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Node Ranking Algorithm Based on Subgraph Features

CHEN Duanbing' , YANG Zhijie' , ZENG Zhuo' ,FU Yan',ZHOU Junlin' and ZHAO Junyan®
1 Big Data Research Center, University of Electronic Science and Technology of China,Chengdu 611731, China

2 Beijing Special Vehicle Institute, Beijing 100072, China

Abstract Complex network theory has been widely applied in various fields,and node ranking is an important branch in the com-
plex networks. Node ranking and critical node mining are significant for analyzing and understanding the structure and function of
complex networks. Many scholars have conducted in-depth researches on critical nodes identification and ranking in complex net-
works,and have achieved great success. However, with the development of artificial intelligence and rapid growth of data, the size
of complex networks grows exponentially. The accuracy and generalization of traditional algorithms can no longer meet the real
demand. A machine learning model on node ranking(subgraph feature extraction rank) based on subgraph features of the second-
order neighborhood information of nodes is proposed in this paper. A weighted adjacency matrix of local subgraphs is established
using the second-order neighborhood information firstly. Then,vector representations that can effectively reflect the local feature
of nodes are extracted through matrix feature decomposition. Finally,a machine learning model is established to train the correla-
tion between node’s subgraph feature vector and its influence. Experimental results on nine real networks show that the proposed
method has better performance and generalization compared with benchmark node ranking methods.

Keywords Complex networks, Critical nodes,Feature extraction,Subgraph features, Machine learning

| oE= V“{E INTE AL Jeg P 2% v 4 38 50 A e i NI L IR RE S

T 4 25 DB HL A 2 SR L A T g I 4 vl O T IR

I i N A — B b s R A TN O kAR AT SRR LR K BT . R O AT L A B D 4% B AR X Y
iﬁﬂ“E%DE’\JIﬂ%ﬁ?)ﬁU&Méﬁéﬁ’@%f*%ﬁﬁ?ﬂﬂﬂiﬂélﬂ%%% JREEA Y R A

RORZS B o R 7= A 3 3 B4 TR AN 1 05 2 (8] A A 4 G T R 5 ) — S EE R PR 2 Y A AR e 5 A L AR
‘Vf“'“ o5 BALAR I = B BRI . W I 45 B I Xt A I 0 )

P O R L N T e O o S v A N B O B, Wi i B WO TR R 2% AR R A Tz 60wl B
%*Htl:mé%rﬁﬁ-ﬁﬁw Ao RE T RO JE7 0 B2 00 IO 2% D RE PR R IR I g MRS T L R R SR SRR R B G 0 AT B S 4 A LA
Moo JTARK, WA E BT AT 2 BT MOk Z PRAIE 190 265 59 R A1 0T S 1 5 i o o0 4 Bk A R 25 L AT LA
i(f AL Sy H R IS TR0 2 S R O B2 i SE FRA A I B B A AR R S I O L O SR IBUAH B B G B AT

REIH . ERK AR A TSI E (T2293771) s #H #3 =4L S B2 BF 98 KR (21]ZD055)

This work was supported by the Major Program of National Natural Science Foundation of China(T2293771) and Key Research Project of Philo-
sophy and Social Sciences of the Ministry of Education(21JZD055).

BAFAEH  BRu E (dbchen@ ueste. edu. cn)

230100122-1



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

BE  LIARIE 48 09 P 3R 2 5 50 Ah, Z B4 B 900 v] LA 928 B
T N7 ) 2 A ) KR AR ST 1) S R A L 1 S R 0 4% 2 BORI
FIEEH L LAIK 3 g A 09 19 2% 1 1 AN IR R T R ERAE
45l fi TV HP A TE T 20 M AT - (1D 9 45 % IR S BN = K
[F) I 75 2 42 T 22 A e i R R DR b 5 2 40 TR 1 8 L O
HEAT A 2% B e 4 R AL 3, DLOR UE T 2% 36 5 (2) I 4% B %
AR S RO AT 8 AS 16 2 1 R R 7 0 B AT A 280 BT B e
T4k B, LR A 55 J0T Ak A T 25 2R 5 (3) B 4 I T T %
EEAERZ MR, IR 2R & e 5 AT B0,
SRR I BT R S BEME R ALK

