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MOTOR CLAIM ANALYSIS WITH MACHINE LEARNING MODELS

Yodharin Monplub*, Sirisup Laohakiat?
Abstract

This research investigates the relationship between various independent variables—such as claim history and insurance duration—and the dependent variable, which is the
number of claims made. Seven machine leaming models were used in the study: CatBoost Regressor, XGBoost Regressor, LightGBM Regressor, Poisson Regressor, Negative Binomial
Regressor, MLP Regressor, and TabNet Regressor. The data prepracessing included CatBoost encoding and standard scaling, and the dataset was divided into three parts: Training,
Validation, and Testing. To improve madel performance, hyperparameter tuning was applied to all models. Additionally, feature importance analysis was conducted using the
XGBoost, CatBoost, LightGBM, and Random Forest models. The objective of this study is to build a model that can accurately predict the number of insurance claims, enabling
insurance companies to better estimate costs, and to identify which independent variables have the most influence on the number of claims. The findings show that the best-
performing model based on Mean Absolute Error (MAE) is the TabNet Regressor, with an MAE of 0.0787. When considering R-squared and Mean Squared Error (MSE), the best model is
the CatBoost Regressor, with scores of 0.0339 and 0.0557, respectively. The most influential features affecting the number of claims are the duration of the insurance policy
(Exposure), vehicle age (Region), claim history (BonusMalus), and the policy duration (Area).
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LightGBM (Light Gradient Boosting Machine) tJulaus13 Gradient Boosting ﬁgﬂwwuﬂﬂﬂ Microsoft Imﬂﬁﬁ;mﬁiuﬁiad
amuilunsussinanauazanuamnsalunisinnisiudeyaiiounnlvgléa wadadiames LightGBM Aensliis
“Gradient-based One-Side Sampling (GOSS)” uaz “Exclusive Feature Bundling (EFB)” @stheanusinainiseuiaiuasay
drdioulunsiinliaa uenani LightGBM Sdlilassasredullusuuuy “leaf-wise” wiunsuvsmusedy (level-wise) devtilst
aunsoanAmsismaAldntuluusiarsounsadeduldl demalilamaaunsoidoudldiiuasiszaviamgs

LightGBM finnsUszananaluguuuuaeansasisdalaunsu (histogram-based decision tree) fitgu3msdnnng
whepnuldegaiiuszansam SnnedisosunsUssiianauuUTLY (parallel) waguhuunszae (distributed computing)
AU XGBoost way CatBoost uaﬂmﬂﬁﬁaﬁ&hLé‘aﬂMﬂuw’Lﬁ;ﬂ%muﬂ%’ULwia (hyperparameter tuning) Wilui3awes
AuEnuessiulsl (max depth) S1uanilugean (max Leaves) A1 leaming rate wazdu q Favmnisanldogamnyau fagtanan
Tomain overfitting waziiuanuusiuglunmsinnglsiduegned vilv LishteBM euanufionlunudisessuiiofuusun
Foyavualng wasauiidesnsanudrlunisviune (inference) galusedugmanvingsa

LUIAAYDY LightGBM

® | ecaf-wise Tree Growth

wiunazaulasuliiuusedusieseau (level-wise) LightGBM awidanunn Tulil (leaf)' fian loss lawnfiganau e

dawalilumawiugu windlena overfitting launnTuiliauaunisdnaslia

® Histogram-based Algorithm

unuiiagldrdlavnaiilomnss o LightGBM agvin binning ves feature WU histogram tilaanailunisAunawagly

PMEAUINUDYA

® Gradient-based One-Side Sampling (GOSS)

Tdanesiteg1ani gradient gesiuiunsduidiondiegaiill gradient ¢ WeshwiAuuiugwazaniunulunig

AU

® FExclusive Feature Bundling (EFB)

v v [y

521 feature Nhilaldaundoniu (mutually exclusive) Wmeiulu feature WReioUsendanuasaua

M1379 5 TNEUANIEINITTD5UBY LishtGBM lnewisndlinasiid1ftyAe n_estimators leaming rate Waz max_depth

$19714 4 hyperparameter 184 LightGBM

f13 4 hyperparameter U84 LightGBM

W5dnes AIUNUY

MSDS CS SWU
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n_estimators IUIUTDUVDI boosting

learning rate ASIlunsseus

max_depth ANuanveIRuld

num_leaves Fuululuwdagauldl (Aruauaududen)
min_data_in_leaf ai’mau%a;ga%uﬁﬂmwiaﬂu

subsample dndmestoyaililuwsiarseu
colsample bytree dnduven feature Adudonluusazsiu
reg alpha / reg_lambda Regularization L1 / L2

objective 19U regression, binary, multiclass
boosting_type Un@ld gbdt, %38 dart, goss

mqwﬁﬁﬁm%’aeﬁ'mmuﬁﬂam Neural network wuUU TabNetRegressor

TabNet L¥ulnansi3ousiddn (Deep Leaming) flopnuuuaniamizdmiudeyaiBsnisna (Tabular Data) Faildnuaiznis
¥auiiuansnsanlinanisanaes (Regression) Tl Tne TabNet duazléinaiiafizonia Attentive Feature Selection it
Fonamzanudnuasiidauddygeioniswensal deeiuusyavinmvsdunauartsliiAansFousiitinnuutiugigs
Tudeyafiillassaiedudou Tuma TabNet gnldogrunsvaglunsuitiymniswensalidsannes

