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Path-aggregation-based Graph Fraud Detection
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Abstract: With the development of information technology, the interaction between information networks, human society, and physical
space deepens, and the phenomenon of information space risk overflow becomes more severe. Fraudulent incidents have sharply increased,
making fraud detection an important research field. Fraudulent behavior has brought numerous negative impacts to society, gradually
presenting emerging characteristics such as intelligence, industrialization, and high concealment. Traditional expert rules and deep graph
neural network algorithms are becoming increasingly limited in addressing fraudulent activities. Current fraud detection methods often rely
on local information from the nodes themselves and neighboring nodes, either focusing on individual users, analyzing the relationship

between nodes and graph topology, or utilizing graph embedding technology to learn node representations. Although these approaches offer
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certain fraud detection capabilities, they overlook the crucial role of long-range association patterns of entities and fail to explore common
patterns among massive fraudulent paths, limiting comprehensive fraud detection capabilities. In response to the limitations of existing
fraud detection methods, this study proposes a graph fraud detection model called path aggregation graph neural network (PA-GNN), based
on path aggregation. The model includes variable-length path sampling, position-related unified path encoding, path interaction and
aggregation, and aggregation-related fraud detection. Several paths originating from a node interact globally and compare their similarities,
extracting common patterns among fraudulent paths, thus more comprehensively revealing the association patterns between fraudulent
behaviors, and achieving fraud detection through path aggregation. Experimental results across multiple datasets in fraud scenarios,
including financial transactions, social networks, and review networks, show that the area under the curve (AUC) and average precision
(AP) metrics of the proposed method have significantly improved compared to the optimal benchmark models. In addition, the proposed
method uncovers potential common fraudulent path patterns for fraud detection tasks, driving nodes to learn these important patterns and
obtain more expressive representations, which offers a certain level of interpretability.

Key words: graph neural network (GNN); fraud detection; path aggregation; attention mechanism; feature representation
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Q=7Z-W™Y K=27- Wkey, V = 7,- Walve ©)
7= Softmax(Q.KT) .V (10)

FHorfr, Wiavew keyvalue} ¢ RC<C S ] 2% 3] (R HE H LT A 5. Softmax (Q - KT) B1E 1] IS 26 4B 1 0ot 1 & K HoAth i 5 4
P 0 DGV B B VI R B 3G 0, B TR VERE I 5 R PERE I A A R < T IS I, B, 7R I
BOUEREBS S OVE RS . RYEREIR S R VRS RS 2 A0 (0 O AR A £ B e, ARVERE RS 5 R R B a0 AT DGy
FEFBALRE 2 SEAIC. HeAh, SREFFER B B, W AP AR &, S5 B BRI LA & B RHIERL & AHELT GCN %5 /)
ER X 2, BERRAE B AE L2 B TR, TS A A SR & T B 2 IRVEAT .
T RATE B R A RAE. AU TS GNN HEBJE T AURHE, 4875556 = BRI AR E. FEk (5 BT
A RIS 5 R R BT BERR AR Z e ROC, BA 155z e RC:
z=(z) (11)
Hoh, NAREREGRIE. A SCRHTFHERS, BE G RIFHE 2 75955 5 R SRR,
2.5 BREXBKAEGERN
T R B B ) B SR A R, B TR B RE T AUHRON Z 0 B VE AL I A5 R OB AR IZ H — 2
MLP H1 Sigmoid I3 & 07 A — AN TRIE p € [0, 11, Al w54 T AR VE I
p = Sigmoid(MLP(Z)) (12)
Bl G AL B B LT T 07 R, — IRV BT AR 1 AR RE I RN B e 2 X 45 v 3 BEAH S K B A7
i ST, X 7R SEPR R A A AR AR ILSE . S T 7R BR A RE A TR R I 2R oR BB B B 4R, AR
FH minibatch B 3K, 38K I SREEE X 3 8 T/ R SIS A g it Rl 45, BDCE R GEARET, AUE] G
BEMLRAE—/NRETT 2, BT AU R T A B KB R . B CB R — R iy . BRI E B ERE.
RA RERVER . 2515 B AR EAAT R BG5S, B RAH BT sOVVERMEE p. 35 SR 2h
¥, e n A SRR L:
L=y-logp+(1-y)-log(l-p) (13)
B J5 2K FH I ) A% 8 B N AL B S 4

