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(Figure 1) Difficulties in Mapping Global and Local Topics
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1 AR, AL WF 1 295, 44, 42z

2 olded, AE3], o A e, FhojoE, A

3 B Al=, 2w 3 DR, T4 A

4 Afreh 714, 3 4 A, A5, s

5 A, EALj=T & 5 S PO e Pl
Local A | Topicl Topic2 Topic3 Topic4 Topic5 Local B | Topicl = Topic2 Topic3 Topic4 Topics
Doc. 1 | 0.013 0.009 | 0.048 | 0.022 | 0.021 Doc. 10 | 0.028 0.015 0.026 | 0.021 0.007
Doc.2 | 0.020 | 0.062 | 0.030 | 0.022 | 0.045 Doc. 11 | 0.033 0.014 | 0.040 | 0.031 0.010
Doc.3 | 0.010 | 0490 | 0.035 0.005 | -0.011 Doc. 12| 0.088 | 0.010 | 0.103 0.006 | 0.036
Doc. 4 | 0.027 | 0.013 0.081 0.020 | 0.069 Doc. 13 | 0.385 0.036 | 0.018 | 0.010 | -0.007
Doc. 5 | 0.021 0.031 0.002 | 0.005 | 0.066 Doc. 14| 0.057 | 0.010 | 0.017 | 0.022 | 0.007

(a) Topics and Document/Topic Matrix of Local A

(b) Topics and Document/Topic Matrix of Local B

(Figure 3) Example of Document/Topic Matrix for Local Sets
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/I\l.
7}
o
=
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2k 547} %

ol A]

G BA

Doc. 1, 3, 59} 10, 12, 147} 4= RGSE T
Al A5 EAY. <Figure 4>9] <Figure
3(a)>$} <Figure 3(b)>°ll Yebd EZ 3 FAFSHA]
T 93] FUAE ¥ Y EFo] Ay
o, o] w] FA/EY PHL x FA9} 1Y E
)

B7ke] hSEE LhERT
1 oG, AEI, A=
2 29§, 4, toloE
3 Afeh 714, A
4 A, 1452, 78
5 A=, 89,58
RGS Topicl | Topic2 = Topic3 = Topic4 = Topic5
Doc. 1 0.312 0.024 0.003 0.004 0.050
Doc.3 | 0.032 0.032 0.006 0.035 0.020
Doc.5 | 0.073 0.007 0.015 0.020 0.013
Doc. 10 | 0.100 0.011 0.023 0.009 0.036
Doc. 12 | 0.106 0.019 0.023 0.026 | -0.015
Doc.14 | 0218 0.017 0.006 0.020 0.110

