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Abstract

In recent years, Logistic regression model has been widely used in non-life insurance actuarial
science. This paper uses Lasso and its extension method combined with Logistic regression model
to establish a prediction model for vehicle insurance claims based on a group of vehicle insurance
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claim data in France, and introduces penalty weight. Compared with Lasso-logistic regression
model and Logistic regression model, the results show that the multiple-Lasso-Logistic regression
model has the best comprehensive performance. On this basis, the factor level with the strongest
prediction performance is selected, and the level with the same effect of response variables is
fused, which effectively reduces the variable dimension.
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R E R NMEANBUR BB, ¥ R ORE RS R PEAL, P IR R R E . RE. BEFEEM
Hofth 2> B AT I ORES: AN 9 S8 E Al A 3 S P ZE AW IR AN S 0 TR AR AR I 55 O AP, T HLE s 1
A AT RE I TR A ORES . AR IR, IR AR A E T OBkl & T, PRI
FERFEEIK, IR E IR R 5 R A L H MR A, DRt 0 R e VR 2R ORI ) R 2 R
ARFILE TR ) T, RIS 2 F RN AR OR 2 B PR 0 2 k. BRI MR AN R I A0, A SOR 4= [
RIGEMR AT L. LIRS, IR SR B B 2 L2kt B G, REE R4S
T Lasso il Logistic 84K 7H bk 2 B ILA M SHAGEA, A0 20 7 P K1 18] K P 2546 AN R, % B
A Y (1) RO K] -0t A R PR A T, FRATT AR BIE 9 R SR R 1 B AN [F] R K S R, 0 AN RIS AL
TR R T B G A IEN W E, RSN T ENAE, RREEN e,

FEIA SCHR T, Logistic [H] RS 7E ORI 55 05 B A0 B 52 31 1 MR 2 (1 2Q7E, 18 L B4 e
T LR UT (PRI AR, KOS AP AE(2012) [1]4F 18 H Logistic B840 M 1 42 6 R IGHBER [ 52 [ 3%
WIS IS I NS AT, R, EMMMESE R RN TIRERGHE AR REEW., &
AREZE(2017) [215%F 42 R R IR 3 ) BT T A 8 AR 5 SCER MR, o DB AT AL AT LU B2,
AR A M BEAO B EER /N, TR e, (R R SO AR — AN BRI, 45 R B = W] iR
Pho J7 XM BRI AR SR, (FAARLN IR B AR 2 E R . £rf(2017) 31 MMNARER
. AW NFEW AR AT, ETRERGHE, @577 Logistic FIEBAL, FRICEMIEHE
(IR DA AR s () B R B, IFaE— s AR 73 A 1 % 3R IR A LN, ANTTTRT Logistic [5]
ARSI HEAT T AR . KRR T (2018) [4]FF Lasso [B]JF1 GLM B AU AH 45 & AT 42 5 R AT, K oot s 1)
B GLM BT UL, 4510 Won sl J5 AL I PERE S o = 35 SORNERH#H(2017) [SRF 25 38 G
Il EREE 8 AN AR RAR TN A 1+, 23 ST T 4R R I AR A4 1 (1) Logistic [RIVABEAYAN SCATINAR AL,
SEREW], T EBMRRR T AR EREEE, T AT IER ARG RIS, KHES
W 2 A E S SS A B HUR PR AL S, R BRAS M AR AT B Logistic [HJH#%AL. Oelker #1 Tutz
(2017) [6]# Z K AENAY R3] GLM Ay, 454 T UM B R /> — e (PIRLS) HiZ& H T 1E 4k,
GLM #&, Devriendt 55£(2021) [7]¥ it 7 —Fh 5 A R HESREE & H 1A [B] T PR -1~ R RN BE — i 1)
1 2R BRI IE AL, K 7 VR LR AR R I B ) T b, OB T TR . AR 2 AR
SRR R MR TSI B, 2> 2 AR i W] (1) 2 B SRR PE ALY (1 5, B8 H Logistic HBE%YZE
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G —RA Lasso [AlVHRAR AR f 1 2 B ILLEPE A AL L&, 288 AR 2 [A/K-F AT . [F)
ff Lasso [F1H R EZIGLEESEAN B E, REEIEANBEZMMATHE, B, &30HH Lasso KHY
FE TS5 Logistic [A VAR 37 R IG MR Y, H44H 5 Lasso-Logistic [FlJH#57 5 Logistic A1
B IEAT EE A
2. EBRINTR
2.1. Logistic EJ3{&5Y

