedTargetRegressor to scale y
model = TransformedTargetRegressor(

regressor=pipeline,

transformer=5tandardScaler()

# Define parameter grid with correct prefix for the inner SVR
param grid = {
‘regressor__svr__kernel': ['linear®, 'rbf", 'poly’],

‘regressor__svr__(': [0.1,1,18],
‘regressor__svr__gamma': [ 'scale”, "auto'],
‘regressor_svr_ epsilon’: [8.81, @.1, 1]

T

# Create GridSearchCV object
grid_search = GridSearchCV(estimator=model, param_grid=param_grid, cw=5, scoring='neg_mean_squared_error')

# Fit the GridSearchCV object
grid_search.fit(X_train, y_train)

# Best hyperparameters
best_params = grid_search.best_params_
print({"Best Hyperparameters:", best_params)

# Get the best model
best_model = grid_search.best_estimator_

# Cross-validation score using best model

cv_scores = cross_val_score(best_model, X_train, y_train, cv=5, scoring="neg_mean_squared_error')
print("Cross-validation scores (neg-MSE):", -cv_scores)

print("Mean cross-validation score (MSE):", -np.mean{cv_scores))

# Fit the best model on full training data
best_model.fit(X_train, y_train)

# Predict on the test set
y_pred_best_swr = best_model.predict(X_test)

nwdsznay 22 Tansdiuquenlaasmimfimesueasuuuanass SVR
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° #2. Lasso after tuning

# Define the pipeline

pipeline = Pipeline([
("scaler', StandardScaler()),
('lasso’, Lasso())

1

# Define the parameter grid (use '"lasso_ alpha' to refer to the alpha parameter in the pipeline)
param_grid = {

"lasso__alpha': [@.081, @8.81, @.1, 1, 18, l1@@]
T

# Create a KFold cross-validator
kf = KFold(n_splits=5, shuffle=True, random state=seed)

# Grid search with cross-validation
grid_search = GridSearchCV(pipeline, param_grid, scoring='neg_mean_squared_error’', cv=kf)
grid_search.fit(X_train, y_train)

# Best model

best_pipeline lasso = grid_search.best_estimator_
best_alpha = grid_search.best_params_[ "lasso__alpha’]
print(f"Best alpha: {best_alphal}"}

# Predict on the test set
y_pred_best_lasso = best_pipeline lasso.predict(X_test)

nwtlsznay 25 Tansdiuquenlailasmiafinaseduuuanand Lasso



44

#3. Ridge after tuning

# Define the pipeline

pipeline = Pipeline([
("scaler', StandardScaler()),
("ridge’, Ridge())

1)

# Define the parameter grid (use "lasso__alpha’ to refer to the alpha parameter in the pipeline)
param_grid = {

'ridge_ alpha': [8.8@1, @.81, @.1, 1, 18, 188]
¥

# Create a KFold cross-validator
kf = KFold(n_splits=5, shuffle=True, random_state=seed)

# Grid search with cross-validation
grid_search = GridSearchCV{pipeline, param_grid, scoring='neg_mean_squared_error', cv=kf)
grid_search.fit(X_train, y_train)

# Best model

best_pipeline ridge = grid_search.best_estimator_
best_alpha = grid_search.best_params_[ 'ridge_ alpha']
print(f"Best alpha: {best_alpha}"}

# Predict on the test se‘tl
y_pred_best_ridge = best_pipeline_ridge.predict(X_test)

nilsenau 26 Taanslfuquanlalaswisimasiasuuuanans Ridge
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° #4. Decision Tree after Tuning

# Define the pipeline
pipeline = Pipeline([('dt', DecisionTreeRegressor(random_state=seed))])

#

# Define the parameter grid

param_grid = {
"dit__max_depth"': [Neone, 18, 28, 38],
‘dt__min_samples_split': [2, 5, 18],
"dt__min_samples_leaf': [1, 2, 4]

H

# KFold cross-validation

kf = KFold(n_splits=5, shuffle=True, random_state=seed)

# # Grid search with cross-validation

grid_search = GridSearchCV(pipeline, param_grid, scoring='neg_mean_squared_error', cv=kf)
grid_search.fit(X_train, y_train)

# # Best model

best_pipeline_dt = grid_search.best_estimator_

best_params = grid_search.best_params_

print(f"Best hyperparameters: {best_params}")}

# Predict on the test set
y_pred_best_dt = best_pipeline_dt.predict(X_test)

nilsznay 27 WWannsdiuquenlaasmisiimesfueautuanass Decision Tree
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g0 TWadmiuni9lsuquanlalasnisdinas1a9uuUa1889 Decision Tree LANIAY

