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A blockchain abnormal transaction detection method integrating graph
enhancement and multi-teacher dynamic distillation

ZHANG Mingquan'?, JIA Wenli', MENG Limin®, ZHAO Junxian'
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of Intelligent Computing for Complex Energy Systems, Ministry of Education, North China Electric Power University,
Baoding 071003, China; 3. Network and Information Office, North China Electric Power University, Baoding 071003, China)

Abstract: To address the limitations of existing blockchain abnormal transaction detection methods in complex transac-
tion structure modeling and data imbalance handling, this paper proposes a detection method called MGDD (multi-
teacher GNN dynamic distillation) that integrates graph neural network teacher models, motif structural features,
SMOTE sampling, and multi-student model knowledge distillation. This method first enhances node structural repres-
entation using motif statistics, then constructs multiple teacher models by combining GCN, GAT, GIN, and Graph-
SAGE graph neural networks. Through a dynamic distillation mechanism, it guides multi-layer perceptron (MLP) and
random forest (RF) student models to learn high-order semantic features from graphs, and introduces SMOTE for over-
sampling to alleviate the sample imbalance problem. Experimental results on the Elliptic dataset demonstrate that MG-
DD outperforms existing typical methods in terms of accuracy, recall rate, and F1-score, with the RF student model
achieving an accuracy rate of 99.23% under the guidance of distillation. Ablation and robustness experiments further
verify the important role of motif features and knowledge distillation mechanisms in improving detection performance
and model stability. In summary, MGDD provides an efficient and scalable modeling paradigm for blockchain abnor-
mal transaction detection tasks, showing promising application prospects.

Keywords: blockchain; anomaly detection; graph neural network; dnowledge distillation; SMOTE; multi-teacher model,;

dynamic distillation; feature enhancement
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AT R AR E 2 2 PR RE, 450 T X Bk S
52y A DN v <« S AR TR R Y e XURE RS 0 Ol 4
THE Y B2 AL RE 1, AR SCHE IR #2800 2531l 2R B Bt
MM DropEdge %, 4 — 5 I ZRBEHL % 55—
Fe A5 T 3
E’ ={(u,v) € E | rand(u,v) > p}
= p i E 57 % (Bl4n 20%), DropEdge BEH 4K
e LG R s 5, R AT B T GCN 5 GAT
S e U R Y R 1
2.4.2 SMOTE it R 4f
FEREA 2, ] SMOTE 8 % > B S
A HEAT L RAE, M3 A LA U TR, R
&) 3 A AR )8, 4R TSR A S 28 0] L AR
WIBET] o

3 Sk E

3.1 LWREBEE5FES
PRI E B Fa E M S g vl A2 Mk, Br

B LI G — S IR R R4 T, O [ e AL
Fif. AR ENT . LR FaRIERS N
Ubuntu 18.04, J¥ & i 75 4 Python 3.8.17, ¥ & 2% )
HEZE R H PyTorchl.12, 454 CUDA 11.8 SE3E
GPU fin s 315 . A {4 e & 75 i, f# A Intel(R)
Core(TM) i7-9700 Ab B 2%, #5 %% GeForce RTX
2080 Ti KR AL LR TT (W AF 10 GB), RENEN
32 GB. L ok B i 45 ) 4% 45 02 2 B R 1) 1)1 ke
SIS T 70 B R S R Ms AT RO OR B .
32 HIEENA

A WF9E % Bl 1 Elliptic 2> &) #2419 Elliptic
Dataset, 1% %0 ¥ £ PR H: 5 o B b v 5 LS X B
5 Ty 45 H R 24 I X BB S A8 S R A 5
BRI R AR o B ST T X5 5 B
BE 5 SRS G, EEAAS 3. 1) ellipt-
ic_txs_features.csv: £ % B AL b 1Y 166 4 KLl Fr
1IE; 2) elliptic_txs_edgelist.csv: X 5k 28 5 2 8] 1
A ) g5 #3151 3 3) elliptic_txs_classes.csv: B2
Lo WIbRE, 0 Na ik (legal), AR (illegal) 55K
1 (unknown). 4l AR GETHE B AN 2 R,

