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A Graph Neural Network-based Method for Calculating Node

Influence in Directed Networks

WU An-hao, BU Fan-liang” , LI Zhi-yuan
(School of Information Network Security, People’s Public Security University of China, Beijing 100038, China)

[ Abstract |

learning methods are important branches in the field of social research. In order to solve the problem that graph neural networks cannot

Modeling social networks using directed graphs and calculating the influence of nodes in settlement graphs using deep

well calculate the influence of nodes based on constructed node features, inspired by GraphGPS, a heat module was designed to propose
a method of calculating the influence of nodes that integrated semantic, behavioral, and heat information in real networks. Firstly, the
self-information obtained based on nodes’ multiple centrality and orthogonal distribution sampling was used as the initial semantic
features of the nodes. Secondly, the node features were fused by graph neural network. Once again, the node heat information was
learned by the heat module. Finally, the fusion of the extracted semantic, behavioral, and heat features was implemented to calculate
the node influence. Experiments were conducted on four real network datasets. The results show that the model with the addition of the
heat module can effectively calculate node influence.

[ Keywords ] nodal influence; graph neural networks; directed networks; social networks

T BEAEAR | B X 1] 1 22 19 2% 3 AT BE ) AR
AWHRA , AR — B A g AU 45 P el 52 2 3%
Geity Iy iz, T LA SR i e R A S Bh A= A AREE
RV 22 FARIF I 4R TE Y AR O R ge bk IRl
W, RS RS R s i,
FHA 1) P& PR A A 5 1 26 01 FH R B 2 ) 5 1253
ST R R T SR AL A S U B 2 5, TR
A 1) DO 24 o 4 5 T g R R ) T Ak S B 2 v Y
S AT R M RIS

ANTRY P 28 235 4 T R e T B A T 2 0A
7 IS A 1] 160 2 174 55 e g Ak D7 =X m]
PAGR A - T 44 00 rp e T 2 AR ABORR Y A

Wi B, 2024-05-11; f&ITHES: 20250122

EE£WHE . PEARARKFL 2B TN — £ (2023SYL08)

PE P il BES AERAR AR S Fpar 20y Kid
FHRBAE SR AN [R) T L G B Y 8 i S AT Fr X
11 171/ - B 72 A N RV el o5 S S T B2 F DK 7
S K RE v R I 2% DI REAE A TR Y S e )
FRIFERR") 3T 3 RBURBCIRR (%) v O P B R 6 T FH P
AT A R AR FH P A N R 32 ROk IR
FAAERZE 52 g 5 4 i O M R I
DUl FH R ER 8, A sh S5 47 ( dynamic influ-
ence model ) , il P 5| S AR T UL 5 18] Y BE 13T
ST AR T R AE DT B R e )
T 5 A 25 Y e

RV, A MBI ORAEENE

FE—1EE . RER(2001—) 5 DUE TR E BN B-ERFSE A, BFGE T 1) - 4B TR . E-mail :2766084722@ qq. com,,
CEIEEE . DLSE(1965—) 5 DUK  TLAARMN Wi 882, WF5807 ) 4B T2, E-mail ; bufanliang@ sina. com,

¥ F5 M HE - www. stae. com. cn



2025,25(12)

RUG A HET RIS AT 18] W 2835 SR R T 57k 5067

FNGE O, THE R ) 5 2 2 S B A
AT EARAES | [E] A E #Z5 4% ( graph neural net-
work , GNNs ) St AR AR F Wi AT, I AEktsg M 4110
AT R R G AR R N T R R T
TRUFHYAE R, GNNs G TH S AL B ALE] iz LS AR
Mo TEAT S 2 AT B RERE AR A5 1
TEFRIR . X T5 s a2 I 5T 55, A7 1) [ ph 2
) 248 17 1k A 3 Ao 9 S TP O R AR R Y RURRALE
it GCNs AT KUZ W ), JF B Ry L7
P T SCRRRE EAT S, 7E DR AR A5 B i A AH [1)
FOFELRN I AR5 GraphGPSH™) fity BELAB ik 1 14 b 25 1)
LR 48 S A, 3 M T R TR AT N Y Has-
GNN ( heat-action-semantics based GNN ) [&] #it 25 [ £
RS It — o o0 288 P 3 SR B, i 2 5 1 A
TR E SC AT R 3 A4 R EUE BRI
TR Sy, Hoh i SO B AL T A 2 AR
5 R R HE 2 0 465 110 4 2 A 5 AR A JE DU 2 BB =1
SRR, BOE—Fh Rl G #BE 3 L AT N RRE
(ORENSS-A T pAN =R i B RIEPSRES U LR T ) RIS
JE SIS | 42 R0 28 74 i AR R R, 4R T R
Wel SIS HRRE T o A — A ] ) 45 AR R AR
PERBALN 2 BT, TE 4 D E BRI T
Has-GNN 53U F1EARE B B i) A7 85 PE . Sl 71 5 i
JIFI | SR s R A SR R AR B 1k

