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Abstract

In recent years, China’s insurance industry has experienced rapid growth; however, automobile in-
surance fraud has concurrently become increasingly prevalent, posing significant threats to busi-
ness operations and market stability. In this study, automobile insurance fraud data, including ac-
cident information, compensation records, and customer characteristics, are used to develop four
individual prediction models: Random Forest, GBDT, LDA, and LGBM. Among these, the LGBM model
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demonstrated superior performance. Subsequently, a traditional stacking ensemble approach
was adopted to integrate these base models, achieving enhanced prediction accuracy. To further
address potential overfitting issues, this study initially borrowed from residual network method-
ology, directly concatenating original features with predicted probabilities from the first-layer
models as input for the second-layer model. However, experiments revealed inconsistent im-
provements, with performance fluctuations. Ultimately, PCA-based dimensionality reduction and a
dynamic weighting strategy were introduced, achieving a deeper fusion of features. This improved
ensemble strategy raised prediction accuracy to 0.870, significantly enhancing automobile insur-
ance fraud detection performance and providing valuable support for risk management within in-
surance companies.
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1. 518

TR, REAT LA Sl R 5 KB . N T REROR IR R &, IR ORI USRI % [ B A3t
THEAR. BEE TP, AMTEORBE EARSCORI A L, FEREAT EZ AR, SN
HFEE —RORE T3 [1] [2]o AHSURRIN, ORISRV [ B e IR B 5 o B4R ORISAT b A8 T i 2 FR I
WVEHER VBRI, HmHE W 7 ik, ks REZFEE KR ERA R, FRIKERDY TA
A BALI R R[] Hh TR BE 22 A0 OSIRVE TR, R All e DA 50RO Ve i, 3
BUmEAGHURAR S LK, B T @ R e . R, O A S R VR R IT, R BRI X
W YESP T I RR PP AIAL A8 B B 3

FURT, A& B KB AR & 22 SR N RIS AT Wb b H 2 M A 1), o 46 32 SR TE M e e
1, Artis S5 AR T Logistic Bl ARIRRIRBINLAD 4240 CR S VE AT 9 [4]; Nabraw 55 A JUA IR AT L #827
TR BT R R IR VE BEU[S] . ISR AP T — Rk TR A IO BE LR IR AH 5 73 228
T 3RS ZE ORI VR U0 A R SRR . S AL GRS —BEALAR MR BVE AR EL, 207k B 4R 1 R
FEHRVE IR BAE 55 BRE 10 FE 5 AR AR [6] o

fE LB FE AR B, A B RIS VRS, B2 ) S, B BRI EE . AR T
FELL K Z it Stacking S RSO RLAA 17— S FIEIN HERA (1) DR IS SR VERL R o 2R AN B 8 A7 R PR B
VEAT N, dbReHE— DA R B 2R, I ORI 24 R AR — (2B PR N 3R A AT 5 (K TR HESCHF -

2. BigsE
2.1. BHEKRIR

AR T BT = K &, G E IR A & 5 B AR BRI 700 % 38 MRFHE, i
TREL AR . RIESEE RG], FMBURE o, b,  “policy_csl” R EREK
WA BT PR, 40 “500/1000” AR B AT PR 24 500,000 370, FRELIA R B4 LR
51,000,000 T, B EFESHE 1.
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Table 1. Table of instructions for some data indicators

= 1 B EIRIEARRRAR

policy_id ENSE R umbrella_limit PRBSE DA FRR
age RS insured_zip L Ar N
customer_months BN IR K, BLH 9ERAL insured_sex AR N
policy_bind_date FREG S E H 3 insured_education_level YN
policy csl 2H A B — PRl capital-gains RN