* 2 Eliptic HIEEELRFITER

Table 2 Basic statistical information of the elliptic dataset

B /4
BRI 203 769
BT 144 364
JEEAE T E 21030
RIBREAE T E 38375
58Uk (G Z14)) 234 355

% S 3 X HesE 2 G0 v i s ) e A R R AR
TE4 Rl 7y B TP iz AR RE T, AR SOREE 1~34 )]
HI2E G A IR 4E, 26 35~49 JE 1938 2 1 R
£, N2 35— 1> 50 28 19 52 oy R B, A5 400 9 52
b 55 3 5 P A R T AL [n)

3.3 EMIER

Ry A T PEAL LA X B S w28 ) R A 55
TR RE, TR R AR SOy X B b R B SS S R I Y
H 02 X 53 1E 8 58 5y F55 28 5, DRSR %
B A PP FR A, A4 HERA % (Accuracy) . K
3 (Precision)., £ [7]3% (Recall) 5 F1 {H (F1-score, F1),
XL G Y, i FIEW L ZiE 2 TRk
Sy B AT AE ™ H 2 AN S A ) 7L, O P A AR
FHMEBR 28 T0 s 4 1 R WA B PR g o PR I, A
R EEYS FLAE AR BERNEE 22 5 R g
JIJ5 U L, RE A8 T O | LS Hl S i A A
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FESE M RIIE 55 Hh 52 LA
4 Ko AT

B U W 28 B 3T EE 3 R

R PFAl AN TR GNN 20T AU 7 2 28 1R 25 16
HEZR i B 222 30 RE, AR SCEEHR 4 Fh GNN 7Y
¥4, 4395 RF Fl MLP 24 A A 21 500K, He 3
HAE X B 57 5 58 ) M AT 55 I PERE R B, =
IR SRR 3 iR .
3 TREBUTM LT R

Table 3 Comparison effects of different teacher net-

4.1

P

works %

MR

AR Accuracy Precision Recall  F1

GraphSAGE RF 99.28 99.56  99.01 99.28
GraphSAGE ~ MLP 98.27 97.67  98.89 98.27
GIN RF 99.30 99.55  99.05 99.35
GIN MLP 98.14 97.57 98.74 98.15
GAT RF 99.35 99.58  99.04 99.35
GAT MLP 98.30 97.75 9892 9831
GCN RF 99.41 99.71  99.10 99.38
GCN MLP 98.02 9746  98.62 98.03

T RS BB -2, R B DI/ NVER

SCY gk IR, BT RF B A A B 7 fr AT
HOM AR R ¥ 5 30 T MLP 2g AR #E A Hp 1y
FLEER T 1.13 B3, B RF 3 H &% > GNN
AR 5 Je e SR L BE T o E AR ) 200 ) 4%
LA, A48 GCON R4 i 3010 10 188 19 2802 g
71 (F1=99.38%), 1 F GAT. GIN 5 GraphSAGE.
Al HEJ& T GCN 38 33 X Bk IH — Ak 435 7 17 46 4
AT R IR AL 4, B Ur MR B8 T 28 5 [ v g () Joit 45
MfER, &M T RAMREESHS R &
Lo, MHEZ T, GAT 5 AVE R F L B AE /N
FEAS S5 5 1 R A 3%, {H AT RE i T A IS A i A
oA A A, i R ML Y B B ) A R
T4 KA, T F1 T GCN(99.35%vs.99.38%)
GIN it b RIKGE Ty ol (HAEAR B4 L AFAE
— i LA, TR RSO R IR U

