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attention in recent years. However, most of the research objects of traditional methods are still limited to static
networks, and there are problems such as insufficient utilization of network time-domain evolution information
and high time complexity. Combining sociological theory, a novel temporal link prediction method was pro-
posed based on community multi-feature fusion embedding representation. The core idea of this method was to
analyze the dynamic evolution characteristics of the network, learn the embedded representation vector of
nodes within the community, and effectively fuse multiple features to measure the generation probability of the
connection between nodes. The network was divided into several subgraphs by using community detection
with collective influence weights and the Similarity index was proposed based on the collective influence.
Then, the biased random walk and the Skip-gram were used to get the embedded vectors for every node and
the Similarity index was proposed based on the random walk within the community. Integrating the collective
influence, multiple central features of the community, and the representation vector learned within the com-
munity, the Similarity index was proposed based on the multi-features fusion. Compared with classical tem-
poral link prediction methods, including moving average methods, embedded representation methods, and
graph neural network methods, experimental results on six real data sets show that the proposed methods based
on the random walk within the community and the multi-features fusion both achieve better prediction per-
formance under the evaluation criteria of AUC.
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Figure 1  Schematic of temporal link prediction
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Figure 3 The multi-features fusion and embedded representation for temporal link prediction
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Figure 6 Logic flow chart of temporal link prediction method based on community multi-features fusion

3 {FEE
3.1 SLIGHIESE

FESHINE 1 Fron) SR RESE T IS .
E-mail 235 4257 KRR R ATE 78 HLA PR HL T
HEHEE A % Enron $dE4EP 1 Enron A

ASCRAT 6 NMBEMEEIEE (BaEIeA R 5 2 AAGE K H 7 W i ZH B s DNC il



.76 2% 5 . 2 A AR #9%
R1 HEBEEXFIESH
Table 1 Basic characteristic parameters of datasets
SEARFIESH E-mail Enron DNC MAN uct LEM
R 1005 87273 2029 167 1899 485
BT 332334 1048 576 39264 82 927 59 835 196 364
Ean H 2003-10 2001-1-1 2016-4-23 2010-01 2004-4-15 1979-04
SR H Y 2005-5 2002-3-31 2016-5-25 2010-10 2004-10-26 2004-06
JEUNRS 526 K 454 K 33 K 268 K 195 K 303 A
I P 3 JE JE PN JE JE AR
PRI 4 76 66 33 39 28 51

A POV 5 ] IR 32 e 4 [ 2% 0 4 WO P it 55 =1 o
AR AT SR M 2% . MAN Hiodfs 4205012 5o i
ML AR R TR RS S, UCT Bt 4 din
N R ST 3 58 1) 2 A 22 TR 336 1 R A ) F D 7
LEAEAZ M 2% s LEM $idis 4501 30 1 R 08 2
ST WEIS Zmfidh S 1) SO SR A8 HLI
%, Wi 7 1979 4 4 H % 2004 4F 6 H N IIEM
3.2 TIEXEEEE

AR SO LI SR R R TR B P I 5L
T A FERIIINE (node2vee) P, JEF—f
A AU BT ARG (LINE) 2,
FT B I (DySAT) W T3 K%
U7 (EvolveGCN) 1. BAAA4RINT .

(D TR

5 1 A% 2070 Rl A AR DG PR R AR BL 1
BHEAT EAL AT, W25 AT, 1E/E Average;
WRFE S B O T2 3T 1 ANE 0, AR
AR A BRI 25, ina26) s, 1/E Last;
WIRAEF BN Gl m A B Z AR — AN IR S
T, IBRY a] AR Ak AR AR s A %,
K27, 1E4E Reduces

g Average (T) =% Z £, (A1) (25)

S™(T) = f,(A(T -1) (26)
SS(TY= (Y A) 27)

(2) BT RMALRKITTE (node2vec)
PITVEAESEHRNRBB, a \ D0 23% Fh 41 6
Hy, F AT R R R Q8 NIZITE
W HBREREL £ (u) 2979 R BB B N (u)

T IR A W S SRAE BT A BRRAE T SR
o AN EREIRESH p=1, ¢9=2, ik
IR B AL TR
max) [-logZ, + >, f(n)-f(w)] (28)
uelV neNg(u)
(3) BT —Fr A AL S B T AR
NHITIE (LINE)
ZTER AT S 2 R B R 1 — 5 S
FL R0 B B B3R R H bR R AL, an(29)
B, O, F1 O, A—Br il i1 55 i 1 B bR ek
B o, NHELRARMBE . AR A kA
BLRE T AT U5
0 == Z Wy 1ogpl(vi’vj)

