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Abstract

In the context of social media, social media public opinion has become a new perspective of social
public opinion. Social big data analytics is showing an increasingly important social and business
value. In the emerging field of social big data management, the discovery of hot topics in microblog
is the basic and important issues for government public opinion analysis and data management;
people have been studying and exploring advanced and applicable theories and methods of hot
topic mining. However, when the traditional clustering algorithm is used in the microblog topic
detection, the eigenvectors are too sparse and over-dimensioned, resulting in inaccurate cluster-
ing results. Therefore, this article explores the sudden features of words in the cycle of topic
communication, and proposes the Word Kinetic Energy Clustering (WKEC) model and algorithm.
The text clustering model, based on the topic life cycle feature, introduces the concept of kinetic
energy theorem in physics, and calculates the Kinetic energy of words with the maximum growth
rate in the explosion period, which will be added to the weight of the words, modifying the classic
TF-IDF model. Based on the algorithm design of Single-Pass and the real dataset from Sina Micro-
blogs, the experimental results show that WKEC model can enhance the text features and improve
the accuracy of topic discovery. In addition, due to the strong real-time of microblogging topic, in
order to get closer to the real microblogging hot topic list, this article introduces the attenuation
coefficient into the calculation of topic heat, and takes the tail time point of the explosion period as
the decay moment of topic heat, proposing a more realistic method for the calculation of topic
heat.
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S EERT, AR OB SEERFRE, S REES T EERHAREE
Rk EREMNME . R MRS REER B A, SR R IR P 4% B A i R B TR 3
R EERRE, AM1—EEM FUARRAHAERPH R EBZH O ER M TE. SEARREE
EHATHEEERNN, FERTERNELSTHRRNEETRENE, SBRRRERIMER. A CHET
FEVE REAR R R B M R R AR ERIBE L, Rl T —FhE TR A BN ESIBE R 2K (Word Kinetic
Energy Clustering, WKEC)HR B E L . AR E TEB AN AR, sIANYHEEFRZI6
M, RREAEEER KRR KE BRRAEFER 6, FEMAZEERERTHES, SR MAK
TF-IDFERLHEAT T . ZT Single-PassHIFVE R THAFT RN IS H LB RHI LI 4 RRY, WKECK
RUA] DS SRSCARHE, REEBRIERE. Hih BTHIEEELE MR, A TRIFEREERELH
R EESIR, A FERRETEFIAZRAL, R KH R B BB G
BRI Z], AT —FEMAF& LSRR E T E.

E3: 4]
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1. 5|18

Ak, RSN IS Web2.0 R 2R TR S IRER R 5) 2183, MUK
HERRBEREL —, HRIEHK T — M. BB E B, IRZIH SR TS T
% TSR RIS S A5 1] 0 REHE A 23 W 2% N FH B R R A4S 2445 O I ZR IR o 17—
BRI A HEMU HERR S0 R NFAT AR B - 2] AT 2 Rt A AR 1 #4105, I
TP ARNZFUGC). BT H 1 (Electronic Word-of-Mouth, eWOM) [3 55K 315 &3 H 20 s AE
AN R EE RS ARG B 2 —, T O RGPS S S A ARSI T T, N R &
g0 Buh. . U AN BESBRRFESAUE, ERIH H R EENEANE. BEMES
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M. USSR T RO 6 QR BB ATRR TR R A 45 1 B2 RE
B FT, R REHE RARBURT R B B S8R va F L AV A L7 7 55 B BE 0t ok 1B Pk Ak [4]

BT A A A B G B LP BB AR ST, D S Ak 2 AL B O 2 SRS O
M, oAk SR R Gl A B R I TN s (5] DRI, Bl R AU D2 HEAT SR A i 5
ERFEREAIRTER , 0 AR AT A A2, T DO BR R R T B S A 1, AR TR E .
AN, A RAEEUR DUE B A RN, Ik AT DO I i S 2 A AR A, BB R R R
RO, RN TR R, USRI B AT 9 O e A, T A Ak AR K BRI T
BIRFAR A 3R, BE A ik R a AN E -

