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Abstract Predicting the scope of a message accurately in social networks is an important part of
public opinion analysis, which has received extensive attention in the field of data mining. Most of the
current research mainly uses social network topology and user action logs to predict the spread of
social messages. It is usually easy to obtain action log about users in real applications, but the
topology of the social network (for example, the friend relationship between users) is not easy to
obtain. Therefore, non-topology social message prediction has good prospects for broader applications.
In this paper., we propose a new method called NT-EP for predicting the propagation scope of social
messages. NT-EP consists of four parts: 1) We construct a weighted propagation graph for each
message based on the characteristics of message propagation decay over time, and then use a random
walk strategy to obtain multiple propagation paths on the propagation graph; 2) We put multiple
propagation paths of the target message into Bi-GRU, and combine the attention mechanism to obtain
the propagation feature representation for the target message; 3) We use the gradient descent method
to calculate the influence representation about other messages; 4) Combining the propagation feature
representation for the target message with the influence representation about other events, we predict
the propagation scope of the target message. The experimental results on Sina microblog and Flixster
dataset show that our method is superior to existing social event prediction methods in terms of many

indicators such as MSE and F1-score.
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4.2 iFfhiE4R

AR A F Y 7 R 22 (mean squared error, MSE)
R VPl 1 1 1 Fl 990 00 20 5. 3 2 LI AT: 55 o L Y
VAT 8 b & 02 ol 150 D0 (B 5 5 5 {8 22 19 O RoR P
B3, e X

1< ;
EMSE:*E(mffm,)Zs (8)
noi—

Hop,om, B BR AL M P8 m, S B0 AE,
Deepcas'™ 1k T 38415 22 (149 i (8 14 K 3 MSE i
KK o, O BUS BB O R 22 /0 KN, B
m; =1b(An, + 1), Hh An, Ry SEBR A% 3G ] 8 A
SR A E Deepeas AH 5] 1 40 B 2.

ARSCHE R % A B F1_score KA TH
A TR AR AR RS B TR B FRATT AT OR
BE 12 h B L4 I 000 3 8 Y $5c A% 3 1 L S 6
W — N BE AT B 2 A 2 T B SR
HH R PRI (E N 1000 AR .

) TP (EIEHD . TP o Tl 4% 45 i [ K T 3
1B, I HL 52 B A 4 0 1 O T 1 1 ) 7 S K.

2) FN (B Gu). FN 2% 7% 000 % 5% 6 K F
V(L HL 55 o A% 5 0 B/ T 180 1 1 9 U258

3) FPURIESD . FP 3R 7R 1000 A% 4 3 /N T 1
1B, {5 52 B A% 4 4 B KT 104 1 9 J2 8.

4) TN (EAF)D. TN FRoR U A% #5306 F N T
(L, I HL S bR A2 4 0 16 /N 1 I 1 %) 3 L 8K

5) FEHhR P (precision). P /8 7EFr A # W0 Ky
AT B SEBR S BRI BT 5 A AL B

p=_1F (9)
 TP+FP’
6) A% R (recall).R FT/NTEFTH LR NS
Y B Bl TN A RS T BT RS A A b B
TP
Rfm. (10)

7) F1 3 80(F1 _score).F1_score & 5112
(] Fsf HE JEST A 5 258 R A9 ] S8 1 — B g A, BI

2XPXR
Fliscore—W. (1D

4.3 XfLbFE

1) Embedding-1CM"", ‘& J& — F i A T AR (1) 2k
SEYBRBAY , 784375 LB 7 2Z 8] R LS e SR
A B B £ 52 25 8], fE Bl EM (expectation-
maximization) 3% 3K & 3% J7 MW7 Bk A 1] &
A% 4 ME 2. AR 6 T 8 L 0 % 1 R RO R R AT
G RE .