Logistic [A]JA#5RL j& —Fh R AR BN /3 RAF B R, FEZERG PR E b, BN LR [RIAH B ST,

B OR R T AL R W] AR — > BLAS R, IRMBE S5 Ro0Aii , AER I RO R i R U
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1, xe BRI, 7 FORMOBLERY, xy RN B, xo FORBEEN, P RRRBALEMME, B,
TR, B, FRoRE j AT B R MR SO A 3R 10 [0S 2R Y WA AR B, Y = 0 RoR RAER NG, ¥ =1
TR REZR W

2.2. Lasso REI R’
Lasso: Lasso f& 114 L VA% A Tl R4, HRE X F

ELasso (ﬂj):ipzjlei |ﬂji| ’ (3)

B FRH (=12, ) DR REBER PR R i DA, p, B j(j=12,-,0) MR R

BT KR P ACE N w, FoREE (7 =1,2,--,J) DR R A S0 2K 158 ¢ A ACT IR TR

H, T H—N RN ES TN AR E B r TN AR &, e RO R A R R R A
Grouplasso: Grouplasso & i H L, 54k, HFAAXWT

o (5) =0, 35 @

ZIESNE M THE B, AT EA LW I BRTIIGE /), Grouplasso &1 T Uk #A7 Fr B 44 LTI AR B R5 31
BH, BBENHTH B CTER, Grouplasso A7 2% 255 .
Fuse lasso: 4 FUNE A (&SR0 3E1T 732, Fuselasso & T 20 J5 82 R (0] (1) 2 R AT L 1550,
HFEAan s
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8 flasso (ﬂ] ) = Z WiGi-1)

i=2

TP TG H A P AR B R B A A A e R S R TR A e, AR SR AR 2RI RS, * T AL &,
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B —,Bj(,.,l)‘ ’ )

DOI: 10.12677/aam.2023.122059 565 IR Esid


https://doi.org/10.12677/aam.2023.122059
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Generalized fused lasso: Generalized fused lasso fCVFH P % & —/NE M (£ R &S 1 smurf @ 5
LI, % E TR R RECE R E A, HRIA R

& gflasso (ﬂ,) = (i;M W) |ﬁji _ﬁj1| ’ (6)

X 2% (8] T AR & (- 4E T AR &), Generalized fused lasso % T I =W H I AT R EER,
X T B ATV AR A5 A0 B 48 SCUIIMEL, T LASTFH 0 BT A ] R 1R R 30022 e b AT IE AL
2.3. BENESINE

— MR B VE AL R IR, ZHERE SRS X BEAUSTAEE Y, SEE TR
A M. SR Lasso JFAN B4 XS ii, N T 70k Lasso IX—M:fi, Zou (2006) [8]#EH T H &M Lasso,
&R Lasso #5E CA: w =8, UL Hoh oy s 0 ATEESEL. EA L, XERUE LUV TR R R
A @R THARIKS R S E B . AEAICH, TSI Gertheiss Ml Tutz (2010) [9]BHEKE y =1,
FEAERE 1 o) H AR T 10 1Y) B I AN

Table 1. Table of penalty weights
=1 OESIRER

Penalty name Lasso Group lasso Fused lasso Generized fused lasso

(ad) - ad _ || p -l ad
Wi Wi = ﬂ/i ) Wiy =
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ad __
W]i =

-~ ~ -1 ad -~ -~
B~ ﬁf(f—1)| Wiy =|B.= B,

3. SCIESH#
3.1. BERFRRIA

ARSCR A IR VEE N — ARG REEEE, RIET R 1) maider 8, ZEIREE T 668,892 MUY,
10 M2 E: nclaims FRRIEIFH, power TR (SR, PoHBEK), bm FRELAFELK
SRR I 25 Ik 53 PR 2R 6% 17 SEAC R ABRAT) , brand FR A, fuel RN, agep R B3 NFRE,
agec RNFWE, expo RN BEEH, Popden /R AL, region FoRJEHEHIX, 72 NALEUIHRE:

