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Abstract

Based on the Kaggle public dataset, we first conducted preprocessing such as data cleaning and
balancing to ensure the quality and applicability of the data. After preprocessing, we constructed
insurance fraud detection models using three different machine learning algorithms: Random
Forest, XGBoost, and LightGBM. We used grid search to tune the parameters to improve their per-
formance. By evaluating the models using classification metrics such as Precision and Recall, we
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found that the LightGBM model performed the best overall. Finally, we introduced the Stacking
technique, combining the three individual models as base classifiers and Logistic Regression as
the meta-classifier, to obtain a fused auto insurance fraud detection model. This model combines
the advantages of the three individual models, exhibiting not only high stability but also improved
overall prediction accuracy. Through model fusion, we obtained a more comprehensive and accu-
rate fraud detection system, providing insurance companies with more reliable risk management
tools.
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1. 51§

IR N R LB A P i3, RS 7 2020 SRR R LRnk, IXIRE AR TTmE IE R,
B I0 T ER R VE MR . EAROE, FREZERIRVE SR T ORISIRVE S R A1 80%, FHAELA 200 140
SR L. AR 2022 A, RIS LIRS RIS AE T 2.65 T SR 2 A )
Bk, H AN EM R RS 8 AN RS MR R 2 . ERIKVEAMUGL R A R 7R T 478 K 1
Tk, WER T A WS IEXHE M ER S, 8F 7SR ARG . Bk, BEELE TR
ARAECRIS U R AR N, BN A A s RVE R TR 2 —[1] [2] [3] [4].

H 2000 =LAk, BB LA ST E BAT SV R A WG N, & W F A6 72 ORISR VE TR 3845 2R H
Stijn Viaene %5 A (2002)f# F T 1993 4EM S 5% M N G E R RIGEIRE, Wh T2 ML, a1
Logistic [A]J9. C4.5 tR3EM . KNN 25, 45 B EIR CA.5 Pesibt (U # 2 [5] . Clifton Phua 25 A (2004)%
T R IAEFE(BP) b2 DU HT(NB) AP SR AL 34T T, Jfid bagging AKX Se Ll KA &, 45
IR bagging & SRRSO T B 70 S B3 R SR AL [6] . Javier Muguerza 25 A\ (2005) 73 #T T 43 W 7E i
VR ZEAORBS A B R VERS I v RS IR I, LA T & JERIAT C4.5 A, [RIIT 0fiR Z2 04T T B8 2 A i [ 7]
HIEA(2016) L T AAAG FiB . BP #4 /%% . EXPERT SYSTEM 25 FhilkvE IR A AL A Bk A, IF
MARES A R BRI R0 13 MR T 8 AN 5 RIPIRVE B2 ARG 28] 245 3 (2018)id i i ¥
SFARAL T AR PR SIHURIBENLAR MR, HAE R IEEAE RIS UE T 1P b A0 X A58 B T0 o 52 (1 B (9]
1M AE/INFE (2019) W FH T APriori A FP-growth SIEHET T 42 W3 IR RE A 1) G /0BT, TESE T SRR #T 1Y)

A R AE[10].
AT A EBEHLARAR . XGboost. LightGBM HER KGR IEHKVETR AR, IF 73 5 HEAT 2 LR 34T
EUFPERE

2. BERIRE AL
2.1. BHEKIE

AICAER TR B Kaggle udli 1 & 1O IR 2 7 04 R e g . i T B A RIS A =5 2
ARTF, IS T EANE . 12T G 8dE il BT, BT A R B S AN X R
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MR RIBER, A 15,420 54103, 32 AMRHIE, 280 EERE T 48 0RE F ™ iR A5 BRI S Hom
KDL, RARE AR GIRVE, BUEN 0 88 1. /RG34 1, Hol A8 BRE 3% 2.

Table 1. Sample data
= 1. whsEE

Accident Area Month Claimed Sex

Marital Status ~ Age

Deductible Driver Rating  Fraud Found

Urban Jan Female Single 21 300 1 No
Urban Jan Male Single 34 400 4 No
Urban Nov Male Married 47 400 3 No
Rural Jul Male Married 65 400 2 No
Urban Feb Female Single 27 400 1 No
Table 2. Variable features of the dataset
2. BIEESTEFE
lAchsd AR FHIE 44 FEAE 2 X