BARME P A EEIEFRE RIS N 3L DET
ARSI B HE YO58 W RGP R 8O R R Hoindex!
BT IRAR M HE I Oy vk W o P A B0 T
S 330 HE T HRAE A ARG HEF O 3% . W1 PageRank™") | LeaderRa-
nk U A, FEAL S RS, T A E BB N
PR W AR AN B R AR A T AN S A A Y
TR R A 0 W TR PO — AT RSB R
H B Z AN 50 B A I 2% ) 8 1 52 i K, (H BE
PR BT 1 A n B SRR 28 T AR AL B A — A
H AL T 2 A% O 5 L I I BRI 32T A B B RN AR AR B
AEE W ], BRI A A8, SCERC6 42ty 7 3 T K52
41 it (K-shell Decomposition) f) K-shell A .0, 3% 7 ¥ 14 3k
A ALK ASNE W R B R L B AR T A
FE WSS e T A R B A MR Y K-shell {8, M K-shell {4
A Y R B M RS ) SCRRC1204R L T — R R T A
RAR SR R BB YOI R . B T R AR T
A7 B, A B0 0 DY (Betweenness Centrality) AN AT &
PN A 22 [ 1 o JE B AR 28 3 — A 1Y A I BB £, XA T R
M EE ., AENBChO AR b SRR TR A B PO
P (Flow Betweenness Centrality) , 3% 18 4> % o .0 pEb
(Communicability Betweenness Centrality) 1B HL I & /%0 h
> PP (Random Walk Betweenness Sentrality) %5, 3 T 45 E
Ta) 5k 1) 7 1 0 25 JECRIS JE 1 A 1) () B 3 2 TN R
WA EBEE R, 4 Page Rank™® 1 Leader Rank''! %
SRR X VN DRl L iy B N WY E O I G = = s (R
U0 (B A 5 ] R AR SN . AT — S SCHRAR T T R 4%
S5 R TT R B MEPR A O . A0 3 T A W A X R A B Y
SCE B HE R W R A B A A T
T AW S 1 7 DY Dynamic Rank v 8 R EE T RFAE
AR EE T AR R TR X R ) S AR AR R
SRR R AR R T B S E . 53 Ah, SCEk[20 ]34 @
ARG Z R T ORI A B )Y . X SR LA KR
S 1R 25 4k B BB A% B Wiy o T P (Y L A A 3R B AR B
T 280 S 3 M T R E I T 4% A L A T S SR ) 4% | SR B
B B SR AR LA T N 2% ] R R AR 25

PEAFE S 2 AT T AL 2% 27 2 F0IR B 2% > I B 24 A
PRI TF R T R EAFIT . Yu S0V LU R 45 4 o0 4F
AEH A 3 T — il e T R A5 BRI 45 A B T RUIZ IR B 2
B Munoz 48 Hy T — Fif b BB 5507 B2 D vk
P T4 @ B s FE G Bl & P AR A R
TR 5 55 — A T @B R KM . Rezaci S50 3k
T H0HE SR Bl A B A ) RET L ) P IR 4% v 2D e A E M