Table 2. Variable description table
=2 TERPAR

e ae] eyt i
X agec HRLE ZRs: 0~100
X ageph HIPARE o AR 18~100
x3 bm el gl IR 50~230
X4 popden HPARE JEAEB TR A D% 1~27,000
Xs Power B Y71 12 MF P00
Xg brand 2 AR AR 11 A K
X7 fuel v s BRBIRAY . S BRI
xg region 2 R JEAEHIX: 22 MK
Xo expo AR M 0~1
y I v RBRERN: BUEN 05 1
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Figure 1. Automobile insurance claim factor diagram
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B 1 L DY AL KRR DY o K, DRI, AR TR 98 AR e R L b S T e K S IR T, AR 1A 1(a)
B 1)y B IO AR MR A ER MR S BN Ee . SRR B0 0 i A B A R IR 25 3 N 25 %
e EWE P A BCRBONSE, BRI, RN EEE . i, S ERENR K
ARG PR DL T 0 A KRB TE, ARAE ] 1(c) T A A R R I 0 2 0 N2 AE KT v A B B v 1ok
KA B BN RGP AR, BAE R ARG OU N MR A58 TR AER GBI T kA, A
SRR R ARG DL RAE KT I 70 AT SE N A, AR 1A 1(d)RT AT H A 2R U 10 2 T o X 2 11
BRI v TR AR R A0 2 BN J A 1 X FEE P B A KT, DRI 1 P v R B X PR 2 B N T
SRR, AR 1(e) AT A AR 2R 0 2 N PR DX 8 i U1 2 B 08 v T R A 2 R 22 Tl N 1 U 2%
B, EASERE KRR ERWENUOR R ARG = MR AR AT, B RA E #2572 1 B2
i B I D AR AT A W

3.3. FREBBEMNR I ET
Logistic [ )= 145 2K 2 44 -

L(/i’):—%i(y,xtﬁ—10g(1+exp(xtﬂ))) , @)

t=1

n RRRBER, ) FRE (1=1,2,,n) BRERERERW, B=(8,.0..0) RrESHAE,
%@:u,ﬂoﬁrﬁtvﬁﬁmaﬁgamg
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Multiple-Lasso-Logistic RI7E Logistic [3] V= 451 2k bR 255 0 75 111 B0 8, AR S AN RO A 838, 7 X(3).
4)s (5) (O)FkFE A WETT KT EFHATSEAG TN, 8 R4 R B IAE R £, KA il
BE TR B R4 N 0, 79 B ARRE A /15 4% &, ) Multiple-Lasso-Logistic [F] B o () SR $ At i+ g AT
LA a5

/= arg min {L(ﬂ) + }{ > Gutass (ﬂj ) + D e (ﬂz ) + 2 Etaso (ﬂj )]:I ’ ®)

je{7} Jjel1,2,3,4,5,9) €68}

HRAE AR B 7KFE5 0, AT o il AS SRR R (Y j = 7 MR Group lasso #1511, XA E

W, BWNER, BT, R, NOEE, BEHC j=(1,2,3,4,59) FHBEAT 70 A6 AL 5 R
M Fused lasso 41, &R /AR Z AIKIUFIEM, X4 R JEEIX . EMEE j=(6,8) 1)
i FH Generalized fused lasso, [FIB 5| NAETIALE, ARSCEHE 1 A B &R TIACE

Fused lasso 1&H 1A 57 8L BBl A AL & e SR A T AR &, DRH AR SRR 0T I S A S gk A

AEFR, AT o3 AR AL BRI 25U R A — K R B AR B AN T LIS D, 45 5K B A B D D) 2 5 1 T U g
FEIE, RIS AT 28001 73 A6 AL B A AT DAS SRR AL A TIOR3 N IR IS BE A0 46, Bl WM AT 7048,
BEA— g R, AR R H) smbining 12, F&T BB UL, FIF A 55 KORBEUT 4
fE532E, MR4E smbinning H 71 ctree FIEFAT R, WHERAFIA, AEHEIVE, HETRWT

N
V=>1v,, )
k=1
Positive,
v, = PosiFi?/ek 3 Negi.ti.vek In| _Positive | (10)
Positive  Negitive Negative,
Negative

H.rr Positive, KR4 Id smbining B35 55 k A kA RIERIFEAEE, Positive RosTH 4 KA R
IFEASUR, Negative, /85 k P R K AR MFEAKE, Negative R A H PR KAERIEHIFEA
B, NRRSEREE, SibEnIa, R IV 8 0.0446, IE/KFH TV AN 0.1190, F# 1)
fH IV {E4 0.0198, ACIEEER IV AEN 0.0131, IR FSER R, NDVEE R FSR R 2=,
SrFETE LN 3.