3 KSR

3.1 SEIHUEE

AT IR E A AT T A A RIPT I8 40X 3 2SI A (R VRS Strb gt S AN A JF SR 4E (Elliptic™ s
T-Finance!''. T-Social'”. YelpChil*'fll Amazon!™) SREGAIF A SCHE H 0 SO VERERL, 26 1 45 T Bdla 42 B st B 1)
I E A S

R AE R R VRS DK R S

LAEES WiE 5 ISR EPEE HRVET Rk 5 RURFIESL JSSuk:is S35 BE AL

Elliptic Sz 5 46564 4545 93 73248 1.57
T-Finance &AE 5 39357 1804 10 42445086 1078.46
T-Social AR 2% 5781065 174280 10 146211016 25.29
YelpChi PR 2% 45954 6677 32 7693958 167.43
Amazon PR 2% 11944 821 25 8796784 736.50

o Elliptic {4 58 USR5 FL 55 1 LU RE 15 55 4%, & — A H 2005 LU 13 58 5 (049 s R85 58 B TR Y A 4L A
MM ER SR, TR N ETE AREMARRNIZ 3 2, 73R A FRRN AL 5 bk, Az Z . 67T K 5E3h
SRR AR 93 ML RER. Elliptic HHe S 7E DXCBREE 22 4x < ROV A 00 45 AU AT i ) 82 FH A7 1.
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I 3 BT 58 G X 28 v (7 ORI, T DAAR Sl S e B S E RO AR RIS B, o SR AN S T SR A 0T B HE
SCRE UIZREE . BRIESE . MREERIRI S L1 53 I 45.86%. 18.34%. 35.80%, 1815 555 S A e IRV, 445 & Hd 42
XI5 E 77 .

o T-Finance {4845 7 B1 Tang 25 N VR A, B 75 B4R S8 5 W45 o (1 57 T 3k 64 st A Ry A 1 44
W, B SRS, HEESh A HARERAE SN 10 4E4FAE. B (0307 3G 58 50 s AN P 4m SR A
JBTIRVE. BRERFI{ELRME AR, AR LR RERART. NZE. WIS WHASERNRI 5 LLE A 40%.
20%- 40%.

o T-Social 24 4E[AFEH Tang 25 N "R A, BEE KA ML P 78 K . & 24 5 T-Finance A1 (145
FIFREANTIRE, I BT s R ORI R ok Flid 3 AN H WIAH B L. T-Social FIFIELAE R JER, A 578 it
TSN 1.5 4253, AR ST AR L B 2 /> 100 £, BA R SIS, DI, WirdE. LR o
LI 53 T01R 40%- 20%- 40%.

o YelpChi #4123 Yelp (38 B K s 0P M3, BA BRI BRI 2 5200 77) (19— A7 4 B 50
£, B 5 h AR 5 R S R AR DAR 5 R B IR T S EAT 24, IRER 55 . Wit R E R4 oS
Z R RS BRVERI . RGBT AT S . ISR RESE . MR IR 2 LU 40 TN 40% 20%.
40%.

o Amazon K 4 " i 1 T 3 20w A G KIUASE - 7 45 R 4. 5 YelpChi s S5, XA B4R 55
BE AT RIS R, W T 2N E R B AR IR T B R SAREA R PR, AL 24 AR
ST RIS 1.4 A2 S VPR AN St oo H. B S A R4 T TR, IR R PR BB S BRIz M
FATBRVERE AT 25 SR IE. MIZREE . SaibgE . MR AT RI 20 BLsl 43 5N 40%. 20%. 40%.

3.2 HEIER

ASCK AT 1E S E GNN B8, A 47 GNN AR, 1% 7772 DLR 2 A 7 V23 AT B AR,

4F GNN BAARYE TS 2 SRR AT IRVER I, 2R 2% 81T mUR) B 2% R4 0 R ARSI A 22 L ¥ 22 2
HL (MLP)“RIBEHLARAR (RE) ISR 3 B S A T A SRS R,

545 GNN BB AL BT 55 B S RHIE, B2 ISR S RE R, 8 R E — Ml s 1 B oRE S R
PR R DR 28 FH B9S840k GONUIA GAT! IR AN2 i B B AT TH X 0 LE T 5 4R Ja 4 s A 3
IH 577, GON Zr & BN FEANH FE, 17 GAT A TR I BL].

