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Topic Discovery and Clustering for Online
Journals Based on LDA Algorithm
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Abstract: With the popularity of intelligent terminals, the demand of text topic mining is becoming
more prevalent in many different domains. Theme modeling is the kernel of text topic mining. LDA
(latent Dirichlet allocation) generating model is a probability model based on Bayesian framework, and
it solves the problem of text potential topic extraction based on semantic association. The key
technology of text clustering process, including LDA generating model, data sampling, model
evaluation, was described and analyzed in depth. Theme discovery and clustering experiments were
carried out in 2 794 learning journals on the network education platform. A thesaurus containing 3 800
terms was established. The problem of topic clustering was solved by kmeans algorithm and UVM
(union vector method) algorithm in two steps. Meanwhile a general method of text mining experiment
was proposed, and the algorithm of text distance in hierarchical clustering was improved. The
experimental results show that the overall similarity of topics in the platform is good, but the focus of
topics makes the content of many journals not identifiable, which affects the user's positioning of topics.
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Fig.1 Doc-topics distribution
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Fig.3 Model of LDA hybrid generation
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Fig. 4 Text clustering process and technical route
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FIHEREXT L AN 7 B o

RELRME 8 Fron, B4 Ry
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F2 FAMATAIMZE ( K=320)
Tab.2 Probability of topics and items ( K=320 )

FA 1 HE=R FA 2 HE=R K MR F 4 MR

2] 0.208 777 CiN 0.435 958 Hif 0.438 138 5 0.439 402
B 0.093 978 NA= 0.078 881 FHEAt 0.221 856 % 0.048 275
ik 0.052 233 AL 0.037 145 22 0.124 806 Tk 0.021 485
P ) 0.047 015 AT 0.027 871 %2 0.041 620 [BE] > 0.021 485
(e 0.047 015 wB 0.023 233 L HE 0.036 075 B 0.016 127
ok 0.047 015 AL 0.023 233 BORHE 0.005 573 M 0.016 127
L 0.041 797 Tk 0.023 233 T 0.005 573 i 0.016 127
21 0.036 579 BER 2 0.018 596 B4k 0.005 573 VEH 0.016 127
fF 0.026 143 figrisd 0.018 596 i 0.002 801 fiedd 0.010 769
3 0.020 925 s 0.018 596 i 0.002 801 ik 0.010 769

x3 FEFMRTAIBEE ( K=80)
Tab.3 Probability of topics and items ( K=80 )

FA 1 HER F 2 HER 3 e ES g =R

A% 0.278 708 R 0.535 788 % 0.729 851 By 0.464 959
MR 0.226 169 # 0.277 830 Ay | 0.051 344 M 0.366 958
B 0.207 895 EIEIT )y 0.059 557 i3 0.039 941 ik 0.025 093
EHE| 0.070 836 R 0.022 706 thih 0.017 134 JEA 0.013 697
B 0.061 699 Yl 0.011 367 K 0.014 283 (P 0.013 697
P[] 0.045 709 B 0.008 532 FEX 0.014 283 K 0.011 418
Rl 0.009 160 H I 0.005 698 PR 0.014 283 22 0.009 139
HSL 0.009 160 ey 0.005 698 s 0.011 432 A 0.009 139
LB 0.006 876 K 0.005 698 i 0.011 432 Rk 0.006 860
K- 0.004 591 SEUETT 0.005 698 Lhy 0.008 581 JiA 0.006 860

F4 UVM EEHBRT
Tab.4 Representation of pseudo-code of UVM algorithm

stepl: generate the bag of words BOW={w,,w,,...,wy}
step2: for doc i in docset:
create the VSM; of the ith document

step3: calculating the cosine simularity between every 2 documents pair as input

value of clustering
step4: num = length of documents set - 1
if num >1
clustering C;,C;...into a new cluster ~ according to the VSM value
VSMc=VSM,' U VSMj Ukoo
num=num-nyg Mi —nys Mj —
goto step 3

V represent the number of unique words in document set.

W is a document can be added sub marker such as a letter

w is a word which is unique in BOW,

but it can be repeated in a W

num is the cluster number after clustering

C; etc. means a cluster which can include different critical topics

nysm;=nvsm;==1
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