2) Deepcas ™. ‘& & — Fl 15 B & & vu B 7 5
8 L AL SR R AR AR IH B Y SO B A2, i GRU
DO 2 45 6 A2 B 460 Sy B AR T R K 1) i A 8 R VE AR
JIHLH R T I8 L Y A% B

3) NT-EP-T.E & NT-EP fit) — Fl 28 4. 18 5 i}
V) 30 U5 7 A SR A AL 4 B AR L AS R I R B A B )

4) NT-EP-R.E & NT-EP it — 25 {& . A fdi J]
st 1) 6 ek Ui RE (AP A% 45 A BB ML UG 8 ) R R A% 3% %
A2 o ELJ2 R O J2 B4 AH L )

S AR F A B EMEH CIEF Y
5 VS B T iFisfr xS ki C s
5 . NT-EP Hpf 28 X 45 3 43 i | python i 5 il
tensorflow HEZ2 44 5 , fF Anaconda3 ¥ 3 T 4% 1%k iz
A7 A bR ot fd ] python i 5 #E 17 4L 2. fF 4
1 G X WL B K Intel® Core i7-7700K 4.2 GHz
CPU,16 GB RAM., ##4F £ 4i 8 Windows10.

4.4 BHEIEE

FRAT A I 2 v R e AR 8 S, S P
n) i 2R o AT SR e ) A o B JE) 22 1Y
S SH g2 20 A T B B AR R K L B% AR
KR T . b i B8 1 h it B ) &
f)2F X A =0.000 5.

SRR A0 T RS R AT S5 R AE 12 h
A4 7 51 T A Sk 12 h AR JE L B/ 3~7 R AT
ZHCF NT-EP J5 ¥ (19 MSE . F& 17 S Bt AL [ 2 H
S HOk % 5 P ) i 4E B d X MSE (1 5 ), 52
a5 & 3 Fron. b B 4E B J B3, MSE B {H
TE 326 W0 0 /)N o 3R WD 000 2880 R A A AR g 5 4 2 R i
50 B, U 50 R s OF N B S T A D A SR
FIB A7 B (8], A SCS T Y BT A S 36 8 R T P 1) o
Y4 d =50.
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Fig. 3 Influence of different d of user vector on MSE
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Fig. 4 Influence of different @ of selection on MSE
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Fig. 5 Influence of p value selection on MSE
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Fig. 6 Influence of K value selection on MSE
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Fig. 7 Influence of T value selection on MSE
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Bl 6 FE 7 Biom , L S 22 52 56 P 3R AT E K =200
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45 ZWHER

N 5] 7 o A2 475 S Pl 1 9000 s S T 5% 2 g 3
Jis L 3R 2 S ST A T SE G g5 B SE e
3 BIRHBE 12 h,24 h, 36 ho SR 5 XA 2K 12 h. 24 h,
36 h By 15 3% 0 [F W . 2% 3 f Flixster 245 4 A4 52
B g W, ST R AR 10d,20d,30 dy 8K A R
HK10d,20d,30d By 1% 5 0 [ S0 A 2 Fik 3 Al
PLFE AR S % NT-EP K H 248 fK NT-EP-R Al
NT-EP-T A9 0 5% R ¥ 48 F X He 77 5 Deepcas Hl
Embedding-IC.3 3 H 1% 5246 45 R 4f T3 2 th iy 45
L, H R AE T Flixster 045 b 805 8008 10 78 B8
W2 A B A ERE T BRI R A R A A )
CLE W