1 HxXIME

BT HLAR 7 2T T H A 1] 9 46 v 4y i Y 5 e
RECTLAGR B 1 Sl HIRR AR RS 305 5
A8 SCRRIE , SR 5 1 FHAIL #% 27 > Bk I 2R A 550 )
ST AR L T 2 2% A T R
Wi g 77 v, SR A AL GE i O P DT R T R
WILRFFAE SR J5 (8 FH ] et 28 I 28 O 2 2] T 5 s
2 35 A ) P2 AR Ge bk R T M 4
FFDAE R . R OC A K 1) B0 AR Y AR AR 1Y
rhC PR AR T AR X 48 10719 s i s
1.1 E TSGR

PEIVE I 19 268 73 A o B oo 2 DF- 0 0 2% v 4
SSRGS, TEAE s R gg , Hut
JE A BTN 5 AT A 2B R
Ko LM (degree centrality, DC) ¢ 24 — AN
SUTE 28 288, FEI St R B s iy
ROES Mg s 2 A P B B
XA IE XS R g o W, (R R A %
K 4 Jm 2544 . 5% 0P (closeness centrality
CC) , P AR B 2 PR R 42 % 422 B Ry &R v e
A mrhao . B O A AR B

rRC P e B 5 AR AT DA PR R R A B A% 1 4 A
SRS B O R R A AR — A TR R 2
(A B L B A ) 4 B B Rl ) P 4%
(O AR = T SR L VW DI aE R (s
P 268 TP ) G BT R, SR, R PO MR A R B Y
R 0T BT R0 B R B AR U Dy — R
Fhr ot M 2 A B O PE ((betweenness centrality
BC) MO RN A T 9 4% Hp At 5 S A 22 1]
ORGSR e VR O ol BTNy o I s G SR 2
FRARME R FH T SRR D) 45 | 7E — L A5k T 1A 0 s i) 199
KR ARFEN, PageRank HOEN™ R T 42
G379 SO HRUOE S B S ] /D T DA S
K EERE AL , 7E PageRank H | £ A4 AR R
5 HJEAT S0 PageRank 23 BUMIE EE, #H] Hoot:
(control centrality) "' Xtk 2520 J1 1) € LUNF
BEWANE w oo, Hdu Xt o BRI, E#mh
w LB R 2 0 s o W AR TEAL
SEW 2 T B 32 B ASRAT R B A 3 ) AR Z ]
(ARG 2l 03 Tt 2 I 2% 1) I 28 25 K 1y S e, 425 1
rhUC PR 25 T 28 X 28 S5 48 R 1T S B A
et A BT R TR W IA 28 Y RE D
1.2 ETE#HZMENITERZ

Wang %2 %31 T —F 3T (graph convolution-
al network , GCN'") SR FE 2% 2] )7k IDL(influ-
ence deep learning) ,Eﬁﬁﬂtilﬂ]%ﬁﬁ)ﬂ B L HE
M B 2% F T SR ENE PRI T H AR IDL AR 4l 5
AT RS AT A AR S TR R 2 B AL Y g A
X REAS T A 8 K/ F R 28 AT R A IR
TN 9 45 i A D5 v R AR AT B A5 s i (IR 4
/No BT IDL 2 P iy AT A5 R, B Hid i
THEAS R 2% HE LAY R 2 At 0 2%, 1 52 3 ) 2% Al
WL Zhao 554K AL A% 5 T AR ) AR
o2& 8, BT InfGCN B35, InfGCN fifi
BFS( breadth first search ) %32 X 454> 5 55 14 418 &
ST RAE AT A0 DC BC,CC AR R EUH
THIEBAI A . AR5 ] GON i s I VE 4>
AT 28 4 B N R T A A T AR AR A
Yu %P T —Fh T GON MR A5 7% RCNN,
RRRAE R B R A i A R, R
SK RCNN FVE A R, B 550 A% 1 5% e mT L[]
ik 32 S HCAROUL 2 1T | A DX 23 11 RN 2 00 J2 18 1 285 44 )i
PEREZIR, Ou 251 75 RCNN JEAfi B — 3R T
M-RCNN , M RO2K 54 3 A 22 TR A9 i AR AR, (H 20X
=57 AR AR A 2 5 V5 75 M-RCNN R id 54 ) 9
2%, FEA I B E AR SO AT Ly A IR
D28 D25 K8 R S I g AN S R S ik