(i,))eE
29)
0,=- z Wy logp2(vj |vi)

(i))eE
(4) T EFEEIRITE (DySAT)
VZITEGE G WS IR 25 40 VR R ) JE R A A s
6] H R JERAE, FHEH 2 kit s pLsH4E i
28 PR 2 AR, A 20 1) B A R 1]
SRR T . F(30) A TRMIAB 2R (1) 453 25 BRI 2o
L= ZT:Z( Z —log(o(<e.,el >)—w, -

(=1 veV ueNy (v)

> log(l-o(<é€,e, >)) (30)

u'eh; (v)
(5) FETEEEBRI T (EvolveGCN)
IR TG .0 (GRU, gated re-
current unit) EFEKAEIHILIZMNE (LSTM, long
short-term memory network) 7E &N ] 254K 1 15
KGR % (GCN, graph convolutional network)
ZH, SN B PR A S A PERFE 3R, 2E i



14

KT T AL D2 RS NS A 7 B B TR 77 <77~

SEPLT L6 o A SCAE A LSTM J7 xS Bn) i 2%
ZHRI B,

H"" =GCONV(4,,H",.w")

W = GRU/LSTM(W,"))
33 TR

2 1 AUC $5ERTEE

FESLES T, W BT kR =3,
RIZE 1200 3 HIEREA2 B SR AL Sk AT i
S BB VISR E O T =7, BIF]FH
ZIZ R T AR ) WX 2 B AT I 2, 1
BRI TR EE 0 =09, FIHHKO)
(AR ALY EFE bR AT BERR T, 104F S_cis WENT
MR EAE R 128, FAREARECH 5, N H ZIREHL
JEEFN Skip-gram BRI EEF, R BRI E
KE R 80, Wi RECN 10 Wk, & H AR 10,
R 2 (19) B AR ALV AS 73 JE AT BEBR TN, 14
S_com; HHET BRI L 3 SO PR EZ I Al
e AE H RN R &, R 2(24) AR AL 73 B0k 47
BERRTRIN, C4E S mff. AUC K5 FE X EL 45 B
2 B, S_mff JEAE T A SRS IS T
S5 I (1) U K A

B, AR TS 3 M T LA
L EIEIR CN AT # 3l °F 3 i 7 A 38 1) 7
(Last. Average fll Reduce) #E47 X L] & H, Last
7RI TN M R B 22 » Average JiEIRUR L Last
I, bt Reduce JikZE, ULBA{E A TE 2 ME BT
PErm T ) AUC K& B 177 S_ci 7EF% LEM i 42
MHA 5 MEIEERMERRIIMT Last, (HKT
Average il Reduce 7772, 15 BRI 5215 s 52 m
XoF Z21 i O R B AN A B ROR — . S_com
FS_mff FHEE 3 BV IR HA BRI &,
5 Last “FI$HE =120 30%, K Average V32
15%, %% Reduce “F¥IHEEZ) 12%.

Wa, HETMBERRZESN node2vec Al
LINE J7y5t AT 0t b, 3% 5 kA A i 21 ity
[R5 2] 7736, 1 R ) B 1) 2 2] i R B L AE 1
AEAIRKKR, B 2E 0 T R
FEAmp g EHRER, B AUC K
[ 4 E RS 1%/A 4. S _ci 7E Enron 1 DNC %
PEEPRIMEZ, S com Ml S mff FIRCRARXT
11 2%~8%; 1E A 4 MR, S_com 1 S_mff

€3]

HIFS B L node2vec P3¢ 28%E 41, L LINE
FRIREE L) 21%.