GIAh, AR S B 7 R 2 ) VEEAT L. 7 2L AMNet!'), BWGNN!f1 GHRN!™,
27 75 035 CARE-GNN', PC-GNNP?, RioGNNP', H2-FDetector™ 11 GDN!. i 75 5k 4 K ) FH EIE = A
FAER LAY, W@ HIE R G ZE S oIt R & o A1 AR F AR 25 R A0 S48 AR 55 T B, T4 e AL LA
P Ak Bl ik BB HRVE(E R A 3R 5 AL SR8 7). A 18] v T 2 B Gy 1Y e T P % () 90 R, 38 sk ) FH B 2 B AR AL
R, WIS IERAE. BRARERS. SIANFHMERHEIE SR A R ETF B, 2T K& W45 iR VEIT
JANTE F AR5 AR T B 7. 3K 8 5 AE 2 A R B VERT I AR R R B TR i 1 e
3.3 FiiEtR

2 8 B HRVE B0 42 TP IE SRR ASAS ST, PEAS T8 A5 B[R I SHe IR i 26 (precision) FA [B13# (recall), 430K H
AUC 1 AP PPN R AR R PPl SO VEAR B 1) M R

AUC (area under the curve) 1 # #5172 AUC-ROC (area under the receiver operating characteristic curve), HfJ
ROC M4 NHIFE. ROC £k 28 i o A8 7 R RIME, 41 H B BAPEZ (true positive rate, TPR) 5 {&FHEZ (false
positive rate, FPR) Z [A] [} 5¢ & 1 £5.

AP (average precision), BRIP4 &, 2 F P-R (precision-recall) 2k i 575 H. P-R h 2@ il o 2 K 1,
2 RS HI R (precision) 55 A [B] 2 (recall) Z [] R &, AP 5& P-R #HZR N THAR, Sk T AR RS 7EAS [R] BR4E R 1)
SRR B SV A DN B0 B 1) O SRORE AT H AR AP 1Y, B THRVEAT A (QEREA) AT > T REAT A (5
A, — B 20 RAEAT A= A B R 2, ) AUC mh2 7= A5 T AR AR 234 P-R it 42 50 e vHEAff b s B A 5k
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WCTEAT TR 7, SA IR ST AP (7 23
XA T L U 7 U D L B AT 0 T .

BATRERS

B/
w2

HAFFIR 2026 55 37 A% 2

mi. Bk, BL AP AE PN FEAR, 72 IE GREARA P I 00 T

AUC Fl AP 15 (TSR 1) 0-1, BT 1 FonBA Ik RERF . A SO T BUE 45 R DA 7050 (%) T2,
Ju A 0-100%.

34 ELINRE

AR S H B W 2, n_path (1) ARV RREREM B, k_path (K) AR IHEEERR 2L, | path () fAF
BEgs i KK, d_path (C) [RFRHERK IR ID K, n_bin (B) {8 AL E Jfd H H WL SR 20 F8 1~4, n_attn AT n_head 4351
T BE S H 1 E SRR & 13N

*2 BRESHIE

NG/ n_path (/) k path(K) 1 path(J) d_path(C) n_bin(B) n_attn n_head
Elliptic 100 100 5 256 4 2 1
T-Finance 200 150 5 128 4 2 1
T-Social 200 100 30 64 32 2 8
YelpChi 200 200 20 256 32 2 8
Amazon 60 30 20 64 4 2 1

TENSERETTH, B S8 A Adam fALES, W46 2] %08 1E-3, BE IR SE-4, B B3 BT T4
4 1.0. K H] ReduceLROnPlateau H i& [ )27 =] 6 4 S, R RESR IR (S0 ESR L RO R BER %) 15 1L 58
I B )RR AGAE 2 FON BRSR Y 0.5 75 32 )B4 L S50 R 1 58 A AH AT bateh_size, MCKTTARIIZR 50 22k, JFRH
H R EHE L (AMP) SIS R IR I ZRod B2, i A BB 25 52 3 DM A BENLA 7 F KA B P 34ME. A s
1854 NVIDIA GeForce RTX 3090 GPU #i1 Intel(R) Xeon(R) Silver 4210R CPU @ 2.40 GHz.

