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SERReR, A AL L0 2 7E RV R R B I, TS SRS SRR, M E T B A
Al SRR A, s S 2 1 FRE AT 44T B3 530 5 SURAEL LR, 28 205 A P 5 3/ R
TEAE 2 T B, U B R A PR, 1T AR o S 04 (s A XL 1
PR LA,

2 N B R P, R BRAT TR B 2 th 1 75 1. o A R4 BT 7 L 5
BT e St e 91, A 2018 4, SMMEE TSR] T 3.6 J31L 70, 4R KRN 6.8%. Tt
RN, TR AL (JEAL A2, AR T HEAT 1O RSB S A L )RR e, M 2011 45
[ 0.50% WK% 2017 4E 0 2.78%, 4 A K AGEB T 26%, 5258 T 0080R M4 AE S0 K A
FILARAT B P H 5 B0 B2, o SRR S 51 00 26 5 e R H 8 P 0 10, (LS, g AT
R RHEL R S S 748 B R T4 77 O 45135 R L s, T 22 O B 2 T A

WS HEAT PEAG, GAT 101, HGAR 7 45 B #4226 J7 0 AR T LA ST % (K RS R, (R 2 2T
55 B0 H AR SRR BRSNS PR, 2008 T 3B 207 b AL 8 ] e S BN R G vE XK. It Eika
RO B A OR W 2 T ) A% et A KU IEAT RS B VP0G (2) IUA AR BN R M TRHIE TAE, X4 T
SHARFAE PRk AR R R 1) < Rk s ol kR iy L EL o AN AR 2 A S 8l o B ok (14, Bl
THE R BUEREIT . (3) T SR XU A% YL A2 HUB A5 D% 7 4R OR DT AL ), I B0A R L5 53 0
S, ARG IEARMEREAT A B PR

I, 8T SR LBk, ASCHR Y 1 R TR 2 ST I HE ORI 2% A% G BR AR U 1A 75 (CR-
DAN). B 56, FXHRAGE ST, AT AL T B A48 DR I 28 A0 S 3k s A2, SRR 28 T80t
Y Pl e 20 W 8 R AL 2 3 JR ELRR S S I8 A B DT RAT 9 dle, A i P 3RAIE. R R AT R 2R
FRIE AR, WG, FRATIT AR IR RN ] 2% hop Q1A% 3 B8 AR RS M BEAT BhaS 22 20, B2 3 2%
Hh A R AT AT S XS P Al A FE S, T T AR AR PP At 0 R B (5 BT S A O T B XU T
(P S ENP b RE X (B IR AT DRSS S €0F S RUnE vall S N 47 W RPN IR Y € R NLTTIE T3 E O % N
PENES WiESuv Ny

(1) 74T A A S R T, 10T 2R G0 XU 47 0 5 00 28 TSR A o) 2 4L OR B UG DA
MERE, FRATIR T UG A% 48 £ FERHE GTHEOR W 45 1) XU BEAT R R VP A, vt 1 — P B A 5 TR
57 SRR DR I 28 A% e e A2 XURS: DAt SR

(2) MRIEHORIMESRFPE, BETE 12 T MR I 2% (RS AN R IR R 27 3] 2R S R 2R IR RFAIE RS, [F)
I IR T RS T JI AU AR | P Sfe 2 = Do 24 v 0 FLA A% R B AR 6 AT AR RS i O B 4. I HLaEad
SCUG IR 1 AR AR A PIAG A ) R AT AT AR

(3) Wit V7 IR H A S AR R g AR AR R Rl S 1 AR DR X 2% (0 45 M RFALE A% e R Bl A e 1 ik
TR A AL 2. SRS A SRR WA SCUC T (0 75 VR 7 A% e A2 XURS: DAty o A S ey Y s 2 TSI

SRR ARy WAL HEUTR : 55 2 5 GHHEOR 0 2 XU VAl B GBI 78 AR, /LT <o o 5% XU
VPSRN ZG RS2 2D 53, 28 3 T VEAR A G AR SR Hh PR FH OR IO 48 A% e A XURS: PP A 5 12 S 4520 BRA
T.OH 4 WAL SHIRAR T SERIHESE. e RS EOFRE T B AR

2 MxIfE

AT T HE T PRI 0 45 PR 2 21 T VR HEL DR I 455 4% L BR AR REAT 15 B ARG PRAL , 2 N R ] 2L
(e ST R X 2% AR AL 2 >0 AR < fh oA 8% XSy DAl ) AH SR FE i e
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2.1 IERMBIFIEFE D)

AT, X TR I 5% ) XIS PP A e 5 P LA FGAE I 2% P AT R AR 2 21 JF B T J5 25 73 2R B 1o
VAT IR RE. G Al SCATR, HH AL S8 10 200 0 4845 S5O0 AT AN XU 1Ak (1) 77 VR A7 A B S BB,
S AR /N4 B X LR I 5% (R RS AIE 27 > R AT R Bt

THAR DR 281 Dy — Tt SR ) ) 2% S5 M) 5000, A 49 7 vk v A P X 2% ) 48 40 1) B AR D99 RURFAE, (L2 4
PRI B AR AL e ARG B R A, R S0 I 2% R 7R 27 21 7R R LR T DU I 2813 JEL e Ak D9 IR 4 AR
(s, HEE B TERLS 22 I BRI 1B, X 5 FE: DeepWalk ), LINE 19, Node2vec M,
SDNE 112 45 {H 2 Rk At A BB R s 45 (M S5 M RFAE, TR 75 B2 45 G A5 B I N 4 R 2 21,
4y STNE W31 W BINAT f 8 R4S 2% T W 25 AR RAE; Wang 55 14 B2 T BEHLI#E KSR SR 1 T 74
W 28 eI 2 ST B 71 IR B8 77 AT Rt N 22 A A1 B0 M 2845 R BEATRFAE 7. 6 i 31 3 (14 DY 28 KR A1E 2
SJJ5TH, BFFE AR T A 22 P 4 Sk ab 2 LKl (00, ol PRIV g % () Ty DURE BRI A 5T
T AR AL E ;PRI 7 [0 24 T L[R]3 12 22 L PR N 2R A, SR PRI R A I =2 e v ) 1 A Bl
28, FE TR AN 7] DX 35 PRy Do 24 2 ) 2 6 (L1 P 2% 4 e SR Tl 07 2507 453 TARGF AR . AE4E ORI
2% rf1, BHONEM U8 B&T-40 G 28 )15 5 A 1) o AN SRR B I A R B 1 T oo m i E O 2%
B SR T AN A0 XU R AIE S HL