2 AUCHBEXLEER
Table 2 Results of AUC accuracy

WiRrS Email Enron DNC MAN ucl LEM

Last 0.7535 0.6056 0.7011 0.8415 05152 0.9021

Average  0.8793 0.7282 0.8156 0.8964 0.5724 0.9520
Reduce 08954 0.7732 0.8252 09025 0.6157 0.9530
node2vec  0.8384 0.8877 0.8420 0.6028 05227 0.7444

LINE 0.8253 0.8784 0.8624 0.6068 0.6507 0.7713
DySAT 0.8603 0.7885 0.8376 09020 0.7187 0.8352
EvolveGCN 0.7503 0.6347 0.8789 0.8016 0.6810 0.8969

S_ci 0.8524 0.6938 0.7809 09061 0.6040 0.8429
S_com 09506 0.8993 09117 09019 08468 0.9514

S_mff 09518 0.9077 09120 09092 08471 0.9563

WiE, 5% FEMEMER DySAT Fl
EvolveGCN J5 it A7 % b, HAG I T S_ci,
ETFRI M BEA B2 S _com Al S_mff. %45 5H 15 B
T A 2 W 4% 5 v B R B S N 4
TR, H S 2 REEMS R RGN, H
SEBR T AR SE TG R . X EE DySAT 7732,
S_mff FIFEETE MAN BURER BN, 1EH
fth 5 N EHEEEAE EHE S 8%~17%; Xf L EvolveGCN
Ji%, S_mff RS EEF34H i 19% /54 .

I8 2 BRERSEERMNIR

e 7 Fos, wESARTI IR 1
F 6, MEBERPAEXT 3 FhFaAR IR A1 D s
SCHR[27]E B M e AL s 6, HEFR R E
BKANA 3, B AESE M T S FH AR I
IBCR R, nE 7 (a) B, S ci fEF4EN 1
B R A, Uk B R FH i 40 4 HME X 4
PRI 3 Tl 28 SR B U, AE 242 KT 2 B, X AUC
fEE R R AR w7 b B 7 (o FR,
BRAP AR X IX A R AR R N, RS PR )
WENIE LR 1% A . Bk L, SRR EE
BOREF, X s R AME B % B A — e
() )7 BR A, AR FH R A% 52 il PRI A 5 X 4 i ot )
PR A R, ARG SEI0 AR, R B Bk
FRBEN 1,



<78 - W2 55 (5 B 22 Al H9%

m i
—=— E-mail
—e— Enron
—— DNC
— MAN
—— UCI
-« LEM

FHAUCK J
o o

095} ——dt——u——"3¢—"%—+

g
% N . " N A A +E—mail
—_—y ¢ ¥ [-* Lnron
2090 v -+ DNC
oy —— MAN
B —— UCI
-« LEM

085F o—o— , ———»

3 4
e
(b) S_com
4\4—4———4———4—4
095t #»m—m—n— = 4
e —=— E-mail
£ ——————=———s |+ Enron
L. N —A—
2 0.90 o |, MAN
Ry —— UCI
e <« LEM

085 &, —4—0

() S _mff
K7 SRS DT R ER AR L 45 R
Figure 7 Results of different collective influence radius

KIG 3 BEHLIFES HERMENIK

X} Skip-gram I E 2 B AT BURAE I,
I R AR RN BERLIEE K T
RO E BRI E B HRNESEL, SR AUC
I3 B AR o

WK 8 Frax, &ASHI LI 45 KRR
S_mff AHAUPEFE bR BEHLIE E 2 8O AT AN A 1) %
BJG, FIHT R () B S0 U RE B 0 i 75422
HIE O Bl 8(a) e 1 I S 4EE S HUr g O,
Bl A5 4 B2 S H3E R, AUC 23 BB A8 /N )%
AL, Sy RITELERE N 32, 64 B 128 I HUA iR
i, B4R SEAAT AUC 20 BUE 52 e 58
AN, BOMESITERITE 1% 54 B 8 (b) &R
THESKZSHMNE N, BEZSHEK
AUC 7B mAE /N N ZBHiE K, £ E-mail

A MAN 54 FgmicR, $K 80 P K 20
WK T 3%A A, HoAlh 4 MEHRER AT 1%;
Bl 8 (c) 8(d)E7n T BHMLIEE IR B S HAN T fUi
W A IIE L, B XS HE K, AUC
SHEEE MEE, 1355 ST EITE 1%L .
FRITEE R, AR S50 P UR AT VAN
HeFE VB RO T 64, BHELK KT 40, HiE
JHLS I, iR R/ANA 10,

0.95} :/_—4/"/42221

by —=— E-mail
E The
&) 2 A —f |
2090l 7 ~+ MAN
< —— UCI
oy —« LEM
B

085} o &0,

S 16 32 64 128
[HE=¢i%y

(a) dimensions

:;;_\;j —=— E-mail
—e— Enron

—— DNC
| A~ : :; —~v— MAN

—— UCI

o
©
G

FHAUCH
E

;/ <« LEM
085F o ———4——o—
1020 40 60 %0
B AL AE 20K
(b) walk-length

o%-:::::li:::ﬁ

= —=— E-mail
- —— Enron
3‘5 ‘7.4<:::7 —— DNC
= 0.90|- Nas MAN
< —— UCI
& < LEM
H_
085 ¢&—— ¢ —0w |
2 i 6 g 10
AR E