35 LR

55t

AR IR VERE R PA-GNN 7E 432 5 I VESR 48 Elliptic. T-Finance, #1758 W48 I VE SR 45 T-Social,
DL R 25 K VE SR 4 YelpChi. Amazon b, 53F GNN %! MLP. RF, {448 GNN % GCN. GAT, i J7 i
AMNet. BWGNN. GHRN, Pl }% %% 8] 777 CARE-GNN. PC-GNN. RioGNN. H?-FDetector. GDN #E/T T 4= 1fi

HIERERT EE, PSS IEA ST I A R 5 Je b vE. 4k 3 o, seie g R 15 LU R 4518,

#3 ARICTTTE (PA-GNN) 15 HEE R fE HL L (%)

K A P 244 PRSI 2%
p ]l i Elliptic T-Finance T-Social YelpChi Amazon

AUC AP AUC AP AUC AP AUC AP AUC AP
JEGNN MLP 80.08 6171 9131 6595 6778 528 6827 29.18 9262  66.23
RF 8269 6520 9442 8116 8038 4250 8947 6977 9447  83.02
GNN GCN 8528 3827 9234 7847 9172 5635  60.99 2489 8089  29.68
> GAT 7654 27.15  92.89 7894 9340 5226 7398 3486 9450  85.16
AMNet 88.89 6949 9572  83.41 - - 83.57 5285 9790  87.87
i BWGNN 89.63 4839 9629 8550  97.77 7953  90.64 6805  98.08  88.52
GHRN 89.95 5520 9676 8378 9826 87.66  90.59  66.68  97.15  89.84
CARE-GNN  87.84 37.19 8995 61.84 7832 41.15 8399 5296 9696  85.64
PC-GNN 8852 3470 8990 6511 8929 5140 8175 49.06 9546  84.85
25173 RioGNN 8635  29.06 9130 62.60 8174 1762 8572 5645 9691  87.62
H’-FDetector ~ 63.18  10.53 - - - - 89.88 5748 9605  84.94
GDN 88.67 6521 9582 8560 8843 5234 9042 6738 9726 8678
91.08 7552 9724 8958  99.60 96.01 91.86 7358  98.12  92.43

EPAN

HEROR T PA-GNN 113 +6.03  +0.48 +3.89  +1.34 +835  +122 +3.81  +0.04 +2.59

TE: IR0 R Ze 53 ) B e AN IR s < —
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(1) Bk b, ASSCITR H BT VETE P 200 (P AT AR F8 85 (AUC. AP) BERE R REFIESR, Hh AP 48
FROEA R B R L L ST T 24 2%-9% HISE IR, fERU A K BRARYE &0 1 T-Social B¥E4E I, AR SCHVETE AP $EAR
B L H TR Sk i e R 9%. HoAh B B TR R IR E A FE 8, W1 GCN fE T-Finance 1 T-Social 4
AR ERIVEON RIUF, BAEHAR 3 ML LRIV AR A E, RioGNN #VE7E T-Finance. YelpChi Al Amazon
B s LRI €, (H1E Elliptic A1 T-Social £ 42 LR IURIEE. ML 2 R, ARSCIFVALE /M35 5 i R I B A&
E, FRAMRIL T FaR A Iz A PR

(2) H i B R VERTI 75 2 RE 8 SE IR S 1) AUC B, {0 AP (A5 5%, JR RIZE T HRVE 7 o 8o 2 b R MR
AR 2 THARFEA. 8 & IR R AR A I AN, B A B 5025 Zy 5 I 2 i 1] 2 5038 (RAEREAS), T
FELE P-R #h4k FRIUAEE, B AP HEUK. 28T, ROC 1 Ze Xt 251 73 A0 AU, Ktk AUC B AT BEAT SRR . AL
TIEAESRTE AP 75 T AEH W, U6 IR ORI i 3 B RN, S8l 7 s i, A 300 IR 1 IKVES = N IE ke
AP R B GBIk K. IXTT REAS A5 T AN SO VE R <A SRR AN RE T, AT ARSI B B 22 Bk R VEAT .