(Figure 4) Example of Document/Topic
Matrix for RGS
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H H& <Figure 2>2] ©® ~ @9l dFsl= _ ,
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. 9 mdg ¥ ol g} <Figure 4> XY EY &
22y o) Bxo JEE 2411, o8 59 o
- . e mieye Aol = Fofsty] wiZol, A E Y E
7 24wl js) Ao} £5e IS 3
Local Al Doc.1 | Doc. 3 | Doc. 5
2| 0015 ooi0 | 0.0m RGS |RGS_T:RGS_T:RGS_T;RGS_T:RGS_Ts
Lo Taf 0009 | 0490 | 0.031 ! Doc. 1| 0.312 ¢ 0.024 | 0.003 | 0.004 | 0.050
Ly T3 0.048 | 0.035 | 0.002 Doc.3 | 0.032 ; 0.032 | 0.006 | 0.035  0.020
Ly Ty| 0022 | 0.005 | 0.005 Doc.5 | 0.073 { 0.007 | 0.015 | 0.020 @ 0.013
L Ts 0021 | -0.011 | 0.066
RGS|
RGS_T; RGS_T: RGS_Ts RGS_T: RGS_Ts
Local A
L4 T 0.006 0.001 0.000 0.001 0.001
_ L T 0.021 1 0.016 0.003 0.018 0.011
L4 Ts 0.016 0.002 0.000 0.001 0.003
La Ts 0.007 0.001 0.000 0.000 0.001
L4 Ts 0.011 0.001 0.001 0.001 0.002
(a) Local A to RGS Topic Weight Conversion Matrix
Local B| Doc. 10 | Doc. 12 | Doc. 14
RGS |RGS_T: RGS_T: RGS_T; RGS_T: RGS_Ts
Lg T: | 0.028 | 0.088 | 0.057
Le T | 0.015 | 0.010 | 0.010 Doc. 10 0.100 | 0.011 0.025 | 0.009 @ 0.036
Lz T5 @ 0.026 | 0.103 | 0.017 Doc. 12} 0.106 | 0.019 | 0.023 | 0.026 @ -0.015
Lg T, | 0.021 | 0.006 | 0.022 Doc. 141 0.218 | 0.017  0.006 | 0.020 0.110
Ly T5 | 0.007 | 0.036 | 0.007
RGS|
RGS_T: RGS_T: RGS_Ts RGS_T: RGS_Ts
Local
B -7 | 00> 0003 | 0003 | 0004 | 0.006
- Lg T: 0.005 0.001 0.001 0.001 0.001
Lg Tz 0.017 0.003 0.003 0.003 0.001
Ly T, 0.008 0.001 0.001 0.001 0.003
Ls Ts 0.006 0.001 0.001 0.001 0.000

(b) Local B to RGS Topic Weight Conversion Matrix

(Figure 5) Local to RGS Topic Weight Conversion Matrix
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Li 158 A EF 579 tha] (0.013, 0.009,
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o} S0 MY By wddo] ARE RGS Tr ~
RGS T3¢ A9 EH 570l tisf (0.312, 0.024,

0.003, 0.004, 0.050)2] ¥A] 7}5XS 2t

=t &

ol BHS L4 T1 ~ Li sO25E RGS T,
RGS T>, RGS Ts, RGS T+, RGS T59] &< d=
St & Rulea®t Ls Ti ~ Lp T5O.25-E
RGS_Ti, RGS_ T, RGS_Ts, RGS_T+, RGS_T59] %t
S g Z3E 72 Ruleso] U3 52 AL &

Doc. 1] 0.013_|0.009 | 0,048
Doc. 2] 0.020 | 0.062 | 0.030
Doe. 3| 0.010 | 0.490 | 0.035
Doc.4 | 0.027 | 0.013 | 0.081

Doc. 5| 0.021 | 0.031 | 0.002

006 1 0.001
0.021 1 0016 | 0003 0018 0011
0.016 | 0.002 | 0.000 & 0.001 | 0.003
0.007 | 0.001 | 0.000 | 0.000 0.001
L0011 " 0001 | 0001 | 0.001 | 0.002

0.001 | 0.000 | 0.000 | 0.000 | 0.000

0.003 | 0.001 | 0.000 K 0001 | 0.001

0.011 | 0.008 | 0.002 | 0.009 | 0.005

0.003 | 0.000 | 0.000 | 0.000 | 0.001

170,002 | 0.001 | 0.000 | 0.001 | 0.000

Dec. 14 0.028 | 0.015 | 0.026 | 0.021 | 0.007
Doc. 11} 0033 | 0.014 | 0.040 0031 | 00610
Dec. 12, 0.088 | 0.010 | 0.103 | 6.006 | 0.036
Doc. 13, 0.385 | 0.036 | 6.018 | 010 | -0.007
Doe. 14 0.057 | 0.010 | 0.017 | 0.022 | 0.007

(a) Assignment of Global Topic Weights to Local 4

0.625 0.003 0.003

0.605 0.001 0.441 0.001 (.001
0.017 0.003 0.003 0.003 0.601
0.008 0,001 0.001 0.001 0.003
0.006 0.001 0.001 0.001 0.000