ST AR ] X 4 v R T Y M AT B0 HE T L T R
Xof A — > X 4 IS T B B A S BB P2 AR R 5 . Xie ST
X K-shell 26 #E47 8ok, $2 3 T — R OB 49 57 1% KBKNR, il
o BRSNS SRS K 58 (K-Shell , Ks) {8 , ok i & 52 Z% [ 2% 4
SRR . Gu % 7E Leader Rank 35 () F 8k 7
5 SR AR BE A 7 £ 9 A5 1) A A ELAE L 42 T SRank ROk
HEAT B AT . Lin 0776 H 5 800 Ha 5 2000 360
L3R T —F HHa 95 s O M55 . BbAh, SCHR[27 156 58
Ik 28 il AR [ R 8 A 2 S R R DG B . SCERL28 4R i T —
Tl e 2 JER AN P 22 ) 4% (PAGNIND , E B IR R T 7 S B 15100
A 55 v n A 4 1 S TRD Y R AR I 4% 45 R A AR B AR GE
GNN THEATY ) DT 4 e 5 B 0000 g e 32 . SCik[29 1%t
X B2 W 45 11 22 4k B I T 1 R0 ) 2% 235 4 30 75 A8 Ak 1Y) A oL 4
W73 T I 4% R 2 T B I OO O . SCR30 ] AR AE 1%
BUAR s 43 A 1 52 2% I 4% il B W 00 4 5 0 0% 4 2 A
ZRIMIEFR . HrEr x5 4% 4% SC T 5 00 BIF 58 0 4 2 38
SN R AT BRI AT ROt ] R A
W oy R AR BT SR B R E B, DL X
SERIFGEA T b g A T 7 2R 3R AT A R 4% T 22 I AR AE AR
B g8 (5 B R AR 1S 15 B T B W 4 15 B, DL i
GNN A3 TR Z WA FAEAE B o ER X 7 W AR — 5 1
PR, N =5 22 4 R 5 B AT TH IR IO AR AE AN 8 T 8 LA K
TR TR B 2 > T AE SR W A, T RE AR AE TG T AR Y A
A JRAE B AT A AR BB 57 R 1AL R R AL RE
07 E R ) 2% f Ak PHL S R | ) B U o A ) A

] B o BA B R 43 5 vk B 22 AR T 5L A4 1 ) 4 5 4
AT 5 B BT i HE P SRR HRE e IS T — e e w3
JLE W& 2 AR UL R B it 25 . BT LU Bl , A SC g
TR TSI W EE Y S ER. 50 A TERM
B SR o A S 5 A Y Ry I 5 A8 SR I BL 25 2 > BT | gl $ IR
BN SURRAE DR B A AR T M AR SO ST Y
R SR EBEE A RAE Z P CE R M T — A A
T A KA R A Tz A T 68 T4 DA B B A M T R A Y R
SEMEHE PRI A58 A R B R R M 0 R 40 B L
RE A8 S e s 5 o Ry R RRAIE B ) B R AR, 22 S5 38 o Pl AR ) B
R 2] AT g0 SR F AR AR 5T A AR 2 ] 1 DGR G R B
PR A% 0 2 H9 E FiB 2 I 0 051 F B 1 11 9 1) e RAE, I D
Do 26 A (L F A M B s R, 9 A
B M 45 B AR SCHE Y SFE Rank 73 8] (9 45 3 5 B Ao
A% 0 R Keshell™ | H-index'™ . DynamicRank 1 .0»
PEIST (HHa™ [ SRank"™7 DA B 3k F HF-AF TR (9 o0 T 19 25
AT T B, SIS R W, A SCT7 1 R 0T B L TE A AU
TUNE 2% W 4 v o 5% Wi J 5 80, HE P B A B B8 47 iz Ak
PERE .,

2 ETTFEHIENTRHRFAZE

ARSC ST FBAE X T TAE GV, E), o V= (v,
sy, SR RIES JE={er ey e, RS H T 0 R
m A AR R AT SR AL R . A TR RIS
FRAE B e 4 AR i 3L

EX VCHARE I D) R A w i — B
A E B A A w B AR BT LA UK

230100122-2



PR e L 45 T 7 BT B 1Y 53 4l 7 3 0

Iy () = {v|v€ T (I (W) 2 €T () s vFu) (@Y

FEALHE T R w B = AR JE T E SR

Iy () = {v|lve M (DN U ) s a € )} (2)
2.1 HFERE

HRYEAE DAL HE 0 — M HL L, BE 23 B AR 1 508 /Y5 A8k
I, XHFE B AL R AR 04 DT R AR O B AT 8 A R L T B A
TR MAE AR . T 3Cgs R E) B AR S Y E S

EX 20BN EART A o« IR 2 X« MR F A
BIFE RSN A Cus ) =0, SRR F o w B9 6 v 2R v 2w 19 d
Br&f o I8 A8 o Bl u BWIEE A (v ) BESE T d.

