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Abstract As one kind of typical network big data, social-information networks such as Weibo and
Twitter include both the complex network structure among users and rich microblog/Tweet
information published by users. It is notable that most of the existing methods only make use of the
network topological information or the non-topological information for link prediction, but there is
still a lack of effective methods by fusing the topological information or non-topological information in
social-information networks. A link prediction method is proposed from the perspective of users’ topic
by fusing users’ topic similarity in social-information networks. The method goes in accordance with
the following sequence: firstly, a topic similarity between users based on users’ topic representation is
defined, followed by which a topic similarity-based sparse network is constructed; secondly, the
information of the following/followed network and the topic similarity-based network are fused into a
unified framework of probabilistic matrix factorization, based on which the latent-feature
representation of the network nodes and the linking relation parameters are obtained; finally, the
linking probability between network nodes is calculated based on the obtained latent-feature
representation and linking relation parameters. The proposed approach provides a general modeling
strategy fusing multi-network information and a learning-based solution. Link prediction experiments
are conducted on four real network datasets, i. e. Twitter and Weibo. The experimental results

demonstrate that the proposed method is more effective than others.
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Fig. 1 A Twitter example of social-information

network with text information
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Table 1 The List of the Main Notations
x1 FTEHSIIE

Notation Description
n€ER The number of network nodes
Na The following/followed network
AE R The adjacency matrix of Ny
Ns The topic similarity based network
Sc R The adjacency matrix of Ng
veR"! Users’ latent-feature matrix
ga The relation function between nodes in Ny
gs The relation function between nodes in Ng
w The link parameter matrix of Ny
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Fig. 2 The construction process of the users’ topic similarity-based network
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Fig. 3 The probabilistic graph model of FPMF
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Fig. 4 Sketch of the FPMF model
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AN ATBAAE SCHRL 48 ] rb i 2L S (9 Bdie. ol T o i
A V2 M P A kR s AR A Rk R
Tweets X LA 2 AT P 328504l A5 5K L DY ot 52 58 o

AT 2% v R 3% 5l R i I Tweets it 4
100 25 P e 478 2 4 I Im i 25008 4 vh o Sl
BT 4 4178 4E4E . Weibo 1, Weibo 2, Twitter 1,
Twitter 2,413 2 7~ .

Table 2 Datasets

x2 HEE
Datasets Tweets Links Nodes Density %
Twitter 1 13792 1475 282 1. 84
Twitter 2 16187 1551 337 1.37
Weibo 1 51597 3182 977 0.33
Weibo 2 70654 5877 1378 0.31

B v SCBUHE 5 Weibo 1 AT Weibo 2 1) il 1 3C
AR FRAL B S AL B 2 R A AR SO AT
BT FRAG A 5 55 5 SRR JEAT 0 iR R P 3] 25 B Ak
B, IR P e 3R B S I 22 23 B gy
EET R RO AR B AR R AT 2 BR A B B X
Twitter ZH5 4 . i T 3CHR 48] b iy I 4 A dE A 2
Xf Tweets $EAT 1 FAL HR, A S50 R A #E — 20 Ab 2.

TR B Ak BREL AL B, S ARAR P R R
T AT R W 2% h g A H P T A R 2R B R
Tweets BVE — 1 CHY, 2k 5 % A Scikit-learnt™ T
HA e ity LDA 3 R0l BT B 2% HT P i &
FRIUIEAT Ak 3B, AR AT T 1 20 A 2 T R ) RO
4.2 ZWEESEMER

M S I T AH OC SR G R SR Y 52 5 B
L S o B B b i I 2 K] 43 S I AR
R G . B, A SR 258 300 43R 9000 = 1004,
Horbr 90 Y0 Wy 43 M S UL 4R, 10 20 4 S il ik 4 B
Rl 53 B 4 S AT S7 BERL R 43 5 Ok A U BE AL R 43
PRAE I 25 45 I 285 170 32 38 12k

GERVPHT IS R T 2 FATAN R AR - — 2 B
Wbk H I AUC PEAR 48 B5 5 o) — P 2 4 I
T 235 S 0 HE A8 bR Accuracy.

1) AUC #5%5

AUC 2238 ROC pli £k (receiver operating char-
acteristic curve) T J5 i 1 X, 5ZBR 35 8 AT LLSR
R0 7 B R T AUC (50, B A I 4E v Bl
BLIE$E — 250 09 43 HE AR A7 AE 19 I 5 5 P B AL 18
Pe— 250 0 o0 (H = AR BRI R AN

/ V4
AUC:ﬁ%Sn, (19)

o' 7R BEALA I 84 55 A A7 8 30 1 B 45 v i
5 n YT B UK il B 0 3 AR 0 P A (R TR
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AR 1T n 2 (R FH 25 B YR B
2) Accuracy 185
Accuracy F=38 UM AR R B AKX N .

