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Abstract

On a global scale, we are experiencing a significant aging population, which is mainly reflected in
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the continuous increase in people’s life expectancy. This phenomenon is not accidental, but a nat-
ural evolution of population development. In China, this trend is particularly evident because the
proportion of our elderly population is rapidly increasing. China is facing a significant aging pop-
ulation, with its enormous scale and sustained growth rate being remarkable. It is expected that
this trend will continue in the coming decades. With the progress of socio economy and the impact
of diversification, some problems have gradually surfaced, fraud among the elderly has become a
very serious phenomenon. At the same time, elderly people are also prone to becoming targets of
scammers due to various factors, such as weak awareness of prevention, easy trust in others, lack
of social support and scientific knowledge. Therefore, this article selects parts of the CHARLS da-
tabase from 2020 to classify and analyze elderly people who have been defrauded based on multiple
factors, with a total of 12 variables: whether they have been defrauded, gender, education level, age,
personal economic situation, satisfaction, health status, cognitive ability, depression level, memory
ability, loneliness, and insurance coverage. The data preprocessing part was completed using Excel.
XGBoost, GBDT and random forest models were used to model and study the data of elderly people
being defrauded, and the optimal model was selected through comparison. Among them, the ac-
curacy of the GBDT model is 0.93 and the F1 values are 0.93, making it the optimal model. Fur-
thermore, this article analyzes the impact mechanisms of different factors on elderly people being
defrauded, establishes an early warning model, proposes targeted policy measures, enhances el-
derly people’s awareness of prevention, and reduces damage to property, psychology, and other
aspects.
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BEE I ARFIAE S AR B, AR PR HEGRERFREEK, A2 taihvfiias. S5ikHE
I, JEHANTT I VES 7 O A3 KR P=i& i 1 = E AR, i, A N AR
=, B BENMVER U™ E,

IS R E R G R R AR E SR, BRATR DS R LA R E S A A 2010 4 B PETR
WiFdn N 72.38 %, LHETAFRay N 77.37 %5 2015 BT AE A 73.64 &, TR~ 79.43
%y 2020 FE BT AR Ay 75.37 %, VeI Ay 80.88 %o HULET L, FRIE 2 E NI A A iR
CEIENE, 5 1981 4F AR 0 EEEE R KRG . Ak, 2010~2019 F3RIE 65 %5 DL B 2 IE
FEBI S, EL A 2010 SEHT 8.47% EIKZE 2019 4R 12.60%. KL, FelE iy A O 3208 4k 8 K 5
E[SC A

L NFARBEE SRR, WA TGN, BB VERE R H AR, BRAlRe ) R, szt
SCRFAURLESCAC SRR R AT 5 W R R AE . TR, 2R AT RERDSHa R . BE9T . iM% B
GOB TR VERE R BEEB AR BAUE BBIE, 2 AN BT 3 IR E A H I A R,
AEAEME DL 2y TLER N b (45 2 R AR, AR 30— S DAL P 7 P i T 2 H B s T R e, Xt
SR AR M A VE SR 4L T T a2 Ml

AW 5eiE FH CHARLS ‘B W, AT TACEE L o R %, 1 XGBoost. GBDT. Bl HLAR A
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X AR B A AL AT B, R IE S RIRIRHE T4, R RFE A T IR R AL FA
2315 NHATRARMZ AR 0, M XGBoost AN B AR TR BEAT M, Wei S [4]55 N#f3E T
XGBoost SFA AR BEAT MR, ZAIBEAER L T2 INZRIR], FFEIN @UARTR 3 fE
FIRFIE, A RAC P T B BRI v 3 22 15 RE ) 5

EE TSI B A . DA ER RSO ZEIS, HiIN 2 2N 2 E A EYR N
Wi BEAT BRARF T AN SR M s A SR [615F N CLEE N TR, 20 M HL A5 0 48 Vi B O AR A0 LA T W £ 1 i
AP B, S AR SR, AT BT LS VE IR IR TR AVA ERACR o Liu F [7]45 S RENLARM A MBS
RINER VS, ARSI T IR 2% A S N A 52 IR 4 s ATV 2 55 JE v B T VR AT D PR XU 4 Y

