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Abstract

Document-term frequency matrix is a type of data used in text mining. This matrix is often based on various
documents provided by the objects to be analyzed. When analyzing objects using this matrix, researchers
generally select only terms that are common in documents belonging to one object as keywords. Keywords
are used to analyze the object. However, this method misses the unique information of the individual
document as well as causes a problem of removing potential keywords that occur frequently in a specific
document. In this study, we define data that can overcome this problem as proximity data. We introduce
twelve methods that generate proximity data and cluster the objects through two clustering methods of
multidimensional scaling and k-means cluster analysis. Finally, we choose the best method to be optimized
for clustering the object.
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2.1. 2A]-80{ BI-HA
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Term frequency-inverse document frequency (TF-IDF)+ €2E do|E & ElY3lA] 4317 913t
of 7z} gofol] Rojst= 75 Axbgeltt (Sim Kim, 2016). iR FA oA 2T jH Al §o19]
TF-IDF 7453 4 (2.1)7 2o A&,

TFIDF (4, ) = TF(i, j)x log (m) , (2.1)
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Figure 2.1. The process of finding one elbow point. TF-IDF = term frequency-inverse document frequency.

Table 2.1. The methods for creating a document-keyword weighted matrix

TF-IDF weighting methods Term filtering methods
[F1] Term filtering

[F2] Term filtering by objects
[F1] Term filtering

[F2] Term filtering by objects

[W1] Term weighting

[W2] Term weighting by objects

TF-IDF = term frequency-inverse document frequency.
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Table 2.2. Proximity data generated by 12 methods

TF-IDF weighting Term filtering Distance measure Methods Proximity data

deD Method 1 vy

[Fl] dcp Method 2 D}

[W]_} dWED Method 3 ‘1’3
deD Method 4 vy

[FQ] dcp Method 5 Wy

dwED Method 6 \

dgp Method 7 A\

[F1] dcp Method 8 s

W2 dwED Method 9 Wy
drp Method 10 AT

[F2] dcp Method 11 Wi

dweD Method 12 Wi

TF-IDF = term frequency-inverse document frequency. dgp = Euclidean distance; dcp = chi-square
distance; dwgp = weighted Euclidean distance.
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Yol A Fske= FAE ZF AF7|HNA AFee THEE 34370 0|m Lof| dFes Golv TEEA
Z2Z3 YAl 89] 26,3527l 0|tk 19712 7MA] AE7F RS T 7] 343%26,35291 FA)-8o] HlE
dof| Table 2.29] 127}A] ¥PH S A8t 12708 24 o8& A3t
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279 WAL YRl Aelaidolng cha Ay A gol st

oA el AAE AAH g0l UEhd O3S tha AR Rt dvh. AR AR EY A =
Kruskal®} Wish (1978)2] ¥ 7|=o2 AT % o} B AP RHF oz AT oF
g LoBZ skt
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Figure 3.1. Applications of multidimensional scaling using different distance measures. dgp = Euclidean distance;
dcp = chi-square distance; dwep = weighted Euclidean distance.
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Figure 3.2. Applications of multidimensional scaling using different weighting and filtering methods.
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Table 3.1. The average silhouette statistics according to k

. L Methods
Silhouette statistics
Method 3(¥3) Method 6(®¢) Method 9(¥yg)
k=2 0.465 0.345 0.283
k=3 0.195 0.181 0.190
k=4 0.204 0.150 0.178
k=5 0.211 0.154 0.182
k=6 0.160 0.145 0.125
k= 0.153 0.153 0.140
k=38 0.160 0.168 0.152
k=9 0.178 0.176 0.128
k=10 0.187 0.184 0.147
k=11 0.095 0.170 0.168
k=12 0.136 0.141 0.121
k=13 0.132 0.130 0.111
k=14 0.109 0.087 0.103
k=15 0.116 0.051 0.087
k=16 0.063 0.042 0.046
k=17 0.015 0.007 0.032
k=18 0.024 0.015 0.017
AAE EA ME n = (n1,n2,...,n,)" 12T AR BAL 4 ng BT T 2579 4 (29)8 &

g3t A =& Balsteh. B Ag2 WA 7F ¥l-F-AFd (dissimilarity between objects), 7§ W
B]F-AHA (dissimilarity within an object) 22|32 AA| B]FAM (total dissimilarity) 02 o]Fo] Rt}
e AA vFAFd AN AA W vFAMd o] AEAe= vl&E 4] (3.1)3 Zo] A4tHtt.

- 11 -
I=n (1tD1) > —1'D. L (3.1)
r=1 "

Lgkol 245 A W vlFAMS AAIL HA] 7 vlFAS Zropdith. w2 Tgkol 225 7HAl
o) ul§AbES oA A 7 wlgAE AR weba Dol e 2HA ol Al el A
o7} R Hlolg 2 Brke 5 Yk,

Method 3, 6,99 &3 ¥5<& &
7 AgetnA Tk QRFE A A7l PARACE RRE A3} dupy
HEAE S48 4 (3.2)9 o] AMEL. LBFE kol HL4E AA AR BHAH} A 6
olele} 3 4 gluk.

_ Number of misclassified objects

Total number of objects

A7 Azl WiE AA A ERAHE D7) 98] FFAADTA B oA ARND DL (2008) &
278}0] Table 328 £33} & 197] AT/ VEL A7 Hop weh 27 F& 47) Bopz B
% A5 otk

AA) A ERATE wEoR I D S HFEE A4SY Table 333 2k 9} LRF& go] 25
1255 A 2 SA40) FskE AAS A 2R E 284 Hlold A4tk AL A% A
49 WEeh 29 W7k B 3 Method 30141 Method 92 245 A3} gho] Lo & F15tgich.

(3.2)

2_1(
2~
T
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Table 3.2. Real classification of the nineteen government-funded research institutes

Number of

Research fields Research institutes o
institutions
Economic o] A A AT A(B), AFATH(C), 3
policy 32 2AT79(G)
Economy Resources / BESAZAATAE), FxAL5ATFA), 4
Infrastructure SHE| F AN A (P), =S A A ARG AT A(S)
. . H71EF AATLA(A), FLATAF),
Public policy s L - 4
FFYRATA(Q), FFFAFAATAR)
Forg A AF4(D), dxaFHTA(H),
Society Human A= gAY 7HA(), FH=TATA(K), 3
resources S R AAS] A7 A(L), S P A AT A(M)
#2AQEANTAN), FRFLUR A7 9(0)
Table 3.3. The calculation result of I' and MIR
Method 3(¥3) Method 6(¥¢) Method 9(¥g)
r k=2 0.028 0.007 0.003
k=4 0.049 0.049 0.019
MIR k=2 0.474 0.474 0.158
k=4 0.368 0.368 0.316

MIR = misclassification rate.
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