Acc‘uracy:%XIOO%, 20)

Horp L SRR i Ay L 4530, k FoRAEHEIT 1T
LA 55060 o TE A S 2R
4.3 WEFE

Ry By UE AR SCTT A AT ST AR W 45 v B B R 1Y
AR RE T 28 LR —BAXTIES
2 P FE2k (baseline) J7 AR A — A S E A M
ORISR UL B B T 5k AT LR
4.3.1 Rk

BELE T i W E A T IR TR A SR A A ALK
2 FiAE B O 28 A 3 80 78 fil G 5 AH bRl S R An
P HMRBEE T 2 P

1) FHEASME 556 B 5 fifk 1) 5 vk

LA MR 3R W 53 itk 1) J7 0 LB X I 4% 45 4
F7 MO 3R 0 it o BV ST 6 R 4% A 1A ARE SR B )
fit B XA FR R N

arg max /(= [A—UWU" H%+%” lout &+

%WHWWTH%, @2))

Horb o dw =ot/ah s Aw =oiv[oi » AT LA VE R RL o (1 1 )
S8 N8 T 1R ¥ I ALC O BPMF (basic
probabilistic matrix factorization).

2) BET F AR AL Y 7 s

BE T 3R A 1 O R 2 R TR P R 32
S 3 R A T () 3 A fRLEE Y ORI R AT B B T
DU FH P a) 32 AR LB B AR L =K (D e Ty il ok
TS(topic similarity).
4.3.2 A YT 7 ¥

1) Katz

Katz J& 76 C A7 SCHk [ 13 ] ¢ 56 1iE 35 B B 4 19
Tk Z—. % T4 P4 /Y 1 RN <L ) Katz 5
T

Katz;,; = Zﬂl ‘paz‘hsf,j ‘ . (22)
=1

B 4% A X G g 18] BT A AR Y AR B
SRR Ry 347 SR 2Z (012 5 1 3 A7 4T 4. Katz {8
B U8 B iy g0 ) 3% AT R M R 50 (22)
paths! ; FR TG, O BT A BAEKE N L83
RS BTN AR B R (A AN R (AR SCSE 5 i
B $=0.001).

2) AN LA (CND

CN 5 A 2 B B B0 A 3E 5 )32 6 1 #9458 s
CAEVEZ W 45 0 4 5603 5 LA AP R B
TR B W 4 v P 22 ) o OGS R G T Y OC
F P Z 8] A AN TR 26 AL 48 s B OG T 5w ¢
. e, 76 O P E) CN $g bRt FlH TR R 2
BRI AR JE , e % H] 4 Ff CN 45 #5 : CN1, CN2, CN3,
CN4, sk 3 iz .

Table 3 CN Indexes
&3 CNig#R

CN Indexes Formulas
CN1 Ir—aNr-ogml
CN2 [r*GNAr- Gl
CN3 [(r= A GHN@ = GHNATTGN|
CN4 [(r=Urt-GHNa@—GMUrtGnl

3P I DOFRRAAZAFEE MG P CEM
M FES. T OB TP ES .,
‘Tt FID OAHREESG T (D5 T )
) .

3) A i M (PA)

i - PEFE b5 PA LR AR +E A 0 4% o i 0% % B
By kL e Mg R P S AR JE R
HL.PAFBARAET 2 A P 4B R B i S FHL [A] CN
FLARGEHEASAF BRI R W) 2R 4B e R T
4 HANE ) PA 4845 : PA1,PA2,PA3,PA4, N 4
JIF7R :

Table 4 PA Indexes
*4 PAIER

PA Indexes Formulas
PAl Ir=|r- Gl
PA2 [P~ =Gl
PA3 Ir-Art@|r-GoHArtGg|
PA4 Ir-GUrt@|r-GmpurtGgp|

4) & #kIE L (low-rank approximation, LLAR)

IRBR S BL 77 3 1 B B 2 S48 — A IR RR B
I DL D i Y B TR B B T b AIRR OB AL T
WAL EA R AR R R ARARER A B A, oK
T ARLJB ey %) ) £ 8 42 [ AL BE AT B B S0 B R
FEFE A tRBYES @ AT RIS 5 B0 L IO AR S
SR () BE BE A FT 3. SCRRL12 R T T 4 S 1B 40
fi# SVD J5 1555 5 by I 28 4 B AT AR BR O B3R . A
SCI P NUR A T SVD J5 ik R LR A T AR
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FEL I 53 5 75 NNMEF 8 2 B 5L TRk 8L s 1Y
o T 7 5 40 132 R : LAR-SVD Al LAR-NNMF.
4.4 ZTRERRSW

SR it e 2 kI, S8 T I E
A 25 R e L

Twitter 1 7,L.=80,S,,=0.9,1s=0. 8,

Twitter 2 H1,L=40,S,,=0.97,1s=0. 6,

Weibo 1 #1,L.=80,S,,=0.9,1s=1.6,

Weibo 2 #1,L=60,S,,=0.9,1s=0. 6.