Embedding-1C J L i 4T HAT — A S0 g0 25 5L,
4 Embedding-1C J5 ¥ 1 Bf ] & BE Ar TG K.
Embedding-1C 4 fr 45 FH 7 e 53 31— A 1) &5 25 1] v
i 3 R B T P 22 R B B AR R % O T P R T
A P 150 P s, S B08 2 006 P
PEAT IR AE SR b 30 Bt 1] 1 AR 3T A9 A AT g
PR, BIF LA Embedding-1C 77 1R 45 5 S 83
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Table 2 MSE Result of Weibo Dataset
*2 WEBIEEETERN MSE 51
t=12h t=24h t=36h
Method
Ar=12h Ar=24h Ar=36h Ar=12h Ar=24h Ar=36h Ar=12h Ar=24h Ar=36h
Embedding-1C 3.215 3.215 3.215 3.156 3.156 3.156 2.874 2.874 2.874
Deepcas 2.070 2.292 2.079 1.864 1.682 1.727 1.739 1.575 2.024
NT-EP-T 2.482 1.606 1.524 1.88 1.54 1.274 1.328 1.112 1.274
NT-EP-R 0.949 1.716 1.581 1.713 1.581 1.508 1.613 1.466 1.361
NT-EP 0.674 0.628 0.731 0.901 0.687 0.853 0.878 0.877 0.877
Notes: ¢ is the sampling time, Ar is the future sampling time, the best results are in bold.
Table 3 MSE Result of Flixster Dataset
F 3 Flixster HIFEERBLEMMUER
t=10d t=20d t=30d
Method
At=10d At=20d At=30d At=10d At=20d At=30d At=10d At=20d At=30d
Embedding-1C 2.134 89 2.134 89 2.134 89 1.978 4 1.978 4 1.978 4 1.967 85 1.967 85 1.967 85
Deepcas 0.553 0.619 0.535 0.609 0.641 0.63 0.632 0.555 0.606
NT-EP-T 0.509 0.473 0.413 0.448 0.379 0.311 0.44 0.514 0.513
NT-EP-R 0.461 0.428 0.453 0.526 0.551 0.55 0.465 0.401 0.431
NT-EP 0.429 0.388 0.341 0.23 0.205 0.166 0.381 0.375 0.257

Notes: ¢ is the sampling time, At is the future sampling time, the best results are in bold.

NT-EP J5 A8 & NT-EP-T 238 1 i 7] 5 i
T AL A AL 4 B8 AR, A ) TV 2 A A 5L 52 e 500 fsf
B REYE LN R 2 Fik 3 v LLE L, NT-EP-T i
F Deepcas, vt B H [8] 22 X 78 B R AL I | ZAEH
TH B2 0] 1 52 A7 46 AH B 52 . N'T-EP (%) 28 f& NT-
EP-R FI I B B A8 B 52w, {H S B ) 5 s i
R IEHAR L 2 13 AT LLE L NT-EP JF
% 1) B 25 BB B A B2 ) 5 TR 22 060 B AL R Y
ER, 10 & 2R B W A F Deepcas, NT-EP-T #lI

NT-EP-R.

T Bk — 2 B UE AR SCT5 ik B A R BRATT L
POSIH R EAT T, SE A5 R AN ER 4 B s S5
FRAT o A AR R A 12 ho XF ROk 12h,24 h,36 h
BT 23 R BRI AT T AT A S e v R
A4 B 2 1000, 4n 53 A% 16 i R 900900 6 K T 10 (6L DU
T DA R T B S B A R R W AR ST ik NT-
EP LT BUA 7 % A PRI 171 R 2 ) B A B
Wi Ay S A7 A LA b T S A% 4 LA I 1) 50 il 45 i

Table 4 Precision,Recall, F1 _score Results of Weibo Data
T4 HMEBBEBHEBOEE F1_score £F

t=12h t=24h t=36h
Method
Precision Recall F1_score Precision Recall F1_score Precision Recall F1_score
Deepcas 0.554 0.29 0.381 0.536 0.262 0.352 0.545 0.212 0.306
NT-EP-T 0.515 0.354 0.420 0.570 0.801 0.666 0.474 0.333 0.391
NT-EP-R 0.541 0.418 0.472 0.541 0.290 0.383 0.518 0.312 0.405
NT-EP 0.557 0.751 0.638 0.594 0.851 0.699 0.518 0.765 0.618

Notes: ¢ is the sampling time, the best results are in bold.

5 % it

-

ARSCHETE T TCHFNESHE 25 0F T A9 11 S A% 4 v

oL (R R £ R — At A2 T B AL R R 5 NT-
EP.NT-EP 1 W F| H1H B Z 0] (14 A8 52 ) >k £2 /5 3
FEL 0000 £ 9 0 . S 00 45 SR SR B - NT-EP #£ 2 A3
s BT A 1 % Deepcas Fl Embedding-1C.
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