EX 3CGORD BRI R A WA 58] B AR
w R B AR OC , B — B 48 8 22 18] (9 3% 31— Bi 408 Ja R — 488
2Z V) A 3 370 DA By i 408 S 22 T 0 322 340 % A% % it B SRR —
FE L, HAR M 8 i Ca ) MST T 5w BIRUE R -

wlas) =L 3

Ala.u) ACh w)
2 * 2

Hr,a.0el (UM U ) Ul{u)ab,

EXAGEED X THBRN A o WY R veD U
I Go U fu) s HedBUE SCH

0Cv) = > .w(v,w) 4)

(vsw)

MEAE A% AL 3 00 = 5 B8, 15 876 I 45 P LAY 2w 1l 4
FEREIT T 8w XL = B &R T B2 i gk B AR /N T AR SCHE T
B w B EE I ST AR A5 B — B A 408 U A 4
IR T 1R FEAR % AN AR A5 S AL AB 1 SR S adjMatriz,
T G —FRAEECE AR — T R w00 4B A R R A S R
N kX ke WY HE B 2 4 AT kX ke U A T B TR
HE 4 0 By T47 FAE T80, B oAb 2 — > =Xk 4R
WA 5 40 43 S I LS T e > e, U 2 40 0 U 25 45 T R o g4
WA A

DS 24 48 5 v i 3 0, 35 40 4 0 BE BB IR K T
X Ry T — 0 408 J3 P A Y A o,

2[R — J2 v 2575 B 00 58 25 B SR/ N 1T A AR 3
RNy kX ke BOSERE

ZIR KGRI kX kK HEAT SVD S i, 37 4 HRRAE M
TE R ) AR R A w BRRAE, X T — AR - B JE
Apr s BRTEAE kX BITESSHE Upscs s Vioa T Sy » 145

D, .0
Ak :UkaSkaVEXI: =Urxk V;Xk (5)
0 0 ) kxk
b, Do, R X R
b
Vb,
D, = ) (6)

b, )

H B R LB by + /by 5o 5 /b, 5 RN BN /N
G FR AR B Apscr B0 IE A 5B 0T /01 s Bo 5oy /By 5 00t s
0,050 O FRAHE B A o 19 5T 52AE 02 b5 28 58 2 1 7 [
FHIE.
N
gorithm)
A T AL w B B AR T P B Matrix
i Y A u BT ETRRAE

1. n » n<—Matrix. size;

5 R 4R AE 3 BB 3% (Subgraph Feature Extraction Al-

2. for Point v In SubGraph do
3. 0= 2 wlv,w);
(VoW EE
4. K5 FE Matrix (94750 4% B8 0 PEAT B 7 HETY 5
5.if n>k then
6. KM Matrix #1350 k « ks
7. else
8

FEHEREF 0 #h 3 k -+ k;

Di.: 0O
9.Ak.k:Uk.k'Sk.k'vg~k:Uk-k' 0 0 H

Vbi
Vb

Vb,
11. feature= /by s ==+ s /b s0r15 7+ 0xs
12. 3 [l feature.
2.2 TREEMHFIER

DO R BT E D i o W il AN O R R
B KER . ARSURYE (O 28 (5) By 4E B 5 1 15 2 14 38
R w BREAE A £ = (/b0 2 /by v oo Vb 20,0200
0p J7 2R FH 2 A ] A A5 B0 68 55 o Jmy AR RRAIE 5 99 i T A AT
R, B LA RAPE RN R £t s A SR TR AR )
W S Ay 1 e A R o M BT DL R R Dy

