547 5 4
2019 4E 4 A

[ BF K 2 2 MCH BB # O
JOURNAL OF TONGJI UNIVERSITY(NATURAL SCIENCE)

Vol. 47 No. 4
Apr. 2019

NEHES. 0253-374X(2019)04-0583-10

DOI:10.11908/j. issn. 0253-374x. 2019. 04. 019

RS B I S A B R IR X o T’y
AR ER IR E R & ;T ik

KA, BRE

BN, IRIA AR

(. EwWERE FEEES TRYM, L 200433;
2. bW SRE B BARBI R E A LR E (WA R, B 200433;
3. EERY WHEHBAEARERE, b 200433; 4. TR MRRERAHESLRE(EEXY), L 200433)

BE.: XTSI EE AT, 12 B T EIE 5% EIE
ARG A A T2 (STC_FL) HE LR, 6 5T 51 ™ (19 %031
RIS 5 B 1) B 23 18], 3248 I 01 1k ) 3 200 B4R, R
JE R G ANV AL TR SUMI 258 1) 7 5 04T T B B AR 1Y)
HiEMN R, &5, 8 TSC-SN(text soft classifying based
on similarity threshold and non-overlapping) & ¥, i# i1 & ¥k
VAR SR L AR SCARRIR S 2. IR VB 12 3 %5 S E 43
M B B th (1) STC_FL HEZEFN TSC-SN 5585 7] 78 4312 18
SCAVELETE AR B » I 8 AR ARPAE 23 18] 4 B, e ¢ SE PR
RSCA R 2 AR RIS A EREIA 2.

KR FEEW; WBBIR; WETE; BIEF LT
CARERAE

hE 4 &S TP391 XERFRERS. A

Topic Discovery Method of Stock Bar Forum
Based on Integration of Frequent Item-set and
Latent Semantic Analysis

ZHANG Tao*?,
ZHANG Yuejie®*

(1. School of Information Management and Engineering, Shanghai

WENG Kangnian', GU Xiaomin',

University of Finance and Economics, Shanghai 200433, China;
2. Shanghai Key Laboratory of Financial Information Technology
(Shanghai University of Finance and Economics), Shanghai 200433,
China; 3. School of Computer Science, Fudan University, Shanghai
200433, China; 4. Shanghai Key Laboratory of Intelligent Information
Processing (Fudan University) , Shanghai 200433, China)

Abstract: To achieve more effective topic discovery of stock
bar forum, this paper presents a framework with short text
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clustering based on frequent item-set and latent semantic
(STC_FL). The important frequent item-sets are acquired
with the concept vector space based on HowNet, and then a
combination pattern of statistics and latent semantics is used
to realize the self-adaptive clustering of important frequent
item-sets. Finally, the algorithm of text soft classifying based
on similarity threshold and non-overlapping (TSC-SN) is
proposed. Text soft clustering is selected and controlled with
parameter optimization. By taking the real stock bar forum
data as a specific case of empirical analysis, it is shown that
STC_FL framework and TSC-SN algorithm can fully exploit
the latent semantic information of text and reduce the
deep

dimension of feature space, which realizes the

information mining and topic classification of short texts.
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Fig.1 Basic framework of short text clustering based

on frequent item-sets and latent semantics
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Tab.1 Comparison of predicted clustering numbers for different parameters
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Tab.2 Extraction results of event key words with different settings for cluster number K
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Fig.5 Results of short text clustering based on frequent item-sets
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Tab.3 Comparison of performance among four

clustering algorithms

K FHY: /sl
TSC-SN V_SC V_K-means V_TSC-SN
6 0. 107 0. 158 1. 416 0. 147
7 0. 079 0.112 1. 209 0.105
8 0. 081 0. 094 1.031 0. 093
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Tab.4 Clustering performance with different events
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K
1 2 3 4 5 6 7 F{H
6 0.932 0.815 0.925 0.783 0.869 0.754 0.851 0. 847
7 0.931 0.874 0.926 0.797 0.866 0.756 0.853 0. 857
8 0.927 0.893 0.901 0.739 0.843 0.742 0.829 0. 839
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clusting algorithms
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