Ui, (H— B R TR 4ERd s, EURRE RAMER S FE 6], TRl O 7 HR
HI7E 140 7 LAA, LR g A B3]t B A OBCRR AR 2, B S BOCA (RHE AN B X2, FRAE R A 5
P SCANFAEREAT IR AE . 4 AT TP AL e oA i ) R T 7 B AR PP A SRR SR I B, (ER X
SRS T AR SO (1 B AR5 AL A 7 SRR M) JE it AT A3 28I 55 DAY T T2 78 2 42 80 FH SCA mp i i 35 1)
RHIEAE S o TIAE AR LE SRR RANE (D BT Fe b, AR TR RN 8 5 VP04 LR 2 Gtk A
JEIRVREVE T A% AR A i L2 i S A R AL AN IS [ Ja V(0 B o R AE . RIRE, X T Ak A A 1
A ) T R R M 1 2 e AR S ORI ST AR AN ¥ I B, BRI U Tl B (N )T R 2 AR R
TR PP AR AT IR ST A P ARSI b, 68 T3 AU A B P P 2 228 B v ke = A RO PP A R, JEdki /2 ik
TR SNk 558 PR s DRI, A% 0 2 i Jo) U0 PR B K Al e R S AR AT 3] SRR VR A 5 1 AR N B U Bkt
S v B SHMERA R LS AR THBURT AN Al (¥ ok SR RE 0 B B2

2. IR

B X 25 15 JEL R NE 23 ARG A2 D0 2% BELG A0 BT 5 5K, 6 TRl & 1 8 il R 8 o AN [ 40 2
HRVER TR FAT T

JE RS [T X SCAR A LDA E R B FAMFAE, ZRG 7 18 1 IR R SO R A SO AR SRR AL
), PR TR T A R ) SO TR AN TSR LDA 32 24 A Rl A PR 19 3 R AR . R
XA 814 H R FH A2 52 T35 (Frequent Words Set Clustering, FWSC)5y2: K3t 47 ok 187 145 251 ) b L
HA BRI T I SCARRRAEAS B G o) . RSB SF (O 7E — AN 2B AL RE , TR X 2 JEAR 51 Tk 1 B
TR, W T RS - WA - TSR - NPT B 4 2 RS UK I SRR Bk RS
[10]3&H T —N3E T Z LAl & PR = 8 B2 4 1 TSMMF (Topic Sentiment Model based on Mul-
ti-feature Fusion), %A ALK I IRRAE 15 5 R H P A& S B R EQIN B B LDA o, DASREL g &
G RN FEPHES . Yan SE[1108 1A Rk I SO R g #1163 T — R TR AE TR Ui
ANGE R R AR 255 RO IS A I T V5, ORI & 1 1 R M B A 7V K VERE o Liang 5[ 12]42 H
15 ) A 1B = A (Emotion Distribution Language Models, ELM) KA 15 8o A, I8 8 RGN
TR R I PR T A I T ), AR R U 381 Py B 1) ] g T 17 R AT 40 B, 3 T AR AR 17 R ) P 4 R R B A A
B SR EE B, I B P 1 AR A SR R AU, X N BRI, SRES A5 R R T
AR . Li %[ 1312k H BTM (Bi-term Topic Model)=E fU% 4 B Hr R SC AR, DASE IR FR 5 i)
B, [FINF, FF K-means RAEEIVERAF] BTM w, #F—Pdf7 ERUKI, KIS REW, &7k LA
R RIS . Zhao S5E[14]5: T HriRTUE R H I S BET, $#H 7 —F “HIH IR RS (Social
Emotional Perception System, SEPS) /1%, #EATHEH # i i RTI,  H o3 i L @ iR 15 I A, T ARk
—ANSEB AT ) RS R R AL 5 2 . RARSE[15)5E H — M AR 2 98 07 v T R UGC H 4y
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BT R RTE R R CJRRHIE T Z B SRIROC R, B A N ELERM MR S| SR N %, Rk
SV LV SR R IR A, SRS R A 3 RS AL R, HICEH s B v 11 A S ]
FHFH, 36 R — s i al 1) & 3 070 ol 4R AT 2 T S A 1Y) oy, O Bl KBS
FEIX — R R A2 384 2 FA0TE A N 1R AR IR I . - AR = SR [16] LAMLAL CLSVSM N K R, $8H T —Fh
T SCAS R 7818 A% AR B (Co-occurrence Latent Semantic Vector Space Model Kernel, CLSVSM_K), B A4t
Xt CLSVSM 4Ef k. tHRE R ERORAFHE L M, M 7 CLSVSM iR A%, HAy B 3k 1
FETE SCA BT B AR, SSPRRAE 3] Hh (9 [8) SR EAT T & I RIS SO0 SEELEE FEREAT 1 PR 4EAb B, KORFEAC T
LR, AT SCR B E R SEIn4s R Z N EE B A RIFIRIRBER, $em 7 SCHR Bt JR 3=
RAEWIREEL .