2. BURT AR TR
2.1. BHRRIFEMNA

AHIE T T AE FH BB IE 5 — i 8 “ P EfE RS IR 28R (China Health and Retirement Longi-
tudinal Survey, CHARLS) I K HURES 22 BHIF LI H » CHARLS [ 2 H An 2 W R8s [H 45 5 DL E
NN BB SIS, DRI  E 2SR RIROL, N 5K TR OR RS ) FE I ) S it
SR B ORI -

CHARLS [H 5 )& iHfds 7 2R, Dl mmie 2 vis KARIRNATE 285 E 5. HEN
AVERHM I TANNEARE R, WHER . Ml BOERES, DTS2V FEARE. thAth, HAEIE
IRNRDE T RKE LS5 S FFIE O (EAERE T, CHARLS [ E40M [ 73205 & A RER L, fL4E
PP OB RN AR TE B R 05 . AL, IR OV T RIT IR S R AR ST R B I 0 o 1) 5 3 i
a1 AR BIRFIFRE &7 HE B .

CHARLS &= [FIEZEIR &A1 2011 4, B GH 2, WK 150 MRYAAA 450 MYARLL, I
Q1 TP FRETR 1T N X —ERMFEAB S CHARLS feig St BAT AR A a] S HE
AR ORISR ] € SR AL ) SCHE

IXECHE AR B IR N B =B R — IR, DA ORERE (I Rt R Sl 1, WS —F )5, R
RILNTF o AHEF TR B s K IE T CHARLS 7€ 2023 4E 11 H 16 H ARG 1L1#1(2020) 4 38 Vi %t
#io MRAEAHRSTIRAZ, A SHE LR R, AR RILERIF RS T 12 MREEROHERT . 1
AN FH N R DNANGETHEIL WL ARG HIRE ) FIARRERE L 2 RETT . AIOMURR ., PRI fR
F&) o

2.2. WIETALE

AW FUR M EXCEL BEATHUE AL R, BB NBEALE B —EHVER. MRl 0. Fik. PAL
DAL W RO A VR, INRBES . IERRERE . 1C1ZRE T MR RIS DRBE A 9t Fe 3
. FEHERALEERE S, ASCR VLOOKUP BRAL, H5 70 BUE 2 A 1] A6 i 22 Hh 1O A5 AR 1D #6471
FERRULECAN & 5, ATIH S e B Bt 4R . LU, ik th AR e AE 55 2 K Bl B2 NN REAR St , B
1969 4EZHI(F 1969 SE)HHAMIFEA . BOAREAREARR K, A 50 SRR EEMER, GOFEIHS A%
B SRR ANA, RAREIEIT 15694 MEA.
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2.3.1. REWERE
ARG HE R ES RPN —FENREEERS” M ANEEEE—E, ZEPERL” WA
iR, WAEERNAR “REPER” KRR NN 0 A 1, 0 ACERARPE ML, 1 ARV EIT .

23.2. 3. FH. HEFH

) G a R AV, SCARKIER 7 nlid o 1 A2, T ARER TN, 2 AR Lk

] 4E A& 2277, 1 /0% No Formal Education (llliterate), 2 13 Did not finish Primary School,
3 fX3& Sishu/Home School, 4 ft3 Elementary School, 5 f{# Middle School, 6 %3 High School, 7 8%
Vocational School, 8 %3 Two-/Three-Year College/Associate Degree, 9 1% Four-Year College/Bachelor’s
Degree, 10 {3 Master’s Degree.
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G R RS ZUE N CAEFERR TERMN” o “BIRE or 7EE” « “HRMAL” o “FF
R CEREAFFENT . TR ST« CMAETLEBEIT . CEITRE . CBURE
WE” . “REeABEhT . C“BlET . “HTIRMT . YRR . “BiRME” . “REMME” . “HEN
B” B EANME” o B KRBT, K EIRFTE SNSRI NETF SN, EEAEME YK,
A N BF S0 IX T8 232K, 0~5000 32 14 5000~10000 24 2. 10000~25000 A 3+ 25000~30000
LA 4.