TabNet 14TAsad19ii3unin Decision Step auvaiumansdu (Layers) lunsiuan TaeilduiiZeonin Attentive
Transformer flazUsutiwiinandnuae (Feature Weights) wasidonanzandnuniiddaluusiazsouvaansGeud vhlv
TabNet finrwannsalunsvneundieadaiusia Deep Neural Network Wiag Decision Tree-based Models

anUnenssuvad TabNet (WuRAAUBINAT)

® Feature Transformer + Attentive Transformer

14 transformer meludmsuiseuianndoyansns uwazdl layer Miwihi “iGengiiaesdidy” diunaln attention
® Sparse Feature Selection

TabNet agtdon feature uaaziuuuliliiunlulsazseu — vlluna fauld wazan overfitting

® Decision Steps

Toyavglvanu “tunoun1sinawla (decision steps)” wanetu WieuudsinsiSuiiuuday
® Explainability

TabNet anansaventaintuusag sample 14 feature Tusnnfiantunisdndula

MSDS CS SWU
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a o

1379 5 wanafennsfiwmesuas Tabnet Regressor lnemsnfiwasfignuiuguluaideifie n_d uaz n_a

#M1379 5 hyperparameter 489 Tabnet

w5fimes AUNUNY

n_d,n_a JUIAYBINTSHNLULEAY block
n_steps 37U3U decision steps

Gamma muqumm&imﬁa&‘um attention
lambda_sparse mmuqumm,muwuaq attention
mask_type sULUUTeY attention WU "entmax"

a3Uud1 TabNet Regressor Aaluina Deep Learning Mignesnuuuindmiudeyansdasians dsaunsaseuideyalaan
fauanunsatunis “iden” Maeindrdglaiatluusiay sample vinliluna Aaule way Banguin
wiivglimInensgandn XGBoost/LightGBM wsiluunensaiideyaiianududeu viveilalsden1snisinnuiuuasiden

TabNet Wudnmadeaniuaulaun

wquﬁﬁﬁm%’aeﬁmmuﬁqam Neural network Uy MLPRegressor

MLPRegressor (Multilayer Perceptron Regressor) WuluealasstneUssamiien (Artificial Neural Network) Vigﬂ
geNuUUINEMSUNINENSaiAReLies (Regression) Faldsunisfinuegaunsvateluaiddosing o Tneanzesradsluaud
FoansmuanusalunisUssananadeyaiidudounasfimuduiuslidudadu (Non-linear Relationship)

MLP regressor 9iilAs9a319ninmusznau 1 lnelisgazidunainiuany

QOutput layer ¢

Hidden layers
(perceptron
Input layer - with activation

function)

AmUsznau 1 1AT985199839 MLP regressor

® Input layer: Sudayartnanyateya

MSDS CS SWU
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® Hidden Layers: viwthulaseyalviianududeunariiifiunntu Inemslddiseuluwiastuniiisidunadaldnu

(Activation Function) 19U ReLU 3@ Tanh wiiednanisfiuanuliidudadu (Non-linear) vosdeya

® Output Layer: Wnadnsiuaduavéwsulywnisanase

Tnglumsuszanammsiines axlénaila Back propagation tuaefumsildlulasereuszamiien (Neural
Networks) Tngiamnzlulasstauuunansda 1u Multilayer Perceptron (MLP) iilaUSuan "miin” (weights) vasnsidenles
sywhaiseulimnyan ililumaausanensellduiugdu Inenssuaunisivhouiuaestuneundn 4 fle "n1sfiuamen
ANLRANAIA" (Error Calculation) wag "n5UFUUTIAN" (Weight Update)

M13N 7 Uansienns8mesued MLP regressor lnennsfiwesiid1fyiignme hidden layer sizes

$130 1 hyperparameter U84 MLP regressor

Wnes AIMUNUY

1A598319989 hidden layers 1w (100,) %39
hidden layer sizes

(64, 64)
activation Wdﬁ%'uﬂizﬁﬁu LU 'relu’, 'tanh!, 'logistic'
solver 35013 optimize 1@ 'adam’, 'sgd’, 'lbfgs'
alpha A5V L2 regularization
learning rate ‘constant), 'invscaling', 'adaptive'
max_iter UIUTOUNSHNGIER
early stopping Msgmﬂﬂfﬁ validation score hﬁgﬁu
random_state fmiun seed itels reproducible

mquﬁﬁtﬁm%’aaﬁmwuﬁﬂam Machine learning tiuu Random Forest

Random Forest HunildlumaiiansiFeuiuuusam (Ensemble Learning) AldFumnudongaunnlunusuineinisdeya
(Data Science) uazn5 ATz TmEINTa] (Predictive Analytics) fegauauluiFasvosnnuusiugt amudavey (robustness)
waznistloatiunisin overfitting Mifninlumadulinsdndula (Decision Tree) wuuiiis 4 Insunumdnves Random Forest
Aonsasasiulinmsdindulavans o du wdlilmanadnivieindenansnensaiiiielilideaanvine