2.2. ¥HETFE

I B S RAE AT AT, ] 1 FR, BRI AE “ collision_type” (<20%) A “ property_damage”
“police_report_available” (¥ >30%) =/N7B. @ MEERRFERAD R, 2R 75 R50 A WX Be gk (5 7F
A A BENLER R (MCARY R, BRI R 1 A 5 B8 AR B BRI AR B 00 0¢, B MNIRR 7T g 5 BURE AR 49 A0 (i
ZE[7]e WELRUL, BRREHRE IS TE BT A W &2 R, AAETEATAT R, BRI RE
BREAR AT ZE . FIR, MM T B8 =# 5 Hb R EAOCIE B35, DRk 2R - AEUE 788 R A,
AT B4 50 B M 5 R A 250

Missing Values Percentage by Column

age{ 0.0%

auto_make {1 0.0%
vehicle_claim4 0.0%
property_claim 0.0%
injury_claim4  0.0%
total_claim_amount{  0.0%
witnesses 1 0.0%

bodily_injuries{ 0.0%
number_of_vehicles_involved {  0.0%
incident_hour_of_the_day { 0.0%
incident_city 4  0.0%
incident_state{  0.0%
authorities_contacted 4 0.0%
incident_severity 1  0.0%
auto_model{ 0.0%
incident_date{ 0.0%
incident_type{ 0.0%
capital-gains {  0.0%
customer_months {  0.0%
policy_bind_date {  0.0%
policy_state{  0.0%

policy_csl{ 0.0%
policy_deductable 1  0.0%

Column Name

policy_annual_premium{  0.0%
capital-lossq{ 0.0%
umbrella_limit1  0.0%
insured_zip4  0.0%
insured_sex{ 0.0%
insured_education_level {  0.0%
insured_occupation{  0.0%
insured_hobbies 1  0.0%
insured_relationship{  0.0%
auto_year4 0.0%

collision_type I 178%

police_report_available N M | 34.3%
property_damage e e e W W, 36|0%
0 5 10 15 20 25 30 35

Missing Percentage (%)

Figure 1. Visualization of missing values for all variables
E 1l eTEHRAEARL

FESE R RAB AN, 7 BE— D4R WA T B AE R, 3RO R A B AT 7R TR S 0
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TAb3E . 5%, HHRERR SRR FIEE “policy csl” , FIFH “\” 2»BE70E HA% 2 “policy_BI” #ll
“policy_PD” WANHTRHE, J3 27 By 14473 55 IR A5 PR ATURN A 7= 453 SR e A+ BIR A, LA B8 40 S50 PR v 45 54T
PRZAS B bR AR B2 AR . LR, N TR RS BN AR A &, NG EHE T ARPE
ME 25 T EA AL EARRIEAIMRE, RAHSMERID: HRRENR 5w iD, M sesl
TARR ST N A BEE R . f)m, EPGTES [AIRRAE “policy_bind_date” Al “incident_date” , FA1iH5 T
FHORAE BIAS IREG@ H 2 B 2208, AR A& “delta_time” , JFA “incident_date” H4&HLH H
5 B AR “picked_month” , DUHEZETI ML . SEOXEHRAESS, BIBR IR 1 “policy_bind_date” Fl
“incident_date” , ¥ A% [ = AH S

FE FRHOHE AL BR S, 1 BRI I AR DG 2 T IR HY S A D I AR DL ] 20 MOE AR S A B (L1 3),
K I “age” 5 “customer_months” A IS, {£FE “customer_months” fE 5 B S g5 P AR i R B0 A 5
[Fi,  “total_claim_amount” #& & 7 & TR EHE, FR B A S0 ]k e 2 8 2 1 1) i

1.00

age
0.75

customer_months -0.50
-0.25
total_claim_amount -
-0.00
injury_claim - 0 0
--0.25
property claim - 0 0 --0.50
-0.75
vehicle_claim - 0 0
1 I _1 .OO
& £ 5 £ £ £
© € 3 ks ® ®
o € < Y e
g s, > 2 2
— S = =
2 £z r 3
g = 3
3 i)
° 2

Figure 2. Heat map of highly correlated variables
2. SHEXTERNE

ot FIRAFAE TREANE S, BATHRIG T 40 MFEAE R . K 3 BR TR IVERZ it o, Hd
RVEZ P AN 25.9%, TiARMKVER FIAE] 74.1%. 2800 EACTE, BT IR A6 I 27 ] G
ST 280K, B OHRER . ARIUX— i, RATRH ADASYN RAfi%[8]. ADASYN
Jidmi BE N A T D BERREAR, R RRIVER P R R, AN R R AR R A B R S AR AR 1)
A4 NSRRI . 3@ ADASYN SREETTVE, BATRAE —APEIEHESE, R IRvER P REASE R
560 1>, AEMRVER A4 KR 519 1.