) 45 R B & 2 U AR R R R SRR . F ORI . AU A A R
fHALEE, 1 483K Completely Satisfied, 2 3% Very Satisfied, 3 {3 Somewhat Satisfied, 4 {83 Not Very
Satisfied, 5 {83 Not at All Satisfied, TGECME. Tidy 0. W AEIEHEE . (@SS IS
BE. FLBEERSZM, 8o, R,

2.3.4. BRERR. IAFRES

S RS Z Ui “HISWON TR« “HIBWONIERRT  BBWONRTRGIEERAE " B
BWONEIEIL R o ARSI S RBME AT, WA FSENEREIE N 0, iZiEN 1, oK, #
FRER GBI o

i) 45 5 L R RS2 U5 AR RE DR A 45 3L, il OS2 v R 11 S ) 2 L IR RSN 1,
[ 24RO N 0, 508 11 45, 300, IKhE JiaE.

2.3.5. {IEBEEEE. iCIZRES

o 25 WA G Z U EX “WHERMPTREE” o A ITAE R AR . RV |
CRIR” . CRRBIMERIK” BFIESE. Hd, ZE “Don’t know” Fl “Refused” it A 0, “Rarely or
None” i 1, “Some or A Little (1~2 Days)” ity 2, “Occasionally or Moderate Amount of Time (3~4
Days)” it 4 3, “Mostof the Time” ic 4 4. FAETE BTS2 B Oy B3R NI B AT, 4570800, HIARTE
B

MBS R G ZHEN NBRAFPEE” « “BEFAFMPANLT” « “9eERE” o “id
R ARE” o eSS o S AMA I o “CICRARTIBRAEMR R o “aT DL AR
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WEHRARA” © “ReMHE MRS . CICBERME ST . “RRERET . U EREMST .
“Much Better” 1.4 1, “Improved A Little” iy 2, “Not Much Changed” 124 3, “A Little Worse”
N4, “MuchWorse” it N5, “NotApplicable” it A 6, “Don’tKnow” it A 8. idiZfE 1155 N L
RS TR (R, 1950 HE, 101 iRz .

2.3.6. MR, REEREE

MG R B RZ VBN “RRBEEFEEIM” MEZ, 2% “Rarely or None (<1 Day)” i 4 0,
“Some or A Little (1~2 Days)” 1i¢ 8 1, “Occasionally of Moderate Amount of Time (3~4 Days)” it4 2,
“Most of the Time” it A 3, “Don’t Know” Fl “Refused” it A 4. 55 Hm, G,

MBS ROEZHERGHA “WHEINTETRE” « “We BRETRE” « Wi ERET R
07 TR ATEERIT ORI . CBURERITORER” o “BRITAMDT o “RANDREE” L “dri AR LER
JEORE”  “KIPPEOREG 7 o “CHAMBRIT RIS  “RhFROREE” o ASCHATIR(E LR, “No” M 0,
“Yes” N 1, TREGORIEAR 3N BRI RIS G455, B0, ORSEGE 4.

3. BI|EAMLRERE “BHIERT” HHE)
3.1, 3. HESFH

e VEDw I (OREA b B B 51.1%, Lot 5 B 48.9%.

e VESmIE fUREAS I 100 AU AR AR s AR N 1963 [ 149 4, 24 1955 A 117 4,
R1962 (A 1154y, SN 1952 BIE 1154, A 1968 A 113 4, SN 1966 HIH 1114, ¥ 1956 A 110
A, SN 1950 (1945 104 /S, D 1949 FIA 103 4, A 1954 A 101 4>, SN 1958 14 101 A~ #EVETRIE Y
FEA A EEAR B hAE 1949~1968 4, Xf M RAERY 2 56~75 % .