Anilszna 28



46

° #5. Random forest after Tuning

# Define the pipeline
pipeline = Pipeline([('rf', RandomForestRegressor{random state=seed))])

# Define the parameter grid for hyperparameter tunming
param_grid = {
'rf__n_estimators': [58, 168, 268],
‘rf__max_depth": [None, 18, 28],
'rf__min_samples_split': [2, 5, 18],
'rf__min_samples_leaf': [1, 2, 4]

b

# Create a Random Forest Regression model
rf = RandomForestRegressor(random_state=seed)

# Create a KFold object for cross-validation
kf = KFold(n_splits=5, shuffle=True, random_state=seed)

# Perform GridSearchCV with k-fold cross-validation
grid_search = GridSearchCV{pipeline, param_grid, scoring="neg_mean_squared_error', cv=kf)
grid_search.fit(X_train, y_train)

# # Best model

best_pipeline rf = grid_search.best_estimator_
best_params = grid_search.best_params_
print(f"Best hyperparameters: {best_params}")

# Predict on the test set
y_pred_best_rf = best_pipeline_rf.predict(X_test)

nwdsznay 28 Tansdiuquenlaesmimimasaeauuuanasd Random Forest
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‘, # 6. XGBoot after Tuning Parameter

# Define the pipeline
pipeline = Pipeline([('xgb', XGBRegressor(random state=seed))])

# Define the parameter grid for hyperparameter tuning
param_grid = {

"¥gb_n_estimators': [18@, 280, 308],

"¥gb_ max_depth': [3, 5, 7],

"¥gb_ learning_rate': [8.81, 8.1, @.2],
"¥gb_ subsample': [8.8, 8.9, 1.8],
"¥gh_ colsample_bytree': [8.8, 8.9, 1.8

b

# Create a KFold object for cross-validation
kf = KFold(n_splits=5, shuffle=True, random_state=seed)

# Perform GridSearchCV with k-fold cross-wvalidation
grid_search = GridSearchCV(pipeline, param_grid, scoring='neg_mean_squared_error’, cv=kf)
grid_search.fit(X_train, y_train)

# # Best model

best_pipeline xgh = grid_search.best_estimator_
best_params = grid_search.best_params_
print({f"Best hyperparameters: {best_params}")

# Predict on the test set
y_pred_best_xgh = best_pipeline xgb.predict(X_test)

nwilsznau 29 TAansliuquenlalasnisdimasaniuiniaiaas XGBoots

Tnaaglluwsiazuuudnassfiazinistiurmisimesnuansnaiulluarldnisuis

mAdasanae KFold cross-validation 41191 5 491 wagzld GridSearchCV lun19un

PN

AIRmeaNgaluusazuLUANAesEIaAINNINaL AN BT A AR 4

AN94 4 AN ladansima g lunfsdsunuuanans

TTE VYN lawdaswiafinas
Support Vector Regression Kernel [linear,rbf,poly],
C[0.1,1,10]

Gamma [scale, auto]

Epsilon [0.01, 0.1, 1]

Lasso Regression Alpha [0.001, 0.01, 0.1, 1, 10, 100]

Ridge Regression Alpha [0.001, 0.01, 0.1, 1, 10, 100]

Decision Tree max_depth [None, 10, 20, 30]
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min_samples_split [2, 5, 10]

min_samples_leaf [1, 2, 4]

Random Forest n_estimators [50, 100, 200]
max_depth [None, 10, 20]
min_samples_split [2, 5, 10]

min_samples_leaf [1, 2, 4]

XGBoots n_estimators [100, 200, 300]
max_depth [3, 5, 7]
learning_rate [0.01, 0.1, 0.2]
subsample [0.8, 0.9, 1.0]

colsample_bytree [0.8, 0.9, 1.0]

3.6 n15UsELRUNARNSURILLLA1ARY (Model Evaluation)
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Anisznea 30

# Evaluate the model

mape = mean_absolute percentage error(y_test, y_pred_lasso)
rmse = np.sqrt(mean_squared_error(y_test, y_pred_lasso))
mae = mean_absolute_error(y_test, y_pred_lasso)

r2 = r2_score(y_test, y_pred lasso)