DOI: 10.12677/aam.2025.144197 691 I3RS


https://doi.org/10.12677/aam.2025.144197

EES

Insurance Fraud Label Imbalance Distribution

@

Figure 3. Distribution of insurance fraud labels

3. RIGERIVERRZE 5370

2.3. $FHESAT

BN REREIE SR EREI TS T E

incident_type 5% incident_severity 5% collision_type 5%
200 fraud 200 fraud 140
- 0 = 0 120
-1 -
150 150 100
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§ § 100 §
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Figure 4. Frequency distribution diagram of some discrete variables under the categories of fraud and non-fraud

4. B BHEEERIESIFIELRA TR 51 E

3ok 43 B BRI (L9 “incident_type ” “incident_severity ”“collision_type ” “authorities_contacted”
“incident_state” “incident_city” ), ANHFITIESE AT oA, E S [ RVE(fraud = 1) 5 EIRVE
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(fraud = 0)ZE B K> A = 5. MEE EE 4, #F “incident_severity” (Z#0™ 5 1) 45 /E major_damage (k15
T, HRVESN T A T AR IR VES S AR, SR BHIRVE S RIS A ) T B KR ORI AT IRVEAT
N, XFEOLR, OREG A B R RE R B ST S A L 4, B R RS UR A, AR TN LSS A R
RS AR H LI, 28, BRIV AR E.
3. HEIEY
3.1. ¥ IEHR

N T AN AL 2 (B R e I 22 e, R DL UM FR AR, AT HEE, HRLE WL 2.

Table 2. Confusion matrix
%= 2. REHEE

HYUE
1EH B4
1EH TP FP
THE
1451 FN TN

FESLEERS B, 25 U R PR bR E X
#ERf 2 (Accuracy):  FITAT IEBATRINAEA S S FEA K LB, e AR 441 5 fig
TP+TN

Accuracy =
TP+FP+TN+FN

K551 % (Precision): - TG 1B FOREAS o SEBR o IEGI T LA, T BRSSP A

TP
TP+FP

Precision =

7 a1 % (Recall): - 5EBR 9 IE BRI AS sl IR U0 (0 LG, B BRI ARG XU

TP+TN
TP+FP+TN+FN

Recall =

F1 2080 S0 5S A R A28, SR a VP AR R AE SR AP i s o A A 17k

Precision x Recall
Precision + Recall

Fl1=2x

ROC 14k Je W T #E B 7EAN [F] B T RN, HBE R ORI (FPR), A A E IERH 2 (TPR). #
MEEE TPRIOK. FPR /N, BIHA®E TPR=1 H FPR=0, [t ROC Hikiflifir /&£ L M (2 5 45°%F
FA2R) R AR B AR BT . AUC IER78 ROC 4R N RITHIAR,  U(E K 3 A B Y 7E [X 43 I FURE A 7 T P g
AL .

3.2. EERTUNRE

ASCHE AR TR AT AE ARG S VE, 3Tk, FRATESL 7 a0 R RS FARAY, E R T BEL

AR 2 | LDA 432845 . GBDT Bi%Y LA f% LightGBM %!,

1) BEMLARARRER
Bifi HL AR MR (Random Forest, RF) 2 —FftJ T W S b (1 52 il 2 J v, G e ) 3 20 ARARE Hb e ST 1) e SRR -
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el

gha e AN A TITIN 25 SRS iR R R HERA PR A2 A BE J0[9]. Hodz 0 JBARR “HRIMRE R, BIZAgyea )
(PRSI B BT 77 AL (R SR B, AT A — R P M