Zi b, SRR, B XN [R] B R AE 5 ) B
K, A5 ST 7Y e L BORD ) B2E R #: GCN
SEM -, TER B AE 2 B R B 5 GAT 3%
TP S 5T R v B DG B OC R 5 GIN W FE 2 Ze 45 1)
FUBTE 55 g 83 . Uk, 7ESEPr i FH R 45 5
BRI ECR FR IR 541 55 B br 2 15 2 Bl BOm AR R,
CIRYE W &R A R RS X

42 HZAERNNIEER

SRy tE— 20 B i B O R R R, AR SOk
WCAE i rh R B R GCN-RF 4145 (i MG-
DD(RF)) fE R FBAL, GCN-MLP 414 (ic W
MGDD(MLP)) /£ 4 i B AR, 5L 50 4% 7
27 TR A SRR | A6 (] i 25 I 2 AR R
AH & SCHR T 74 347 % e 0B, A2 45 KNN(K-nearest
neighbors) ), LSTM(long short-term memory) 4!
GNB(Gaussian naive bayes) Y, SVM] MLPP¢
LR (logistic regression) **), GAT™ | GCN!M | GIN! #1
GraphSAGEP!, X Lb 45 R ank 4 .

®4 AAFFSELAEBLREREREITLE

Table 4 Comparison of different indicators between this

method and the classical model %
i Accuracy  Precision  Recall F1

KNN& 91.91 58.63 55.17  56.85
LSTME7 97.70 88.86 87.71  88.28
GNB! 64.26 21.20 97.95  34.86
SVMES) 91.27 54.57 57.06  55.79
MLPP% 97.84 89.51 88.20  88.85
LR2 96.12 84.16 82.72  83.43
GAT? 91.80 67.10 33.62  44.80
GCN!Y 92.23 83.52 26.75  40.53
GIN®? 90.01 16.67 0.22 0.43
SAGE"! 95.10 83.37 63.05  71.80
MGDD(RF) 99.41 99.71 99.10  99.38
MGDD(MLP) 98.02 97.46 98.62  98.03

MR 4 B/, ASCH 1 Y MGDD(RF) 111 7E
Jii s A R bR B3 WL TR vk, Fl A E|
99.38%, HERAZ K 99.41%, 4= i M # {0 fF LSTM
MLP., SVM %5 kil Jr vk o Hd, B hlas2e
> T3 K s T I RS 5 R ] R A Ok i ) A, 5]
W, SVM B 7EHER R [k F] 91.27%, {H F1 {UN
55.79%; r= M 2 155 580 v i kb 2 DLt B (GNB) &
U A i i, A ] T 98%, (HAG AR R
22%, S F1 k% 34.86%.,

KT BRI ATy S 4 BB YE N [ $8 A5
RIS, K 6 il T AN ) S A gy ik )
HIERSHE X AR E . WE 6 T LLVE H, IR
B gk h, R A LSTM AL F1
88.28%, 1H7EE 128 55 i (BP Recall) L4/ €5
T MGDD 2 sy Z& W HLH (& FH T 10.9 H 4
M) AN, JR R GNN A (GCN, GAT. GIN) 7
ARG AREA G AN ZE B ALHI TS BT, A [l R 1
T 35%, SiiE 1 B3 7 MR A - i 9 i 4 1] I
Y% GNN fE7E = EPERE M &, MGDD HEZE 835
PRI TR P B, B 248 B A py S A
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Accuracy

—s— MGDD(RF)
—e— LSTM
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6 ARIFERNTENEEERSHEEXLFELE
Fig. 6 Radar chart comparing the recall rate and accur-
acy of different anomaly detection methods

43 SHBXEKARFIEMIT LT
“h 4 T 56 IE MGDD HEZE 1) S8 i 1, AR STk I
T ARk B AR IR VE R DU 7 s R A7 % 1L,
FERFIE 34 5 Y (MFF (multi-feature fusion) %) | #1 %
F£#Y (RRUF(robust resampling for unbalanced fraud
detection)!'!) | &I 45 k4 #4517 (GAS(graph attention-
based fraud detection with structure learning)% |
PBO(probabilistic bayesian optimization for graph
construction)!'”) 2, XF 25 RN % 5 s,
x5 SHMXEHAEIERATLE