FETA] TH R MR S5 IR I 7 b, B[ 17 AE — /N BB [RIHEE (S B R, 555 B B
FERIGNIN A E BA TR A IR 1SR U I 5 5, AELRE 5 RE U S S A28 o0 R I 5
fiti b, R AR I L A SCHR R 1A AT ISR A S AT A VU SR FR bR, SR T — Bl A Ak 1R ) 2%
TR AT AR . FRAEIREE[ 191275 5 FE TR0 LA S 1] BT Fof [) T 11 0 186 4 238 R = A 1] 1 A, s i
B BRI U792 IR R A2 T 1 O R o MR SELGR S (20142 HE — Fh i T 1) 1 B BB A A () el A R
JiiE, ZITEGINYY IR R AT B RS, R PR ok R 2 e 1 1 R AR AR R 2 TR R AR Ak
FL5E 7 HE 1A T (R 0 R AR B R A I 115 () 275 e BB . SR 1 145 YA SRS, FliA]1E 1Y)
RRABF R NELERE— I 2 P A R38R, a8 B I BIRFEACE THRE b, 3 RO PRI 1AL
B, PR T MG R AU, AR T S I S OO TR R

KGN BN G RE U E, F¥9EIR T —SHEH . Wu 2] LR In iGN SRR 2
BES7 FAF TR R B, 1l N AR (R D) I v A 22 TR HE 4% — 8 1)K R 3 (Long-Tail Power Law)i#E A7 £ 5[]
FHEURRE o TEREE 23 NG F P ARRAE DR SOAS Y SRR AE A A B AR R R E = AN R, W T —
PPN RSB TR bR R R . A TS BT A SEPR A6 A ETH R 778, FE 56 [24]5] N\ LDA 54!,
SEE 1R N SRS MERFE I AN J7 T B P EE DR 3R, 79 380156 A AR A0 (R IR 1] 7 81 o et R [ 25 )76 Tl I R i)
(TSR, 0N TA) BRI 2R 51 S () 52 ) B AT 7B 52T &, 51N T 3mSR EL .

PO AT A BRI . JE AR SE N (2638 H T 256 1) ek FEAR -7 RR AR e BB B B 7 b AR ol i it 1]
TR, FESCAR R RN 25 T RO MRS B R AR, SR JE #EA7 SR R4, &ad SE %07 S+ AR,
AT AR . RS N RIS G oot A TR T, AR A dn I M B, 456 3Re 8 BN RS IR
KRBT R SV, IR EESIEE M AR TF-IDF BUATHR A, $& H — RSO R E S I B, SR
RAEARIE AL, DS B I 58 ROCAR IR, IR A 1 R ON AU T B8 5 N SR 0l 2R 2 LA K 176 R ) B 2K
PEEAT B, BIFFLES RO T4 BRI T A iR 8 B e DL AU ) BRI 1 TAE R A 25 1

3. A REER NG ES BRI R
3.1. FEMNERREERAEASERHTE

B BB R SRR O B S AR SR, PO T MR R DG 2 i T AR A R R s e R S5
PEESRIEL, FEET w BB 2O R AT R A B EORAR S, THE ORI AR
FELRTIAE . PTOMETHSRAT SIS 25 PRI (A Z . et B[ 2.5 | PRI R v S5 e st 1] R 2K 5
FELRIFENJFEAT 1 5 FERVETE, SIN T SEM IS8 AR E d, WIS R D BEIS 8] ¢ AR A an (D) P o

Inf,,, (t)=—d (-1, )2 FUsotiowed

H, =Y Alnf, = Z(ilnﬂJ

()
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Hr, Inf, , AR u FTRATHIBAR b OB ) d 2 AR, AR IRIUE ;1 R iid A A 1
IFIA) s [ttggponea| AN AR RTEF P w MOANEL: Alnf, Fon i — AR B Ar, 158 T (R 1284 H, %
AN T W46 A PRI 18] 1 24 i I TR AR 5200 5 384K o