2) LDA H7

2% 340591 43 Mt (Linear Discriminant Analysis, LDA)2& —Ff il B 2 S B 4EROR 72 — PR RS U

1[10]- LDA T 15 A U AR R AE A M sy 4 22 [R50 BUMRGE 2 W], AR5 Z /s, SRAM T 2K
WRYEILFE s AL B FREAR RIS o 3T 0 SRR 0, B B VIR w, X T EER

Ay St W LAWY, o BRIy gy BRI W gy 0 W gt IEES)
ST R AL KA LB SR TR K, BRI WYty —wTas [+ 36 ELHK P IRIBE RATRER b, T LA
FMEW S WIS, HE LTS T, LDA BEAHOULAL H A74:

2
argmax J (w) = "VZT% _WTTMHZ = v (ﬂOT_ﬂl)(ﬂO ) = W:Sbw
— W' Z W+ w'Ew W (2 +2)w w'S,w
o, S, =W (py— ) (1o — 1) FRIBUBESERE; S, = %0+, JIFKAHEE R

3) GBDT #x %!

GBDT (Gradient Boosting Decision Tree, 15 #2 Tk M) & —Fh3E T Boosting 4 E SR, @
T IEARHIAL 3G — 20 55 27 ST 2 (VRS ) KB R A TR S5 5 o A — BT R DL 1R S 1 — AR 10 ke 22 (R 451 2%
BRI TR IE),  FF4 22 BRAR (R TR0 25 SR A E o e 28 St o

4) LightGBM #: %!

LightGBM (Light Gradient Boosting Machine) & —F3& T GBDT FI 2 SEBl, &R e 1 i H R [11].
51t4; GBDT ANF, LightGBM R FHZE - L7 BRI R M B0, R IE SR8 B a i v BT 1, TR
BT B RN AETEAE . tesh, ORI T k720 #l (leaf-wise) (OB AL A HEME ,  LEAE SR E K
REREAR I SRR 22, LAY AR B A B B R SE PRUSCS. sl B BEAR THI T X, LightGBM fEAF AR
HERXS b — IR AR ZE AT G, AT AN W7 SCdE A 2 i o
3.3. EHT &% Stacking RIS MF SJHRE

Stacking #& —FhEE L2 ) SEmE, HE SR B IR E RN . R Z(RHERIUZE) T, [Nz 2
AR FAEA, NS AL BENLARAMAE AR R 35, RO A BRI GE R . S, Xes

Ty A O RO IE R B, IR N AN BETUZ BRI ZRAE T o THUZ A5 R ) FH K R A1 ) K 25
BEAT F TN, AATTTAE 2 H 52 38 1Y) Stacking SRR STHESR . T &1 5 R 13X — 22 I AR s e

W4

EEn

a1 ’?f&
&
Y 1 I
el ——— iyt {E
g

Figure 5. The Stacking ensemble learning framework
5. Stacking &£ ¥ S HEZ2
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3.4. 1AM res-net UiHfESE Stacking ERE S

L4t Stacking AR 1R BRI A A R — 2 AR, (SR RE AN Rt G 1 2 e il
WA, M res-net (RZEMZ)MERBE A, GRS 3] a8 ARSI SEAE b, JEES Rk 22 s i
SR N SRR TN 45 R, T O S R ARSI o 127 VR 5 ) 35 2E BRI M AL 5 S ey
MEPH e LR A T2 2188, BLORE 1 80l HOR)Z 20 A1 5 2 AR AR FE R0, Sl Al 52 P #5426
PERIEE ST SRR E A IS KNN SRR A% AR A Rl & R REAT PSR, R P ] S A 5 A 41
LA WU, R R R SR A R EE . BB R S AR R RN, A R TR R AR
PR R ERGINGATE ML OTE. TIE 6 RHYURRE:

JRIEHHE

Ik EE4 EEn

\ - %

<\
Bl ..
mzy ) 2~

Figure 6. Improve the traditional Stacking ensemble learning framework by imitating the res-net

[E 6. /588 res-net Btk {£ 4k Stacking HUEE AL F SJHESE

4. BEREN SR
4.1, ERTAARBETN S 4T

AT T AE TN OR S SR VE R AT e vt AT T — MR HE Rk R, RIS RENLAR MK
IR, LDA r 2R, LGBM SRR GBDT A8 . AT I W48 22 1 s 2B 80 ¥ B (1 S 40,
I B B2 73 U ZREE RN AER, AR IZREE ER M K 358 SURAIEXS HY P 2 15 A7 A8 RIS VEAT AT
Mo FEJE, FATEE 7KDY TSR AR T AR, B LS5 R L 3.