Table 5 Comparison with other literature metrics %

AR Accuracy  Precision  Recall F1
MFF — 92.96 85.00 9243
RRUF 97.86 94.59 71.10  90.02
GAS 98.11 94.01 8548  89.54
PBO — 98.50 66.00  79.00
MGDD(RF) 99.41 99.71 99.10  99.38
MGDD(MLP) 98.02 97.46 98.62  98.03

M 5 vha] PIFE H, MGDD(RF) 7£ F1. Preci-
sion il Recall 3 Wif5#r B &M THA ., 5
Mt SCHR 77 2 MFF A tb, MGDD(RF) /4 F1 427+
T 6.95 H 43 5., Precision 5% 99.71%, Recall 5%
99.10%, YK 3| T H & . 4, MGDD(RF)
%) Recall 5 Precision Z{HY N 0.61 H 43 2=, il
F GAS(ZEMEH N 8.53), RN E S H MR
B S BT v B X T . R AIE 3G 9 Y ) MFF 488
THHIE, Recall &30 (85.00%) B4, ¥k DL A 75 A B
PEsR B RVEFT . HRAEAYRY RRUF i KR
2 5 Precision(94.59%), {H Recall [ % 71.10%,
F1 3Z R

Kl 7 B STk % 5 MGDD £ 45 5 X L

FERIE . FTRUE i, 18 GAS, PBO ik FE 1 [l 45 4
A7 1k 1 L Jmy BB B RAAIE, B2 4 Jm) EERERE ), B
PRI BE T3 w55 o AR L Z T, MGDD HE 4858 i £
J2 U A B R S A AL, Rl R 0 4 A SR
54 )R A, ST PR R AR S . X R W
T EEUE 2 08 5 AR A R B B A 4 Rl VR A
I A R

100 - [ Precision [ Recall _
os| EEFL I
90 + I

85+
80 +
75+
70 +
65

60 4 1 1 1 1 1
MFF RRUF GAS PBO MGDD MGDD

(RF) (MLP)

PHARAE/ %

o
B 7 BMEXEAES MGDD &i5r3ttl
Fig. 7 Comparison of MGDD with literature methods

44 FEHHELEI

J T W AE ML T % MGDD HE 2R 45 S e
BEH i SC PR AR, A SCi T T — BT H 3 fil S
9o ARSCEELT 3 4 H AR ZIn 24>
BRI B, 53 5l 7R AHAS [A] R IF A 41 5« GCN-RF fE
hEXT R, P A 255 R RE (F1 M 99.38%)
ka2 v, H T EE SMOTE, DropEdge %38 JH 1%
P3G M . GAT-MLP A Ay SR PR R e, )
FH MLP XF 25048 4k 1) 5 B0 DL Je GAT X Bl 43
FNFRRIE A SR AR FELRE T, T R A5 BT motif B | B
[ REAIE | 235 7 e 2l 4 R 28 A5 78 ) 1) e 0 7 ik
PRSI . GIN-RF 1R i om At 25 40, GIN AL AE 1|
G BAA — @ T WA, i RF H 28 58 R AR 0
Wehe 1, %A G T PFAl MGDD HE 7R <4514 55
HOHOM LS 1SR 5z R

FEEARERAE b, A SCR #6128 8 0 ik, K
YR Ik Bl R 46 DL Bk WL g M B A2 fk : SMOTE
L RAE (H T it YL A A V-4 ) . DropEdge 1E Wk
(FH T 1 s AL Y A & M e ) LA R Rz i L] (B
HOMBL A [ R AL o 2 AR B R . i AT S5 S R Al
FH AR [R] B 5080 0 43 | R a3k | Bl AL D A
SR PRIEZE R A AT L T
4.4.1 SMOTE *f 7~ -F#r4f K64 4 iR 20Ok