¥ F5 M HE - www. stae. com. cn



B R 5 TR

5068

Science Technology and Engineering

2025,25(12)

VR FE B VR A A S T T AR
25 P FFNEERS |, 4 MLP ( multi-layer perceptron) , iX
T )5 2 o T/ B 28 g FIME B TR FE e G
ZEBAI | (HE 28 45 1 T AN 5 B 2 I 2Rt g i
Bk SREEY e N e T R EZY TR (1B S
63 ) [ P25 W 4% ChebNet!?”! ( chebyshev net-
work ) GCN!*! , JE T a3 a) i) R 2 4% Graph-
SAGE"™ ( graph sample and aggregate ) . GAT'
( graph attention network ) , HopGNN"™ | L & & F A
1) R 4% B R BiE 2% 2] 779 (digraph inception convolu-
tional networks, DIGCN) '/ 45 X Sy [ T W 4%
AR NG BRI 8 5 45 90 SR 2 H R 7E
Do 245 TP AL 1, A A5 1 a5 =2 ] 22 PR RO )N 2%
oy WG RURA Y RHE

2 FHik

Has-GNN HERU ) T2 Z5 0 N 1E 1 BroR, E2 4

oAb AR H

————————————————————————

,,,,,,,,,,,,,,,,,

o I
| | [ I
E T | (. I
: )i: ’ Feedforward Neural Network | [ |
13RS | o § I
|  — | | | ] |
| %é [ @ + :Ir— i R o O~ I
| | | 1 | . |
B el T
———————————————————————— | 1] I“}\gI w2
————————————————— ol o e

. A o5

i T SURIAT AR AE R S AR i DL 8
i i I I 2o
i i I ; & i
| ! A o0
! GNN T L =
i | i I
! | I
! | |

i i

I I

i I

I I

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

O AR AR B2 U H R [ i 28 R 2 R S A5 U AE
P FE . OFAL AL, 3B 8 O HERRE, JF R
FEGAR T A B B AR B, W0 20 Bl & 18 SCRIAT R R
i s Q1 SCRAT Ry e i il G A5 e 3 5 1] Ao 28 1) %
il TA FEAS B A 5 ASE BRTEFR FR 2SR OB
FRIEFRIBOBEE b 37 T T A 28 ) 245 4 BRI 8% v 4
TUBERAE ;@i A il R R S AT O RRAE,
R AE R
2.1 FaAbIERELR

FRAEFR BRI &l 2 FoR , E 23 U S AT
KFREAE . DAL 2 Al ORI AR A | 4 R REAE | R
AP AETE AT R A 1) 2, ARG B — rpO PR AN RE
BEREAS [a) 5 5 B A [l & 3 I A9 T 5895 R 52 el
FIU R A5 B F I T 0 e A s PO
4 ( control centrality ) YE 77 AR S HUHE Ok, I 45
By QT 7 A N D R RTINS o S LR/ )
FURHIE

Has-GNN#H#

,,,,,,,,

Feedforward Neural Network ﬁﬁﬁfﬁ%‘?éém%,bNN h P o 225 ) 4% ;s MLP jﬂg)%@%u%%, X jﬂ%ﬁﬁﬁ%ﬁl@, A jﬂlﬂ%’%ﬁ%%ﬁlﬁ?,
Softmax T BEEL; @y AT % YT LA TR 5 Z T R4 ) 3 19757 R TRTER R Y AR 45 5

