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Unstructured Data Processing Using Keyword-Based
Topic—-Oriented Analysis

Myung-Sook Ko

ABSTRACT

Data format of Big data is diverse and vast, and its generation speed is very fast, requiring new management and analysis methods, not

traditional data processing methods. Textual mining techniques can be used to extract useful information from unstructured text written in

human language in online documents on social networks. Identifying trends in the message of politics, economy, and culture left behind in social

media is a factor in understanding what topics they are interested in. In this study, text mining was performed on online news related to a

given keyword using topic — oriented analysis technique. We use Latent Dirichiet Allocation (LDA) to extract information from web documents

and analyze which subjects are interested in a given keyword, and which topics are related to which core values are related.

Keywords : Big Data, LDA, Tag Cloud, Correlation Network, Topic Modeling
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Table 1. Results of Topic30 and Topic96

Topic 30 Topic 96
Word Probability Word Probability
Recommendation|  0.0986 Finance 0.1222
Answer 0.0960 Damage 0.0782
List 0.0770 Scam 0.0759
Select 0.0731 Government 0.0551
Government 0.0723 Cooperation 0.0439
Nation 0.0406 Committee 0.0436
Enrollment 0.0387 Agency 0.0374
Information 0.0359 National sinmungo| 0.0337
Comment 0.0305 List 0.0326
Declaration 0.0285 Offer 0.0317

Table 2. Results of Topic2 and Topic95

Topic 2 Topic 95
Word Probability ~ Word Probability
?jﬁiﬂfﬁiﬁ‘fm 00739  Government 00263
Committee 0.6959 Answer 0.0225
Government 0.0623 List 0.0222
Service 0.0511 Offer 0.0222
List 0.0465 Question 0.0219
Question 0.0446 Recommendation 0.0217
Excellence 0.0396 National sinmungo 0.0216
Evaluation 0.0378 Delivery 0.0213
Agency 0.0366 Service 0.0212
Nation 0.0359 Friend 0.0211

Table 3. Subject Results by topic modeling

Subject Name Composition Word

Answer, Government, Recommendation,
Communication Select, List, Nation, Information,

Enrollment, Comment, Selection

Government, Broadcasting communication,

Customized Selection, Agency, Evaluation, Committee,
service National sinmungo, Answer, Service,
Nation
Government, Answer, List, Offer,
Release Question, Recommendation, National

sinmungo, Delivery, Service, Friend

Broadcasting communication, Committee,
Government, Service, List, Question,

Information-sharin; . .
& Excellence, Evaluation, Agency, Nation

Government, Service, List, Question,
Answer, Recommendation, National
sinmungo, Offer, Delivery, Relation

Nation-oriented
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