(3) TEALEE B A E J KRR I BB 1, /£ 889 GNN J5iE, JUH 2 MLP, #E DLk 31 R AR (1 55 8 86 I RCR,
H AUC 1 AP B 5UIC. J5 FI7E T X 287 vE BRI 9 5 S IRRAE, TEvER 3R s OCIOC R IRVEH AT
AP e IR 2, FRHIE AT A8 5 15 2 T8 e B2 /S, DR AN A 4 s 1 X A HRVE 5 R AT AR A Bl . 1%
%t GNN J7i%, W1 GCN A GAT, TEHRVER AR S FIMAAE R PR, X $e0 At JE G40 B0 flfE BRI R
I, TR A B PR G5 R RAIE. SRT, FEAC BRI K i 28 B e I, R S8 77 A A I A L IRVEAT N B R
A28 FAR AR BB 6 FREBE, 7T RERS iR 22 A9 ORI, TE G mi B B 45 4. 1448 GNN 77k 20— 4 s 5 2,
He DL R PR @B ARSI AT AR . Bl an, 78 4L 2T W2 RV I8 X 48 B S v, AL 48 GNN J7 1
AUC 1 AP {HE &, (A& T —L4E N R AT IS T GNN AR, 1% 77 3200 23 (8] 7 VELE AR IR S B R I HH A 35,
FEFAEAVE S IRVE S 5 B AT Bovh. 38 5 B A IR VE T RO R SAL TR RIS, TR AEW B R AR
REEFD W [BE 5 AR E T30, AHE AL S GNN J5i, B 20k %5 s 5 BRI Bl &R, 25 (8] 5 1 ) 2% & 4R
7 AT e B B RV T R R R, DR R X A P AT AT B R S R A AR, AT R L vE A B AN
ZIEARM AL EE B, BRI G IR, RA7E— 8 B A ZORARVEAT v, T MR e ¥ KA TRHE B O
PIRVEAT N, X KSR B I TT 544 T e N . AL R, AR SCTT B GITE R B ), B8 T AR T AR KRR
e, BRI B A 2k R R VEAT D, DRI AE 14 B8 L Rk A St 1y SR VEAS I 2 A
3.6 HELELE

AATIRUEA S IR AR X T e & M RR 2 ), 32 205 T i) 1] A n

(1) A KA M AL, SRAFEAS 8 KR 2 75 B IR AT LU SRAE S5 I T e () 28R ?

(2) A HE AL, ABELRAE (R hidt— 2P Hhik Top-K 5% = 0L FE B =2 5 17 R 1 S 4F (1t e ?

(3) fr B RERH Gt — FERR W AD rh, BERE T s AL B A 2 15 0 220

(4) BERt 5 B B R G, BRI QR R A BT N2

BEXF B3R R /), AR SCHE T-Social BEEE FikAT T 2 P& HTHRESES, SEI 4 RANE 4 Fiw.

# 4 T-Social ¥4 b H RIS R (%)

A e KB Top-KEEH ik 7 B i RS B AZH AUC AP
N v N N 99.60 96.01
x v \ N 99.53 95.62
\ x \ N 99.52 95.22
S v x N 99.01 91.06
S v N x 93.35 56.38
S x x N 98.71 88.77
x v x N 98.85 89.72
x x N N 99.51 95.20
x x x N 98.88 89.52
X X X X 88.91 43.63

© TEBREEEEIEDT  htp/ www. jos. org. cn



870 HAEFIR 2026 FF 37 55 2 A

SIS RN, BTA TR Re U FEAE . RFEAS 8 K BB R o7 USRI B8, FUAIRVEREREE K S L B 2%
M. RIS SRR R B, ARE B B 22 5 3 s B AR R b O Ve AT HE— 2B 0 i, TSRS E 2 R B R, BT
JE 5 (R A S R, PR TH R VB A7 B GmAD S B O BB (R, B BR T AR IE AR AN 1) A7 B 2w A A i R L)
—5% [1) AP T [ IX AT 82 KA AT B At sl 7 RMERT AR TS L, 3 7 RO, MR (s R B R A RATE
FOEE 0 IR, G SR G (R = A8 F I BT IR A, ML VEAT A ARSI M R 1535 TR B, RS TR SR e 78 40 R
LT e B R B P RV A X, 3 1 R AR Tt R — e RR R 1) SR 345 VB, G Ab, AR BT i
PEIAT R 20 B Y e S R B ik — 2D AR T, AR A3 P AT A SR A il ik 380 e e s 2R
3.7 ERSEEMWSH