MANNMT3EU3WUUTIM (Ensemble Learning) ¥84 Random forest #35n1591191uAeiin15a3513 Decision tree vizasulyl

fnaula F1uuunn lnensasresnudunausalull

® dwiu Decision tree usiazdiu 9¢in15vi1 Bootstrapping fuyavasan (Training Data) Wieas1adeyalvl

(Bootstrapped dataset) 3ntiudsindayalvailuadia Decision Tree

® iin9¥in Feature Randomness Wufanyadayalni (Bootstrapped dataset) i@onduussuiiesunstiudslulm

Decision tree

MSDS CS SWU
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® {in15¥1 Bootstrapping Lagn1591 Feature Randomness ¥y Decision tree WAAZAUAAAINLANAIIAU

(Variation)

® fadl Decision tree TUIULNNLAT LIAWNWIEIHINIIANRAYEMSULILAALUU regression waglivinn1sivand1msu
Tumawuy classification

UBNAINUTITUaZLDENDU AD

® zunsam Out-of-Bag (OOB) Error e

[ '

Tuvagasraudazdulid 1nlaguyadeyades (Bootstrap) Iuandeyarinidn Baawiluniegslignidenluiinluduliitdy

7 Tngfegreliigndululuyeadeyadosvesiulddula 9 13und1 Out-of-Bag (O0B) samples a1x13AtINGULN

nsRdeUAInURaNaInle Inelidosutaganaaay (Test Set) wananaieuen mnduusuliunwe

ANUNT0AUIUANUEAYYUD LU (Feature Importance) 19 Tng Random Forest @snsausnlaindanys (feature) Tndl

Hasgdlsronsyhuelunalaeglaain

'3
=<

® Mean Decrease in Impurity (MDI): ¥n31n15unnuvusingly feature Wutisanauliu3ans (mpurity) vedluusly

suldanniiesla wiennsiu

® Mean Decrease in Accuracy (MDA): 1A91nM3acuA1¥84 feature 14U 9 LuUdH WigIAnuwiugwedliinaana
wntosualyu

Random forest i hyperparameter #a189e19 lagm1519 8 Lans0IRI9819 hyperparameter 1u

M58 8 hyperparameter ¥4 random forest

hyperparameter Description

n_estimators 7131 Decision tree 7114 Tagdanuanndnen
wnaglinanisinneiinnd uafesviiinanlunis
Hnlumaunulazvunuluwalvg

criterion Harduiildianaamuesnisuds (split) Tuud
agluun onduland regression TNuMAE®Se
MSE wagandulang classification sy gini 3o

entropy

'
a

max_depth Anuanganieuanlisulduanld mnesen

] L

¥
I 1

e sulilzausazenavietesiums

Overfitting
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min_samples_split Srunuriesilanueafiegns (samples) ulviun
wila 9 fideafifielianunsounnlnuaseold

max_features F1ua (Miodndan) vosiuys (features) flay
Asaulunsmaaudsiiaiian (est split) luusiaz

Tvun

Inedafves Random forest Ao

®  Amuiugge: Random Forest sinaxlsiAnAusiugigsndn Decision Tree Wenegadile

o Jasfu Overfitting 197: nsiadenannuassulianauduniusasaudesenis fitting Toyasniiuly

o linuldmannvane: sesdustanusiuun (classification) uavamunennsaliaigY (regression)

o Fanulglusedunile awnsalnsgianudfves feature I wiaglidnaumintu Decision Tree iiien
dudoidene

o aruSlumsvhue: Srismnuduliimena Wy vdniurded gy wldinaUssnanamnndy ulassuls

U9EIU

o ualuaalug: msiiudulisuausnnealdmiheanusunnnilunanseude

ngufiingadasiuuuudaes Machine learning Wuu GLM

aad

GLM (Generalized Linear Models) fiaguiuunneafiafivgngann Linear Regression (N1350An8elfaldu) ioanunsndnnis

[

fudusnavaussniiniswankasanataiuls lnglidnduseaduniswaniaswuuun@ (normal distribution) Inefisieaziden

il

e

o fudsmudndudeseylu Linear Exponential Family:

Linear Exponential Family Tuu3unwas Generalized Linear Models (GLMs) mJ’lsJﬁﬂﬂszﬁUENmiLLﬁmLLT\Nmmu"l%
Juitanansadeuegluguuuuileidudndluiumdea (Exponential Family) tnefinsifiwesidadu (inear predictor)
1WorlgsnunsinesUeIn1shaniay HeAdununuIniu (probability density function) Wsewsndusia (probability

mass function) 984 Exponential Family a@snsailsulaniulassadieinluasi

y0 — b(60)

f(:0,0) = a(y, D)exp (—

)

