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Abstract: Online social network is generating information at an explosive rate. Information competes with each

other for people’s limite attention. How people’s attention to information evolves over time is referred to as the

problem of popularity evolution. Popularity evolution reflects what people focus on and how information flow and

diffuse. Popularity evolution prediction of online information helps the studies of information diffusion and human

behaviors, assists public opinion monitoring, and brings high application value and commercial value. In recent

years, researchers have gained great research achievements. However, there is still a lack of survey which reviews

and summarizes existing work. This paper systematically reviews main work of popularity evolution analysis and

prediction, and gives summarization to the existing methods and models. First, insight into understanding

popularity evolution patterns from qualitative and quantitative perspectives is provided. How to measure factors

affecting popularity evolution and to classify them in taxonomy are introduced. Third, the methods of modeling

and predicting popularity evolution are categorized into three classes: previous-popularity-based, factor-based, and

diffusion-based. These three classes from the following aspects are elaborated: theory, representative work,

characteristic comparison, and application scope. Finally, the paper is concluded and future research directions are

given according to existing work and current demands.
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ATFEAYIE T ANF A, X LU v] DL it B/ Mk
FEAZEM mRSE(mean Relative Squared Error)ill
SRR e ARARLE D) B B T A TN A A S S R AR LR
(PR E

Chang 25 APV 7 000 ) 265 e AL I8 (R0 A 7152
SEAIHT T AHAR AT 1) I 285 AR RIAAT BE 2 ) 1R 53k
MR R, T &SR, /EHEREH T TAR
(Transfer AutoRegressive) i, 1%L, R4
FEL L) PR % MR A B 8 B A A T B ) T A P P

ARG YR 2 MIBEHLILE 2 . FAR A A i)
ok L2 RN 5 25 73 K — 78 A 4 1 T
— AR GOk 22 . TR B BEN LA 18U
SIS R RS M gD o BT ae i, Rt
B/ MEFEARLE) RSE(Relative Squared Error)fiiit
H ALY () SR iR S K

RRBEIE B SH BUMAL, T RINRATR
JNER I — AR B RO AL G Be, 2H0
s AL G Fe 2 A5 AL RR RO R, (H i TR
A7 BEHAL A 5 W2 (5 BRI — AL, v A% G
Jod PR Rl BRI ] T AT AL . X L IRAT I 2
FE L R T I AR Y ST(Susceptible-Infected)
A

ST AR B, A4l W 28 P BRI 1A I RIIRAS -
S( o GRS M (B GLRA), HAEAS S 19 UK
T R B TP U, H B RUK
AL T REGOIRAS o 25 ST N I FERAT BE s AL LI
WERNT B I AT SRR R anX(5):

L0 _ s - vpve 9

Horr, v Amrtz e, T R 8, &A1Y
KAE BN =Y () A~ S T B &g, Jr b
BN =Y (£))Y(t) RN 24 F I 2 ¢ 9 119 iR,
RIAUAT BERG Ko A oy T ST AT R B 8 4 [l
EAH, (HSEPR DRGSR AT RE—HAAL, kT
— U A, B R AOHERS T A IR BRI,
RGP — KR, Bk, Matsubara 55 A
1 ST R RERE L fE ) TG A 42 1) SpikeM A5
R, SRR AT LA

BET RARAT FE I 5 AR R 28T AT B
N T A R M A4 A5 R, Bk BT I 24 S
AP SRRAT R o LR SO PN SN, 2R
SERAT BE R RS FETIGI . S5 Ah, D 3RE SR
A7 PR AN W b [ 3t 6T 3K, e (R SRR 4 3
EC AR R AE -
6.2 ETEMEAZRNAZE

55 T T M AE BRAT R R, R
Z TAE%IE T IXE N FR, B, 522
SO AL R P AT ) Y 445 SRR K URAT BE HEAT
T

Bandari 45 A M0] 5T I S 19 245 ERAT B BEAT
TIN5 QAT TN kg5 5 I 3 b E A I 251 ) I 2% 4
K RIS T FUIAAT B A VR AR IR A 5 A F0
2 FEOIAS SN o T8 [ R 307 A A E AT
TR S T OEEAE ], A RLFT I Py A SR AT R
HURETIIN . T IEABAIE IS T g A 3R, 2 T
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BT N 2RI 4 NRRIE: B )Y (news source, 1% 3T H
FEMBANU AT IR, New York Times, USA Today
) HrE > (category, BUAK. BRIARKTE). F
W (subjectivity, BT ] LR B AR ML AL |
A1 4 94K (named  entities, 7 I b 1560 5 A7 44 5K
A, CEETTeR T, “REL” 5F) RERIX 4 A
FRMEAE D A2 R ARFAT AR MR AR i, S T
IR TR o 127300 T N AR SR A T B PR RS A
T IFA RARAER G, AFJE RS € TOIYE () 175 50 T U
RE AT LAk 2] 84% . AT TIE I 4 AMFFAETT, HriE]
PSR AACTAT BE [R5 W 5K o

He 25 NPO BT S AMPIRIRI 22 I DR 32 AL
AEREM ] o I DR 3 ) RAIE G Y PR R I ) ks
13, ALAS N g a] LIGs I vEe i A2 ok Al
PR XA E(UU P, E)#o, Hoh U
P AR M 205 QI FALE RN G E, E il
L PR . BEAILHA] LA LB — MUE,
AR L PR AKRIRAT SR DTmk o B0HT IK 1T
TR AKIRAT L DT BROR, XA P B — A~ 5
R 320 9 1) 4R H R BOR LA I AUE - T3 X AN X A
K, A3 7 AN IEWERR S, HEEEE T
PR AW I R 3 T T B R 3R T
DU 28845 AR ARURAT L