1 Month Hr

2 Week of Month CYIN

3 Day of Week 2L

4 Ff ] Day of Week Claimed FRETL

5 Month Claimed LA

6 Week of Month Claimed L

7 Year Ay

8 Make RZE I

9 Accident Area R AKX T . ZBX)
10 RE Vehicle Category RIEHRHY

11 Vehicle Price REMHE

12 Age of Vehicle REFW

13 Marital Status JEER

14 Age e

15 Sex 5

16 Fault T

17 A Policy Type Hm

18 Driver Rating AN

19 Age of Policy Holder AR NERS

20 Past Number of Claims BARN CLRTFRAS P H T &
21 Number of Suppliments BHNER I R

22 Deductible TRZE ARG AT HIBR I £ 40

23 Days_Policy_Accident NI ST o 1) 2 HE PR R
24 Days_Policy_Claim ) S B 32 % b 2 11 ) R 4
25 Base Policy PRIt 25 B

26 S Witness Present WEANEE

27 Agent Type REFAY

28 Police Report Filed ZHENRE Bk T B

29 Address Change_Claim PEAE Motk 5 2 fr B 1)

30 Number of Cars WRBIEHN RIS E
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gk
31 i Policy Number iR
32 \ Rep Number WERERD, 1-16 2 IR
33 S s Fraud Found_P R RIG R THHRE

FraudFound P A& THIRVEIIARZS, HARM 32 MNMEFEABIE S 0 N A7 ATk,
W5 NAEOGEL 9 DR &, SZEAHOCHE 5 T &, S IAEDC 7 Wi, HARIN 2 BiAE &, J RepNumber
REABLREEN RS,  1~16 (M EZEME, Policy Number SAic sk H - IIFR %5 .

2.2. WIEF/R

BARE VAN TR IE & o AR, QAR R E SR AN A FE S R AN A A
AR AR, KRERIEIRETLIRME. Wik, w0 EEET 17 A TR 2 i 1 5 LAk >
TUAR, SRR Z AT T % AR R I S WA AT 1AL

B, WATIHETEE R HZ RS B 9 VE AT FIWr, T RS, HEHORAER R AH
SR AR ICAE AR o0 AT H AR S s o R A, DRIk Bk O BR . Lk, A2 & Policy Type HUE
N “Base Policy” 5 “Vehicle Category” Wi-AF = UE A S, BEIUAR, KILAIER Policy Type L. 7
Gb, HTHIET AT FRILE: —MR B, H—MEInlim. A7 EER R IS
R, RATIGE R bR B B AR RHE, AORBE B AR5 B BJEiR G “Make” X ME & B
AR —E s, HEREIEE 219 1Y), HAME TR T BRI 4, Mok B sk, T
ISR, AR ERIEAT IR (. BRI, FRATEEEIFH T 20 AN R IRVE B B R R E

EAREIRSET, BPFERNE/MER 0, B/ RAFRIETH 86, FRIMLRW TE 1 Fim. T
SRR B /INR/IMECR 0, ZTCEE MR R E AR, BIEREIUFM R, DUREHESE 1 72 K0 R N,
AR 0 Fcs MR Xttt 80 Z %K, S/iE, 783 EZMIEARER FIR. W
A GHRIE A RUE, 75 2 80 Z IS N 4 R EIAT — IR H R KB, i 81 % 86 Z I
NEGPEFRERE X, 87 5L L2 NEGERFEEE K. B, AR SCRXER EREAT IR,

804 I
60

201

01 4

Figure 1. Age box plot
Bl 1. FifEs%kE

2.3. BEDE®

FERIRVE R, BT EVERGIELD, SEHEREATM . MGl S BRNE 2R B I HEA
B, DI EA M REASEAT AL
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SR E

ZHHEER S 15,420 KX RMECR, Hrb 94%NIEH KM, 6% NHVERIE, ZIHIE AT L.

HLAS 7 21 0 A ERAF BRI AS, il tRAST T = R e JERAE BOR B A Y AT
ANHARTFBE, AN HAREE (5 50N A Bos 0 EE A, DLSCBUREA 19341 . SMOTE S A2 Bt (1
BEBLLREESE, Ao TS R & R A AR DB A AT 70T, JRAR X
SEREA A BOHTREAS, AT ALt SR N7 PRIk, ASCORHA] SMOTE S SRAEHARN Bt S AT KA,
CLIE BBt 4R 10 H B, Bl R 2 R I ZREE Bt /A na 3 o

Table 3. SMOTE oversampling algorithm.
= 3. B SMOTE i R R HKIESH

FEARZE S J GG B SR A PREIEEE T I N
EIRVEREA & 14,208 14,208
BIVFFEA R 8892 14,208

Mt 115,100 228,416

3. Stacking R &Y T

Stacking f&—Ff WA R AS By i ) SE S ik OB il 5 050, HZ 0 B AR AE 5 — R M 2 A4k
A aeE R EE, IR R LA 3] R 4 A2 IS 10 s AT HE R, MY RORT A, FRREETROREA
AL R BAT I, IS BRI R XA LA s A& 7 245, N
e AR ER R RZ AL RE . IR 2 OB ST 3R