# Print metrics

print("Lasso Regression Model™)

print(f"Mean Absolute Error (MAE): {mael}™)

print(f"Mean Absolute Percentage Error (MAPE): {mape * 188:.2f}%")
print(f"Root Mean Squared Error (RMSE): {rmsel}")

print(f"R-squared (R2): {r2}")
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# Create a dictionary to store the evaluation metrics for each model

model_results = {
"SVR': {
'MAE': mean_absolute_error(y_test, y_pred_svr),
'MAPE' : mean_absolute_percentage_error(y_test, y_pred swr),
'RMSE': np.sqrt(mean_squared_srror(y_test, y_pred_svr)),
'R2': r2_score(y_test, y_pred_svr)

s

"Lasso": {
'MAE': mean_absolute_error(y_test, y_pred_lasso),
'MAPE' : mean_absolute_percentage_error(y_test, y pred_lasso),
'RMSE': np.sgqrt(mean_squared_srror(y_test, y_pred_lasso)),
'R2': r2_score(y_test, y_pred_lasso)

Is

'Ridge’: {
'MAE': mean_absolute_error(y_test, y_pred_ridge),
'"MAPE': mean_absolute_percentage_error(y_test, y_pred ridge),
'RMSE': np.sgqrt(mean_squared_srror(y_test, y_pred_ridge)),
'R2': r2_score(y_test, y_pred_ridge)

Is

'Decision Tree': {
'MAE': mean_absolute_error(y_test, y_pred_dt),
'MAPE': mean_absolute percentage_error(y_test, y_pred_dt),
'RMSE' : np.sgqrt(mean_squared_error(y_test, y_pred dt)),
'R2': r2_score(y_test, y_pred dt)

Is

"Random Forest': {
'MAE': mean_absolute_error(y_test, y_pred_rf),
'MAPE' : mean_absolute_percentage_erroriy_test, y pred rf),
'RMSE' : np.sgqrt(mean_squared_error(y_test, y_pred rf}),
'R2': r2_score(y_test, y_pred_rf)

Is

"XGBoost': {
'MAE': mean_absolute_error(y_test, y_pred_xgh),
'MAPE' : mean_absolute_percentage_erroriy_test, y_pred xgh),
'RMSE': np.sgrt({mean_squared_error(y_test, y_pred_xgb)),
'R2': r2_score(y_test, y_pred_xgh)

i

# Find the best model for each metric

best_models = {}
for metric in ["MAE", "MAPE", "RMSE", "R2"]:

if metric == "R2":
best_model_name = max{model_results, key=lambda model: model results[model][metric])
else:

best_model_name = min{model_results, key=lambda model: model_ results[model][metric])
best_models[metric] = best_model_name

# Print the best model for each metric

print("Best Models for Each Metric:™)

for metric, model_name in best_models.items():
print(f"{metric}: {model_name}")

Best Models for Each Metric:
MAE: Decision Tree

MAPE: Random Forest

RMSE: Random Forest

R2: Random Forest

nwilsznay 31 Wavnuuudanaesnanganeunisqulailasniiimes
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# Find the best model for each metric after tuning
best_tuned_models = {}
for metric in ["MAE", "MAPE", "RMSE", "R2"]:
if metric == "R2":
best_model_name = max(tuned_model_results, Key=lambda model: tuned_model results[model][metric])
else:
best_model_name = min(tuned_model results, key=lambda model: tuned_model results[model][metric]}
best_tuned_models[metric] = best_model_name

# Print the best model for each metric after tuning

print(”\nBest Tuned Models for Each Metric:™)

for metric, model name in best_tuned_models.items():
print(f"{metric}: {model_name}"}

4

Best Tuned Models for Each Metric:
MAE: Decision Tree After Tuning
MAPE: Random Forest After Tuning
RMSE: Random Forest After Tuning
R2: Random Forest After Tuming
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Ridge Regression

Alpha [1]

Decision Tree

max_depth [None]
min_samples_split [10]

min_samples_leaf [4]

Random Forest

n_estimators [100]
max_depth [None]
min_samples_split [10]

min_samples_leaf [2]

XGBoots

n_estimators [100]
max_depth [5]
learning_rate [0.1]
subsample [0.9]

colsample_bytree [0.8]
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Support Vector Regression 0.71 2,448.53 10.20% 3,564.12
Lasso Regression 0.70 2,633.99 11.05% 3,591.09
Ridge Regression 0.70 2,629.34 11.05% 3,584.16
Decision Tree 0.84 1,107.30 4.73% 2,632.10
Random Forest 0.87 1,107.89 4.57% 2,416.46
XGBoots 0.82 1,459.35 6.00% 2,797.95
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Decision Tree Feature Importances
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XGBoost Feature Importances
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Lasso Coefficients (Feature Selection)
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