3.2. BRI INHIgED . HIAREERE

MRS AR A R, REIRDLIEAH Y 0, (R RERDLESS -
HIP 1l #VEwIE REAT, IR RAE 10, IARIBET TR

800 1

5 6 10 11
NFNRHE

Figure 1. Schematic diagram of cognitive ability in fraud cases
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Figure 2. Schematic diagram of depression levels in fraud samples
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4.1. GBDT 1&H!

GBDT 584 A DAL B 73 A0 [ )8, 5 HLRE 5 A0 PH 22 AR A MR R AL, B9 IR SR AN B Ik
fit. GBDT #4743 2y B 7 4L R: IR BOA BB B o

FEVIZRR B, GBDT i b FZI— T SEdihy i — N R BEY, JfFEsE— R34, AR Z (T
SHIAEZ BRI ZT)RNGE T —PRREEW . IR, BEE LM AT, BTN RE = A e e o

FETMET B, GBDT £ T DS F N 45 R 45 Gk, TR RURZ Il 4s R . i X M7 0,
GBDT A CLE AP ERPE BTS2 T, BB EIE, DOARIE L (M BIIACR . 1t4h, GBDT iffE
BN BRI ANARLRMESC AR, DAB A vy ¢ 23 ] PP 21 22 AP

BIEES T, GBDT fE4&E—Fe AN M AR MEARR A — D TINME, B f 5% R BOu 77 245

KRS
l(yi’j}i):%(yi_j}i)z (1)
R BB B TR B T BN R
. al(yi,ﬁi)}: L 5
{ %, (vi=3) 2)

SERR ] BRI, S Tk pR RN, SR ST B IR M AR R AR, e ik R AR .
R, FRZEZHIANBARR ZRE, Wl R Pk R £, SRk mBuk YT R E=men, &kl
A IE R (RS - TS, BPAkZ .

4.2. XGBoost 1HH

XGBoost f&—FJE T boosting 15 SIS AU INIERIMY , 2 iy I bR 805 AL HEAT 2H 65 T O Bl 5 2%
REAER A SR XGBoost 2 TR EEFRTH IVSE, IR BR M I IZ D AU I 25— R 557 2T 4%
B USRI IE T — VO RAIRZE, RECK LTS I S H A o 2] 3%

TS n skom gEREFESE, XGBoost AL LI R A

Bi= fi (%) Se e F(i=1.2,.n) S
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F={f(x)=wq(x)}(q:R'"—>{1,2,...,n},W€RT) @

7& CART IRFEMGERI LR, g FIREAWLGT B 75 SO E5 K, T O35 s B w i s s 4k
oy 8. MUERRRART, TG EARE A bs e R ME R T R S K

PRI ) H AR s 0T LS
Obj=L+Q (5)
A 1 .
l(yi’yi)za(yi_yi)z (6)
Q:7T+%ﬂ§x;W? ™)

FEAE N SR it B AT AL DI R, 75 BEOR B SR A R RANAR, I — BT R 8 £ BB,
13 H AR R U AT REK D -

= (o) () + () = () + 5 ®)
B F TR
0/ =30 (3~ (37 4 1)) (-5 + 1)) + 2 ©9)
OB F RSO MU S 0 FRBEORAT T IR IRIF, 505 0k b b6 e
owmzz;“%-yﬂf+4%-ﬁﬂqﬁ@ym¢%%ﬂ+g (10)

Obj FIAE R PEOY 9T 73 R 8, Obj R/ RY HOR ey o Gt i VA I SR RN T ik, W)
LIS KR BIARE5 R, JFEH Oby R B LA, T LA T XGBoost 17 .