J5 46 Hodia

RS AE P N e

W2 5 > 2% [ T 45 R

TR N\ Bt

TR 25 3

Figure 2. Diagram of model building process

2. HAET R E
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3.1. BEHLARHERE

3.1.1. BEHARHEX
BEHLARAR(RF)Z Bagging f)—FH9 g, AGPsRm{E NS o9, JR9IA THENURPEIE . @i rE 4
FEA TS SR AT A TR A R IR 2 ARBENL R SER , 28R B I BOR e S A T S . AR T
CART YU SE, I3 Je S HOR AW R 102 . RF AR R T 2 M RN e 1z Auhe 7y, Jedt
3 T AR ER e AE AN KA A AR -
% A JBYE D RARTE I 2 fE, 8 S (R VR USRI . 57k
AGini (A) = Gini(D)-Gini, (D) 1)

v Gini(D):l—i p? o CRARAFZI, p, TR i BRI, RIS EL, AN Gini
i=1
REMEREK . Gini, (D) AIEBURTE A, HEEEHRE D MAREUE, HEARXN
Gini (D)—Zk:mGini(D ) @
S [o] j
3.1.2. BEAARMAER
AR Python3.7 P85 R IHLAS 2% 2 JF sklearn H 1) ensemble A3k 4 37 Random Forest ££%Y, DL
TN AT E IS RS SR S5 3
AR SRR R R TR 4 RSO TR SRR, SR K ILEE 4.

Table 4. Random forest network search parameter list
= 4. BEML RIS RS HTI%

RF B 24 ZHE X SRR SHE
n_estimators RS AN $ [10, 20, 30, ..., 190, 200] 100
max_depth R KR [1,2,3,57,9, 11, 13] 13
min_samples_leaf M7 RS DR [10, 20, 30, 40, 50, 100] 10
min_samples_split T RUAT A s N A [80, 100, 120, 140] 80
max_features HE) S R SRR i DA R I 5 8 ) B KR AR [3,5,7,9,11] 1

BEALAR MR FTRIEHERE, 3k 5 PR

Table 5. Confusion matrix for random forest model

5. BN ARMRELR B3R

HSLhR%E T bR %
RIVE W
ARIAE 2100 s
Wik 959 -

H VIR A0 AT HY (R LA AR bR 0 22 6 B
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Table 6. Random forest model classification metrics
5 6. MEHLARMRAERY Y 3 SR ER

RF Precision Recall F1_score support
0 0.89 0.73 0.8 2878
0.77 0.91 0.83 2806

W _EIRVEAlARbR, FATTRBUB R AR VET LA SR A EE /1, Precision #m. Recall ks
RV REA TP BRI ELEIAS) T 0.91, THRVERIN B0RZ O /& HERR U VEREAS, Rl IZ AR Y
FEREAZ I, BT, A B AR B AE R 0 0.82, TIUIAEE S — M.

3.2. XGBoost &%

3.2.1. XGBoost 3%

XGBoost (Extreme Gradient Boosting) 52 & 5 5 #& - #4 (GBDT) etk i A%, ik /e H AR g £ 5l N
HFARCEA L2 IR, AR SE AE, WbTr 22, IR P B8 o d i Al a3 22 A A2 2%
J%, XGBoost REMF AR R Z R, ZCIEmTIIAE ), A8 AL & TR BT 55 RIS

SRR

obj = X1 (v, 9,)+2(1,) ®)
S, MR O( ) SR

Q(fl)zyT+%i§wf (4)
Fob T S HONS | BRI T ARG wR T A LR . A BINETI R, REET
R

3.2.2. XGBoost &#&
ey o PRS0 (14 368 5 7V A S A /M VI R 2 2K R B, T XGBoost R T 48 1 U e /M )
PR BRE o IR AR PR A By R A R TR S S (R 22 BR (R 4y, o TR LTI,
TR R 2, a7 SR 8. EERRE, XGBoost 2% FER I 2412,
T3 m R 2 A BE 7T o 41, XGBoost I8 FI ] 22 AR B AR B AE V) 4 21, DAY SR Y () I 208
ARG S IR EE IR R 7 R SEOEATIRE 5, SER LEUEHILE 7.