A IEEN R, ST 28455 AR R FE AN I
ZIVRAT B A1), A I AT 5G4 45
SRR SARAT . Kong? 25 A X Twitter ) Hashtag
BT T 2220 A1 T AN EARLT S : 1% Hashtag
M BIEAAAKRATER: WRESRAT, =%
WAT o N T I7ES0, A fiT#F Hashtag WATFERIAE
i 55 0y 4 ANB B WaE T 2E ] (active) . S
K ] (bursting) « % % ] (off-burst) 1 5 T ]
(inactive). 1E# #% & Hashtag PR ZE (P 2]
P\ Hashtag K& @M A FHAE(H )
2o R0k SRR IE (T RO L BRI FE AR ) . LI
TATBEERZR, B IR Be PR 32 AR I HLas 27 ) S aliAs
BN FEERKSE 1 MEFRERIIT) B
Gy R, ABATTH SCHE I AU FEA R AT I 25,
F1-Score 1573 JSUER LRI PPl . RIS 2 AMT:
S (=AZWAT), FEXH 5 ANHEA S (linear
regression,

classification and regression tree,

Gaussian process regression, support vector
regression fll neural network regression )% £ AL 2
TP %, H RMSE(Root Mean Square Error)Xf i
W& RHAT VAL . AR ORI, X TAES 1, BNR
AT B2 A TR 38 o o S i B s e K, Hoe

Wi 2 32 Bt 5 T I 18] PR HERE T 1S s % TAE55 2,

TEWOE W ZE I 6 h JU T, Gaussian process
regression HEAYM I AF, 6 h 5 support vector
regression F SRR G .

Z R AI TAE 32 RN W 485 AT B K
SRR AR TN, SCHR[2) 75 18 T AT v AN )k
Fio ABATIA K BN 2845 B GAT BEA Jot A 3 22
K BT NATTEE G 0 TH ) 2R 22 % Rl 99 2845 5L (1)
SE4fr o AT BEMLIE RS P 2045 AT R 1S K A
A It FEREAT AL

Y(t)=>1+X@®)Y(t-1) (6)
Hp, v Xos ¢ NNZIMBRATEE, X(1),X(2), A
M MIIE R s T7 22209 o BIARAL[A) 23 A5 IR B AL AR
MARAE Y () BER RIBE K, X () M IES. T XA
AT, AT GIN T AN S IR BN ) 5
WRTr, [Jt=08, r=1; ¥t TLETr 4
BT 0, mAXKEAN

Y(t) =1+ )XY (1) (7)
13 AN [R] SRR 00 245 5L LA AN [R] 1) 5% )

R, PR TS m R R Rl A R
MEPEAAT I WA R AR AE AP EL A 30
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A5 AU A TR o R A BRSO — i fE B
PR B, AR R P AR R T 5w K —
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VRN GRIAL 75 Y T 009 28 3 4 25 A6 W) Bl (47 ROR &R
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Twitter #E3C P20 A RIRLARE, SBriRIg e,
2RI RIR A
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N 7 AL HE R 45
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6, AR A 11 B3R retweet 20056, PRI A2 4T
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HESCHIT S A —2%\ A $8 11 B L%
JUA HBo ABATHAL G BN retweet ZRIK 1S
K BT @S O 7 IO A SO retweet £,
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B U RS )« WARFAE (SIS  Hashtag 055 )
RIRE 15 1) PageRank, JfH 1% PageRank 1E4
F R W g (0 2 . R IX 22 AR AT GBDT
(Gradient Boosted Decision Tree) it 1T #1845
>, PAESCRATE .

Li 25 ANB3r g FH P AT 5 7 52 22 N R
MARAT FEBEAT TOE9E, RO AT 8 2 AT
S AE AR A MERS G A AT A I A e 1 2 T 4
TAT L (R T2 0 A2 RARAT FEE AT YO0 I A
B R DR X SRR S22 A% 8 4 ey 2 S PEARK
AN AN R S AL A S R 0 AT R a3 A2 1)
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RN e TRABATIR I T 5T ZIBAL ) SoVP
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SoVP JjikLr &% 8 T AE AT AT W sl i S 2 A% i 4
o) SARBAS B W 51 3P i, R B o == 32 (D
oy =AU S U B B LUAE) T A XTI
JU B Py =R E R (H T A WERT B By
LIRSS E 5 H T B 205 1) AR 1 EUA)
SEXS AL AT W 2% JIC R A AT AL . SEER R W] SoVP
T3 A FIUI 2 S R AT 5 ST e (R R A8 A 1 184 G Ik 4
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Mo {H SoVP SRR . Wk AN .

Bao 45 N2 18 T 19 48 25 46 p M (ZE 5 2 (link
density) FEFEVREE (diffusion depth)) Xy HT iRk id it
ATRER RSN, X SH BERREAT T ek, ook 5 i
W) RMSE #l MAE(Mean Absolute Error)5 SH
B LU B2 o AT Se D E T Ao e AT
JERERLE . ALRRIRIEZ AN OC R . 45 R ol
(1) o 2 AT 8 O 1 SR 2 1R) A A A6 AR 5 1) B7ORH 5%
P, FERRAR L Z ARG AR BRI IEAH G . IX &
IV 322 2 8 R v A 70 VR 2 PR A B 25 5 e b ol 1
ATEERIER T AATTIE A B L Sl T e A ) & R e
AT A St H 0 258 £ JEL ) e AT T
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SRS —ANRAT . (BRI REAN ] IR, H %
Ay R AR B A R AR 11 B (density) W) LA BE I
[ARAY s T3 S0 A A IR IR 22 2D 255 Wi AR 1)
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# T SEISMIC(Self-Exciting Model of
Information Cascades)i7!,
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YouTube 4. Wikipedia i 4%+ Twitter # C%%,
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