Table 3. Performance metrics of four simple prediction models

= 3. DOFiE R FUNR B R M REER AR

et Accuracy precision Recall F1 4351 AUC
BEHLARAR 0.797107 0.790169 0.797107 0.785970 0.858699
GBDT 0.805642 0.809511 0.805642 0.805919 0.858798
LDA 0.804217 0.796984 0.804217 0.791506 0.835980
LightGBM 0.812813 0.814727 0.812813 0.811280 0.853405

FRATRT LG 7 DU Y A PR AR ORI SR VE T b 0 R L, A FEBEHLARAR. GBDT. LDA #1 LightGBM.
SEG 45 SRR LightGBM. 7E1HERA#(0.813) F5#fi%(0.815). # [1]#(0.813) A1 F1 4%1(0.811) ¥R I
e, W] LightGBM e 4 [ R VE AN AR VE VR 77 T B AT R BI04 ek i 38 o A B R ) IR R
FOIRVE I LU BIAAIC,  RTa DRL GR AT SR 2 150 TR i) FL 20 500 S e AR A R AR
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2
t
X

SHRVE) 5 R 8] B PG E 7o, 30T DR Ml 55 rb P2 ] AR 453 R AN 2 AR s AR AL A 8 ok L, (EL A
M, B2 EZEHRAK,

4.2. £&84; Stacking EERIERIAIFN S DR

7 Stacking HERAELE T, 55— R (BEHLARI . GBDT. LDA A1 LightGBM )% H i 5 A% 2 (R AE
AR E N IRVE S ) A 1 N TO R IR AR B, AE R R n B M AN . BRI S, MRS
F—EHRHEE S, KRR =

p= [ Prr » Peeor » PLoa: pLGB]
YENTUHRE, 58 — Z K TR (meta-model)df — 202 S RIS . A2 I8 70 B4 br WL A< 4.

Table 4. New indicators of the training set based on four simple prediction models

4. BT IOHE R FUNE BRI E IR

Per Pesor Proa Pice
0 0.17 0.000189 0.031800 0.029088
1 0.16 0.002398 0.019811 0.022291
2 0.17 0.003263 0.042782 0.036061
3 0.95 0.996266 0.987562 0.951375

¥ EIRIEARAT AN ZJE R e, R R IRA 1 R T LR AMRASEAY | A2 DLt i (Naive Bayes).
LDA. B4 (a7, 3 £f [ B HL(SVC) KL 4% (KNN).GBDT. AdaBoost. LightGBM Fl i it B H L1 (ExtraTrees) »
X AR AL 53 53l ) % B AR R SR O A o0T 35 — 2% 7 BB 2R i 1 EAT Rl A, AT AN [R]ASE Y ] ) LB
B MERERIIE 5.

Table 5. Performance evaluation of conventional Stacking models

%2 5. 1£4; Stacking #R B REIEHT

e} Accuracy precision Recall F1 3% AUC
BEALARAR 0.854938 0.827027 0.910714 0.866856 0.919395
Naive Bayes 0.848765 0.825137 0.898810 0.860399 0.931891
LDA 0.851852 0.822581 0.910714 0.864407 0.933761
oAl 0.848765 0.825137 0.898810 0.860399 0.933646
svC 0.854938 0.820106 0.922619 0.868347 0.862599
KNN 0.864198 0.848315 0.898810 0.872832 0.908387
GBDT 0.848765 0.825137 0.898810 0.860399 0.922447
AdaBoost 0.802469 0.788889 0.845238 0.816092 0.800824
LGBM 0.842593 0.834286 0.869048 0.851312 0.910981
ExtraTrees 0.854938 0.823529 0.916667 0.867606 0.918536