P LA B H BT HE DRI 28 RFAE 2 > B T7 02 32 AR A AT RB 7 AT, AR 2D XU A% 4
£ BEFN ZR G0 PR £ P55 0T I 268 A R B b AT JEASE. 17 J 3 A A 0 ] ER 28 355 AR 4 R Sk BE R PRIk
AANEE . ARSI A% Gl 1) S5 3 STE 29 A% F A AR T vk, T LA M8 R < R LAS ) i 29
PSR SRRt 38X e DU, B4 A% G BR AR EAT DAL A TR0« SHL D 5 B IR A% 4 & gk i % 1) ey Tk A%
3B R G

2.2 SRS T

X 28 G IR PR VAt B G 3 S0P < i e L ) PO — L S R LA AT e 38 1T ) Kk ), B
RICAMAR T 2wt ge Dol Mg (K 1E SRR OC R —F BN FRR 7 2, FESR RS0 i
H Tz R S R AT A R R i e R 28 Al ) IR AN G 3R R 24 AR SCHR 45 BRAR AR I 4%, T i3k
A [0X) 2% 285 R R IEAE 2R G0 IR Hhs 42 A0 TR0 5 TS 2 EE B ROAE A 1200, 2008 SEG el e, Sl R g
()2 2% W 2 o3 T AN 7 I A9 31 1 T 2 000 Y. b iy 8 Ol o BRAT 181 A1 P 51 J 1) 5 JFE AR 1 0 Rk TR 5% 11
RAMESENLS 2003 TR AR 2 (SARS) A& #E IS R B H— @ AR, #02 th /D H Mk
MR IR Bl T2 AR N 2 R G, S E0 B R 22 BEE CEAMIED) TIE T BT
R A8 FH A2 2 DX 2 L A0 R FHR A2 45 i 2R 0 P Rt ke 1 88 PR AR DA A (231 g, ARAT [R] B A 8 () Bh A )
28 7] LIS sh v XUV E A R0E R . AR TGN S SRR R KT ASBEEI AR (too big to fail),
2525 Ah FH I 2 g it AT Rk, anse E B %% 280 (The Federal Reserve System) v ¥ o K HI £
[ A &) 92 [ [ FREE 4] (American International Group, AIG). 14-7E ML & flik R, 2 552 k7E
W 2 R PR AN AR B A A T R/ A1 (33 1 2 4R b (201,

JEE DA TAE CETFAIRZR AL IR 28R (1) T BOR PR A 42 R 22 0 o A XU ) R, (L %o L X 286
HH R E T RS A G T BUR G KU JEAT A6 RO Al R 5 B 78 /0 A 9. Meng 55 24 40E T LB by
MUE) Kshell HEE A AEFH LR 26 (3B 2 R AFIEA G, Cheng 55 17 JE— DR R T M4 KR
5 21 T AR AN AR VP AR A, 2R B T IR I A B I A R HE R I 285 1) B XU o
il T2 B 0T I 285 T () AR RCREAT TN, AR SRS, A% 8 1) A% GL B AT I A FEN TS, IR AR LR N 25 1)
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° @ ° ° o Borrower | Guarantor

(b) (© e i i

; 7 zﬂ ORCACHE

C E

O -0 OO0 I
(a) @ © ,

1 HBIRBRME R EEEIIRRA. () —MHRBBBERILE; (b) METIR; (c) FERE; (d) —FERE
2 (e) FRARERE; (f) BRXREFE

Figure 1 [Illustration of a typical guarantee network and the diffusion process. (a) A typical guarantee network;
(b) individual risk; (c) contagious risk; (d) a typical contagion path; (e) all contagion paths; (f) guarantee relationship
table

ARGUE AT PP AT 73 AT, D XU I 92 5 1k 2 ) ) a5 9S4

3 AXFE

3.1 [ERENX

EX1 (HHEMZ) HEMZE—NGRE G = (V, B), Hdh ¢ REMZ, V2 s,
AT ve V RE-ADphil. B RIKES, 81 e € B AR —MARK R, WEHTT15E 1
HERTT.

EX2 (BHRE) 4 RMg G = (V,E), T v, B H SRR 5EHT 3 SEE KM
0 55 RS F BT E L .

EX3 (AR AR G = (V. E) P, WERTIA v € V MM o; RAHEER, 12
Bk v; PEFKEBANS, v; BAAEWEEIE THE, AT BT v, BLMIET TUE T o BARIARIR AL
oS, — AN B R LR 2% B AR AL R R 1 1 P, B 1(a) FE7R T H 5 AN RS Jl ) 4R
W2, B 1(b) IR TG RS P B AT A0 E I, HBEXH B 5 R AT &, ok /it
HIAR T S0 E RIS, B 1(c) B TR D a2y, MRS S E RS R (1) W77 [k G 227y
mE R

N4 (R ) (RN € = (V.E) B, BT o, € VR o) AT, 1 o B o,
Z (B BT TR AR, A TR AL BLEEAE ¢ ; = {(v,e)|v € Path(v;,v;) U e € Path(v;,v;)}.