Elliptic $# 45 772 76 /™ 5 1 R 54, E
BTG DE, B R DB AR AR,
AR CHENN R 5] A SMOTE 3 KA, I 174G H:
Xpep BRI RE R RE ] . SCER A5 RN 6 TR .
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Table 6 SMOTE's effect on imbalanced data %

FiAd A7JESMOTE Accuracy Precision Recall F1

GCN-RF A 99.41  99.71  99.10 99.38
GCN-RF J 9836  98.57 84.67 91.09
GAT-MLP A 98.3 97.75  98.92 9831
GAT-MLP ¥ 97.56  91.09 83.51 89.14
GIN-RF A 9930 99.55  99.05 99.35
GIN-RF & 98.46  99.66 84.74 91.60

SMOTE . E#7+ T r A L i g, oA
7 % (Recall) J5 i £ H . BN, GCN-RF 4
A&1E5] A SMOTE J&, Recall M\ 84.67% $2 T+ &
99.10%, $& T+ T 14.43 H 5 .o [AAf, Precision
M 98.57% 2Tt = 99.71%, K H AL G i RAETT
PR LR RIS, X R, 1525 TR
S5 BT, SMOTE IR 5] A xt £ M 5 ¢
AR, T ARG o T PR 1 M R TR 2R

—= GCN-RF 5 SMOTE
—— GCN-RF J&C SMOTE

oo o L T

100

—=— GAT-MLP & SMOTE
—s— GAT-MLP JC SMOTE

2%, I AE S A ] 0[] B AR EE 2 42 T
T A BIRS BE

HAbAL I 2H 4, i1 GAT-MLP 1 GIN-RF,
FHHE AL B, GAT-MLP () F1 M 89.14%
P T+ % 98.31%, T GIN-RF 7E J5L A< M RE T 8o 1
Bab FL B F1RTFE 99.35%., 45 GIN-RF 1Y
Precision £ 1# F K& (M 99.66% [% % 99.55%), 12
Recall B K IEEE T (M 84.74% % 99.05%) i Hi2¢
A e R EWGE, FI 0 BURTH T 8 H A M.

SMOTE {4 filt 52 56 45 S % th ] 8 frow, R
T SMOTE F 1 4% 48 b5 A5 43 #0388 1 T A 1
1. X FW SMOTE MU EHET T R85 1)
PUBIRE J1, I8 R G T L 305 s RE T R 25 X
o 256 B A5 H R AT SR AR, (45 A A A T
IR AR A, A B T 4R R A LA — 2
Vi, LSS AIE T SMOTE {1 R A HE 48 3¢
AR H 2 — A IO X AR g A ST i P S0 B ) A AR
P 538 F %
—=— GIN-RF 47 SMOTE

GIN-RF J& SMOTE
100 ¢

N "
98 | 8t = 98 |
96 | 96 96 |
S s % S
=@ g @ 92r o I

§ 92 £ o0l +‘£ 92

90+t = oegl = 90+
88 36| 88 f
86 84 86

s s o R v - e

; oo@o @6\'%\0 QS}’& < < &&O @c_}‘%\o Q.@db\ < ; @&0 &5&0 <%39‘} <
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ety EiEtan EiEtan
(a) GCN-RF A Jt SMOTE (b) GAT-MLP H Jt SMOTE (c) GIN-RF A7t SMOTE
FAGHIXT E HAEFRAT LG HAEFRAT L

E 8 SMOTE ¥ @l SC 3 45 Rt LE
Fig. 8 Comparison of the results of the SMOTE ablation experiment

4.4.2 DropEdge *+ #Jfi LA &4 bk 69 % ve
DropEdge J&—Fh45 4 1 WAL SR, 7E il 2k bl
PLEF B3, A BT TR S5 R R 1 A
P, N3 7 Fias, DropEdge AR XA RE 1) 52 0]
S AR . E GCN-RF A&, B H
DropEdge 72k F1 M/ MEF (M 99.36% $&F-F|
99.38%), IR Recall #£/ 0.05 H 434 (M 99.05%
FETHEN 99.10%), KRB F FE R Mg G0 T A4
FREARRAIRE S . (EAF RS, GAT-MLP 414
ZIE NI, F1 4T T 0.42 A4, HA Recall
WK 0.42 A3, Bk T DropEdge X JIHLHIR
RIS BR A . SR, GIN-RF 204 H P e B1
% 25 DropEdge i F1 S (99.48%vs.99.35%).