3.2. iAi&EhRE

“ia)iE 5 e (Word Kinetic Energy, WKE)HIE X : 15 K A s i A A KRe s, #roA “HliEshae” .
FERIEE AL RERIIG S h,  “iaiEiEs)” IR 1A TR A OB BT XA — N shas e, R
WTE ORI AR B ) —AE, B “HRliEzhER” o IEIIBhAE, AP L R I SRR RN R — A
JE&, FATE PG Kol B AT T B [21 ] BB BRI B SRR B T A IR &, & — Pt id]
TE RN R RSB R AL 2 S, IR g1k AL Rk 52 e ) ) SR

T A TR R AL H A R A B A e R ), AR SRR AR — e R i R ). R ). RO T
WS B [27]0 X TR s AL R UG, BEE I () HERE, MOCUARBE S AR K, B SCAR TR A
eI BOAR, (H R S R A T TS AR o IR AE AR DS o A T ) SR B 1 1%
T RSO FAT A — B I KRR

BRI RN G HAEAERR A A R B 0, I HHHCIR LR, FOT 2 30 H A SRR 1 el
SR, O Tl IR OB B AR AERA BT, X0 SCAR R s . T XA R 7 P ) B RE T8 B4
i, Bl—AikRizahm R ReE, WK, EMaiReRauiR. shage B AL Q) R,

E=(1/2)m/* )
Hrr, m FoRYEN LR, v ZoRYE I R

FEXFER IR R T, ACGINEESRERIME S, I A 78118 £ AN RN [R] & 1 i shae, kot iz
WER R K MEAT R R WET A RO, HahRe iR, BRI 2. AR SCH
TITEAE A [R I [) 1 2 (AR A AR UK S 1 T I v, 1 (3). () PFs.

0,k=0
Vi T My T 1 (3)
T s
Z{—],k =T miaae = Dot midae 4

Hrp, v, FOREIE jES K ADNIRIE DR m,  RORIEIE j RS kDR DR m, RN
T GRS b — 1V ABRE DR T, . Bk NRNE D R 20 5 T e N EB k= 1
ARG R TR 20 s T, RO kNI R B 5k — 1 AN A] 1 AA E ADRE -
kR A AR, Wi EESmAGRE. YiAiERA T e EER, WEE T —%
EhEE. iEAIREAITHE (5N
E;=atfy v, )
Hrh, B FORWE jAES k ANE ORISR o ZHENERY, X2 NRRE, &Rkt
THEs o, RosTliE j AR50 & ADE P MBLIER, ESF T j 25 kAN E R SRR LASE & A
RIA AU EAR R v, I j R

4. EEHEIR SHEE
4.1. [EIRERE X
1) BEFCRDAL AR T ST 8 SR AT B 5 VP A 2
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FE— B RN PEERE 45 S AT, o BERI T ) R B B2 SR A O e B RORFAE TR 1% RS 1 P
T FSCH) U R 2R SCASAR R A TR ] 5 1 A AT A — BUR G KO 5, MBS ME R ERE
AFEIEA B A PR RANERAL, 15 R B ] Lt 3 7] T8 RO MR A W 8, SRR SR A ] S P i)
i, A AT RE R TSR o M0 [R]— MRl AR B MR AR A b, LRI RAE th 2 R I — € 1A I,
FEMR AR AN A IR S B 22, A3 T RO Rk, AR T AL SRR R U, AE AR AR
S SR AERFAL A LU (1, IF HARRE RONE RN T T S K e /N /s, BTBL, 1A TE R R M f
B S0 (A7 5 B 300 0 f o T 7 T B0 ) 3] T R A P AE B A 38 R 3 i LR Mk o R 1A
RRNE BT R ST, ASCEEBIREE B, R RE AR A ) fo K B R AT SR TE 1 B fE
PASRAEA TE I R A, IR N2 TF-IDF AU o AR 37y B PR3 9% 5 M 1] 1 R ) 3f R SC B 1]
FEIRHALCE,  LAEFIRE SR SCARFAE R A, AT B e i R R =