AT BRI AR ST VE SR S H R IR L, ELAAR IS J AN i K e 6 SRR P 11 B 0 SR ORI i T 38 K
V&, A7 SRR Gt — e I G L ) A K P R R SRR 2 R A, DA RS RS LR A o I B 58 LR R
AL HE. 1F T-Social $#E4E L, BRI ST AUC 1 AP FaAR IR M0 40 AT 45 U 2 FioR.

100 100 100
== 50 wm 150 == [0 =m 40 = |6 mm 28
- 80 == 300 - 20 - 5() w32 mm 256
98 98 98 = 64 wmm 512
9 96 96 96
% 94 94 94
92 I 92 92 I
90 90 90
AUC AP
(a) ?ﬁﬁ%m#/\ﬁ (b) ?ﬁE%JFiQﬁfE (o) BEHE AT E
100 100 100
- 16 - 128 2 - 2 - 16
98 =32 m=m 256 98 98
S 9% 96 96
B
RGN 94 94
92 92 92 II
90 90 90
(d) awaﬁm’“ﬁéﬁz (e) 'ﬁﬁ%xﬁ)ﬂ %t ) Eaﬁkiﬂtz

B2 T-Social ¥tk KA ZHE M 7 Hr 45 R

KRS R OR, FEANE KBRS RAE T 1, BEHCRAE NS IR £ SRS K B R HO in, AT 5 Y
RENE — Uik 5 22 RO VERE 3, SR 3 MRS a2 00 B8R, (Bt 2 AR SE 3 3 N v ST 4. Bl B T 0 E 0 4
Jin, LR BRI S BTG TR B X AT RE A B R O B B R RE SR AR 2 L, ek A BV R B 2 56
FAN R AL, A BB U T e S BUE R ICAR, EURERRAC BB, B R A R A R L AR B G I
G —BER R LT T, BEM I AR — AR IUME, BEM T A, i (5 B ™, B i K& 5
BUS ARSI E . [FIRE, DS > RO 107 B 25 1 HO R Bt AR A — DR . A B b2 3 B0 B 4 i £ RFAE 2 [7]
B2 X, AR H 22 0 2 (o B g T T4k, TovE A Rt 2 BRI 75 . (EBE (S B B A 5, B
BERR A TR B 0, B VERE & B WA BV, JEikiE bR T, IX 5 GON. GAT ZAL Gt -4 M2 AN, A
SO (Rl B S TR BB INAS S 5 R R T S BV BE TR B, T AR AE — MR L 5340, TRk AR
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8 2 2 R S A AR TR B, (E 7 R 0 Sk B S B G A P ) LB R G I o B 048, R I v i 2 3 Bk
AE T B
3.8 HREHERRRA KIS

HI TR ORI E R, T AT I FEIVE R 4R A6 5 BB K717 mURRAE, SR 40 1 0ARFAE AT B R R ) TE i 3R L
BRI, AR SO P4 S VA I 7 S B R AR A F 70 SR A T IR VEBE A SR SR IR 0 T

TR FEAS R RVE B R A 5 8] 9 AR SR IR, AN SCE I T-Social #a 4R, i 17 5 RIRVEREBR A, 7093
9 BRVE-RAE . IRVE-JOVE . SRVE- V- RAVE-RVE . SOVE- R AE-IRVE AT VE - RAE- V- RAE- IR, SR8 R A5
IR 10 255, S ILA R 50 SR BER. 21 BER NG JS, XL RERR A N BERR 5 B A R AR, AR A (10)
T Softmax (Q-K") T HER 2 A A RNEAG 2. S R WAL 3 o, R AL RS 5 AER )
AEHFIBERR I ZR 5], Horh P bR query HUZR G, BARARAZE key HIZ 5. £ HVER JIHLE]H, key /2 query fIEIA.
ARG 2% TR S 1), B B 18] A AR SC AT 20 A T 01 2Z 18], 4570 e 10 DX e, I A B, () — P s A5 R i B
A BE M (B A AE R D) SRR, RIS, AR UL B B AR 52 1]t AT RE A7 AE 3R SR K.