1o
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Y fla Adidanslsl (Aesiaudsdy)
O wiotheta fio W3TwesuuU Natural Parameter %3afiiuniiCanonical Parameter
® v3e phi fis M31Ewein15nEaAe (Dispersion Parameter) MuuaALLUTUTILVBITONAS
a(Y,d) fe Hlaidua wiuusuamsilinasiuaaninasdulidu 1 (Normalization)
b(B) fie #laridu Log-partition ni¥efiSundndedn Cumulant Function

Preliiliduiinaandfveanisuaniaseuiiasdugnsves GLM

N =Bo+ B X1+ + BirXi
g =nviey =g (M)
InoufazaIuYe GLM Ao
g(X) feilsridudsr (Link Function)
Y Aoavhuesaudsan
1) Aedvueigady
Pormnsines

X AofiwUsau

FFnsmansiwes

1935 Maximum Likelihood Estimation Tagld Iteratively Reweighted Least Squares (IRLS) Fududanesudeiuan

(iterative method) UsztnnuilafioUlanan parameter 91NASLAALNIIASOANDULTAEULUUA UM NG a8 U

' v
P v S

danesniuazngalieA s Ewesiulinisuluinn viiedlerminaunainniiou (deviance) visoRinAaL LN aY

'
| o

au 9 ABULITAFYARNEA
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WAniun13Ie

Tuunifideldasdumansdeuivenniosnaindaya French Motor Claims Datasets 91n13U Kaggle lagisuan

Y
nsAnwgataya N3 EDA n1sasnslaaa n3vin Hyperparameter tuning NM3vin feature importance kagnNsWWgUATILUY

o

n1sAnw1yataya wasn19vin EDA
Joyaivionun 12 pesuuluailu 8 Aeduiuiladiaviay 4 rosutvlinmneamy seazideadoyailuail
lngansne9l 8 uanstsviladoyauuudiay (numeric data) uagnns97l 9 uanatsyadeyauwuuniiany (Categorical

data) lngaeauunuiaulanereautsiwlsniu vise ClaimNb

M54 9 TOYALUURUAY (numeric data)

Fonodu] ADEUNE

IDpol LaUNINETT

ClaimNb SnumaNTetaY TSI
Exposure JLULAANATEN

VehPower WS9NVDITOBUR

VehAge D1YYDITOUUA

DrivAge 918U8IAUTY

BonusMalus Uszinnisiaau

Density ATMUNUILUUYDIUIZYINT (AURDATITINNN)

M54 2 Toyawuumanamy (Categorical data)

Fonodu] ABBUNY

Area \niiog]

VehBrand Svovatsnuud

VehGas iinvaatinifi (Diesel/Gasoline)
Region NuiluusananlSaea
dayauuuiay

1pfin15vi1 EDA dwsudeyauuudiay lnglusunsy python ladeyariade 31uiu dudesauunnnigu wazA1dus A

AwUsEnau 2 9

v A

mMnUszneu 2 uaasliiuiisindiuiu anede dudsauuinasgiu uazadusveausaziuls lneneduiiidAgyde

MSDS CS SWU
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Summary of Numeric Columns:

IDpol Claimnb Exposure VehPower
count 6.780130e+05 678013.000000 678013.000000 G678013.000000
mean 2.621857e+06 9.053247 9.528750 6.454631
std 1.641783e+06 9.249117 9.364442 2.050906
min 1.000000e+00 9.000000 9.002732 4.000000
25% 1.157951e+686 0.000000 9.186060 5.6060000
50% 2.272152e+06 9.000000 9.490000 6.000000
75% 4.046274e+06 9.000000 9.990000 7 .0000006
max 6.114330e+06 16.000000 2.018000 15.0600000

VehAge Drivage BonusMalus Density
count 678013.000000 678013.000000 678013.000000 G678013.000000
mean 7.044265 45.499122 59.761502 1792.422405
std 5.666232 14.137444 15.636658 3958.646564
min 0.00e000 18.000000 50 .000000 1.000000
25% 2.000000 34.00800600 50.000000 92.000000
50% 6.000000 44.,000000 50.000000 393.000000
75% 11.000000 55.000000 64 .000000 1658.000000
max 166.6600000 160.600060 230.000000 27060.000000

awdszneu 2 aguaeduiiay

amuszneu 3 WJu Correlation matrix heatmap fiasseenuniiieganuduiusseninadands Tnedivdeanstienis
duiusiuegreduysaluuy

Correlation Matrix Heatmap

1.0
IDpol
0.8
ClaimNb
0.6
Exposure
0.4
VehPower
VehAge 02
DrivAge 0.0
3onusMalus -0.2
Density —0.4

IDpol

DrivAge
Density

2 o = L
=z 5 2 2
E a8 2 <
el a = L
(5] 5 g

BonusMalus

AMUsENeU 3 Correlation matrix heatmap UaABALURILAY

al

wonanlEslaasns Histogram vasiindsmiu (ClaimNB) denmUsznaudl 4 sl Tnatraudlugfiningu 0

MSDS CS SWU
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Histogram of ClaimNb