&1
Fig. 1

N(0, 1)SRHE

——————————

__________

Has-GNN Z5#4
Structure of Has-GNN

**********************

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

K2 A5 AR 4R

Fig. 2 Node feature extraction

¥ Mk . www. stae. com. cn



2025,25(12)

RUG A HET RIS AT 18] W 2835 SR R T 57k 5069

(1) R, A 1o B b s i e (de-
gree centrality ) J& 8 — > 17 p5 1E W 2% vy 1) 7% HE 50
A 1) B s R MR TR A

k, = Zaij+2aﬁ—1 (1)
(1) b, W5 B a, 10, ST
45 7 B RAIE N H 4 PR 15 8RR

5 g RO PE R L AR

(2) A RIREE, HHEAT I R 0 S
PE R ARy

C(u) =5

X d(v,u)
S (2) e dCo,u) oo B 2 B B
n AU A 05 R

FEA 1o 9 55105 5T 0046 o AL 15 45

2 A A R A R

cw>:2{““”“} (3)

n -1

(2)

sieV o(s,t)

KW VT EES; o(s,t) N (s,t) MERE
RIEEE; o (s,t]p) AR s B8 IR AR
H 28 A 0 BV

Pagerank i 23 U8 46 5 R, f AR ST 5 M\
Jo e e A 42 AV B Y R R Tl SR DGR Y
TR R T BA V2 A5 R T RS e T
IO AdE R B, AN 25

3 o B SR U T T B S, B X 4% R S bk
SR G H O (control centrality ) B THE A
X H

C” =1[b', Ab', A" ,--- ,A"'b'] (4)

C(i) = rank[C" ] (5)
Lorp, €V A WERIER; b = [0,0,-,
b1, Hb, #0;A4 e RV A 1a) B S HER I ;
N AT SR C () I TIREE C AL

BEXF A 09715 5, INESCHE A 1R 43 A 1 £
JE (AR AN I 28 745 1 ) 5080 T A (] — 431, I
e Uil PR B 388 o A e 30 0 A SRAE AR A Y
FONSE Y=

A ARG TE SURFIE R

x, = [d.(i),c.(i),b.,(i),c.(i),p,(i),n(i) ]

(6)

H(6) W d (i), (i) b (1) e, (i) 53591 M
K1)~ THEAFBIR T O %
Ho e AR RO p () TR
pagerank B ; n(i) A58 i £ N(0,1) RAEESEIH H
==

H.S o

2.2 IBNAITAHISFER AR

W SCRAT HRRIE Rl G AR 1.3 R/ 4/
T 7 0 A IR 22 I 2% B R A 435 S 40 L R
FAG ] U4 (AT MAFAE A i A RIS ZE 2% il

Z = GNN(X,A) (7)
(7). X AT ARRIEAR FE ; A S N4 B <R
P4 ; GNN Ry R fl 2 b 45

VEHUA [] #2245 DIGCN A Rifs SURIA T
RRFIE RSB

2.3 PAEHEREUESR
i GraphCPS[m FA SELARL ] i 2 T 4 ] DU
AL i T o0 235 ) s % A0 Sy 20 fi 22 Ok 2 1o A2 281 114
FEIRVE, IR AL E Y 5 R SCRFAE AL 2 I 2% Y 45 1
Aty , 5 B ) — A PR AR B g o Y PR
fiE, PIZEPERFIE R E
0 = softmax(L,OL,OL;) + Q,
L, = tanh(XW_+b,)
L, = tanh(XW_+b,)
L, = AW, +b,
K () H: Q) NH— AT T mip IR O
TCRFEIBTAT; X N G IEAE M A R4
MIRBEEHEIE 3 Q Ly L, Ly 7350095 > S B 14 Hh ] A2
iy W, W, W, b, b, b, 53k >] 4% A E
P &5 >R tanh B9 H AR 1R 2808 27 2] Je 453 31 B4
JE R T 1) 55 SRR B0/ T AR B O B AR
AR REI] | J5 Jo K AR P R 0 SO i) it A
PSR IS 3 PR

(8)

L :
Frm == T (/] |
| (. |
| N — HHE
| I HE
(=}
' X L S |
| I 2 Bl
| HiE | N
' Ll 2 —=—
| [ s @
| ot s .. '
A | 3 I
| e N
=
' I 3 |
S SNER U
| . — |
\ |
\ |