Table 7. Random forest network search parameter list

5% 7. XGBoost Mg E ZEH TR

XGBoost 14 Z4) ZHE L SRR SR
n_estimators EARIREL [10, 20, 30, ..., 190, 200] 180
max_depth W1 B IR [10, 11, ..., 19, 20] 14
min_child_weight T R RN REAB AN [0,1,2,3, 4,5] 4
subsample WIZRBLR ) A 5 BN FEAR B S 1 EL A [0.6,0.7,0.8,0.9, 1] 0.9
colsample_bytree A TR B SoF 5 i B AL R AE Fg L 51 [0.6,0.7,08,0.9, 1] 0.9
reg_alpha L1 ENfk 2% [1,2,...,9 10] 1
reg_lambda L2 IENfk &% [1,2,...,9 10] 8
learning_rate S H [0,0.1,...,09,1] 0.6
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Table 8. Confusion matrix for XGBoost model
5% 8. XGBoost & RR &6

. T bR
HSLhREE : .
HRIKVE Ve
REKVE 2483 395
WvE 131 2675
FH VR VBRI B A H I AR AR 255 9 BT o
Table 9. XGBoost model classification metrics
%% 9. XGhoost 1! #5345 R
XGBoost Precision Recall F1_score support
0 0.95 0.86 0.90 2878
1 0.87 0.95 0.91 2806

HRHE AL e PR, B Precision T HFAT A& DU ALG T IRVERS BLA R 2R T4 VE . Recall
Febr R BIE R VEREA il IERRIR A B L3k ) T 0.95. F1_score #EAART = L B . 2 AL HOdE £ 1)
THM R 24 0.9080,

3.3. LightGBM 3%

3.3.1. LightGBM BEE N4

LightGBM 5L Al 1A% & S T4 1) B3 RAF 50 R (GOSS) M EL SR AL ISR R (EFB) . GOSS MR ¥ A+
AP PERTREARTEAT RAE, D> TR T T FOREAREL, B0 7 IR0 E I A7 2036 . T EFB K B 5 HRFAE
RGP — A BBAAVREAE, PR T ISR DR IE S, 04 & T ISR R E, JUHE A T b3
FAERRE A . XA RS LightGBM 7E KMUBLEME NI Zhrh RILE (, A T VR 2 52 bR B 3% 5
R IR
3.3.2. LightGBM 1%

RN LightGBM Sk HEAT A . A SCR A Python3.7 3735 R L A% 2% ] FE sklearn H111) en-semble
BEHOR G LightGBM #8L,  DLUR AN/ AR # 57 (1 1 R 5 2 5 A i 45 5

AL S B B R 4R 10 RS HH TR S R .

Table 10. LightGBM search parameter list
% 10. LightGBM Mig1E R&HFI%

LightGBM LA 2% ZHE X ZHIE ZHHUAE
n_estimators EARIREL [10, 20, ..., 190, 200] 180
reg_alpha L1 IEMfL R % [1,2, ...,9, 10] 1
reg_lambda L2 IENAL R E [1,2 ...,9, 10] 1
learning_rate R [0,0.1,...,009,1] 0.7
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gk
min_child_samples BT 8 R B MR SR
min_child_weight T SRR
max_depth WP B R IR
num_leaves — BB T S

[18, 19, 20, 21, 22]
[0,0.1, ..., 0.9, 1]
[5,6,7,8,9,10]

[10, 20, 30, 40, 50]

22

0.8

70

LightGBM B R [FTRIEFEFE, W N 11 Fs.

Table 11. Confusion matrix for LightGBM model

%2 11. LightGBMt 1 BSE B 56 /%

B T b7
HhREE . .
ARHRIE e
RITE 2497 381
e 106 2700
HHJRVE R PR AT H A AR R AR o 12 P
Table 12. LightGBM model classification metrics
= 12. LightGBMt 1R 43 3555
LightGBM Precision Recall F1_score support
0 0.96 0.87 0.91 2878
1 0.88 0.96 0.92 2806

W _EIRVFAL4EFR, 1 Precision AT 7S HEAT A BB THVENE DL IR 7738 Tk E . Recall &
PR IITE SR VERE A B IE AR B I LUk 21 7 0,96, F1_score BRI & A0 LA R . 1245 LT B0 42 1) il

DHERG= Ny 0.9149.
3.4. Stacking #R&! &

Stacking 18 E LSRR Seds IR =R ENEAE NI 2] 3%, FETIN Logistic Regression Akt
8%, FIH bR =R AR A RN, 2, SEL Stacking IR R
N = AR R AR 5 Stacking Rl A RLFE FR 6 EL (7 13).

Table 13. Comparison of classification metrics for various models

= 13, HIEAE 5 LIBIRRILE

HiRTIES UHIIES REREIES F1- 7% Auc
RF 0.8188 0.7665 0.9102 0.8322 0.8199
XGBoost 0.9075 0.8713 0.9533 0.9105 0.9080
LightGBM 0.9143 0.8763 0.9622 0.9172 0.9149
Stacking 0.9152 0.8820 0.9562 0.9176 0.9329
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Figure 3. LightGBM ROC curve
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