W 1(d) B T AN A AL G AR, B RS KRR T 1 R D IR, D XHOBT B, Kk
JEEMS, TERCT ABDE ) — 26 RS AL QL A2, 2B ORI 2% B P AL Qe A2 an 18 1(e) IR, FRATUAR
A R SOARIE T A DL BRI RO Z R A, R BIE R B BT TR R AR ik 129) g
HAZ AR AR IR 2% T i TG A 3R % 4% 739108 ABDE, ABE, ACE. & 1(f) 7R 1 8430 KRS AL 3% X B
A RS AR FN 2 BT RSO, B KRR 2% (1 1 0, AR A 20 A ANV SEAEZE GraphX ) SRS
FELR ) 28 A5 YRR AT (1) PRI ) .

FEX5 (FHEEHAR) AR PIAME QRSN — A2 2 A IERTIA, JoATE SO SRR A2

1) https://spark.apache.org/graphx/.
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FER RS SR AH ORI 45 £ Jeig A% (RS PP A

——_———

Y ( . , Vo

| 088 & |
P re f |

L ap, c |
R N Y
® © | }(,, (A\y(h— > © W‘% %) }

|

e e e ’ € )
Contagion paths Multi-path AN (attention network) ‘
gion p P |
7777777777777777777777777777777777777777777777777777777777777777777777 Y
e N e ————— & 7777777777 ~

- Loss, ==y log(p,(c") |
N
Loss, ==y y,log(p,(h) |

£ (6)=ALoss,.
h' ) +(1—A)Loss,,
Behavior g
loss S
B
Loss,, o

SoftMax

2 (MEIRFE) ANIGEITRBRMEERBERKETRGE (CRDAN) {REUERE. (a) BHEMEREIE;
(b) ITREENMLE; (c) REITMH ML
Figure 2 (Color online) The model framework of this paper proposed contagion path risk rating model based on deep

attention neural network (CRDAN). (a) Multi-path attention network; (b) behavior attention network; (c) risk rating
network

EX6 (e L) Zi b, ACHHFR 8 E S N 8RN G = (V, E), BLAMZSEH5 il
ARENE; frth: PP MERERAE C = {c1, ... ., o} BIRPRERL, |Of ARIRAE Y AR I H R
FUbR: ARG DA 7 ik FA e (s AN T SR,

3.2 1RAGEZR

B 2 JRoR 7 ASCUCTH E ORI 2% 1% Je Bt A R PPA4 7735 (CRDAN) BERUHEZLIE]. SRR UL, B
IrN 3 AN EER S (1) BRI RAE S )2, R R R IG5 PER G D 8k, fth oy
IR I Z8 G515 2 1 R R BRARRALE. PRAIR UL, B Skt R a6 1R 454 IO Bl A0 SRt g o R AL 48
TREE, M2 1Rl BRI B2, BlR , AEAAEE T A FE ORI 2% rh i A% S AR AR AR 642, SIS
FAE SC 4 M 5 iR, T ARARBR AR Z A AE A ST A1, P AR AR SR O A o, UG 2 5 B A %
Je. BIERAR A DRSS PR AN HT H AR 1Y Rl g, R T AR AR B AR A XU A5 18, PRI, B8 7 B
22 P2 R SRATASE PR B WL B 255 ST AN R AR SR AR X H bfle Gt A 10 2. BR AR IR 9
AR RAL R YER ERR G (2) AT R I M4, FA AN R AR J B AR I IR PR AL, BB S B
8 Y e 22 ) 2 AN PP S L 27 S LA P R RRE SRR, (3) ARG PP X 2%, RE PR 22 I 28 43 AT
7 SR AT TE R T 2% (i AR AR BN, G — SR SR AR 0 2% i T2 AR AE TR T R 1]
T A RS R AEASSCI TR 3 A, R AR T JRAGE ST, TR AN 7 23t
TR IRFOE RS, B B 22 X 2% 2 5] S5 YRR A AN IR A 22 X 2% 2 51 7 SRS AE, AR B T R L
LRAERFAE B 252 21 T A .
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3.3 BEHZEMWEIFTEZEIZE

P 22 o0 8 AL 57 2 T2 R N RS T TR RO DR R G M OBl e o, BRATTE e el filb B A5 2 AN
HORR RIC KM EYIR RN G = (V, B). HiH g ARE ML V = {v1,va, ... vy}, AR ARR
R E={ere... e}, V| A E| 73 HER M AERC R AN BEJE, 90 ORI IR AN & 1, 39
JEME R AMEA BEA L 3 TR VAR W55 IR S A B AR R M AR R a6 1a] | 5
TRESAIS 1] HOREA DA PERCNRAE. W TR0 #A & AR R 8], BT a6 8] 2145
SRS 8], PRI FATTAE I ZRAN TN B B A BEAT S AL AN SE B 5 Ja W AR SO 7 (10 G A% it A2 it AT
. B#1e C = {c1, ¢, o)} BEELITER R AR, BT 55 W48 A2 2k T D Sl B 2 i 1),
BT CASh A S AN Bt AR, SO AT AR A0 1 7 B AT ST, I REAS 21 T AR K 52Tt

E XL 5 P, P ME QAR AL — B 2 I AT A, AR AR AR, T
e G AR 10 PAURSE ANy e AL AR 59 Rk, B R RE AR T I 2% P AR AR AR HRPIRES. IR ATT i it
T ZEARIER IS, R ST EARAE R AR NS T 1 =B a5 M R AL, s et iz C =
{c1, ¢, 0}, FRHE BN ALK EERERE), ¢ e RF, K P Z2EERFFENZEL, |C|
FEBRAR AL BITE R T 2 2] W28 oh BT AT B AR I BB AL, RN O = {cf, ¢h -, ¢l )y FE
Hi o) e RE. VAR UL, X TAE— AL JBAT o;, JATE SEIBH HPTH IR ABER 12 ¢; € N, N REE ¢
PR ARERAS IR T ¢ M ¢ Z IR IR

_exp(o(ag [Wee || Wee,]))
D ken, explo(af [Wee; || Weer]))”

Horpr W, e REF Ry Iy gs th A Be 2 AL SRR, || ARRFIEPIEE, . RIER W% 7 2%
Azt —, T RELEEBRME, o L sigmoid KL, o, ; K o M o ZIRIBERIBE.