B3 BERFIER I
Fig. 3 Heat feature extraction

2.4 HHEsR

TEMJEAR BRI G, A 4 Fros Rl 5 A |
T SC AT IR R g SR 2R R i

H = aoZ + B0 9)

Y = readout( H) (10)
o : a F1 B ] 2 ) B S 4, IRIIERE RS 7 703K

¥ Mk . www. stae. com. cn



B B oA
5070 Science Technology and Engineering

5 T &

2025,25(12)

PRI T S AT S HEBERE s H 92657 > i o
A5 Z N3k (7) B9 ; readout 678 B4E J& —
/> MLP,,

A SCEEAY ) 2k B B S B /IME ground truth {H
Y T Y 2 [ 4939 75 1% 2% ( mean squared error,
MSE) .

L. = MSE(Y,Y) (11)
KO Lo WEARLACEI B

0 z
EREEEEEN
[ [ [ [ ] ]]

p ‘7777777777771‘ a

1 readout 1
¥=[12.99, 16.88, 19.82, *+, 0.29]

K4 fFEMS

Fig. 4 Information fusion

3 SCIgVfL

FHF 5256 0 B0 48 43 IR I R 48 5 A Hodis 4
1) 60% MR b B EE 4R 1Y 409% 1 L3267 740
5o VIR E R = 900 48,
3.1 SCIOHEUE

BERE 4 S ELSE Y 26 KR IA FT 4 s A9 O kA
ROPEAERPE, 4 FPIZEATEAT LB UN T . D Health
7 1] 0 45 S MR B — I 9 A ) A 110, o 2R R
I A i 1 5 PR A S R A, —
AT ERE—A g AR S HAA AN
FZZ | TE 45 T AT R ; @ Highschool £ [ X 4%
A3 S PR PN — JT /N8 2 v 5 A 2 1) A AT, —
AT AR AT A 7E 4% T A0 v )
255 A A YT R IR R B0z A ) 444 5 K
G [ 37 K2 el P9 — A 1 217 AR 22 0E Y
RUEWH , — A AR N @Bit OTC J2&3k
H AR OTC & 1 F 7 2 a5 AT/ A A5 AT 5
24 AR b Ul B FEOF & g A AR AT,
T VPRGN T 4 A ML G THRRE, B FE T S8 n
B m SEYIEE <k > RRKE k.

R1 4T MEHEXRER

Table 1 Basic information of the four networks

% 2% n m <k> B
Health 2 539 12 969 10. 215 36
Highschool 70 366 10. 457 23
0z 217 2 672 24. 627 80
BitOTC 5 881 35592 12. 104 1298

3.2 FMiRgE

{5 R ] A 78 5 FH ) 1 349 268 X112 2% (mean ab-
solute error, MAE) | ¥4 75 1% 2% ( mean squared error,
MSE) . A 37 48 %} % 22 ( median absolute error,
MedAE) H5E R0 R® 7E M PF- 4 Bk i, MAE | MSE |
MedAF fA{E A5 ARG 26 B 5 ik MR RE R 4T | RP A (e Mk i 2
B 7 e Pk BT
3.3 Mk FHE

o AN N AU S BEER . MLP 5 356 T 565 9 [
26 4% ChebNet™) | GCN' ; 3 F 25 [1] iy [&] b 5 40
2% GraphSAGE '™ GAT'™) ; HopGNN "' ; LI K3 A
Tia) IO 248 ()R J3E 2 2 7 ¥ DIGCNEY | S2 86 v il i A
PRGBS BRI A B, A SOk R
THER R T R MR FKIARE S, IR AE
TH AL SE R KHIE T AR SCRLHR A 840k
3.4 E£3tk