(c) num-walks

095} :;;ﬂ

4 —=— E-mail

1 A A A A 4 [-=— Enron

R e s e )\

3 < LEu
<

H_

(=]
e
W

2 4 6 § 10
i EE D

(d) window-size
8 AL S HUN TS 45 R

Figure 8 Results of different walking parameters



ERg KT T AL D2 RS NS A 7 B B TR 77 <79 -

LG 4 IZRATE) B O SU MK

XIANE B E S, s B I ZRER I % 1R
/N3 50 T 9, BN AN [RIE L TR AR
AL RN 9 FioR, S_ci B & AR K AUC
DEAEWAEZ KRS com M S mff £ Enron A1 UCI
it F R 2R, EHAR 4 ML
PEEEFI R 1R/ R 7 B S AAE, BRI
GRS ZI BE TN B Z 3078, 1% Z R PR HME B
TSI 42 X6 5 B FO0U 7 A — AL TR 5200 AT 3
REZHUGI T INLRE FHBROR, AUC FEFEEF, HAF
TERE & PR AR BN I DL, R, EEXANTE] )
FLSE48 N R B PR A G B R/

09}
—-— E—mail
L —— Enron
R 08 —-DNC
% -+ MAN
= ~+-UCl
& 0.7t -« LEM
Ry
B
0.6F
3 5 7 9
MERE O R
(a)S_ci
0.96-
———
ou T
0.92t
E —=— E-mail
*"5 0.90+ —e— Enron
S —— DNC
Ry —UCI
& 0.86f « LEM
0.841
0.82F
3 5 7 9
VB3P NAN
(b) S_com
0.96- - +————&——
004t —— "
% 0.92¢ —=— E-mail
5090 —— Enron
Shaiad) ——DNC
Z0.88 -+ MAN
% —-UCI
B-0.86F — LEM

0.84f
0.82+
3 9

5 7
VI3 18BN
(¢) S_mff

9 AFEIJTVERERS M AAL ) AUC #5485 R
Figure 9 Results of different train window size
IG5 BUARFEHMENR
XA 6 MR, N 8 MRIEE HIJT4R,

THEBIHAR LRSI 28 MRS 1, W
AR Z TR . f 1 10 FT1, S_mif A0
S_com f£ 6 MEHE A BEAAE A — I ZI #ER AL
FEXT A I RSCR , T B K AR IR FE K50,
Wi I e 190 22 50408 110 98¢ 50 00 3 1 A i s 5 i A
/INo S ci ff Enron. MAN (44 HRCR By, (H
5& AUC ¥ EE I & BORBIMSN, EHAR 5 4L
P TN R AR . SR E, S_mif
FRFRFI S_com TR R HAT BT (I B ik

Zx BRIk, ASCHER I T B4 Hr (A L,
S 3APIRIEH T S civ S_com Al S_mffiX 3 F
IS PP B PN 7795, AT DA SE A ROR] FH I 2% 1 S
BB ML A5 S, @k s~ r .
W28 R 2 B I 45 (1) T LR IS 7 i Tl
T7iE, G AE R RS ci 16 /N A WX 48 LB
FERCR AL 2 TR R 24O — %, S_com A S_mff
e 6 MR EIBUS BRI AUC K, A
BT BN S

4 Z5RIE

I P i TN ) AL T LSRR R 2% R G}
AT T AT T T IR o AL St A B iR,
FIHEEAREEIR . o tE, Afehott, ik
L PE AN AR 28 Fh AN E AL IR TR R 2 2
FAAE A &, $ BRI TR AR X SN AR AT
T YRR, B T T AR K AR BLE
fobR S, T4 BA i E IR LR 45 b S
AT AL A2 FHIE R & N FOR R FR S 0
S, MRS, KRR LA A
WA BURPEAL Y 0 S T, IR T A
JEVERIE A BCE AR, IFE T 9 fabr. 2R
Jai R 2 T S A i S R A 59 HE DAL
Bik, FIRI Louvain 5EJoR A& M4 &I 73 NALIX,
I AL A S BEALAE I, FIRE, i
TR R BRSNS, LSS S A N A
15, FHAEFSGH Skip-gram FEAIERAF T KR
[ B, A A ) R AT RORIR AR B SO 1
bro Ha, KGRI 2 ORI A R
(IR 5 S T B SREOR X [ R AT AR LA
AVETH A 3] SMT HRFR . 7E 6 DR SR E R AR
Hh R SR 4 SRR B M IS R RO TIACR