- Doc. 10] 8001 | 0.000 | 0.000 | 0000 @ 0.000
Doc. 11| 0.002 | D.000 | 0.000 | 0.000 | 0.000
e Doe. 12| 0.004 | 0.001 | 0.001 @ 0001 | 0.00]
Doc. 13| 0010 | 0.601 | 0.001 0001 | 0.002
Doc. 14| 0.002 | 0.000 | 0000 @ 0.000 | 0.000

(b) Assignment of Global Topic Weights to Local B

(Figure 6) Assignment of Global Topic Weights to Local Documents
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(Table 1) Notations for Deriving and Appling Weight Conversion Rules
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(a) Cosine Similarity between Global Topics and RGS Topics
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(Figure 7) Comparing Global Topics and RGS Topics
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(Figure 8) Local Topics and Key Terms

(Table 2) Document/Topic Matrix of Local 1 (Part)

_ 03212 0.024 0.003 0.004 0.050 -0.040 0.009 0.083 0.014 0.000
TL A0LEE AIE, 501,04, 5ha
0.032 | 0032 0.006 0.035 0.020 0.033 0.010 0.021 0.024 0.029
T2 B, A&,2, 41
- — 0.073 | 0.007 0.015 0.020 0.013 0.031 0.016 0.365 -0.009 0.013
T3 FR, U, ddsk A, HA
m A A A Azl 0100 | 0011 0.025 0.009 0.036 0.061 0.010 0.157 0.031 0.127
T5 AR A A g E RS 0106 | 0.019 0.023 0.026 -0.015 0.174 0.021 0.009 0.021 0.076
3 A, A, 488 E RS
6 A1, d, s A ea 0218 | 0017 0.006 0.020 0.110 -0.015 0.005 0.008 -0.006 0.052
A7, M2
7 2=, 79, 9 A, of 2, A= 0177 | 0.024 0.021 0.044 0.018 0.011 0.010 0.159 0.009 0.039
T8 |RZE, e, FUIE, 71UA, ol 5A 0.108 | 0.049 0.007 0.020 0.036 0.048 0.000 0.020 0.030 0.010
T9 HF,5,712,980,49 0139 | 0032 0.003 0.016 0.014 0.030 0.012 0.020 0.013 0.006
Ti0 53, 45,584,949, %38 0.173 0.021 0.009 0.022 0.007 0.073 0.009 0.042 0.016 0.032
(a) Topic of RGS (b) Document/Topic Matrix of RGS

(Figure 9) Topics and Document/Topic Matrix of RGS (Part)
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(Table 3) Local 1 to RGS Topic Weight Conversion Matrix

1.420 0.274 0.157 0.309 0.069 0.184 0.190 5.691 -0.028 0.267
2.988 0.366 0.057 0.459 -0.258 -0.098 0.136 0.065 0.229 1.178
3.683 0.364 0.133 0.276 0.520 0.017 0.181 1.411 0.246 0.334
1.044 0.190 0.101 0.163 0.092 0.123 0.123 3.170 0.127 0.250
0.744 0.124 0.133 0.311 0.231 0.458 0.099 0.739 0.155 0.347
3.390 0.403 0.153 0.329 0.109 1.251 0.227 1.498 0.105 0.157
0.622 0.231 0.111 0.217 0.276 0.168 0.073 0.373 0.495 0.360
0.938 0.157 0.132 0.217 0.319 0.570 0.112 0.317 0.135 0.285
0.380 0.135 0.113 0.176 0.337 0.287 0.075 -0.044 0.190 0.186
2.241 0.211 0.096 0.197 0.292 0.402 0.129 0.638 0.130 0.159

(Table 4) Converted

Document/RGS Topic Matrix (Part)