Table 3. Bin table for continuous variables

=3 EETENSHER

I IR

X <0 <1 <3 <4 <12 <14 <16 >16
I (53,924) (70,713) (108,458) (43,031) (266,187) (51,632) (38,679) (36,268)

x2 <25 <40 > 40
AEL (38,493) (233,382) (397,017)

X3 <51 <57 <63 <68 <90 > 90
W% (393.811)  (51,936) (37,747)  (42,306)  (98,784)  (44,308)

X4 <40 <393 <526 <730 > 730
Pk (80,784) (254,573) (34,125) (34,786) (264,624)

FEXELERIAR 4605, KA 10 158 IR e W1 S8 A, BaRER i 10 DA &
o FATR R 9 MES A R ZRFEASR R S, SR )58 R AR A4 & (B SR TEREA) SR SR Z i
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Figure 2. Diagram of harmonic parameters and deviations

E 2. FFMSHMRER KX FRE

2 B REB ) w22, BN log (A1) » B A RN RN 2880 4 BUE N LR 22 48, B A 1)
R, EIIIEMSEKR, TREFEZMABEWES Ny 0, FILHERI—NEEMAMHE, TUE
HBEE A SE AN, W2/, B 245 7% 7R lambda.min 1 lambda.1se, 483k
HUad, BI—ANJ5 270 N s A e A8, B A =0.0001325699 , 58] A5, FIH R BAFH) smurf
38537 % A Lasso ] Logistic [ AR, BRI SHALTHE A1 5E 4 Fios.

WE 4 TTUEH, BT MSEFEA TSR, S8R A E TR NS B S H s T

Table 4. Parameter estimation table

F 4. BRIEITR

Parameter Estimated Re-estimated Parameter Estimated Re-estimated
Intercept —4.18950 —4.17241 X6 0.11488 0.02728
X1, 0.00930 0.08820 X69 0.10249 0.02357
X12 0.01724 0.15796 X610 0.17348 0.09104
X13 0.01724 0.15796 X611 0.12034 0.04494
X14 0.01724 0.15796 X71 0.03634 0
X5 —0.15893 —0.03381 X7 —0.03634 —0.12636
X16 —0.27250 —0.18409 Xg1 0 0
X17 —0.27250 —0.18409 Xg2 0 0
X1 —0.00471 —0.13040 Xg3 0 0
X2 0.38298 0.29767 Xg4 0 0
X31 0.38235 0.41933 Xsgs 0 0
X32 1.06089 1.08860 Xs6 0 0
X33 0.56812 0.53534 Xg7 0 0
X34 0.84035 0.84767 Xgg 0 0
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Continued
X35 1.47813 1.47532 Xgo 0 0
X41 0.06381 0.13264 X310 0 0
X4 0.15616 0.23155 X311 0 0
X43 0.15616 0.23155 X312 0 0
X4 0.23625 0.33717 X313 0 0
Xs1 0.06584 0.10830 X314 0 0
Xsp 0.06584 0.10830 X315 —0.13936 —0.29419
Xs3 0.06584 0.10830 X316 0.10391 0.24914
Xs4 0.06584 0.10830 Xg17 0.17795 0.20794
Xss 0.17222 0.26283 X318 0 0
Xs6 0.17222 0.26283 X319 0 0
Xs7 0.17222 0.26283 X20 0 0
Xsg 0.17222 0.26283 X1 0 0
Xs9 0.17222 0.26283 Xo1 —1.49205 —1.54313
Xs9 0.17222 0.26283 Xop —0.65263 —0.73935
X510 0.17222 0.26283 Xo3 —0.31357 —0.45257
Xo1 0.07747 0 Xog —0.23871 —0.38460
X62 0.10147 —0.01309 Xos 0 0
X63 0.23292 0.13926 Xo6 0 0
Xe4 —0.33466 —0.41231 Xg7 0.37788 0.37030
X5 0.11864 0.02594 Xog 0.61880 0.60131
X66 —0.20876 —0.29601 Xg9 0.53604 0.51005
X7 0.07558 —0.00398