0 1.0
F—=>0—=Q—R—® FkEx10
10
i EF->E->0—Q—>Q KAEX10
¥ 20
i -0 RbEx10 o
F->0—-E—Q0—>Q FbEx10
40
O O FREx10
50 h
O mttis VR & st 0 10 20 30 40 50

K3 T-Social #udhite L IHKVEHE RS LM SIS 20

(1) “HRVE-JRVE 5 SRVE-JRVE- RSOV B B AR o ) A2 2 A e A DRV, T e L R T T i A A K
HESERIRVE T AT, SRR R VEAT L 2% vh ] BEA ) T AR R BB S B KL

(2) “HRVE- RAE-RVE b VR - R AE-JRVE- RSV B A 5 2 IRV AR A o R DRV B2, T Dt R 3K 7
PR S T HRVEAT e W 2 r e ek R 11T RO AT A R BB A T £ SR . BRVE- R -V B SR VR
A REA T R R B, BEATIRVEAT D9 IO Bl A2, AT SNV VG Sl R S A PR AN B . << Ve - R Ak
VE- RAE-SRVE R 3t — D388 1 JVEAT 9] BEAE W46 P 1] B SE 9 SR 2% A% Sk BRI, 3 22> RAE 1Y ROAOMF L,
Fey g H S i LA 0 RSV DO 4

(3) “HRVE- RAEBE R AR N T VR - RAE-JRVE? A VR - RAE- VR - R - JRVE B B AR A AR L VR B, W]
AE SR PR E TSR VE- R U AR B EARER TIRVEAT IR an A AE, R B8 R 2 Ve S 2. (R0, 240>
A 5 R AR IR VEAR U, e v - R Ak - VR AN < JRVE - RAE- VR - RAE- VR, BAR R RTERIE AT 75 2t )« ik
VE- R B oK.

(4) 5 (3) M, “HRVE- R ALV AN HRVE- R AE-RVE- Rk SRVE B B AR OB VR - R A B A 2 L P50 %
VE, AT RE SR AIE T IR D2 1 B - R R (5 2, RUVEAT v a0 s il RS b AT 4%
FERNFER. X285 5 B T R AR VE- RAPE RN Ve sE, R, 7870 ik PUR R K, ol REAS S5 i el
T B A A VR - R AR, T SO E T e AT B B A S A MR AR VEAT D9 B A% 8 SRS
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DA Ve B AR SR IBE 0 AT R W, AR ST H A i R g — s AT R, T DU I B A S A LR I
(KIS RR YRR 2, AMCL R VAR 22 1] 23R4S B K AR 2 T A 8, AT X3l e 2 > 3K 4 T B BV A
T BRI R,

4 B %

ARSCORUE T A5 B s8] AR i 28\ St 2 M B 2 [8] Bty SR (0 7 02 Pk i, JCHRIRVEAT VA H 2 3 22 e HxS
223 B BT R, B ER T IRV DI UK, i 1 T A% SERCVERR I 7 ik (1 R BRAME. 25 FE B TR 3 55 R VR S AA
[l S EL I Rk AR AR AR SR 2 2% M I e FE BRI RO RS , ASCHR Y T — b T B SR B R VR A
B PA-GNN. MR B B RE B R AR Y . RS B B S RA KT, ARER T 1 GNN ke At
BRFEMO I S5 K 7 AL . SR 45 RAR W, A UAE G R 5« ARSI AN PR IR I 43X 3 SRR 5T K
BT RFMIVERERTY, I B — % BT R, RERS S8 1 B s AN R VEAT D) B SR DR 2. A SO R VE A I 401
R TR BB AT ik, AT SRR SERR B R ORI SRR, M R N 4y AAEROAS S A (A AL A AR
Wk, VAT UK TR AT b SR A 050
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