P22 AT BEIR T GIN [IH BAZ B AL 50 £ 50K
W 1Y B P —— Weisfeiler-Lehman IR 5E 24 1)
LRI, AU S PR (R RA A T

% 7 DropEdge X HIARE S MM

Table 7 DropEdge’s impact on teacher model robust-

ness %
AT Drf)z[zig o Accuracy Precision Recall F1
GCN-RF A 99.41 99.71  99.10 99.38
GCN-RF Jc 99.40 99.80  99.05 99.36
GAT-MLP H 98.3 97.75 98.92 98.31
GAT-MLP ¥ 97.85 97.21  98.50 97.89
GIN-RF i 9930 99.55  99.05 99.35
GIN-RF " 99.4 99.82  98.98 99.48
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SRER SR, S5 Tl PRI R 5 22 M Bl A5 AR 1Y DX BRBE S S S A 5 1k

% 53]

X EG 3 2S5 Al AR A 1) XTI
M1 GAT-MLP, #7220 R F p=0.3(ZH 8 1
D 48 2% Hff 7 b B il 1 % 5% B9 DropEdge. 2) X
GIN Z2 4 # i 5% 4] DropEdge 8% F& 1L £ 5 % .
3) GCN-RF ] R 3G 4%, 1 Brili 25 5 1H 58 A 75
FUA o
4.4.3 SR RABxt A AR M Y 09 B R

VAR RN ZE R GE I FROPR 25 ) 2 A B R
BB MO $E THRCR, AR SCBTE T X eS80, K A
B A 28 I 225 1) 2 AR TR 5 5] AN O AR AR 26 (soft
label) 1Y 5¢ $& 78I WU AR EAT PR g LU, 45 2R 3k 8
FT7R o

F 8 HIRZEIE RS A AE R 14 AR 0 B4 00

Table 8 Knowledge distillation's impact on student model

performance %
Sty vl Accuracy Precision Recall F1
EHBTHERMRE  96.12 84.16 8272 83.43
AUl AR 1)

GCN-MLP 97.76 96.92 98.66  97.78

SEHYGCN-RF 99.41 99.71 99.10 99.38
52 GCN-MLP 98.02 97.46  98.62 98.03

TE MLP 2 AR AR v A SO A 1 3l A8 2508
WG R F S HLE, RIREBR o B9 H 3 N 57 1
B, SR B8 ZE AN E, W a=0.7(a= 0.7 fE A —A>
2830 SR Y [ (E, R 7E R Z40E I T e i
U A5 ALY, LA AR 8 4 0 45 AR 1 BB 1) 52 T
X T RF 2z A 5070 L7208 AL ] 1A B0 Sk 45 2800 A
oB 4 M 2 A A DR R e ACRRAE, B R BRI 4,
DUJAE) B TG TR 2 A8 1 X BEASE AR |

S 2 R ARW], FETCHT AR F LT, RF
SR AR F1AYN 83.43%, 1M 51 A 2 bR 25
Jii » GCN-RF #1835 3] 99.38%, /R H Hbn 25 16 42
Fho 2550 510 1) S R AR 2R IR BE 0 O LR P
AR . M Z R, GCN-MLP BIffi A5 A 2518,
HHEHAS 97.78% ) F1, PERE T AR X 5 2%, Ui
X ZE 1R m O A . SR, TESI A AR TS
53845 0.25 B 7 s W2 T, B0k T BObR 2571 ok 1Y
ZALRE I3 m . 1K] 9 25 T AR ZE IR N 2R AR AR
PEREZS KX L o

