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Explainer for GNN based on evolutionary ensemble learning algorithm

CHANG Xingong, SU Minhui “, ZHOU Zhigang

(School of Information, Shanxi University of Finance and Economics, Taiyuan 030006, Shanxi, China)

Abstract: To address the challenge of limited explainability in Graph Neural Network (GNN) models, a novel explainer employing
an evolutionary ensemble learning algorithm was developed. More refined explanations for model predictions compared to existing
methods were offered. Both GNNExplainer and PGExplainer, recognized as leading tools in the field, were utilized as initial
explainers. Guided by the primary explanation results for the design of genetic operators, an improved genetic algorithm was
employed to integrate the initial explanations into a comprehensive final explanation. Extensive experiments were conducted on four
real-world and four synthetic datasets, with results evaluated from both qualitative and quantitative perspectives. The experimental
results showed that the proposed approach achieved an average improvement of 17% in accuracy and 20% in fidelity over baseline
methods. Compared to conventional ensemble fusion strategies, an overall average improvement of 29% across all metrics was
achieved by using improved genetic algorithm as an integrator. The substantial enhancement in GNN explanation capabilities was
realized through the adoption of an evolutionary ensemble strategy.
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Table 1 Statistical table of synthetic datasets
Bl T AE Nk EHE AT
BA-Shapes 700 4110 4 RS
BA-Community 1 400 8 920 8 WA
Tree-Cycles 871 1950 2 WRAE
BA-2motifs 25 000 51 392 2 BEs
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Table 2 Statistical table of real-world datasets

Bmde  EEHE WA BB G RS2
Cora 1 2708 10556 7 Wiy
Pumbed 1 19717 88648 3 Wik
BBBP 2039 49068 105842 2 SR
MUTAG 188 3371 7442 2 SRS

32 EEERSHIEIEE
321 FERiEbR

XA R 7 3 i B A A B R AT B VPAG B OC R
BLEHNE Z MR O S i — S8 bR, AT R
Horp =S FIVERE S5 AR, 20l 2 - Bt B2 | R 32 A0
RERE

HEBNIE M ey BT ARRE DT IR SR M RS



2,
&

6 i KK

»e
£

»y,

i (T %% i) %54 %

AN BEBRERL f( ) 5, BEA L3R4S H bR i, 355
Il .
M ey =E - [1(f(G) S(G)) T, (8)

K f(G) R TR R BUM AR ; (Gl 3R
T AR B il B Rl i 5 AR I 25 R 5 1( )
JEFR7R R, I THIWE £(G) REET f(GI);E &
WA, M., B

TRELE Mgy - O 5 RS 1 B T
W B T R ECRRE 22 5 GNINA5E 78 T 0 45 SR AR
R I

n

Myigeriey = % ; (f(Gi)_yi_f(G;_mi)yi) , (9)

S0 FORPEARL, m, MR, VS G
K fim, WAL (G, HiH 5L G T
WERAE A y, ISTTIHER My, MK, 2675 R R
I,
FRBIE My, - 0640 BB 2 P05 7 530

I R A, M, R 37 i TR 5 i
B, IR

[ mij

1- ,

A, |

MSparsity =% ;
K, Im, | TR m, RN B B 1A, | Rt
HHE G, il
322 XHITERSHE

iR 50 % L U7 35 i B O 53 1% GNNExplainer
PGExplainer Fl1 SubgraphX, A & ELGAExplainer 7%
{A——ELExplainer, ELExplainer #H # T ELGA-
Explainer? 5% — [ B R HI SRR UK IS . S0
B AESCHR[ 17 ], GNNExplainer 359 B A5 BALE K
0.5, %R 4L 1 000; PGExplainer # 25 fb iR &S
R 0.1, HABIARI ZR1% A EL 50 ; GNNExplainer il
PGExplainer 141k 25 % ADAM, 2% 3 %46 {107,
107, 107"} AP fE  AEFE {107,107, 107 | 48R,
S92 SubgraphX 1 MCTS &R Eh 20, ZEIAH
% ELExplainer % Z2 A & "~0.5, ELGAExplainer H
ARl T S B0 L BAE X e 7 %, PGExplainer

(10)

BT SR AL YR RN R B HE B 0 i 7E 15, 10, 15} AN
[20% ,30% ,50% | H 48 R 5 A, il B4 4 i A7 L
1] ko M 30% ., FBALF L FPREIEL S O 20, Fe oK ik
FAREL 100, S A A N 1 e R B 15, 5 il
SR R 0.5, SRR FERRL g N 3, BOEWIIRAE LR
e MR @ A3H1E 0.8 FTO.1,
3.2.3 GNN A Zrise

I3 MR B RSN 25— 3 /2 GON #2AL fiy
AR T TR L AR R B A 43 L A 597 S
AU K BB SR 4 8 ¢ 1 1A LB 43 A
g5 I UEFIRAR 3 3 RIS BEE GNN B
YIGAGRE . S5 RR W, BT A T s 43 20
B AT 5570 R TR

%3 GNN BRI RN
Table 3 Accuracy performance of GNN models

1% FAGITE S FREAURGIE/ %o
BA-Shapes 97.8+0.1
BA-Community 97.7+£0.3
WREITR Tree-Cycles 99.2+1.1
Cora 80.7+1.2
Pubmed 78.3x1.3
BA-2motifs 99.0+0.7
KPIeS BBBP 88.4+0.7
MUTAG 91.2+0.6
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Table 4 Comparisons among explainers on synthetic datasets L%
S B BA—Shap;:/Is MBA—Commlll‘;lity — Tree—Cyc}l;s — BA—ZmOtIi‘js
Fidelity Accuracy Fidelity Accuracy Fidelity Accuracy Fidelity Accuracy

GNNExplainer 64.1+2.3 50.0+3.4 82.3+0.4 69.3+0.5 95.3+2.1 2.9+0.2 17.8+0.6 54.9+0.9
PGExplainer 11.1+£3.1 42.9+0.4 22.9+0.5 36.2+3.3 6.4+0.3 42.9+0.4 10.0+3.1 54.9+0.1
SubgraphX 48.7+2.2 38.1x0.6 69.8+1.2 90.1+1.3 95.9+3.2 100 44.0+3.6 54.9+0.8
ELExplainer 44.3+0.6 45.2+0.1 69.7+0.2 60.0+0.4 91.8+0.1 100 0.5+0.1 55.0+0.7
ELGAExplainer 48.3+1.2 84.9+1.1 80.5+0.7 95.1+0.7 95.9+1.0 100 18.9+3.4 55.1+0.9
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Table 5 Comparisons among explainers on real-world datasets AN %
O Cora Pubmed BBBP MUTAG
Miigeniny M s ccuracy Miigeriry M s ccuracy Migeriy M s ccuracy Miigeriny My ccuracy
GNNExplainer 1.3+0.2 73.8+2.9 36.0+£0.6 89.6+0.9 11.4+2.7 76.7+0.9 25.7+2.8 78.3+2.4
PGExplainer 0.1+£3.8 59.2+0.2 0.9+£3.2 74.8+0.8 16.1+0.2 75.7+0.8 14.5+0.3 80.0+0.3
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Fig.5 Explanation results on the real-world datasets
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