B ik S 8000, B R g E AL S 50k B R
Av=2Aw =0. 05, IR S8 o AR R0 BT . Bk 24
1ok s L ah w1 240
4.4.1 FELTrk

5 NA T FPME 5 32k J5 i BPMF #l
TS 7E 4 HEHE 4R 0 A4S

Table 5 Comparison of Baseline Methods
x5 BELFEEBE(AUCES i)

Baseline Methods

Our Method

Datasets

BPMF TS FPMF

Twitter 1 0.79217£0.1436 0.6978+0.0188 0.9518=%0. 0057

Twitter 2 0.841440.1437 0.6466+0.0128 0.9501%0.0009

Weibo 1 0.963540.0195 0.58570.0130 0.989410.0025

Weibo 2 0.95272£0.0118 0.520240.0086 0.9743%0.0116

MF 5 ] LLA 1 FPMF J7 i 78 4 20 8095 4k
HEE 2 A ERZ TN AR T AR AUC g5 3L, 2 Fh Ak
2 )5 ¥k BPMFE #l TS 43 5102 1 T H W 25 25 74 A 3=
AR B A T8 B 00, T FPME 244 2 fifF 2
fill B TR G0 — B ME 2 7= A FUHE S8 7T HE 47 B 6 0. 52
SRl G S R RE S I T RS AT 2 ATk B
TE A SCh A M 238 0 B 0 ik 1) A5 2801k
442 HUfIonkbg

K5 5E 6 rplEn TAXTESEA 4 64t
11 Ffs DL B i 000 7 5 He AR By AUC 1 Accuracy
5. K 5.6 Al FE 2| FPMF J5iE7E 4 4864
R ZHH LR k8 T |8 Accuracy il AUC,
FEAEA TR (4 5 4R b FPMF 5 ¥k R 68 315 38 2
el DR e 2l S L - S /A o 9 e SO N R
(CN1,CN2,CN3,CN4)TE 2 4 Weibo i Ha & 11
RIHE 2T 2 H Twitter $4f £ . Ui W] H 1000 g
JIH ARG E. 18 BE T 4 45 A5 19 77 ¥ (PATL, PA2,
PA3.PAD |, PAL 5 PA2 RIS, HEEW 4R 15 41
A SEAR B 409 AUC 45 5, [FBT 7 2 S5 dE 4
PR TR AR E M HE Accuracy Z5 R0 FH W
WAR T AL FPME J5 k. [l &F F8 An 25, & T Katz
(1) 77 V5 R 8 ARAT AR AN 19 AUC 458 0 Accuracy
45 5l B AR T A SO k. K 1 BH 7E B I T HE
K BE 7 T AR SC FPMF 5 vk g 6% 31045 T 47 1) i 5 HE
J¥- 45

261 1 Weibo 1
= 21F B We;b02
X O Twitter 1
§ 161 @ Twitter2 h
N
g 1} ] 1 g2
T M 3 il
~ M [T
a1 00 M L
1 i1 P I 1 1
CN1 CN2 CN3 CN4 PAl PA2 PA3 PA4 Katz LRA- LRA- FPMF
SVD NNMF
Comparison Methods
Fig. 5 Accuracy results of comparison methods
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O
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Fig. 6 AUC results of comparison methods
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AH EG 3 T A AR i A 4F M Katz Jr ik, 3 F
TR RRIE LY 5 1 (LAR-SVD, LAR-NNMF) 7£ A~ [A]
PG EP RS T HEREE N AUC il Accuracy 455,
fH3X 2 Fp J7 3L AT SR AR T 4 3¢ FPMF J5 k. B R
Ui o A SCT7 1 BR Ak 7R T ARBR I BL 7 1 i B2 Pk [R) s
T Al T4 225 B W4 3 - fdE 0 4 2 Jr i
5 B A% 7 5 O A B B B0 77 v5 A LA BE B
2Tt
4.4.3 WBSE Sw o7 BT

A3 FPMF Jr ik . 240 S, IR P &
REFR AL W 45 S 1) H B Ak B B, S BRUME A K 3 81 AH
L 2% 8 B B 7 s T B AL S8 Se 1R TR
HUEAE 4 20 8540 4 v oxk 4 6 700 00 45 5% Rk 1 g
R 52 ) . A L R il £ 3R B Ak 2 80 S 19 U
(RO, 1~0.99), 2 > 2 Fih 43 1] A0 3 5 A8 590 9% 2 AR
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Fig. 7 Analysis of the sparse parameters
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