0.415 0.074 0.041 0.079 0.103 0.087 0.037 0.273 0.088 0.102
0.864 0.117 0.053 0.126 0.076 0.202 0.063 0.454 0.080 0.168
1.835 0.218 0.041 0.253 -0.097 0.005 0.088 0.233 0.130 0.599
0.806 0.104 0.056 0.115 0.120 0.185 0.061 0.516 0.071 0.132
0.532 0.072 0.037 0.086 0.052 0.159 0.042 0.323 0.044 0.104
1.253 0.155 0.072 0.152 0.070 0.522 0.094 0.602 0.056 0.106
1.663 0.176 0.070 0.146 0.218 0.109 0.093 0.863 0.112 0.156
0.452 0.087 0.046 0.082 0.051 0.038 0.052 1.304 0.074 0.126
1.374 0.151 0.058 0.127 0.156 0.123 0.078 0.653 0.093 0.143
1.833 0.249 0.115 0.246 0.112 0.321 0.151 2.871 0.053 0.217
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(Table 5) Cosine Similarity between Global Topics and RGS Topics

Ideal T; Ideal T: Ideal T; Ideal T, Ideal Ts Ideal Ts Ideal T; Ideal Ts Ideal Ty Ideal Tio

RGS_T: 0.206 0.158 0.802 0.270 0.117 0.606 0.434 0.175 0.222 0.223
RGS T 0.727 0.137 0.178 0.298 0.151 0.172 0.192 0.146 0.885 0.203
RGS_Ts3 0.136 0.925 0.115 0.138 0.382 0.119 0.107 0.095 0.138 0.201
RGS T, 0.366 0.414 0.386 0.414 0.551 0.368 0.427 0.314 0.389 0.820
RGS_Ts 0.519 0.260 0.257 0.831 0312 0.270 0.289 0.233 0.494 0.409
RGS Ts 0.261 0.241 0.389 0.272 0.423 0.453 0.841 0.292 0.318 0.409
RGS_T; 0.919 0.135 0.149 0.251 0.133 0.147 0.157 0.103 0.655 0.175
RGS Ts 0.161 0.139 0.396 0.137 0.125 0.891 0.293 0.129 0.170 0.182
RGS_To 0.263 0.188 0.275 0.331 0.246 0.248 0.325 0.849 0.265 0.400

RGS Tio 0.249 0.535 0.356 0.297 0.782 0.294 0.337 0.208 0.250 0.407
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(Figure 10) Mapping between Global Topics and RGS Topics
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(Figure 11) Analyzing Co-occurred Key Terms
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(Table 6) Document Cutoff for RGS Topics

Threshold 0.481

1708 1154 1611 3697 2617 1460 3006 1065 1549 2371

(a) Number of Documents in Global Topics

1927 2295 1519 2565 3503 2656 2090 1314 1287 2075

(b) Number of Documents in RGS Topics

1564 941 1141 2391 1394 930 L1987 596 1455 1527

(c) Number of Co-occurred Documents in the Corresponding Topics

(Figure 12) Number of Documents in Each Topic
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(Table 7) Accuracy Measures

Measure

Definition

Recall(RGS_T;, Ideal T;)

Co_Freq(RGS_T;, Ideal Tj) / Freq(Ideal T;)

Precision(RGS_T;, Ideal_T;)

Co_Freq(RGS_T;, Ideal Tj) / Freq(RGS_T;)

2 X (Precision) X (Recall)

F1 Measure(RGS_Ti, Ideal Tj)

(Precision) + (Recall)

(Table 8) Result of Accuracy Analysis

Ideal T, &
RGS T,

Ideal T,&
RGS_T;

Ideal T, &
RGS T,

Ideal T,&
RGS_T;