N TR IR R AR E 1, B M 22 Sk R L] 26 (multi-head attention) SKAHSZ2
2K AR (1) Frid RER 9B, R IE R 5 T S5 REFIEREAT AT, 2 RN

1 K
¢ =0 (K >y aﬁjwfcj)) , 2)

k=1jeN;

(1)

Qi j

Horh K AREZRER PR Z L HCE, of ) M WE 958 & A S TE R AL A 2% 4 T4 2 o
R . e 5 ST TR RAE €7 = {cf, ¢h, .. €|} TR BRI PP AT 9 255 PP
3.4 THEEHML

AT IE TR T (R N TE AR Qe AR M 2 B BO 2 B IO B8 12 751 © = {en, ca, - ., ¢}, FIRTHRIA
LA B — RS I AT AL, RN ¢ = {ca, iz, - .- o}, Foe T ONIE FAIRIK . 47 90E
A2 T BR AR A HE A J Ak 2 50 L g SR AR, 7T DAGE 4 S 2% L T g S R A A R TR AR
I TR Jeg AR B R A 3 s R AL R 1, D SRR A A AR R AN, IR BRATT ST
— A BOE R AP P2, (1T INACIZ 4 ) 27 SRR AT v FIIL e 80905 SRR AEREAT 40031 2
2N T ARERITRAE, FATXE ¢; FIIZE ¢ W2 AR ERFE v M ey TIEN v A ey, 1551
T wh 2 W 2% (1 A R

it = U(Weiet + Wm"Ut + W}”‘ht_1 + bz), (3)
Je =o(Weper + Wypvg + Whphe 1 + by), (4)



FRCHE S 52 AR LR IR T B KU VA

ct = fr- i1 +ip - tanh(Wegs + Whefi—1 + be), (5)
Ot = U(Weoet + Wvovt + Whoht—l + bo), (6)
ht = o - tanh(ct), (7)

Hodtdy, fo F0 oy 23 HIARERAE ¢ BIZIBHINT T BUET TR 1], 9 7 ORIFAI S I 1 12 X 28 1 2 2 )
— 3k, 20 (5) M (7) HHT ¢ R TTHRACKHIIN 1012 2% o B v )RS 25 0 B e,

N TP RASAS RN o AL e BR AR R AR () B B, FRATTAE SRR F s T BRI R
KN SIAFEIN ZIRF AR A I BEE R AR TR KRS M B, B A =
{h1,ho, ... hr}, FHONIZBRARERT PP B & RAE, o B = {hy, hY, ... ke, R BER RS
A

exp(oc(Wyhe, Wi hj))
ST exp(o(Wyhe, Wohi))

hy = NN ([I7=1 BejWihs),  Brj = (8)

Horpr gy SIS EE S AU ST BER 2 ¢ A Z IAIEIRCE. NNy Ry — MR BT 2 0
2, MM ELRMEROE R IT)E (ReLU) MR W, FI W, ST 2 i1 20 0 28 1A i .
3.5  RUEITAEMERMIER ML

A P A I £ R AIE 2 2T JE AT D T X 2845 B )50 TR R DX 4% XU A 4 B A7 7 IR 8% 445 A AR
I 7 ) e B R A A2 RIS At I 28 PR RN, % 0 288 % B AR AN RIS XU S5 4% v = {ra, e, .o},
L ARG RS IS . DRI, FRATTRT AAEAL Ge B A2 KU PR A — A 2 70 AR5, i AR KU S5 4%
WA, r ARG, KU VEAS X 28 AR R ECH

exp(NN;(z; : W,.)) zeld, 1]

Yy exp(NNy(w; : W) o
Losse = — 3 wilog (pi(¢))), i ={L,...,N}, (9)
Lossy = — Zl yilog (pi(h)), i={L,....N},

pi(z) =

Horbt o SEAERERR AR, th ¢ B0 b IR o AORERRRISSRIUREA L, N R ROBR.
NN, (5 Wy) S RSP BT, tH— SR BOS G2 (ReLU) AI—A Sigmoid W% 2K
W AN 2, BB [0,1] HISBCECE TR, IR B TE 1 AR R, W, R
SR

G5 RSV 1 52 P B ST A

L(0) = ALoss + (1 — A\)Lossy,, (10)

Horp o RRFTA A HL, X € (0,1) R REABESE, PRI W 2% o B R 22 10 2 RFAIE
5 21 SR RIAT 9T 8 JEAE A5 % R B B

AT B A (CRDAN) W] DLELFAE P AR AORE B2 T Rt AT A 22 2] AESEBn, 3K

fi# H Tensorflow 1 Keras #EATHRAITT &, 1 Adam 28 VE AR IRALSK AR S%. HAIIE ) 2% 3] &
WHEA 0.001, FJHHK/N (batch size) W E A 256.
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Customer profile Loan account info Repayment status Guarantee profile
Date Date Date Guarantee contract ID
Loan card ID Loan card ID Loan card ID Guarantee ID
Customer ID Customer ID Customer ID Amount
Sectf)r ' Loan contract ID Repayment amount Key: guarantee ID
Capital registered Guarantee type Repayment interest
""""""""" Customer credit
Key: customer ID Key: loan card ID Key: loan card ID Customer ID
Rating
Guarantee contract Loan contract Default status
Key: customer ID
Dat
ate Date Date . '

Loan contract ID Customer ID Guarantee relationship

Loan card ID
Guarantee contract ID Loan contract ID

Customer ID .
Guarantee ID Guarantee type Start time

Default amount .
Start date Start date R End time

Default interest
End date End date Guarantee contract ID
Guarantee contract ID Key: loan card ID Key: loan Card ID Guarantee contract ID

