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Estimating The Frequency of Claims in The Private Motor
Insurance using Generalized Additive with Regularization
Lasso with Application to one of The Insurance Companies in
The Egyptian Insurance Market.

Abstract

This research aims to estimate the frequency of claims in the private Motor Insurance
industry in Egypt by using Generalized Additive Models (GAMs), which can capture
common non-linear complex relationships by combining multiple smooth functions of
predictor variables additive models (AMs).

The researchers proposed a model for pricing Motor insurance that incorporates LASSO
regularization methods into GAM models, to increase the predictive performance of the
model. Additionally, this Research introduced new risk factors that had not been taken into
consideration to estimate the number of claims in pricing Motor insurance in the Egyptian
Market, Distances and I-SCORES credit rating. The researchers used Motor insurance
Line of Business data from one of the insurance companies in the Egyptian insurance
market.

To achieve this objective, The statistical-analytical and Machine learning methods with
“mgcev” R package are used.

The findings reveal that the proposed model of GAM model with LASSO regularization
L1 Techniques (ML) helps in improving its interpretability of the results and increasing
predictive performance, selecting the most predictive risk factors on Pricing Motor
insurance.
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(Baayen, 2020)

oo L Jaan L 13 5 ¢ il AL il 58 65 bl Jolail Allad 3o Ll —
Machine I ) Azl dpaall QIS #3lat Jha Z3laill (e S
omadill 4 g Leale gy 5 Learning

AR



O ABBlall Al s s 2 3laill o3 5 ;(NoN-Linearity) 4kl —
U 38 e Vay dhadll e g sataall CLENal) dadal 5Sa g Gl juaiall
Jasad A s ) A alall g GLMS J=ie 48Mal) Jiadl (<
.(Transformation)
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Jsall e dhall ye il urially 3l 6 Laenall dmpenill z3ail aiad
Lt wY) joatie o gie (o Jay A0 aa 505 <smooth  Functions gl
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(Wood, 2023)
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CREDlgchEy Y Credit I-Score

‘mgev’. R package, Version1.9-0 gtz (8 GAM 4esaall Lazanill @ ibailly Laladl A jall : jaadll
el sl () ) gl (e A0 s ) paatiall (G o AN ALY aladil S
Jsall alasinl H8 =g &un ¢l og Link function daci jle il adlall
Sl @l ) el ldUae sae a6 Alaiall 4aS) G yriall 3agadll
prall orraail) 23 gl aladiuly @l g Al g dnia gl pladll Jal go s 2ay
&Mcd}nﬂ\:\sh‘aeﬂd&j c‘;i)u\}.d\
Y== ﬁO + ﬁllnsured.sex + ﬁz Marital 7 ﬂBVehBrand +ﬂ5 Car.use +ﬁ5 AREA T
s(VehAge ) + s(CreditScorei) + s(Insured.age )+
s(Annual.miles.drive) + € (12)
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10l Cua
blUaal) dae e i Y
smooth functions sageal) Jisall :S())
Cua dpdia sll Glebas) @il ) dia 5ill &5 = yiall 23 saill Gkl 2y
rcliUaall aaey hadll ye Leidle 5 sagaall J)sall il 5 aanall 2l
(Al @l jlpaad) cillUng 23ad dgdua ) pluan¥) (V) ad ) J gan

Min.Value Mean | Max.Valu Median

ClaimNb 0 8 5 0
Parametric coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) - 0.143008 0.086218 -1.659 0.09718
Insured.sexMale  0.051118 0.022342 2.288 0.02214 *
MaritalSingle -0.048288 0.024942 -1.936 0.05287

1A HliaY) adumi A (e et CldUaall sae of i) J gand) (e gy g
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Car.use Commute -0.008531 0.074616 -0.114 0.0v214 *

Car.usePrivate 0.005982 0.076192 0.079 0.93742
RegionUrban 0.050313 0.027561 1.826 0.06792
VehBrandPickup -0.099772 0.044370 -2.249 0.02453*
VehBrandSedan  -0.315972 0.042912 -7.363 1.8e-13 ***
VehBrandSUV -0.122646 0.041400 -2.962 0.00305 **

R 25 o3 GAM faacal) Amrant) 3Ll &nlal) B sl ln e o
Jasay blamal) aladin) Cuny @il uin o Gilad) Joaadl G iy g
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33¢aal J1 53l 4 sinall IV AMANOVA il e

paral) apaatl) 73 gaill Sagaall ) gall ANOVA Jalat (8) a8 Jsaa

ANOVA OF Approximate significance of smooth terms:

edf Ref.df Chi.sq p-value
s( VehAge) 8.753  8.971 28.11 0.00014 ***
s( DrivAge) 3.554 4.444 5.678 0.002861 **
s( Crediti-Score) 2274  2.874 9.5 0.0001***
s( Distance Bands) 3.959  4.924 8.677 0.044*
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L1 regularization

ANOVA OF Approximate significance of smooth terms:

edf Ref.df Chi.sq p-value
s( VehAge) 5753  8.971 28.11 0.004 **
s( DrivAge) 2554 4444 5.678 0.002861 **
s( Crediti-Score) 1.274  2.874 9.5 0.0002***
s( Distance Bands) 2.959  4.924 8.677 0.0005***
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