2) WFFUIRD R e QAR T A R S SR A R R (N ) AT I R 2 2

A5 RRZ SRS B, AEEN S5 NS BEE IR IR N ZHTE N, M0 A e 1 i
ZJa BT HAPERINHERER R, KB —AF G, HEm ) R AR S TRERE . 25,
L A5 R ), A I 8] AUATHE i — B 18] A A 8 i R ) e IR R AN BT REAG, T P e B B
ARG B AL AT — S (U A RO P R A A I — 1 U B SR Bl 5 H AL — NI TRV ) SOAA

AN RS CLEE I I (R A4 s T TS B FITAR A 1AA 47 o ST S 45  W 35 R 115 D9 24 A A X — s ] LA
R R R R

4.2. BT IAERIRERIARIER

1) X2 SRR R A TH5E 7% TF-IDF [
P 1) T RV R SR T IR B AR/ EE 2 0 0 D, LS R AR R R AN A 1 A T P9 1 F 1
WK, PrLL, ARG FE T A B R B A8 JE A BEAR I H o0 1) 1E ROR VEREAT B . ARERIE I
FERE BRI ZR P 0, TR AR R A AT B, A T BEAME R AR UG, B2 LRI, I O AE
S SR G0Ny, e ORI Kt I A3 A %) O o [R50 40, 33Xt 2 1 ¥ TR 1A A I Y AT R o BT Ut
SR RNE AR R S ) B RIS KO BE R B RE, FEINNBLR E AT DUREAG RS S SCARRAE,
AR (O)FTR .
tf, -log(N/n, +0.01)

w, =
! \/Zizl[tfij log(N/n, +0.01)]

Horp, A 3K(6) AT A R MVEAL K] TE-IDF, o, FREICA @ HRFIET j B, of, AR j #E3C
AR BLER, N RBERET SCR RS, ) RSP RS R j SOREL E RORRHIE
MIZhRE, RARALIRE j 720 A I e K KOd B T SRS 2

2) SINEIEBIRER SCAAR UL 55

A TR M BE R 2 SO TRIARAE IR T 5o AN S RUNE F  9T42 B AR SEARABLEE 22 R v SR SCAR 8] 1
FAAABEAEL, FAE—fRAE 0 B 1 208, RIZEN AR (7) P -
Zzzl Dy ><a)yk
ZZ:] wfk Xzz:l a);k
Horr, x Ay RSHATHUVZE T RPN SRR, o, &R AE x (58 MHEIRINE, o, ZR6H
By Ak ANFHERERCE, n Fom x 1y BVRHE TR £

+E, (6)

(7

cos(x,y)=
J
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4.3. RALEEIRT

RS R B AZ U 59 /2 Single-Pass IS HL[6]. Single-Pass 5k e il 2R vk, Hotim NG
B ARBUR, BARRIUN: ZEFEERERON — K EBR B AN ORI — DN SR N —
AEBNIR L, RN XARGIZ O IBHEAMARE, M TR, mRXE AR EARERE L, HA
AE A TH IR — /N e (g1 i & ST IR P IR, A G MR R A LN .

| ERAEENEIIE GRS AR, 9,0 |
|

o

BT RE R
E—1EE

HEHMANEEJd5E/EEEEMAEIE, WRISHEA
AHRAHENENEE RS, 5 KENENER
S, ma=Max(sim(di,D, ),sim(di D,),...,Sim(di,D, ))

14

, EfnhEREREENEH.

s, SR M,

m;

A& ER0.7)?

B, HUdi A
FEEIERRE) 2D |

SHERTLR
HETEEE?

Figure 1. Flow chart of Single-Pass clustering algorithm
[# 1. Single-Pass BEE ERIZE

TIFRGRIXAN )8, A SCR I SCHR[28] (FMEESE, 201 D)3 25 T n 8 kR E . VPR B0 PR 2244
{0 ol 1R A B o B SR T B OEE R R AT o R O R HR RS v B HE Y, AR I N B
Single-Pass SIS H L, DUE B U7 M B 1% S 01 BHE N IUT 755K [27] . Single-Pass 532523 I3 b b 2
BINISCAR, B, MEMTEHRRLSR . FEREPERNE 1R,

REFETRG, BB TR &, T8 R ) & i — R R e S A A R, 185
AN R e B R AR SR 4 R BUE AR BN AT HE R, B AT R i ) 2 2
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44. ETHBAREEREASE)E

R 1 A 1 ST R S, AR AR A IR e R R A T I Rp 8 TN B, (O TSRO, R
SCABCRE e FE 0V LA FEE S SRR o o LA LU AR e 4 P8 S 8] s D T EE T AR 2 DK I 22, 51 N
TEIRAE B, PR TS LR B A T R, nal@®) R .