3 fRFRRIZ KT o B A ROIE (R 4 B SR itk

Figure 3 The description of networked-guarantee loan datasets for contagion path risk rating

4 SLWHSH

AT B S ARSI T LR I SRS R LT, SRR, BE A R B TR,
R RSB 5 RO R BT AP BTAT i

4.1 SEIGE
4.1.1 BUBRERIA

AL SIS F M BR Sk IR T 00 B A E SR I 2013 45 1 A 1 HZ 2016 4F 12 A 31 HI
XA PETLS, VA E IR IR R AW mE 3 Fs, PR s T 112872 M (i), UEE
MIZ T ) 124957 /N0 (FRARCR). EHURE AL BT B, AL A1 mEE KT 6 1T M
o —JLALEE 28360 NI AT 32961 AN, HAP TS EHERHE 11 A4S, LB HERHE 6 4. 23l Fiikb 3
J&, FAVSEN T LI BT A ) 33473 MNMERMI L Y12, St fErh, AR 28 — S R S 1F
DR LA ) 2 I 2 RS B )1 S S b AR, B S AR TSR I =4 R AR RIS ) OC & AR IR TR 7 A e
SROOF LR AR S5 2. 28 i AR S5 (R e SR SR SE TR, FE AR SCSEER Hh, FRATT A ABE 2R 4 R B 2R 11 5
FEH, SR TMIAE  ok— R 1A% e 4% RS, 50 S IR s v SR FH ) e b oxod Bk o B v AN I b e
Koy, BIIES (normal) J&7E (low)s KK (medium). AI%E (high) AR (loss). & T4E Gk 1%
FRAESLBAE R, THEBA S BRI O S E R L), AR ARAT X SRR R gt KU 1
BRE, BN LNEFELLLHN: IEH (0%) K3E (0%~5%)~ X (5%~15%)~ FI5E (15%~50%)
PR (>50%), FoH Lm0 I B A2 IR X S5 R . 1 ML AR AT AR A% e B A IR AU IR S, AT RA
4 H LB bR AT LR BRI R Gtk KIS AR

4.1.2 NEEFENSEILE
AT BAEA SO R R R, FATEE T 2 B0 7E WX AT N RRAE 25 S AR DA LR AR 5 1
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7 ANFEAETTEAT X LESEES, BT AR TR FIH (Logistic regression, LR)« 4 B 42 T o S A
(gradient boosting decision tree, GBDT)+ JREMZEM 4L (deep neural network, DNN) 29 KGR id
L2 2% (long short term memory, LSTM). TRi# B HGA A M4 (simplifying graph convolutional
networks, SGC) B, EJF & HHLHIFEAY (graph attention network, GAT) 1 Ak By & I 4% (high-
order graph attention representation, HGAR) 7. Hip st F-AMA KBS AL 10 7775, A E FH H AT 158
B By 2 AR R RS VRS AR 55 b, B2 4R35 M b, {6 one-vs-the-rest #4722 734 J&, Al H]
L2 {550\ = 1 FISEIET I, 5 REARRECA 1000, 586 B T S 50 B I B RIRFE N 3, 2%
SIFN 0.1, TKIRT ST IREL (boosting stages) N 500. IREMEMLE—ILAE 5 2, B E SR E
N ReLU(256), ReLU(256), ReLU(128), fiiHiJZ M softmax, ffi ] Adam (28] {E AW 22 3] (4L 1L 8%, B
KANBEEN 128, K5 3] epoch BB 1000. KAERCIZ AP FRLE L RS Z 2 T B E N 128,
S EY 0.001, BN ED 128, ik 4 M2 MTTIRIRATANTTAIEE 14 500 NMRFIE, 7850 fEH] 1 1
LRI S RL R4S BRI B HEARE. 5T SGC, GAT Fl HGAR 3 Rl A2 /R 2% i L e vk, FRA 1 B
W 2% N2 LR AR i N, 25 Hde 15077 TSR FH RS N SCHR Hh PR B L. AN SCTT VR AN TR i) ik o
CRDAN-noPA Hl CRDAN-noBA, 735 ACFRAERAY b 22 BRARVE SO EHRIAT i sk 5%, H
RIS UEREAS T BRI A M. CRDAN-all /AR 2R ASCHE H 7772, A8 A Tensorflow F1 Keras
BT S, W B 2 230N 0.001, HER/NA 256, T Adam P81 VR NBER 2 S (R fR A2, S5 A
A2 IR PRE , 7ESER 73 I B N 0.6.
4.1.3 BN

AL, FATRH Precision@k, Micro-F1 Al Macro-F1 {E A& e 42 KU AL O # s 48hR. v

AR, FRATTRE T I3 ) IR AS B R N IE R (TP), B R K IEFE A BRI TE (FN),
T LA ) SR ASIC O IERAYE (TN AN R ) AL O B (FN). AR R (71550595

Precisi TP; Recall TP; Pl 2 x Precision; x Recall;
recision; = ——————, e i = —
cetsio TP; + FP; eca TP, + FN; Precision; + Recall; (1)
l l 11
._, TP, ._, TP,
Precision = —; 2=t ,  Recall = — 2=t ,
Zi:l(TPi +FPy) Zi:l(TPi +FN;)

Horp | RoR ot Gl 4 RS VP4 20 R R B, AL N T A, PR FRATAS i e bR Micro-F1
F Macro-F1 fITHHE 770
2 x Precision x Recall

1 l
Micro-F1 = M -F1 = - F1,. 12
1ero Precision + Recall '’ acro l Zi:l ' (12)

Precision@k FH R & Hr it 40 MRS DFAl 7] A1, R A% G422 BB O DTG0 SR i ORI DL T, 3
AT X BEAR A DT PRAG D S 7 S8 b A T AL T s 4 S e i ) R MREAHIRE B L, L
EIEN

[{ili € Cp N Co}

|Col ’
Hrp ¢, MRBRTI 1 & ADEEEREFERERE, C, AARXEHARN LRI, |- | ARE
aHRRAR .