- 80 - W2 55 (5 B 22 Al H9%

1.00 -
82(5) KS i”- ------- W % = node2vec
e - V ‘ m —o— LINE
085 1 553 pagagpee A meeds - Last
il 080 L 8- "v G‘ v Average
ﬁg 0.75 ‘\' “ - Re%ljfe
Ao —<+ DySAT
Eé 070 > lSEVO_IveGCN
& -5 C1
-;H-E 0.65¢ \ =S com
0.60 + -e— S_mff
055+t
050+
0455 i3 18 23 28
IR E)P 5
(a) Email
0.95
0.90 -=— node2vec
-~ LINE
0.85 -4 Last
® |-+ Average
i 080 ~- Reduce
< 075 < DySAT
2 070 - EvolveGCN
8 -e—S_ci
B 065 [ S_com
0.60 -e— S_mff
0.55
050 13 18 23 28
PR BT 5
(¢) DNC

= node2vec
- LINE

-a— Last

v Average

- Reduce

¢ DySAT

- EvolveGCN
-e—S_ci

S com

e S mff

FHAUCHK &

0.4 :

8 13 18 23 28
HERE )T
(e) UCI

095+
0.90 = node2vec
0.85 + —o— LINE
% 0.80 | o last
: v Average
% 0.75 + —+— Reduce
= < DySAT
& 0.70 - > lsivolveGCN
X L S ci
B 065 S eom
0.60 | - S_mff
055+
050 13 18 23 28
HIRE TS
1.00 - (b) Enron
0.95
0.90
= node2vec
% 0.85 e 1INE
) 0.80 -a— Last
=) -+ Average
=< 075 - Reduce
B/ 70l -~ DySAT
B - EvolveGCN
0.65 ~e—S_ci
[+ S_com
0.60 e— S_mff
0.55+
8 13 18 23 28
R 5
(d) MAN
1.00 -
095 _M&MN
L -=— node2vec
1 0.90 ~e- LINE
& Last
% 085 v Average
= -- Reduce
Z o080t < DySAT
T\H_ - EvolveGCN
T 075¢ e S_ci
=~ S_com
070} [+ S_miT
065 1 1 1 1 1
8 13 18 23 28
RIREIN)F 5
(f) LEM

Bl 10 A FIBE S &AL 7 b

Figure 10 Temporal robustness results of each algorithm in different data sets

I B B I PP . ASOBCE i AN E T
P 22 T RO A LA PGS T 45 R s, ey it —
25 20V PN AN R A LA T JE 2 TR R 5
i 5 22 Jm 8225 J8 (1 — N E 7T il AL

EEP e

(1] BBk, (v, . Mo mMe 5anp). hEE
L2, 2016, 012(4):12-19.
LYU LY, REN X L, ZHOU T. Network link prediction: concepts
and frontiers[J]. Communications of China Computer Society, 2016,
12(4):12-19

[2] WANG M, QIU L, WANG X. A survey on knowledge graph em-
beddings for link prediction[J]. Symmetry, 2021, 13(3): 485.

[3] WUX, WU J,LTY, et al. Link prediction of time-evolving network

[4]

[5]

[6]

[7]

[8]

[9]

based on node ranking[J]. Knowledge-Based Systems, 2020, 195:
105740.

DIVAKARAN A, MOHAN A. Temporal link prediction: A sur-
vey[J]. New Generation Computing, 2019, 38(3):1-46.

BARABASI A L, ALBERT R. Emergence of scaling in random
networks[J]. Science, 1999, 286(5439): 509-512.

MARTINEZ V, BERZAL F, CUBERO J C. A survey of link predic-
tion in complex networks[J]. ACM Computing Surveys, 2017,
49(4):69.1-69.33.

LORRAIN F, WHITE H C. Structural equivalence of individuals in
social networks[J]. Social Networks, 1977, 1(1):67-98.