PV — B LR 4 NMRFMER T — 2R, 58 2 FBR Il A 10 FBREAT LLAL,
M BRI LA Y, RS ST A 45 R i L — R R RO B2, 4502 KNN SRR IRl H—
LEZE PR Y (AR [ I AT Naive Bayes)fE AUC fibr b o BRI X 72 RE . SR FRATISE ey 21 2
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I, W RATE B R P8y 187 PR AR ASE AR it T DA B AL (5 SR, LR AR AN ] 3 4 ) A7 E I 0L 45 1 AL
4.3. {78 res-net B tE 4t Stacking FISERES]

ARG ), A BRI BB, BATADCR SRR R 25 A IR 5INEE R, [R5
NIGHRFR, 3t 44 BiRr, Il HES A M@ 2 oA, SRS AR B R 72 5 AR AR 2 18]
Rk ZEE . XFERBTHEERE IR BRI = SR, AR ZE S ST L SRR AN R HEAT AL
1k, AT B ST TS L . it — Do S iR Y, MIREMGESEIE A&, I Stacking &
PR, IR AARRIPERER I K 6.

Table 6. Performance metrics of the traditional Stacking improved by imitating res-net

%< 6. /788 res-net i 1E 4t Stacking FIMEBETEFR

A Accuracy precision Recall F1 5% AUC
RENLARA 0.842593 0.803109 0.922619 0.858726 0.926702
Naive Bayes 0.620370 0.596567 0.827381 0.693267 0.609165
LDA 0.854938 0.823529 0.916667 0.867606 0.935325
gk IV 0.595679 0.591133 0.714286 0.646900 0.575511
svC 0.521605 0.520124 1.000000 0.684318 0.514843
KNN 0.617284 0.601852 0.773810 0.677083 0.664339
GBDT 0.854938 0.823529 0.916667 0.867606 0.934982
AdaBoost 0.817901 0.797814 0.869048 0.831909 0.815934
LGBM 0.851852 0.815789 0.922619 0.865922 0.932082
ExtraTrees 0.854938 0.820106 0.922619 0.868347 0.930899

M 5 R 6 XF LUK, clodh 7 SRR A [ P B B ) 2 IR AR 231«

R#4EAL: LDA. GBDT. ExtraTrees /£ AUC i s fabr B3R 35; SR Naive Bayes. #
A, SVC. KNN TEBEKIE T

FESCFEA b, FRAT DG (AT S R B 7 AT T 0l . BRI S, 0 B AA R AE RGBT RAE 43 B4 T A
AL DLORE R SRR AE I 1 R — Sk o sl X SR AR RAAE R ] PCA (s 70 i) e, B2 TLLFHE: —
FEYERER T H R B FIRRHEREAE R 4 4, 558 — 2 B84 K 4 JERE A5 p = Pee, Posor » Proas Pues |
TR AERE VLT, T SEBLEE AN R Bh SRl & 5. /2% PCA Tl 1, 1T 4 AN LR Bt )7 2 50k
O 90%, FRUIMELES MAHECRE T4 IGB A EIAE S, W5 4 g G HA M. AT
YUE 5 R IRRFIE N Xpen » FERESRABVIZREUE ST B ABRFAE R 2 A I RSB IE SR, SRR &
B o, SRJGRIH R 200 E 8T Al & R E[12]-[14]

Xoew = Xpca TaP

new
IREFVERERILILLE 7,

Table 7. Performance metrics of PCA-based dynamic weighted residual fusion Stacking model
F 7. £T PCA WIBIZSMNGRER G Stacking 1B M4 GEHEHR

T Accuracy precision Recall S AUC
Bl ALAR A 0.861111 0.851429 0.886905 0.868805 0.904647
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gk
Naive Bayes 0.861111 0.836066 0.910714 0.871795 0.905601
LDA 0.870370 0.846154 0.916667 0.880000 0.904151
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