foD=wei+b 0,
Horb, w S RAAE ) e AT 1] A5 0 R IRZET, O T AR AR
TS T B AR SO ok TSR 2 S0 22 Y SIR AR HEAT
B, HARHL AT A« 55 RARE Y A o HE i,
o X DI B R g, BN 5 SR S8 S BRI AS . W B
e LIRS y AT, BV R S A RS . TSl L
Ay REN L EER 1 RZ L A Ik ERE. A
T A BAR A w BALRE S, L S S ME — 15 B U T
U6 1) SME R RS P AP R AR AR AR AR R SR 1Y s A R TR
TR ERFE AR OGS K E RSN SEE RN R,
BT 88w WEZESEA R,

TE SIR fL ik F2 i, W R e i % B ARG IR 4 15 B LT
AN L RZ AR BAR 2 A W 25 v 1y Y
FAR WG, B R B /N B 15 B B9 AL 5 5 v
AR X & T HET O iR R, A ORI 37 e
R L 52 P 46 114 T 349 % B 7 O S B 3B STR A8 Y v R e
HEAR B BUE B~ (k) /(™) — oy ) AR XA B (L BE AT 5 FL 3R
AW A S E M, T I BR BE AL SN 19 5 ), A ST
SR 100 YR N7 A BLSE I 25 R M s, VER T A w I I
SCEEM,

B AR T A w BEFAE L V/b1 s /by sy /by 5 0k s
0420050, 1" FIECSCE BEME 5, R FH I T BE Y, 36 B34 5 iR 2
(Mean Square Error, MSE)/E M4k H 5 , # 7 H Fr & 5L L 27
N E R AR R IR S RO B B G R

MSE:%%(Q,—%)Z 8)
Ho, N, WA A B Ly, WS AN 29
(AR SIR {5 18 ) |

2.3 #EEI%
A SC ik T Twin AE S Y 2k 9 26 X8 55 58 20 22 4 HF 5 A8 1

230100122-3



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

BEAF 25T . Twin 22— 2017 4E 10 3 W 45 26 T Bl 48
A 28 A A TIT DG AR T 0 D 4% T AR R R R T L AR R R AR
AR AR R 14274, 08B R 20573, e R E R 99,
T SE N Twin 4% v $2 BT 5 A9 F7 A 1 025 8] B Twein v (9
BEASAT S BUE R L HEAT 100 YA ST Y SIR B 8E (5 11 4515
BN 391 s, 1F B SR FR B E ;s di 5, B R AE 1) & A
B 2 4 SRy U1 5 46 i A 2 M T IS A, I R A 300 Y o M
R, FH T 900 CHE il o 2% v A A A T

H T FRARAE R 0 T R B AR SCR A Adam ] fR 2%
oAk B bR R gk . IF BB F SR IIZ 00 W 45 15 Bt is ), 1
MR E LN T R HE A EE IR A B Ay I
S B L DN AR B R SO T 100,

3 KWL

AR ST 9 AT [ 288 B 1y 1 5 ) 4% X AR SC 7 ik 3EAT
JEEE A S AR B 25 R 5 R b A Boh o Y
K-shell A #EM | H-index a0y 5 56 T 4% 48 T 82 59 O
HEMTRT DynamicRank!™ ! tpts P 7 45 25 R AT T X HE
3.1 iRfEIELR

KT WAR S BT WG B SR RAHT
Kendall Tau F HOR WAl 97 fl BB WS HEF X = (20,
Ty SEEHT Y=y ays sy ) BRI EME . X5
FAT R AN E (. MR 2>, Hy >y & o, <z H
v <Zy; B I P 51 v 37 A B0 A R 1Y L R R £ B
WA MUWHE o >x Hy <y . BEH o<z, Hy >y,
B DU A A 7 1 H 3 TR A B80T S S I B, R AL IO £ g
Hone o WMRETE 2, =2; By, =y;» WX DE ARG T W&
AR — R, X R R n(n—1)/2 A 0 #E 4T He A, W] LU
2P JF 51 1) Kendall Tau AL