ZHOU T, L LU, ZHANG Y C. Predicting missing links via local
information[J]. European Physical Journal B, 2009, 71(4):623-630.
LULY,JINCH, ZHOU T. Similarity index based on local paths

for link prediction of complex networks[J]. Physical Review E,



14

KT T AL D2 RS NS A 7 B B TR 77 - 81 -

2009, 80(4): 046122.

[10] KATZ L. A new status index derived from sociometric analysis[J].
Psychometrika, 1953, 18(1): 39-43.

[11] ZHAO H, DU L, BUNTINE W. Leveraging node attributes for
incomplete relational data[C]//International Conference on Machine
Learning. Sydney, Australia, 2017: 4072-4081.

[12] XUBEHT, 250, BRiad, 56, HT B A4 IT T 2 10 52 2% P 2% B i
TR 7592 [0]. 38AE 54k, 2020, 041(006):70-79.

LIU S X, LI X, CHEN H C, et al. Link prediction method based on
matching degree of resource transmission for complex network[J].
Journal on Communications, 2020, 41(6): 70-79.

[13] JAVARI, A, QIU, H, BARZEGARAN, E, JALILI, et al. Statistical
link label modeling for sign prediction: Smoothing sparsityby join-
ing local and global information[C]. Proceedings of the 2017 IEEE
International Conference on Data Mining (ICDM), Orleans, LA,
USA, 2017:1039-1044.

[14] PAN L, ZHOU T, LU L, et al. Predicting missing links and identi-
fying spurious links via likelihood analysis[J]. Scientific Reports,
2016, 6(1): 1-10.

[15] LI T, WANG B, JIANG Y, et al. Restricted Boltzmann machine-based
approaches for link prediction in dynamic networks[J]. IEEE Access,
2018, 6: 29940-29951.

[16] CHEN J, XU X, WU Y, et al. GC-LSTM: graph convolution em-
bedded LSTM for dynamic link prediction[J]. Applied Intelligence.
2021, 52: 1-16.

[17] DAUD N N, AB HAMID S H, SAADOON M, et al. Applications of
link prediction in social networks: A review[J]. Journal of Network
and Computer Applications, 2020, 166: 102716.

[18] WANG P, XU B W, WU Y R, et al. Link prediction in social net-
works: The state-of-the-art[J]. Science China Information Sciences,
2015, 58(1): 1-38.

[19] 45387, XUHE, AL He TR 54 X — B A Fr kg 1
7T THEHUSIHTEAL, 2019, 36(12): 3674-3678, 3684.

LIU S X, LIU Q, DU F. Time series link prediction method based on
motif evolution and community consistency[J]. Application Re-
search of Computers, 2019, 36(12): 3674-3678, 3684.

[20] JORGE, VALVERDE-REBAZA, ALNEU, et al. Exploiting beha-
viors of communities of twitter users for link prediction[J]. Social
Network Analysis & Mining, 2013, 3(4):1063-1074.

[21] LIU H, HU Z, HADDADI H, et al. Hidden link prediction based on
node centrality and weak ties[J]. EPL (Europhysics Letters), 2013,
101: 18004.

[22] IBRAHIM N M A, CHEN L. Link prediction in dynamic social
networks by integrating different types of information[J]. Applied
Intelligence, 2015, 42(4):738-750.

[23] VALVERDE-REBAZA J C, Lopes A. Link prediction in complex
networks based on cluster information[C]//Advances in Artificial
Intelligence-SBIA 2012, Berlin: Springer-Verlag, 2012: 92-101.

[24] WANG J, MA Y, LIU M, et al. A vertex similarity index using
community information to improve link prediction accuracy[J].
2017 IEEE International Conference on Systems, Man, and Cyber-
netics (SMC), 2017: 158-163.

[25] £, AL ALIXATIN . BERS U0 & L [D]. #h2: PaZe T
R, 2018.

JIAO Y. Community detection, link prediction and applications in

complex networks[D]. Xi'an: Xidian University, 2018.

[26] GUNES i, GUNDUZ-OGUDUCU S, CATALTEPE Z. Link predic-
tion using time series of neighborhood-based node similarity
scores[J]. Data Mining & Knowledge Discovery, 2016, 30(1): 147-180.

[27] OZCAN A, OGUDUCU S G . Supervised temporal link prediction
using time series of similarity measures[C]/International Conference
on Ubiquitous & Future Networks, Milan, Italy. 2017: 519-521.

