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Text Clustering Algorithm Based on Dynamic Theme Emotion Model

HU Ping

(School of Data Science s Tongren University s Tongren 554300, Guizhou Province s China)

Abstract: Aiming at the problem that the emotional factors of the public were not considered enough
in the existing related theme models, which was difficult to accurately excavate them, and the real-
time dynamic evolution of social texts was considered to weaken the clustering ability of the model,
the author proposed a text clustering algorithm based on the dynamic theme emotin model by adding
the emotional layer to the model to extract the polar features of social text emotion, and introducing a
prior distribution function. The experiments were carried out by using real COVID-19 Twitter text
datasets. The experimental results show that the performance of the model is better than the baseline
model, and the discrimination of emotional features is improved, so that the text theme and the
corresponding emotional polarity can jointly generate time nodes, and then the model has the ability to
deal with time evolution.
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(MB-LDA)# %1, Ranganathan 251 42 H T — &b A sh A& I Twitter 714 816 45 0 5 . % 7 20 S0 4%
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FORGE T T R WO E AT LU T I A& R R M BAE R, s BT R 5. &Rk
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Fig.1 SToT model .
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Table 1 Example of Sentiwordnet
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3.1.1 HEERM
AR IS HG i R B R H Kaggle “F & b 89 38 SCHT e 2 1% Twitter B4 48, LU E & HE 7] 40
COVIDUSA,COVID19, Coronavinus, SARSCoV2SocialDistance, washhands, safehandsQuarantineLife
1 Twitter 5 E#EAT N AR R, 45 RS T P R A7 00 5 8 57 /9 i ), 9256 3t 1 4%
29 585 4% SCAS, B[]S HE S 2020-03-03—2020-04-29.
Xof I BB I iy SCAR S A 5 A7 ki g A A A5 ) e K45 3] | R E Rt M BR AR R AT S 0T AT Rl R AR, &
i B IR AR R SCSOR AL BEFIRE 5 )5, TS0 Twitter Bi 28873 78 ] 51 T3 2.
R 2 FEX Twitter HIFERHI
Table 2 Example of English Twitter dataset
B&N P [h)
hey pandemic your get heart lockdown 2020-04-29 23,52

covid teach anything nearly much control think make plan lord determine step 2020-04-29 235
3.1.2 HMAWMIT

R VEAGASE R P R, AR SC 32 Bl IR (Perplexity) VE M IEM T8 4R, 7615 B8 i &
FHR Bt — S B A 0 A1 SO AR A RS AR AS A TN BE s . T HOBOA [W) 32 A B A P R A A
i, R BRI R PE RSBy, IR A5 2 50

n M
Perplexity(D) =exp{— (Zlog p(w)) /ZNJ} s (17)
w=1 d=1
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1) LDAM: ffi IR 7E Dirichlet 43 Ai BAR AR A HY L 2 31 4 DU SCRY 32 8000 A 94 3 e M 38 03 A 110
Jr e CE B SR A, Tk AT E R R

2) JSTP: — A3k TWTE Dirichlet 34 A A A RL T #R0 SORY 3280 I A BB, X SCAR iy
F R G AT A WIS SCRY G IR O3 28 1) B SRR A B A R IR A 5 SO A DGR, R
517 TR 25 RH S IR B 1) 5 1 JEb A8 R A A A DG T

3) Sentiment-LDA: — M BB RS F2 BUHH 5

®— JSTP; — Sentiment-LDA; LDAM

18 T AT R A, AR v — A B3] (1 17 R R R IR T MRS S S
TR JE ) A8, ANAURT LUK SCRY Y 38 1 I8 17 4y - i
e, FRAT LUV A B R AT R

TR, A HE T R RO RSO o
RE 9 52 . 3 32 8R4 B ok 50,60, 70, 80, 90 A .l
100. Bl 4 A SCRERY 55 OAS [) ik 2 452 B A AN [] 3 0 L ‘ . [ ‘ ‘
BOF (R AR MO e . pi P 4 AT L, A SO R o r
R . T BB AUVE B 25 F 1) 32 2 i PR O SR 4 L A B4 AEEFYHTAEEEMNEDE LS
RNEZRT XATHIBEREBSR E8, MZAZMRT AR Fig. 4 Comparison of perplexity of different models
R T] S Pk, PR, 38 O vk A R AR R AR A A under different theme numbers

R TR R T A SRS AR A 3 R RO AL Y Sk b, R Beta 43 A X T A B 14 B5F ) 815 S R AT
B, (A TR BB T A b PR Twitter SCAR o (1) 32 R B Abad A, - iF— 20 i TR AL 1 .
3.2.2 EMALMN

R i — 25 B UE AU SRR TR 4 A 0 s T T DA RS [ Ak A A DA R S R TR A PR T R AT I IR
SEME BT R W . 45 G E AR A AT LA 7 HE 44 5 B0 A 1 R 1] L R R R T2 ). B 3R AR
50 A4, 3R 3 B T N BCHE S v AR IR 4 UG SRR R . H AR 3 AT D, AR SO Y R AR A b M SCAS
P F B 2 A R LA SRR AE . P i 2 IR F A, s 1 B R 54 DL RCRE R TR AT R S
F AT AR L b B2 I

®3 FEBERATE

Table 3 Example of theme emotion words

z1: F%% 22 ﬁ‘yﬁ z3: ﬁ% 74 : E‘]—Eéén
TR TH % TR TH A TR TH R TH A
safeguard shutdown prevention and  lockdown democracy fraud reopening closure
control
care quarantine protection epidemic freedom violence transformation bankruptcy
support loneliness health infection equality corruption upgrading unemployment
cooperation boredom safety death fairness manipulation innovation business

interruption
resilience anxiety unity isolation participation ntimidation adaptation loss

solidarity frustration confidence restriction  responsibility warn adjustment difficulty
S AL IS . B 5 WoR TR 3 Hr A Fil S 15 S B ) £ v g A
GG 3 h UG BAR R R RS LR R
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Fig.5 Examples of evolution of themes and emotions
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