600000

500000

400000

Fraquency

300000

200000

100000

0

[
Claimbb

AWUsENaU 4 Histogram ¥89 ClaimNB

dayauuunaIamy

1gfin1svi EDA dmsudeyauuunuinny Tnelusunsu python wasianudmnasadunsim fail

a

Tunmdszneu 5 1 Junszanefvedings Area Adillenudieesiignie AREA C lnaannaiidusianlulduansdeiung
WS

Counts for Area
200000

sate
§ e
o

25000

AMMUTENBU 5 N15AS8FUB9 column AREA

Tunmuszneu 6 1Hunszanefivediiuys VehBrand Afifimudiweziigade B12 wasnusie Bl uaz B2 lnsanmanidu

'
S Y a

syanlilauanafadvaunase

Counts for VehBrand

160000

140000 4

120000

100000

Count

80000

60000

40000

20000

ol
o wn g P

VehBrand

B12
Bl
B2
B:
B!

B10
Bl11
B13
B14

A UIENBU 6 NINTLIAIVBY column VehBrand
Tunmszneu 7 1Wunszanemvesiauls Vehgas Tnauansliifiuinsaivinusyiuiidunawingfussuinesadildindusiee
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wagsanlduiuuugy I9nuegiuseann325000 Audmiuiduwsiaziuy

Counts for VehGas

350000 +

300000 A

250000 A

200000 +

Count

150000 4

100000 A

50000 5

Regular
Diesel

MNUsENoU 7 113052861109 column Vehgas

Tunmusznau 8 Wunszaeiivewiiuls Region Afiliaudweziigade R24 lnefudsivaniidusiailaliuansiinni
W34

Counts for Region

160000 A

140000 -

120000 A

100000 A

R24
R82
R93
R11
R53
R52
R91
R72
R3
RS
R73
R4
R2
R2
R2
R22
R83
R74
R94
R21
R42
R43

Region

NMWUTENOU 8 N15NTLANAIVDY column Region

MSDS CS SWU
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n15vinData preprocessing N15411 Test-train-validation split wazn1sad1eluna
lafinsinisdawssudeyauaznisainduea lnefiseasdeadtieEn

Data preprocessing

nwusznau 9 Wunszuaunsvi data preprocessing lnesieaziduanuiidounuans

response
(ClaimNDb)

Predictor Perform standard

(numeric) scaler . Training data
set

Perform
Catboost
encoding

Predictor
(catagorical)

AnUs¥nau 9 Data preprocessing

° . v o o Y A W o v A & ' ° v o v A &
N1391" preprocessing Usznaunagn1sAaLunmILUIaULUUmMaILaALUTAUNLTURLINYAY Tnedmsuswlsauduy

fa aeiin159i standard scaler podul uazdmsuduusilunuanmy 9z catboost encoding

® n19vh Standard scaler dwsuneduiiidusaan dwiuyneeduddudsduiniludiay sxdinmsmanaiouazdiu
Weauunnsgiuvesuiaznaauil wdihalunsduiliuinauaadsasmsdindswuuinggiu

AmUsEnau 10 wandliiudsnisyin Standard Scaler

X1 standardize X2 standardize
X1 2 — -
0.1- a1 10— 10%]
0.1 10 e - =
S. D(x1) S.D(x2)
04 5 0.4—py 5—
S.D(x1) S.D(x2)

Andsenau 10 Standard Scaler
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Inggnsvasaniadeuardrulsavunnsgududnmdseneu 11

_xX

Hx = —

2 X — )’

n

S:D() =

nmUsgneu 11 gasAaisuardiudesiuuiinggiu

CatBoost encoding Wuwailmamzilddanisiudeyaussinnminmy (categorical variables) lngliifioauuauiu
one-hot encoding %3 label encoding wuuily Fadnvinlideyaiiifguiudndu lne CatBoost 1435 MSend1
Ordered Target Statistics #zAIuatiaiuALaaeves target Meldudazmiiany uwivgldiamedeyaandidunou

wivhiuluusarseuresmstinluea wedesiunisiiinavesdeyaitving (target leakage) Nionavililuina overfit

fofivainis encoding wuuiifteausadanisiudeyamuaniifiddrduunnriemdilieeiuundeuldesiad
Usgdnanm SnvisdasanifvesteyalneligydetoyadiAny vlinslinlunaditunaswiugrunnau Inegdldides
wAszyde column duminavyiiunisfiwes cat_features lu CatBoost Wil daunsuuasenazgninnislag

DRluNRA luUnanasvadluna.