[28] LIU SHUXIN, LIU QUN, Du fan. Time series link prediction me-
thod based on motif evolution and community consistency[J].
Computer application research, 2019, 36 (12): 3674-3678.

[29] HU W, TONG S, MENGERSEN K, et al. Weather variability and
the incidence of cryptosporidiosis: comparison of time series pois-
son regression and SARIMA models[J]. Annals of Epidemiology,
2007, 17(9):679-688.

[30] SKARDING J, GABRYS B, MUSIAL K. Foundations and model-
ing of dynamic networks using dynamic graph neural networks: A
survey[J]. IEEE Access, 2021, 9: 79143-79168.

[31] YANG Y, LICHTENWALTER R N, CHAWLA N V. (2014). Eva-
luating link prediction methods[J]. Knowledge and Information
Systems, 45(3), 751-782.

[32] MORONE F, MAKSE H A. Influence maximization in complex net-
works through optimal percolation[J]. Nature, 2015, 524(7563): 65-68.

[33] BLONDEL V D, GUILLAUME J L, LAMBIOTTE R, et al. Fast
unfolding of communities in large networks[J]. Journal Statistical
Mechanics: Theory and Experiment, 2008, 10: 1008.

[34] GOLDBERG Y, LEVY O. Word2vec explained: deriving Mikolov
et al.'s negative-sampling word-embedding method[J]. arXiv, 2014,
arxiv:1402.3722.

[35] GROVER A, LESKOVEC J. Node2vec: Scalable feature learning
for networks[C]. Proceedings of the 22nd ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data Mining, San
Francisco, CA, USA, 13-17 August 2016:855-864.

[36] SELVARAJAH K, RAGUNATHAN K, KOBTI Z, et al. Dynamic
network link prediction by learning effective subgraphs using
CNN-LSTMJC]. Proceedings of the 2020 International Joint Confe-
rence on Neural Networks (IJCNN), Glasgow, UK, IEEE: Glasgow,
UK, 2020: 1-8.

[37] LESKOVEC J, KLEINBERG J, FALOUTSOS C. Graph evolution:
densification and shrinking diameters[J]. ACM transactions on
Knowledge Discovery from Data (TKDD), 2007, 1(1).

[38] LESKOVEC J, LANG K J, DASGUPTA A, et al. Community struc-
ture in large networks: natural cluster sizes and the absence of large
well-defined clusters[J]. Internet Mathematics, 2009, 6(1): 29-123.

[39] KUNEGIS J. Konect: The koblenz network collection[C]. Proceed-
ings of the 22nd International Conference on World Wide Web. Rio
de Janeiro, Brazil, 2013: 1343-1350.

[40] PANZARASA P, OPSAHL T, CARLEY K M. Patterns and dynam-
ics of users’ behavior and interaction: network analysis of an online
community[J]. Journal of the American Society for Information
Science and Technology, 2009, 60(5): 911-932.

[41] LESKOVEC J, KREVL A. SNAP Datasets: Stanford large network
dataset collection[EB]. 2014.

[42] TANG J, QU M, WANG M, et al. Line: large-scale information
network embedding[C]//Proceedings of the 24th International Con-
ference on World Wide Web. Florence, Italy, 2015: 1067-1077.

[43] SANKAR A, WU Y, GOU L, et al. Dysat: Deep neural representa-



© 82 W2 55 (5 B 22 Al H9%

tion learning on dynamic graphs via self-attention networks[C].

FHE (1985— ) , B, kKA,
SR TREKERFT R, FEH I
RS MT . KBRS

Proceedings of the 13th International Conference on Web Search
and Data Mining. Houston, TX, USA, 2020: 519-527.

[44] PAREJA A, DOMENICONI G, Chen J, et al. Evolvegen: evolving
graph convolutional networks for dynamic graphs[C]//Proceedings
of the AAAI Conference on Artificial Intelligence. New York. NY,
USA, 2020, 34(4): 5363-5370.

[fEE M)

REM (1982— ) , B, ITIEIMA,
5B TR, EEHA TN
BERRTIIN . PIZRAT T o

555 (1982 ) , B, IWERZA,
fE R TR R, EEFFRIT
NIBAE M 24, AR KT .

EFIHE (1969- ) , B, TTIRHELAN,
SRTHEKENRR. BLAESH, =
BT IT 10 905 M 2% 2 4. kLS %%
S

XIBTET (1987- ) , 5, LR A,
ER TR, TERRT
) N A 28k . B T .