_2ny —n)
TG D 9

XARBEEL -1 IR E N, R FH X FFH Y
AR A2 < BIET 00 AT FF 5 g 800 5 N o 1 f
H AR S i, B T — 1, e 2 A R R B 1, )
YL TS Fe 51 A AR S P i o e 4 SR — B
3.2 HiE&E

N T ARUEAS SCy ¥ B 0 A SCR TR 9 A 52 R 4%

FFRAE P 389 B B R A RBF S HOR R A ) A 5 T R K
Y 2% (I Cond-Mat, CM) , 6 & T BB EE /N (1 I 2% (Al
Jazz) 3% 9 NEH LM MBI EAN T 2~35, Hir,1)Jazz &
B 1SR T 2Z A A WA T 45 L 1 2k i /AR WA SRk T AE— AR BA
A — 2 7 22 5 2) NetScience (NS) J& & 36 56 T &2 2% W 4% £ /518
SCHRME R 2Z 0] 1 & 7E & R M 455 3) Email 4& Rovirai Virgili
A B3 22 18] H - S A 58 48 I 4% 5 4) Sex S BiF 5% B Lo M K AE
1Y P 4% 55) Polblogs J& 2004 43 [E K & H 1 % 22 [) i) i ok 2
JE R M 25 56) USAir J& 2010 4F 3¢ [ HL37 2 18] (19 il 25 W 2% 5
7)Cond-Mat(CM) f& 1995 — 1999 4F arXiv i B 9 19 Bl 22 K
A W 2% 5 8) Grid J& 32 18 74 &8 (09 5t B 77 M 45 5 9) Hamster 4
— AN S WS 2Z 8 ) A MR BE R M4, DL B
AT L M 3h Chttp://konect. cc/networks/) 3575, X 9 P~ E
S 45 B A FRAEBUHE W 1 B H L o RSB H L m
AR R FTA W SR o BITA AN RERE
M J5 2 (oA T R RE R

Fl 0BG Y B AR K die

Table 1 Basic feature data of nine real networks

M % n m (kY o (cy
Grid 4941 6594 2.669 0. 050 0.1030
CM 27519 116181 3.030 0.136 0.6300

Sex 16730 39044 4,700 0 0
NS 379 914 4. 820 0.119 0.3700
Email 1133 5451 9.620 0.058 0.1100
Hamster 2426 16631 13.700 0.135 0.5376
Jazz 198 2742 27.690 0. 041 0.5200
Polblogs 1224 19025 31.08 0. 060 0.2260
USAir 1574 28236 35. 880 0.128 0.3800
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Table 2 Kendall Tau correlation coefficients of simulation results between different methods and SIR models

CET S 2T N @zm heindex7) keshell™  HHal?)  KBKNRL?) ;T:;;:;C $eE 209 SFE Rank
Email 0.7780 0.6318 0.8057 0.5341 0.829 — 0.8861 0.8674 0.9014
Hamster 0.7208 0.5728 0.7216 0.2437 — — 0.8702 0.8510 0.8784
Jazz 0.7696 0.4540 0.7964 0.4832 0. 587 0.7764 0.8215 0.6876 0.8659
Polblogs 0.8213 0.6659 0.8385 0.4498 — 0.8152 0.8529 0.7543 0.8560
Grid 0.5766 0.4183 0.5972 0.1111 0.542 0.5067 0.8029 0.7827 0.8064
USAir 0.7269 0.5434 0.7534 0.5049 0. 834 0.8485 0.6197 0.8276
NS 0.7125 0.3730 0.6970 0.2934 0.713 0.7741 0.8900 0.8747 0.9157
CM 0.6649 0.3758 0.7031 0.3794 — - 0.8377 0.7969 0.8547
Sex 0.6045 0.5315 0.6358 0.1290 0.8115 0.7874 0.7922
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