Test-train-validation split

n15UUS test-train-validation split Asnmusznau 12 laeilAeSurvegauae

Train
(60%)

Data Test

(20%)

Validation
(20%)

NMUIENBU 12 N19911 test-train-validation split

wusgadayaseniuaosdiu Ineaidu Train 60% Test 20% uaz Validation 20% lnautaviavun 5 a3 usaeAsdly seed

PwoA v v
98N] ﬂuLW@iﬁlﬂNamﬁﬂu
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v
nNsasalung

v
N o

Tunanas1eaziviavan 8 luwna UuAe

Model Wuu boosting
® XGboost regressor
® LightGBM regressor

® (atBoost regressor

Model Wuu GLM
® Poisson regressor

® Negative binomial regressor

Model tiuu Neural Network
® Tabnet regressor

® MLP regressor

Model Luu Ensemble

® Random forest
Tnglu XGboost LightGBM Catboost ke Random forest leifinisldnisnae Nvidia tssnnnundilunsinsulia waz Tunn

luwea {015 Hyperparameter tuning lagld Grid search [@AUKI hyperparameter MILsNE

[

JunaUN1Tas9IULAANGAL
® i3 split test-train-validation data 5 A39 lnsuaazAsIly seed sinsruialvlananieiu
o Tuusiag seed 11 Train data 11%1 hyperparameter tuning fiu validation data tiielilalunainafian

%

o it lueafiniaanieuiu hyperparameter MAfianluA1uInA1 R squared, MAE wag MSE fiu test data Ues

seed Tiue)
® gavnemAALYRY R squared, MAE waz MSE vasvia 5 a3ty \unadnsaniing

o ysnaniluluina XGboost Catboost LightGBM Tabnet waz MLP regressor 3in1514 Early stopping lag MAE metric

Wausendavattazyinlimlumaliiinns Overfit

MSDS CS SWU
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A15911 Feature importance

wenannsasslumauda 18iinnsvi feature importance #ae 4 Tuna e
® |Lightebm
® (Catboost
® Xgboost

® Random forest

Tned s Lightgbm Catboost Xgboost ag randomn forest MildiF1ds Feature importance # build in Tu Tanna

a Vv
WAN1398Y
Tuanddedl ladnsihmsBeuiveesewnilSeuiisulssdnsamnisyiwednnuaau Inedviaun 7 luea loun

Model uu boosting
® XGboost regressor
® | ightGBM regressor

® (CatBoost regressor

Model Luu GLM
® Poisson regressor

® Negative binomial regressor

Model uu Neural network
® Tabnet regressor

® MLP regressor

Model Luu Ensemble

® Random forest

[ YY)

lARadNEANNATIFURAIT

MSDS CS SWU
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NAINAT Hyperparameter tuning LazAZLULAITINGAIY)
Tuynluwaiivin hyperparameter tuning tngldsu 5 A3 Ineusiazasald Seed Aariu aavinefinsinAIAzuy MAE MSE
wag R squared wadunu

M1319 9 1 u Hyperparameterﬁguié’f%ﬁ XGboost luusiay Seed Tng Hyperparameter #iléluusiaz Seed Taiiriu

M99 10 hyperparameter #ildve3 XGboost

Seed Hyperparameter

0 Max_depth:6,Learning rate:0.5,
Early _stopping_round:89

1 Max_depth:8, Learning rate:0.3
, Early_stopping_round:46

2 Max_depth:6, Learning_rate:0.5
, Early stopping round:37

3 Max_depth:8, Learning_rate:0.3
, Early stopping round:89

4 Max_depth:8, Learning_rate:0.3
, Early stopping round:38

ansnef 19 Hyperparameterﬁ@juiﬁ‘uaﬂ Catboost luusiaz Seed Ine Hyperparameter fildlunias Seed laliiu

bYUNU
71309 11 hyperparameter fildes Catboost
Seed Hyperparameter
0 Max_depth:6, Learning_rate:0.5,
Early stopping round:43

1 Max_depth:8, Learning rate:0.5
, Early_stopping_round:32

2 Max_depth:4, Learning_rate:0.4
, Early_stopping_round:199

3 Max_depth:8, Learning rate:0.2
, Early stopping round:218

4 Max_depth:6, Learning rate:0.4
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, Early stopping round:28

57971 20 Wi Hyperparameter ﬁlgul@f‘uaﬂ LightGBM Tuwsiaz Seed Tne Hyperparameter filsluusiay Seed lawiiu

Wi
13N 12 hyperparameter ldvos LightGBM
Seed Hyperparameter
0 Max_depth:6, Learning_rate:0.5,
Early stopping round:87

1 Max_depth:6, Learning_rate:0.2
, Early stopping round:209

2 Max_depth:6, Learning_rate:0.4
, Early stopping round:73

3 Max_depth:6, Learning_rate:0.4
, Early_stopping_round:38

a4 Max_depth:4, Learning rate:0.5

, Early_stopping_round:23

#131971 21 \Ju Hyperparameter figulsives Poisson regressor luusiae Seed lnediAvinfiununde 0

$1130 13 hyperparameter lgues Poisson regressor

Seed Hyperparameter
0 Alpha: 0
1 Alpha: 0
2 Alpha: 0
3 Alpha: 0
il Alpha: 0

drumseit 22 1 Hyperparameter ﬁﬂuvlﬁsuaﬁ Negative Binomial regressor lutsiay Seed lauiiA1 alpha Wiy 0.01
Tu 4 Seed
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711919 14 hyperparameter ldvas Negative Binomial regressor

Seed Hyperparameter
0 Alpha: 0.01
1 Alpha: 0.01
2 Alpha: 0.01
3 Alpha: 0.000001
4 Alpha: 0.01