4.2 RRBEREITE L

A /NFI I3 RAIE T A SO 77 AN A6 BT VAR A% Ge it A UG RS L RS RE R IIL. A% eitfAz
RS PEASAE 55 R A S E B | ARMESS, & 1 HIEHR 7 ENIE LGN 7328 B Fl-score, AR EZRE T

Precision@k =

(13)
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Table 1 Comparison results of different methods in contagion path risk rating

Methods Normal Low Medium High Loss Macro-F1 ~ Micro-F1 N features
LR 0.7561 0.6099 0.4812 0.9605 0.7537 0.7354 0.7048 ~500
GBDT 0.7722 0.6422 0.5412 0.9635 0.8086 0.7626 0.7270 ~500
DNN 0.7820 0.6637 0.5598 0.9659 0.8081 0.7707 0.7394 ~500
LSTM 0.7817 0.6684 0.5704 0.9626 0.8046 0.7711 0.7412 ~500
SGC 0.7971 0.6916 0.6087 0.9679 0.8241 0.7895 0.7599 17
GAT 0.8076 0.7164 0.6419 0.9673 0.8179 0.7952 0.7726 17
HGAR 0.8129 0.7216 0.6522 0.9688 0.8393** 0.8067 0.7805 17
CRDAN-noPA 0.8125 0.7224 0.6488 0.9690 0.8359 0.8050 0.7798 17
CRDAN-noBA 0.8205 0.7323 0.6565 0.9673 0.8391 0.8083 0.7859 17
CRDAN-all 0.8344** 0.7539** 0.6953** 0.9697** 0.8298 0.8189**  0.8023** 17

fEFEFR Macro-F1 Al Micro-F1 HI¥UE. RN, 1% LR, GBDT, DNN Al LSTM 4 M&H B A M % 2
FRIATL 3 2 ST AR FRATIIE TR AT Mk & AT SR Y Recency-Frequency-Monetary (RFM) B 4
fE T2, Fah L 500 AN THRFE, Hoh 77 ik B0 H 5 a6 i B P BAE AL N, ARsK
I AT — N JEIAR 10 WK, 1 FREIR T 4R AME. FIRPE AR TR S AR AR 7 ikt 4r
Fext ¢ K, = RO RRASEE T p < 0.01 FIGEH 2 M.

M 1 AR LA, FE XS VA AR H 1735 LR (RS FE A Re g 1A B B AR R, GBDT M
DNN [k BER T LR, 3 B3GR (1) 75 5 B T 3R TH A% S B A% DU T AR 2. LSTM. A 280 SR s
=T DNN Al GBDT, Ut Wiz B IR FE M 4 2 2] [ SEAT A s eQrE JRURG T 1A A Rk, 51N B2 I
211 SGC, GAT 1 HGAR KI5 5KE B BALT Bk 4 FiBAY ) 3E— B AREL 1 2% 30 IR 4R AIE ) B B
s R R IHLEI ) HGAR J73202 BT A JEHE 5k ip R B (1), UE W T 33 = LA A% G i 4 KUK
TR A AR RR. 5 A ST A28 /R CRDAN-noPA Al CRDAN-noBA 43 Bl FI3E#EJ77%: GAT
DA A HGAR RURAHY, CRDAN-all 58860 W E 0T Bk U732, CRDAN RAEH 17 AN RAAHRHIEFrsk
FRREFELL AT T A MRHIE TR S LR J7VETEIR L (medium) 2851 I Fl-score 32T+ T 43%, XF i 411
B HGAR #2871+ 5% UL b fE4H0 7 M e s, CRDAN 5 6 A& At 7 iE i i,
P 5 PHh 48 s L, CRDAN LU aF 35 4E 777 HGAR 1 GAT #2577 K& 2%, #t— 03K T4t
XA Y A5 A AT T VR T IR 06 L R A ST T VR AEAZAT 55 v 1A 21

4.3  FTEREXBEITEAL LG

A GLRRAT R HHBCA P S0 ST F P R BN, K 2 B SR AR R AT 57 ST AR G TV EAE 2R
{E55 X ABEA T RO A . AEASZIR R, FATTH: CRDAN FIE-AN X B 5 78 37 M 2 1) B 4% P ik R g
AT VEVEAL. B o, FRATTH% MR [a) NG FP AR Ol EURIT B AR A% G B AR 25 AN [ 1 D7 VAR AT TN AN vEA, s
R TR I HT & A B B e R AR RS (Precision@k) JUHRAERE] 4 b, B 4 o FARR T
AT & DNEGEFEAR kA, v WA N ER L (precision). Bl 4 1) 4 A7 Bl RAEE K
4 NER ERGER, BIE (low) XK (medium) FJEE (high) 4325 (loss). MHATLAE ), A K&
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Precision@k
Precision@k

Precision@k
Precision@k

100 200 300 400 500 100 200 300 400 500

Ela (MEhRFE) HERBETFHESTEIRNEES ((a) XE, (b) RE, (c) AL, (d) k) B Precision@k
FEEEXTEEE

Figure 4 (Color online) The Precision@k of each risk category ((a) low, (b) medium, (c¢) high and (d) loss) in new
constructed contagion paths