TH, = Zzzobhl_k -p(t-1, )2 = ZZ:O(Zrek +cm, +4/ fl, )—/)’(t—to )2 (®)

b, THZORES @ MG bhy FoR 5§ NN IS b MR, HOtERT AR
H Rl RS T TR (28], re AR k SR I A8, HBUE R BN 2, emy ARERER k 26U 10
PFOHL, HAAERBO 1, M AGREE k SRR I 22480, HRE REON 12; pRIVEZIRAL, R
PRI ¢ RORTH ST (I TR] s 2o FR T i (4R A 31 FE IR 1) o

NR@) G & T EEALRR A B RS, ST R R P 5 (52 ) BEAREEAT 1 54 15 & A
fis, ik SHOR A AU B E N HEE B Sk, ARG AT A, AT I R S R R R

5. KR RERDH

N TSR R R HE I ROR SIS AR BT 7 W LR 48800 : 1) SRR RLE o SRR PR REDFI bR AE
2) BHRERUE R o SOEHUEIERTT ; 3) O T IR UEASCHR Y (5 A BT ST 1A Rk, 5 e 5 30k [25]
ISRV IR [R] — I BT IR HE R 2T TR A R AT X B s 4) O 7 BRIE 1A 1 50 e 3R 2R SVA AE T 1 s )
DSCHE R 5 R 55 SRR (2115 H 0 R FH ~1 P4 4ok B2 Sk T S0011 1) 3 B8 900N B3 A 1] A E o ) 5k SR
BEATXF EE S50

5.1. SEIERLER

P 2 R SRIUCA S S BGAFRHKRRR I, Ferly, 25 R ts FR] TSR A 5 PR 9] SRR AR A € 7 2 A5 AL 9136 )
(i TR A FIRIRD A (O 1R 2 L A e S0 = A5 HTAA ) I = A BB A 15 ] R B BRAS 2

Python(¥]" 4
BEFETR EEETHIT] B e S 4]

ek ; it

LESC LN ey MG Lt i, SR (ryryepmrery B s

ik FIEL: 20174R4H £ R
:lOElOOZOO-ZO17ﬁE

4F19H18:00

Rz R N5 S 1005 E RTHEE

Figure 2. Flow chart for acquiring experimental corpus
2. KBRS IERIAYRIZE

5.2. HRBFSE R RETER
TDT YOS B E 1« — MRS I e, TPIRRR 2. HRER, #EmR, eRR. 8
KR F AL EARMITTAH[29]. % PP Fr it R G A TR T G A R o AR S ade 8 FBUAS: M0 3 P A

WrARFRRI A 1R e AR AR 5 SR R Pk REREAT Tt
4 181 4 (R) A& 28 Gt 1L ARG U0 1 Jis 2% — 1 B ) ST K (D) AN i A L A2 e s ) S £ J 22— i

SCARKU(T)H AR
R =D|T *100% ®
BRI (P, )2 B GUHIIT A 1R O sl 2 4 A DI HE PR J T 2 — TR SO B (FA) RTS8 T i1
F K SCARBU(NT) I EAE
P, = FA/NT *100% (10)
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AA F R EAEAEZF P, (EHRRE T R —ANEB RS P, H, SRR 75 3],
5.3. SCIR4ER
5.3.1. ENERE « BHEUE

AT EIERISEIR 2 A, SeX e E R o WBUEBHTHR, o A2 KE, T2k
W8 C AU . E A SR A R E R T, o BUEASHE, SZIRCRMARE, A bR AAGR
b o BRI R 3. & 4 Biso
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Figure 3. Recall rate changing with «
3. B o TUKBEIE
0.90 0.86

per centage (%)

0.79
0.71
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Table 1. Experimental results of topic discovery algorithm
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Table 2. Comparison of experimental results
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Table 3. Topic recall rate obtained by two algorithms
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Table 4. Topic error detection rate obtained by two algorithms
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