4.3. BEHLFRFREERY

B L4 P (random forest) 25 4  bagging UM, JUSS I B MU SR B . Loy BU I f e
AP (R FURA U R T A 2 BT, AR5 T 7R SRR BEBLARRR U3 T
Bootstrap ORI M5 A B UL ILT SHEAT W26, AEAGAMBY 10 455 18 5050 BUBEHLRSERE, WA R
AT VSRS . YRR 6 EL T AT BB 5 FS U, A M 2 e
BB RS,

B LB 0 £ SRR SR P BOHLINRE . FIAR m TR OREABOREE, HIAE R I Ve B 0,
B HA 0 B B P 00 SRR B R R 2 5 R PR, AT AR
B, AR SO AT “RSEBENL PR,

5. BEE SHERSH
5.1. ZREXRES AGRHAITHIEL

¥, M sklearn FErh S ABTREEL, FILIRAIISARIMAA, THTRAESRAC, HAh SR ER 1L
I L SN E Y

RESCRHERT 5 BSHFIER FUARAERUR SR VISR, W & BRI 30%, VIS
BT 10 70%, ARUGE (IS A S RO I SRR Il 57, AR RSG Yo T AT
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resample J7 X VR I RAEAEAT AL EE, SRAFEI A LB R IREAS, 3 RAE 5 AR A RO 5 R
WIREARCEMF, BRI ST, DO R JOs AT ARG A RT LAAS 2UAR R RS R 285
AR VE I FRIREA LRSS IR VE SR R A BRI, TR ST R P (0 I SR 2

WA R, T HAERA, SIS ER TS BRE . T R B, AR WL e IR
FEORRAE . =AY I BEAL B RS A TR E Y 42, DA ORGSR T A M

=N[R2 B TROAL BRI R (R T, R I i S S AL AP B, AR5 K A T
PEAL L ARGEAT I SR AR RN ZRAN T A R, RIS i R T AL B0 BR A — S PE AT IE A 17

SERRPUE B IR 5, XA EAT ISR AL VP4l 550170 kit

Table 1. Operational results of the comparison among three models

=1 ZERIEEREITER

it Accuracy Precision F-score

GBDT 0.93 0.94 0.93
BEALAR AR 0.83 0.82 0.84
XGBoost 0.87 0.86 0.89

B3 1015 MWFLE8RE, =/AMERA F1 4 0.80, GBDT #J FI =ik 0.93, AJPLAHIX=
AN 25732 B U AU B TR 45 5 . GBDT MUUERRE . KSR AL A 8 —, ALl GBDT A TN B i

5.2. BUBFHEEZM T
i LR, B B AT AR AL E SR T, R R .

5.2.1. XGBoost {£#Y
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Figure 3. Run result chart of feature importance analysis for XGBoost model

[# 3. XGBoost R EUFMEEEM N HTEITLERE

W 3 s, S5 A RAIEAT 45 AT Al #E XGBoost F 7Y B R AE S B, N AL BRI X
()9 42.42%, PEGIN 14.04%, T8 7.66%, NHIBEIIHN 6.41%, MACFEE N 5.54%. XK, 25
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Figure 4. Run result chart of feature importance analysis for GBDT model

4. GBDT {REUFEEEM NTIBEITERE
w4 o, SERIBEITE R A A £ GBDT MR EIRERE E ZE b, N ANEFFRE (4 X 8]
HN1017%, HAEFEMG N 5.21%, 2#JiN 2.34%, RN 1.18%, NFIHEIIN 1.06%. XK, &EWVETR
SANNETFEN . BAEFES 05, YAl AFIRE TR RFEEEBR, X GBDT #5745 B 1B K A5 o
5.2.3. BEAZRMAIREY

o e = =
) w ~ wn

Importance3

e
s

R0 2 4 6 8 10
Feature Index

Figure 5. Random forest model feature importance analysis running result chart
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(K170 G5 RHAT R AN 18, KL GBDT #RACR L. LRG0 A 2ILL T Lsighig:
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