AN Z I R B T Al 4 A 59% (LR, GBDT, DNN Al LSTM), Hrpa g3 & Ll i
GAT 1 HGAR J& FT A 7ok B s 1), 2 B 1 A8 B WL E 3T B AR VAR AT 55 Hh i B 24
FH, T A% GEATLES 27 2 J5 T P A T A2 14 SEARRAIE 4 R I 5 27 =) A 2880 XU 40 8 g, PRIk
X T VA B AR VAL AR 55 P RS JE 25 KT GAT, HGAR LM CRDAN %5 i BIVE 2 F1 ML /0 2% 44
FRI AR AR SCHRH N 77 vE CRDAN T [RS8 T 485 A6 2 Ll s 3 2 A L xof Pl
2525 B H 2 DA IS A 28 IR 28 R A T B B RN 22 30, BT DAYE BT R 2 v i b DA BT A FE XU
ki 28 ) P R R B 1Y), R AE SCVE IR BT 55 ) CRDAN top-500 FIT3RAS TR KA1 LR
top-50 FMEAH Y, “FIMIRE FEIR AR T 12%, 1EATA RS20 R BER T 8%. 45 7 /r R
T ARSCET B T IEAE B A Y B A PR AT 25 R AR F5 IR R, BRMEAT R AR AT v IR AT SCH H A 17 sk
FEAL AT KU VEAG Bk K.

4.4 EENNHE A ERERER

X R R A 14 SR A < AT L D) H A UK Bl B A FU 0 2R . O T R AR St
JTRAERG REVE Al A% JLBR AT U7 T RENS HY R AL 5548 5 8 3, AN TR R WL 2 21 B AL E 73 5]
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Jan.  Feb. Mar. Apr. May Jun.  Jul  Aug. Sep. Oct. Nov. Dec. 2 3 4 5 6 7 8 9 10

Normal 0.1790 0.0473 0.0747 0.0790 0.0594 0.0683 0.0850 0.0667 0.0917 0.0745 0.0656 0.1087 Normal [0.3375 | 0.1728 0.1204 0.1324 0.0661 0.0656 0.0193 0.0236 0.0690
Low 0.0404 0.0881 0.1292 0.0933 0.0463 0.1106 0.0651 0.0439 0.1053 0.0817 0.0928 0.1064 Low 0.1038 0.1446 0.1764 0.1121 0.1119 0.0909 0.0773 0.0443 0.1037
Medium 00272 0.0394 0.1086 0.0319 0.0545 0.1512 0.0578 0.0937 0.1498 0.0511 0.1020 0.1409  Medium 0.1515 0.1451 0.1513 0.1218 0.1189 0.1139 0.0725 0.0752 0.0517

High 0.0301 0.0450 0.0764 0.0405 0.0946 0.1924" 0.0488 0.0778 [0.1859 0.0273 0.0438 0.1403 High 0.0729 0.0473 0.0408 [0.27724 0.1322 0.0653 0.1117 0.1029 0.1251

Loss 0.0129 0.0395 0.0631 0.0387 0.0786 [0.2317 0.0378 0.0709 [0.2191" 0.0218 0.0421 0.1439 Loss 0.0379 0.0686 0.0578 [0.3087 0.1227 0.1063 0.1140 0.0840 0.1167
() (b)

1-3 4-6 7-9  10-12 13-15 16-18 19-21 22-24 25-27 2830 31-33 34-36 2 3 4 5 6 7 8 9 10

Normal [0.1612° 0.0339 0.0881 0.0568 0.1070 0.0974 0.0761 0.0586 0.0723 0.0685 0.0810 [0.1252 Normal 0.0650 0.2238 0.0675 0.0899 0.1069 0.1161 0.1261 0.1700 0.0771

Low 0.1142 0.0839 0.0606 0.1043 0.0723 0.0714 0.0666 0.0585 0.0536 0.0891 0.1147 0.0831 Low 0.0232 0.1558 0.1379 0.0800 0.0950 0.1211 0.0660 0.1564 0.1580

Medium 0.0623 0.1017 0.0482 [0.1420 0.0988 0.0518 0.0470 0.0717 0.0524 0.0606 0.0887 0.1171 Medium 0.0951 0.0612 [0.25131 0.0914 0.0510 0.0806 0.1378 0.0962 0.1259

High 0.0566 0.0946 0.0721 [0.1943 0.1290 0.0683 0.0678 0.0727 0.0592 0.0553 0.0712 0.0863 High 0.0350 0.0688 0.0489 0.0504 0.0860 0.1616 0.1821 0.1623 [0.2109
Loss 0.0617 0.1081 0.0747 [0:20031 0.1095 0.0740 0.0353 0.0803 0.0333 0.0545 0.0582 0.0899 Loss 0.0427 0.0565 0.0204 0.0923 0.0732 [0.1820" 0.1615 0.1705 | 0.1775
(© (d)

5 (MERFE) £ 4 MERETHEEANEN TN RI
Figure 5 (Color online) Visualization of attention weights in four different views. (a) Attention weights on each month;
(b) the number of inner-chain nodes; (¢) the number of chain duration months; (d) the number of neighbor chains

FEAS [ AR A 25 20 LS AN R R RL B b AT~ 220 3R, B e A PR R A B EAT R BUAR R 0 #r. Bl
T3 IR 5 B P 70 W v R A A I AL B AR St TR R I, DA% 22 BR AR T8 70 R 4% v A B AR PO 1 A
ML RIAR B B AS ML B AT e B, 5 R sl 5 Foms.

o RAEAMK: AVEMEDBCR, B Qe bnE LRI R AR A (1~12 7)), XN FTER 7]
PUHIFETE A B 5(a) Bras. ATRAER B, 1 H 6 IR B oTmk AR, B2 H & T 1
BRARAE S5 02 15 9 A b B B RS SO Hh 50 T i R (R AR XU AT SR
6 A9 AR 12 AMEZEIEA R, 2d GR35 % 5870t T Re2 o K 2 Horh /il 78
24 2 RO PR IR T W 3 K 1 3 g, DRI AR ARAT M 55 B8 PXURS: KAL) 1) 5 P T A DA R O By 4T o
ARG HEE.