i, HtefF—EmzE, BMATHERES BTSSR, B REES N 0 B E Lk, REARER
T, BEFAGTH RECE B S5 IENAA A R SRR ARG R, EAS A RWZE.
R4 bR 45
In (%j =B+ Z,Blkxuc + ZﬂZkXZk + zﬂskxak + Zﬁ4kx4k + zﬂskxsk
§ k=1 i k=1 } k=1 9 k=1 k=1 , (11)
+ Zﬂ6k'x6k + Zﬁnxm + ZIBSkxxk + Zﬂ9kx9k
k=1 k=1 k=1 k=1

B ERSHAIML, AT DUE NS 2 A A AR R IR 15 R A AR o

WRIGE 3() T AE I, HX TERIRIERA, BRSNS EREME I, K 3(b)r
TEZMFNAERBIOM R E m, BRI A 7 F R E RS . 3o m@asafkg 2 LI,
HA 22 R8P (BRI I S D Sl 22) B B BN R A R UG O 5 1] 3(d) RN s B v R T B8 )
KRR, BRI A B R UK B w1 3(e) Eansh /s S VR 2R L sl 70 B 95 iR 4 B S i X
Br, [ 3(h) s R X B REBOR 2 H B 460 17 0, BRIEXT R IR 5 R AERI A K, (A AE g5
N R73 BIHLIXANEE 5y AR, S5 4 R74 RS2 IR AR XS T HAh X BEAE 5 RAE R, NS Hfliv &
R LVE R Z /KPR TRl G, ShRiME GLM A n] DURGFHOF B B 3hH) BEAR 7 482 (1% 3).
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Figure 3. Parameter estimation plot
B 3. %iEitE
3.4. BTN SR
AR SCAE FEBAS RS 400 AR I SR iR A5 S HE DU (ATC), A DL 30745 B E N (BIC), BIANF
AIC:2k—21n(L), (12)
BIC =kIn(n)-2In(L), (13)
Horp k RAERZHAKL, L RAEARREL 0 ARG, SRS S AIC) SR AL 7 BUE iR
IR FEA A H s L R bR, BIC {5 B HEN 5 AIC AHL, H T8RS FE, AIC 1 BIC BJ5| N\ 1 5154
SHA BRI BIC IAERTTIEL AIC K, B8 TREAKUR, & 5 W& MR AIC, BIC fH,
7] LA H Multiple-Lasso-Logistic 57 3 HL A0 i 47

Table 5. AIC and BIC comparison table for each model
= 5. &MERE AIC # BIC tEEik

AR AIC BIC
Lasso-Logistic 150,736 150,992
Multiple-Lasso-Logistic 149,618 150,052
Logistic 149,628 150,407
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AUC 2 BB PE R Fabr, /& ROC #hZk 7 T AR, ROC #l 28 i ~4F & TPR F1 FPR 41/,
XANAEALLFPR % TPR, B2 DA S U 25
x FlONAERBH P 2 (FPR): BT BISAREASH, 43288 TR RS 52 1 L 1)

FPR=— 0, (14)
FP+TN
y A B MR (TPR): FrA IEFEA A, 43 S8 28 Tl 1 A 11 b A3
TPR=—°__, (15)
TP+ FN

AUC YEREIN 0 2 1 2 (7], AUC E#kET 1, BEAR IR Rekey, & 6 Ron&g MR AUC,

Table 6. AUC comparison table for each model
6. FMERE AUC LERR

e Lasso-Logistic Multiple-Lasso-Logistic Logistic

AUC 0.6879 0.7035 0.7035

FRAER] Logistic [FIABIRI MG AR AR, b N —LR B2 AR R, TRl
ST 255, Multiple-Lasso-Logistic 2411 248 5 H/KP 4514, XN H A& R E N 7%, K
Mge 1990 RIEAE R 0, Fiidk TN EE /1 s 7 &, RIS REK VR AR KPR TR G, A 2R
T A EYERE, WRIEL 5, % 6 TLIEH, Multiple-Lasso-Logistic [ A4 ALf#) AIC 1 BIC #/2& f/N
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