5737 23 18 Hyperparameter ﬁ?ﬂ“ulc:\"uaﬂ MLP regressor Tuusiaz Seed Ina#idlan hidden layer sizes Linfiu (300,300)
Tu 3 seed

f113W 14 hyperparameter fildves MLP regressor

Seed Hyperparameter

0 hidden_layer_sizes: (300,300)
1 hidden_layer_sizes: (300,300)
2 hidden_layer_sizes: (300,300)
3 hidden_layer_sizes: (100,100)
a4 hidden_layer _sizes: (200,)

#9197 24 \Uu Hyperparameter 7igulsives Tabnet regressor luwsiaz Seed lnedfiAlyiviniuaglunn seed

f113 16 hyperparameter fildves Tabnet regressor

Seed Hyperparameter
0 N d: 64, N a: 64
1 N d: 32, N a: 16
2 N d: 32, N a: 32
3 N d: 64, N a: 16
4 N d: 32, N a: 64
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ladnsAumALadeves MAE MSE uag R-squared 910914 5 seed lagvnaviuneinau ladinsasaviunelinduudu
0 lAnadnsasn13199 25 laeingain MAE MSE uay R_squared lana#ififianfie Tabnet Catboost wag Catboost mud1diy

wazluiaa Tabnet 8 MAE #inusi MSE g9 @emuiiulinadug aginiseduseunngnisalilluuni 5

M3 17 agumziuulsiazling

MAE MSE R squared
XGB 0.0952 0.0560 0.0288
Light GBM 0.0948 0.0557 0.0336
CATBOOST 0.0962 0.0557 0.0339
Poisson_Regressor 0.0997 0.0568 0.0146
Negative binomial 0.0996 0.0568 0.0149
Random forest 0.0974 0.0557 0.0331
TabNet 0.0787 0.0579 -0.0047
MLP 0.0926 0.0562 0.0248

AMNTUTN151IAT MAE 1uanady Bar chart slan1musenau 13 wazaziiuldinluwmaiazuuuifaliing Tabnet Lagmny

Aelunadnnin boosting

Mean Absaolute Error (MAE)

0120
0.115
0110
0.105

w

% 0.100
0.095
0.090

0.085

0.080 -

AMnUsenau 13 A1 MAE usiagluna

WU U MAE 91ntuiinisiindl MSE unuanaidy Bar chart slan1nusenau 14 wazazmiulainlumanazwuuffelung

170 boosting Inglaniy Catboost Regressor ag LightGBM
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Mean Squared Error (MSE)
0.060

0.058 4

0.056

MSE

0.054 1

0.052 4

0.050 +

AnwUsenau 14 A1 MSE wiazluna

gnvineazilu Bar chart 983 R_squared fanmuszneu 15 lumafiffianfie Catboost way LightGBM wazlunailuefiande

Tabnet filviin R_squared Anautdniios

R-Squared
0.035
0.030
0.025
0.020
o
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a
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0.005
0.000 .
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AMUsENaU 15 A1 R-squared waazluiag

o 4 a L) 5% .
HAANSN15LAT1Z1NLABIN28 Feature importance

1¢5in1svi Feature importance deluna 5 luna Tude
® Xgboost feature importance
® |ightebm feature importance
® (atboost feature importance
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® Random Forest feature importance
XGboost regressor

AMUsENoU 16 AoNaaNsaNYin Feature importance #8 XGboost regressor

Feature Importance of XGBoost Regressor

VehGas

Area

Region

BonusMalus.

VehAge

Features

Exposure
VehBrand
DrivAge
Density

VehPower

b T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Feature Importance

AMUszNoU 16 AzWU feature importance 778 XGboost regressor

AfLUsAunvinedwunsnauliananfeusy iinisinaxluefin (VehGas) seafigssesiianfinsusssddina (Area) wae

91930 (Region)

Lightgbm regressor

AMUszNoU 17 ADNAdNEIINYIN Feature importance 7 Lightgbm regressor

Feature Importance of LGBM Regressor

BonusMalus

Exposure

DrivAge

Density

vehgrand

Features

VehGas

Area

vehAge

Region

ehPower

0 100 200 300 400 500
Feature Importance

AWUTENBY 17 Azu feature importance 8 XGboost regressor

lngUsyifin1sieau (BonusMalus) way seevlia1109nsusssyl (Exposure)deranomlusmuleasign
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Catboost regressor

NMUTENBU 18 ApAzULUUNITYIN Feature importance 778 Catboost regressor

Feature Importance of CatBoost Regressor

BonusMalus

Exposure

VehGas

Region

Area

Features

ehage
DrivAge
vehBrand
Density

ehPower

10 15 20 25
Feature Importance

o
w

AMMUIENOU 18 AU feature importance A28 Catboost regressor

AZWUU Feature importance 984 Catboost InalALaiurad LightGBM laufuusiinzuuueasianfe Useinnisimay
(BonusMalus) uay s¥ezlIa1909nI15333 (Exposure)

Random forest regressor

MmUsEnaull 19 Aenaves feature importance ¥4 Random forest lngsulsiidamwaiusulsausnnitgaeviiauiiui

