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Abstract

In traditional claim amount prediction, generalized linear model (GLM) is a commonly used me-
thod. Recently, machine learning algorithms have also achieved good results in the field of it, pro-
viding a new choice for prediction. In the era of big data, how to make predictions more accurately
is an urgent problem to be solved. To solve this problem, a two-layer Stacking model, two other
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integrated learning algorithms and a generalized linear model were used to predict the cumula-
tive claim amount. By comparing the root mean square error and squared absolute error of each
algorithm, it can be found that the accuracy of ensemble algorithms including Stacking are better
than that of traditional generalized linear model. Finally, the paper established the transfer rules
of the reward and punishment system based on the cumulative claim amount, which can be com-
bined with the two-layer Stacking model to develop new insurance products more reasonably.
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Table 1. Feature variable information table for the dataset

1 BIEEHNHIRERERR

AR g AL TR AR AR AR
LicAge HREAERE, LU AL HE AT =
VehAge W RBT AR ZEUE, 438 9 2 Gy AL
Gender L YN PRI
MariStat USRI, A7 2 28 GrRANAL

VehUsage WARE W&, a2k Iy RTAR
DrivAge B NFRE, T 15 £~100 # HE AR

BonusMalus ek, 4T 50~350 Z[H] By A

VehBody WARB RIS, H 9K G R

VehEngine LI, Hek Iy RIUAR

VehEnergy WLRII R RRL AL, S 4 25 Gy AN

VehMaxSpeed BRI ZE e KT, 3L 10 2K Sy RANA B

VehClass W ARBL AR A, 3L 6 2% SRR

SO BRI FFAL AT — D b, 13RI BE AR 8 oy KA B IR TGt 8, 70
2 M 3 PR

Table 2. Descriptive statistics for numerical variables

2. WERTENREESRIT o0

AR TR B/ME i % i ON ] e
LicAge 0.00 282.00 940.00 301.00
DrivAge 18.00 45.00 97.00 46.25

BonusMalus 50.00 54.00 272.00 64.27
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Table 3. Descriptive statistics for categorical variables

3. HABATENMEMES IO

AR BRI MBI R
0 1 2 3 4 5
4722 4723 4902 3856 3348 2766
VehAge
6~7 8~9 10+
2926 1794 1558
7 Bk
Gender
11,570 19,025
LR HoAth
MariStat
7424 23,171
MAHE NP AZE HHE b P B
VehUsage
9956 13,522 6523 594
NIRE i) T3 % WA E RS E Suv
159 1343 1328 1374 20,140 1858
VehBody
RAT 2 HaF FoAth
1629 1085 1679
ik IELE:N Tt GPL I 5 = FeAt
VehEngine
516 7037 6 2 20,821 2213
S H GPL Foht
VehEnergy
9438 6 2 21,149
1~130 130~140 140~150 150~160 160~170 170~180
215 1081 1291 3863 5297 4830
VehMaxSpeed
180~190 190~200 200~220 220+
4677 3672 3331 2338
0 A B H M1 M2
VehClass
759 2991 9567 4894 7745 4639
PRI AR 5 1) 73 AT A5 BT B an ] 1.
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Figure 1. The distribution frequency of the dependent variable
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max (X ) X SR a6 HE R i oK AR
XHF AR, AT T B AL AR

i,m

5 =2
e

HoAri=12,n, e N5 i MR RIELL, BRAIFLIN, & MR e JR IO BIAL R A L,
4. SCIELESRITH
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421 RMSE (AT N ALY N 4, FFH DU AL A 2] 1 MAE (VLT RN EAL) IR 5. Hirp GR Rl
aH, RF R/RNFEYLARMR, Sta RRPZ Stacking 74,

Table 4. RMSE of four algorithms under different partition ratios
& 4. AEIXIS LT OFHE LR RMSE

5:5 6:4 7:3 8:2 9:1
GR 0.656 0.690 0.610 0.430 0.349
RF 0.550 0.529 0.527 0.295 0.257
GBDT 0.656 0.692 0.607 0.426 0.336
Sta 0.605 0.566 0.523 0.288 0.249
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Table 5. MAE of four algorithms under different partition ratios
2 5. NEIXIS LI R OFE LR MAE

55 6:4 7:3 8:2 9:1
GR 0.240 0.239 0.233 0.221 0.211
RF 0.211 0.200 0.190 0.168 0.162
GBDT 0.235 0.236 0.230 0.219 0.207
Sta 0.218 0.212 0.185 0.164 0.146

Xof El A VAR AN R R 4 LU R R B, mT DA H

1) AR IR, it LA RMSE if & MAE Jfabr, =FhEE s S Bk R T4 40
SRR

2) EYIGESMBERRI T EE A 9:1 b, SRR EIER B s BEEZRER LLER I, A
(R FREI 8 R AR A5 o B

3) fERIrEbfly 8:2 A1 9:1 i, 7ELL RMSE K MAE ANV FEFRES, Fri g2 Stacking #5751 %%
Rl
5. M5

FEAT R eI, REFIERE RS, RERGHAREL, BRI E R =2
RAK . ARGV INOEFE T RIGRE, AAE AL, AT RS 28 BB A AT, MELUE R
RPEREUR, 3L AT REAE RIS 2 5] RO B B MK T B imd i, A SO SRR IR E 1 —Foi (R 5 7 A0
W, I 5545 Gt R 25 18 R W R e R MU A8 17 LR

BB D RERG T RELN LI, 2] S &5, HFREJBENT, AT/ RER. B
BRI ZE RGN — AR TR IR 80582, RIWIAA PR 550, BIA SCHRE I 2R 0 B e 1O 2 AE R SE
FR IR W R ORI AR R ARG, MITESLORIT, PR E T E—55, HEIRIEL. EHk
B AR R BRGNS, BRI IRR W, PRSI TS, BRI R R[]

Table 6. A comparison of the two rules
2 6. FMAAVELER

VIR B R R V€ A JEORIU T B 452 BN S5
1 1 3295 3 2
1 1 57,037 3 7
1 2 975 5 2
1 2 53,477 5 7
1 3 1245 7 3
1 3 35,012 7 6
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