RGS.T,,

Hdeal Ty&  Ideal T;&

Ideal T,& @ Ideal To&  Ideal Ty&  Ideal T, &
RGS T,  RGS T, RGST, RGST, RGST,

Total

Precision |  0.748 0.619 0.592 0.683 0.672

0.746 0.748 0463 0.634 0.595 0.650

Recall 0.916 0.815 0.708 0.647 0.533

0.671 0.661 0.560 0.939 0.644 0.709

0.824

A EYol &3 BA FE, Freg(ldeal T)E A
A EGo] A EFd &3 £A49 £ U
EbdTty.  SHH Co Freq(RGS T, Ideal T)<=
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Abstract

Efficient Topic Modeling by Mapping Global
and Local Topics

Hochang Choi* - Namgyu Kim**

Recently, increase of demand for big data analysis has been driving the vigorous development of
related technologies and tools. In addition, development of IT and increased penetration rate of smart
devices are producing a large amount of data. According to this phenomenon, data analysis technology is
rapidly becoming popular. Also, attempts to acquire insights through data analysis have been continuously
increasing. It means that the big data analysis will be more important in various industries for the
foreseeable future. Big data analysis is generally performed by a small number of experts and delivered
to each demander of analysis. However, increase of interest about big data analysis arouses activation of
computer programming education and development of many programs for data analysis. Accordingly, the
entry barriers of big data analysis are gradually lowering and data analysis technology being spread out.
As the result, big data analysis is expected to be performed by demanders of analysis themselves.

Along with this, interest about various unstructured data is continually increasing. Especially, a lot
of attention is focused on using text data. Emergence of new platforms and techniques using the web bring
about mass production of text data and active attempt to analyze text data. Furthermore, result of text
analysis has been utilized in various fields. Text mining is a concept that embraces various theories and
techniques for text analysis. Many text mining techniques are utilized in this field for various research
purposes, topic modeling is one of the most widely used and studied. Topic modeling is a technique that
extracts the major issues from a lot of documents, identifies the documents that correspond to each issue
and provides identified documents as a cluster. It is evaluated as a very useful technique in that reflect
the semantic elements of the document.

Traditional topic modeling is based on the distribution of key terms across the entire document. Thus,

it is essential to analyze the entire document at once to identify topic of each document. This condition
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causes a long time in analysis process when topic modeling is applied to a lot of documents. In addition,
it has a scalability problem that is an exponential increase in the processing time with the increase of
analysis objects. This problem is particularly noticeable when the documents are distributed across multiple
systems or regions. To overcome these problems, divide and conquer approach can be applied to topic
modeling. It means dividing a large number of documents into sub-units and deriving topics through
repetition of topic modeling to each unit. This method can be used for topic modeling on a large number
of documents with limited system resources, and can improve processing speed of topic modeling. It also
can significantly reduce analysis time and cost through ability to analyze documents in each location or
place without combining analysis object documents.

However, despite many advantages, this method has two major problems. First, the relationship
between local topics derived from each unit and global topics derived from entire document is unclear. It
means that in each document, local topics can be identified, but global topics cannot be identified. Second,
a method for measuring the accuracy of the proposed methodology should be established. That is to say,
assuming that global topic is ideal answer, the difference in a local topic on a global topic needs to be
measured. By those difficulties, the study in this method is not performed sufficiently, compare with other
studies dealing with topic modeling.

In this paper, we propose a topic modeling approach to solve the above two problems. First of all,
we divide the entire document cluster(Global set) into sub-clusters(Local set), and generate the reduced
entire document cluster(RGS, Reduced global set) that consist of delegated documents extracted from each
local set. We try to solve the first problem by mapping RGS topics and local topics. Along with this, we
verify the accuracy of the proposed methodology by detecting documents, whether to be discerned as the
same topic at result of global and local set. Using 24,000 news articles, we conduct experiments to evaluate
practical applicability of the proposed methodology. In addition, through additional experiment, we
confirmed that the proposed methodology can provide similar results to the entire topic modeling. We also

proposed a reasonable method for comparing the result of both methods.

Key Words : Divide and Conquer, Big Data, Text Mining, Topic Modeling
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