Feature Importance of Random Forest Regressor

vehGas
Region
ehBrand
Area

Density

Features

DrivAge

Exposure

VehAge

BonusMalus

VehPower

r T T T T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Feature Importance

AWUTENaU 19 AzluU feature importance #78 Random Forest
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d3Unan1s1de afiuena uasdarduauue

aiuMEmANaTIluAa Tabnet JAMMAE A1 waz MSE g4 WallSsuliisuiulunadu
AmUszneu 20 Wunman absolute va4 error vadlana tabnet 714 logscale Ingagiduingian actual winiu 0 A1 error

n3aniuegsaus 0 wardmIuaT actual MUNNTT 0 A1 error AENT2INBYN 1 2 WA 3 AUAWIU

Histogram of Residuals tabnet (y_true - y_pred)

H

105 4

10° 4

10% § —]

e |
o 1 2 3

absolute Residual Error

"
<

Frequency

=
)

AnUs¥nau 20 error Yadliaa tabnet

Amusenau 21 Wun1mwesen absolute 109 error Aplulaa XGboost 4 logscale Ingaglainan error vaiALARNLARE

ANEINISNSEBAIUINAIN

Histogram of Residuals xgboost (y_true - y_pred)

10% 4

=
=)
%

Frequency

b
)

10! 4

Absolute Residual Error

awUsenau 21 absolute error wealaiaa XGboost

wenanil lunmuszneu 22 1Bunmaudivese error enfidsdesvesluna tabnet tnee error sndsdesnszyniiuet

3 N3N
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Histogram of Residuals tabnet (y_true - y_pred)

105 4

104 4

103 4

Frequency

101 4

H
2
A
_—

T T
0 5 10 15 20
Residual Error squared

nilsEnay 22 A1 error NFAYABNTENINIAA tabnet
Tunmusznau 23 Wunmarudvesdn error enfidsaevedlinag xgboost Inar1 error enfdeaainsyaniiuey 3 nzan

Wiy uiATlulsiaznsynnIgaeuInnitlieg tabnet

Histogram of Residuals xgboost (y_true - y_pred)

10% 4

H
2
—_—

Frequency

H
2

10! 4

10° 4

T T T T v T
10 15 20 25 30 35
Residual Error squared

NMLsEnay 23 AT error eNANANABNTBYINIAA xgboost
PNazenipgshii1laine mnazSeuiisusg1sing unsegnglin

e Tuna 1 Wisuldiiu luma Tabnet & error 5 /1 (Uuseganzuuuauy® iWelidiunmwiniu) laevs 5 dfel,1,1,1

ey 6

e Tuwa 2 wWieuldfiu luima xgboost T error 5 fraguiiu (Jusegiazuuuauyi ieliiunmvintu) lnedde

2.1,2.1,2.1,2.1 uag 2.1
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wii31%9 2 Tmanedl error weaiu WAtAMIM MAE Uag MSE uid agldi

M99 18 MIBU AL IULELY

MAE MSE

Tuwa 1 2 8

Tuea 2 2.1 441

Ingaziiuinlunziuuanyf tabnet A1 MAE A1n371 usidn MSE gendilanaa xgboost 110 fuSeulddsaaunisaiiiatu

9599949%4L9a Tabnet

anUs1eAn R squared
Tudeyaynil A1 R squared liigatin tnedien R squared siaus -0.0047 i 0.0339 ibiiuldindeyayniivihuneldenn us

Avihwnelunnlumasniiu tabnet Winadindnisldanadevhuadnies ewna R squared Safianduuinet

afUsIBNaN1SITETU

n3i3EudveaA3esluY boosting Wumsiseuiueaeiainaiidudauninmsiiouiuuy GLMuazlugndeyaiidudou vany
p¥an19138u3uuy boosting alFNulFANINIIEELSLUUGLM i NatBeusiuy Neural network wansadeluauidedifude
Ueldiuldognadmauiannsviuneduiivlunint V’T’ﬂﬁﬂﬁL’%sJuifﬂJaaLﬂ%aLLuu boosting agldnasnumsuines
(Computational power) 1nni1 Jaludsfidasdnaielildmnneiifnii

JoLaUDUY

v
= 1%

NNHaTeINWITET Mednvhlduandiiiuinnisseudveunseanuy boosting amnsaliamiuneifninisseuives

wsesnakuudady Felldatauauusliiinsusuldnisiseuiveaasouuu boosting Aurnisuseiudoundu Inelvidadiang
llgweluil

o nsspuivenaissnanvusiuliiasaldlifiuyedeyainiivunalng wavaiunsaldnisiserudaieg GPU (GPU

acceleration) wiavilin1smsuswuls Insluwanarslumaanunsamsusie GPU e liinagidu Catboost, XGBoost

1

LightGBM %38 Random forest #1l4 cuml lunsufiamesuuudynd
o nansnennslifieanefiavmsuluna ansaldusnig Cloud computing 1@ Tnganedusedalua

® ynndBINTSANMIATIALUUBYLU (inference statistic) @1atdenldlumanisiSeuiveuaAsanawuU GLM unu \eendl

A1 Beta NUBNAMUAUNUSTEUINIFLUS LA
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