o FREEMFIAIALEL: 18] 5(c) RN T A% YRR AR KRS I [0S T AN A RURS: 45 v R U L. T DL
H 13 A HIERARR T 1R SF Al R, FFEE T 10~12 AN BORFAEAE e KU A5 200 11
BRARPPA R ROV R DI, FEND 5 Se B, R B E R OGTERFEE T 10~12 S A IR AR

o BRI RALE: FEEAR AT AL T, BRATIE A S B R AT AT, i 5(b) Bk
IR A PAY T SR AN L A R XS PR VAl ) B B o, 057 5 e (R BT A
X T v XU R B R AR A B RIS AT R A e i R A 1T

o HMABHARILEL: B 5(d) s 1A RBERAR KON T H bn At Jei A2 XURS Al (1 B 254, ] AR
3vd AN AR BRARALE IE H AR XU (K 70 28 P EEBCEL 2, I 7 AN DL AT BR AR AE BT A KU S0 Hh A B
PUEEL JUHAE R KU AN 5 S vh BB BN R PRI, R USR5 B IZ AU A% YL g
FEREAT .

4.5 HBEFREMREHIFAR

AN/ CRDAN (EG R R 40P (0 4075 | MERe R I A R SE T N2 . 5 K2 H0URE M
AR —FE, FERE D, CRDAN 70 N B A ZRAE ST AL PR, Jerh B2 I SR 45 A% Geig Ao i 2
AR GREE 7y, LA RAESS BTG A R R, iy T I A o R b, AE B 0 32 R 7 20
P SL R AT R A R TRE, ARSI R AT LR R AE. R OO SR AL B EE 2 24T BB, P
PR R4S 3 AR KRS T, ESEBR St MR 2 63 Telsa P100 GPU HJIk%5 4%, i 26 min E]
SRR T B AR h AR AR A Y B R SRR BRAT 55, LA 2 T-PF 0 R A UERHIE T

1079



PR S IR FEL DR 00 245 oo £ G R AR 1) XU PP A

#175 Cl

h #19== C,
. 3= C,
y 481
y -3 4
bl > s #211 #ss [
e B #1320
s>\ =31 ?
. . 2N #91— C,
ot s . ”
e 3 14 s C,
S : #emm C
5 o . Contagious direction #o4m=
w12mm C )

(2) (b) (©
6 (MEFE) BSLBRMLE PN HZREEREBERBIFAR

Figure 6 (Color online) The visualization of the real-world loan network and the predicted high-risk contagion paths.
(a) A real-world complex loan network; (b) contagion paths; (c) the Sankey diragram view of contagion paths

TR FE R AE SR 1 1.5 h. AELIFAE P B, A SO VAR FRRENEE 20 ms PN 58 N BB A% (O DA, [F]
WHREA T IR MY R, 584 2 AR H IS 0 Rk, T AESHEMIENBIT,
FE 9 28 FIUINAT 55 FEIT S AAHUT, BT A BB AT WAL G IR AR AT VAl A AR SO 1%, bR B AN AN A Tl
W5 A5 H B AR VPA Y HGAR FI GAT S5 7R EREIRTE T 3~6 f5ANEE (BT 45 v 1T 3404 4 it
K. A% 40 772 i T 7E 2R T I 75 B AT ReAE T RE RN 12, PR R U7 T iz % T A S 7 V.

TE B RS | AT AR SO V2 A T &5 SR AT SR 5. B 6(a) AR JEOR TR h GN1T3
(B SZAEAR R 2%, 1] 6(b) X8 A ST i CRDAN BT A YR A% AU P A 4G 0 H Fry v IRy 18 422 o 4
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Y EE 6(b) AR iAok R R, AT CUE B RS 0 XU B AR R 3R T 10 4,
Wk 16 KNk, 58 211, 76 F1 58 T SR LIRS TE R I OB A, (5 A e R 1 S
L. 'S5 135, 31, 192 F 58 [ 5 H B 35 LI HE A 45 .

ML 6(a) H, FATAT LG i, A L ) v RS B A A 1 DX 3k, A 3504 A dc 249 IR A 4 D 24 A
FHIFL. SR T R FOAZIX S AR ST AR 3 Ay vy RS X IR AR AR R R, FRAT TR %A% Y B AR R AT T SR
Fi. Bl 6(c) JBR T BRERERISEEE, B4 Qe 1t 58 B ARR AL ] ) H AR 0. AT I At 211 A2
FARRR, 1% M NG5 135 A 31 A PR AEFR LR, IR AL #8261 B B 20 KUK, TR ik
RIAE 211 5755 5 B UGS, JATSR R I 75 5 Wi Ak Y S BOE L 1 lh. 5 H B2, AR, A
Z B N HEAb AN 211 S A RFRMHELR, — BT 211 KAL), WK E KI5 K AE RS
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Abstract Small and medium-sized enterprises (SMEs) loans play an essential role in many aspects: including
technological innovation, economic development, employment, and people’s livelihood, etc. In order to meet
the loan evaluation criteria of commercial banks, many SMEs choose to guarantee each other to obtain loans,
thus forming a complex guarantee network. If the borrower defaults on the loan, the risk will be diffused to its
guarantors along with the contagion path, which may lead to systemic risk across the loan networks. This has
brought severe challenges to the nation’s financial security and regulation. Thus, accurately rating the contagion
path is an urgent task for systematic risk management in the loan network. Therefore, we present a deep learning-
based approach to the risk rating of contagion paths in the bank industry. We leverage the graph neural network
and attention mechanism on graph-structured loan behavior to learn high-order representations, which do not
require handcraft feature engineering. We demonstrate that our approach outperforms the existing baselines
with 2%~15% improvements in risk rating and 3.5% in the newly constructed path rating problem. The result
demonstrates the effectiveness of our proposed approach, which provides an effective method and theory basis for
regulatory commissions and financial institutions to monitor systematic risks in networked-guarantee loans.

Keywords risk assessment, contagion path, loan network, graph neural network, attention mechanism
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