T2 G THE 4 D ELHHRE LAY R,
RIS WS T #4045 e (455 0 7 i AT 55 v
LU AT 2 B 4

W 2 Fi7n, 7E Health BCPE4E b 380K SO
ML PR 28 X 45 SR AS () 1 28 IR 25 7 MSE A TR
TE R4Sy A Frdn, 4K 7E MAE fl MedAE LA
FEEE I, B2 M R* 4543 b 0T LUFE H s i A A e
Je SRR G R AR B A TS LA R,
[RJ IR 2 TR, 664 [ f1) 1 o 2 IO 285 A L 3 T 63 1)
I 22 X 2 PR 4006 FR BE B 25 78 4 MR AR b
PR TG e M R 2%, FEk 2
R MLP 7E4- 4845 L3494 F GCN SAGE | GAT,
HopGNN , {HJ& M\ R*F545 LT LAFE ), X B4R R 35 R
Tvi) L 4] S e 1 3 5 5 W 3 A8 B0 ) i AR AR I, T
il T DR 2 3 4 ] ot 25 o) 4% 9 T B K AR 1 T B

i 2 7R, 78 Highschool Zi#li4E I, vl LL& #R
AR RIS, 7646 K 250 DL T #B e 2 Bl
R4 AT S DIGON B IRTE R P84T
11T MLP, BE % 5 G M 12 73 A5 AR 6k B4 A 400 A AR
B, ATRAE W BT A8 0] A0 P 22 25 1 4 A FE A
IR T GRS M B SCRE 2, K2
ATLAE H, MLP ZEAR [ (O A8 R DI 2k Bk b R B T
GCN .SAGE ,GAT ,HopGNN,,

H Oz BG4 (32 2) I, AR SO IR TE RP 6 An
AR FURAR D7k DIGCN 215 1 0. 086, 7E {4
XFiR2E MedAE |4 HE T DIGCN £ B4R &5, (H 2 1E
35 4 X 2 MAE ¥ 07 3 2% MSE | ¥k F
DiGCN, 15 B A 3C 5 5 RE % o 4y s 4815 0 ds . i
MLP 1 GCN /i R*¥845 7] 1, GCN 75 2 8 £ i il 25
WHCA fig, i85 MLP 7K,

¥ Mk . www. stae. com. cn



2025,25(12)

RUG A HET RIS AT 18] W 2835 SR R T 57k 5071

K2 AN BUBELEL3TLL

Table 2 Baseline comparison on four datasets

G/ Jrid MAE MSE  MedAE R? G Jrid: MAE MSE MedAE R?
MLP 4.564 39.649  3.476 0.587 MLP 11.867  320.263 7.341 0. 485
ChebNet  4.714 40.128  3.833 0.618 ChebNet 12.011  311.341 8.437  0.488
GCN 6.926 71.448  6.311 0. 440 GCN 16.968  485.364 14.606  0.148
SAGE 8. 068 94.014  7.353 0.238 SAGE 18.114  539.945 15.711 0.056
Health GAT 8.253 99.528  7.857  0.213 0 GAT 18.062 537.957  15.706  0.061
HopGNN  7.853 97.753  7.179 0. 040 HopGNN 18.768  578.225 16.210  0.001
DiGCN 2. 886 16.274  2.144 0. 830 DiGCN 8.711  252.377 3.465  0.638
AT 2.889 15.964  2.181 0. 833 A T5 ik 8.161  188.511 4.853 0.712
MLP 2.297 8.598  2.125 0.782 MLP 9.191 1 005.267 1.263  0.039
ChebNet 2. 106 6.988  1.99%4 0.703 ChebNet 11.287 1 055.355 4.805 -0.015
GCN 1.942 5.517  1.422 0.771 GCN 12.011 1 052.533 5.814  0.007
SAGE 2. 885 12.431  3.307 0.610 SAGE 13.626 1 092.059 7.430  0.009

Highschool Bitcoin OTC

GAT 3.327 15.850  2.854 0. 492 GAT 14. 149 1 134.690 8.374 -0.038
HopGNN  3.434 20.221  2.231 0.199 HopGNN 9.938  940.998 3.039  0.088
DiGCN 1.955 5.406  1.784 0.765 DiGCN 9.262 1053.117 1.766  —0.009
AT 1.839 4,918  1.755 0.785 AT 9.061 1 045.657 1.818 0. 001

F3 AERBEREEBAR
Table 3 Ablation study of hot extraction module

ik Health Highschool Oz Bitcoin OTC
DiGCN 0. 830 0.765 0. 638 -0. 009
HopGNN 0. 040 0. 199 0. 001 0. 088
DiGCN + Heat 0.833 0.785 0.712 0. 001
HopGNN + Heat 0. 083 0.354 0. 001 0.093
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