XFEE R 4 53 8 il Z0d GON BAn& 8 7
1) RF, HAERE ™48 T KIESEF, Bl Fh L4 1
JE R TE T REAIE 27 2 25 (] A9 i 0E 38 B A 5 bR 48
ZEE G AN . RF FE o R By R 2t 4 il 25
TR T A B R EBRHIES GON IR &R,
SEPR B SER T HANE RS S 5 R G T AL i

fEIRBER S . GON #h5F T RF 8K Y 22 JR) 254
J&HN, RF WME IE T GCN 78 A - 84l b1 43 2%
B {EL O #% o AT ol S A BIL 1 T A8 17 B 70 g
AEJR AT, IEW] T MGDD HESR i S 44 FHH 22 1 150t
AIRF R S b A

[ Accuracy 3 Precision 3 Recall CJ F1
100 - e s [
80 +
60 -

40|
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EHZEON AU RN W
R WFRZAY GCN-RF GCN-MLP
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2R AR

B9 MRZBMFERBMEEERIILL
Fig. 9 Comparison of the performance results of student
models by knowledge distillation

Li LPTIR, AR ZR A U R LR T T 2
AR R B R Sz AL BE T, JU X 5 TR Y Bl
BLARMRAE Y 2 B 1 B 5 PO 17 1 5 R P . S
Uk 7 bR 45 5 g Al i S 2 18] A4 iR [ 3 5 AR
ARARTE T 2 AR 22 2] B ) 5 R G R
4.5 SN

Ny T — 2 U TR TR R A T AT 55 4 A1 I ]
AL A o BT PN 5 A2 Hy B RE T, T AR R
B2 o0 A v B TR AR i L, AR SCBCTE T il S
5o BRSO R TE DR AR B A R R RN AR 1Y
B B2 T, BEALIT AL 2R A h B A B AR 20, DA
TN R B S 0 b 26 -5 1 45 g R B T AR A 22 1]
SN, LA B A i = 3 S A9 R BLAE
J1o FRARIZE 9 PR .

R METALHEMIKER
Table 9 Results of the label shuffling ablation experi-
ment %

EHITHL

NI 7E

2R b ;Jﬂﬁﬂ? Accuracy Precision Recall Fl1
NS

GCN-RF = 50.20 50.11  48.68 49.38
GCN-RF w 99.41 99.71 99.10 99.38
GCN-MLP = 59.82 56.83  81.09 66.82
GCN-MLP i 98.02 9746  98.62 98.03

EATELR 2 )5, Fr A BEA ) 3 25 Pk g 3 ik
& T, Accuracy Fl F1 $£3IT 50%, &M 5BV
DUAH Y, 16 WA B FE TE 8 U1 25 25 14 1 1 52 BB 8 A
S5 5 B P A B 20 BLEAT HUN T R AE . L
o, RF 52 A R0 FR 25 4T L 5 U, FEAR 2840
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G HER R T SR 50.20%, 43 %K 48.68%,
JUF TR KA ML Z T, MLP 224 AR
RUAEAH [F] 51 S A LR B 36 40 #0601 (A0 FL 2Ry
66.82%), & B HAE FRAF 32 1825 (] v HL 4% oo 1
itk b ag

HR 8 S50 50 H , 221 T 1] 10 BB v K 25 1
B, B b ml DUE 200 Al S5 8 4 W E T AR
ST I AR b 25 1) 43 A A =X AT 9812
SAUA, T2 38 a1 o 4 0 265 %o [ 235 ) 5 )
PRI B A RCEASE, SEBR T N S W 38 5 T o TR
EHG] . XAt — 2™ BT TR U R TR X e
WA G KT 55 iz AL RE T 5 & et 35

100
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Fig. 10 Results of robustness tests
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