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Abstract

In this paper, we propose a dynamic document classification method which breaks away from

existing document classification method with artificial categorization rules focusing on suppliers and

has changing categorization rules according to users’ needs or social trends. The core of this

dynamic document classification method lies in the fact that it creates classification criteria real-time

by using topic modeling techniques without standardized category rules, which does not force users

to use unnecessary frames. In addition, it can also search the details through the relevance analysis

by calculating the relationship between the words that is difficult to grasp by word frequency alone.

Rather than for logical and systematic documents, this method proposed can be used more effectively

for situation analysis and retrieving information of unstructured data which do not fit the category of

existing classification such as VOC (Voice Of Customer), SNS and customer reviews of Internet

shopping malls and it can react to users needs flexibly. In addition, it has no process of selecting

the classification rules by the suppliers and in case there is a misclassification, it requires no manual

work, which reduces unnecessary workload.
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Fig. 1. LDA Architecture
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Table 1. Description of LDA model
Sgn Presentation
K Topic
[0 Dirichlet parameter
n Topic hyperparameter
gd Per—-document topic proportions
53;‘, Per—corpus topic distributions
Zrl-,n Per-word topic assignment
Wg,n Observed word
FARRA Y Q7 duiele] olsls] el Wl
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3. Association Rule
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Fig. 2. Support of association rule
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Fig. 3. Confidence of association rule
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[Il. Dynamic Text Categorizing Method
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Fig. 4. Dynamic Text Categorizing Process
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Table 2. Using LDA, we classify them into 15 topics, extracting
10 key words for each topic, and then preprocessing them.

Topic Keyword
0 Iolo| e Ml o E0el e AXle| 2™ e
’ Abd B X ALK A 2 ot MYE S AKX 2 S A, FI B
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3.2 Select Keyword and Create keyword Relation
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Table 3. Words selected as a representative keyword using
Document Frequency.

Keyword Document Frequency Value
ISXxs 2218 0.241902
ARt 1321 0.144072
due 1024 0.111681
HI G| 0| 910 0.099247
27t 897 0.09783
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t}.[Table 5]
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Fig. 5. Keyword comparisons related to the Fourth
Industrial Revolution.

Table 4. The result of limiting the left—hand side of the Apriori
algorithm to “Artificial Intelligence”

{el=x&5}

lhs rhs support confidence
lift count
[1]1 {2I3Xxs} => {o|=} 0.041443996 0.2337023

1.269441 380
[2] {el=ZXx]s} => {8ldlo|E{} 0.039480859 0.2226322
2.243203 362
[3] {2I&Xx&} => {Al2lE{HU} 0.037408660 0.2109471
2.998719 343
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Table 5. The result of limiting the left-hand side of the Apriori
algorithm to {US, Artificial Intelligence}, {Big Data, Artificial
Intelligence}, {Internet of things, Artificial Intelligence}

{o|=, 2d=Xs}
lhs rhs
lift count
[1] {o|=,2l&8X|s} => {82} 0.011124441 0.2684211
1.386565 102

[2] {o|=,2l&Xs} => {&=} 0.009379431 0.2263158
2.132672 86

[3] {o|=,els%xs} =>

support confidence

{2!H|0|E{}0.008725052

0.2105263 2.121226 80
[4]  {o|=.23Xs} =>{Al=22HY} 0.008397862
0.2026316 2.880510 77

{8itlolH 213X 5}

Ihs rhs support confidence
lift count
[1] {#ldlolgf,elsxs} => {At22HUY} 0.013305704

0.3370166  4.790860 122

[2] {&dlolE 213 XIs} => {0|=} 0.008725052
0.2209945 1.200414 80

{AtElEY B X5}

Ihs rhs support confidence

lift count

[1] {At22lHY 23S Xs} => {<Hol6}  0.013305704
0.3556851 3.583821 122

[2]{AtE 2B I XS} => {O|=} 0.008397862
0.2244898 1.219400 77
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Fig. 6. "Artificial Intelligence", "Big Data" Keyword
association rule graph
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IV. Conclusions
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