) 7122 Ay BAS 93 grae] /py v
— LDAS} HDPE F4l2% -

Comparison of Topic Modeling Methods for Analyzing Research Trends of
Archives Management in Korea: focused on LDA and HDP
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2 8] 451 1997KE) 2016W7H MEH 1S ghels) il =2 1027008 st A u AAjelsbg e
71 ¥ LDA EZ)m st HDP £ 29 247} $35j9ick, 6 =2 Alzish 279 LDAvis 9830}
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£ el 5 9l B5a 719157} to] EEu0lth o %9 LDAE 5] 715813} vje] AN dlssi
FASE, HDPE A AP )8l 8 71928 masher) aadele o 5 sl

7195 715Ays, AsE E¥REE LDA, HDP
ABSTRACT

The purpose of this study is to analyze research trends of archives management in Korea by comparing
LDA (Latent Semantic Allocation) topic modeling, which is the most famous method in text mining, and
HDP (Hierarchical Dirichlet Process) topic modeling, which is developed LDA topic modeling. Firstly
we collected 1,027 articles related to archives management from 1997 to 2016 in two journals related
with archives management and four journals related with library and information science in Korea and
performed several preprocessing steps. And then we conducted LDA and HDP topic modelings. For
a more in—depth comparison analysis, we utilized LDAvis as a topic modeling visualization tool. At the
results, LDA topic modeling was influenced by frequently keywords in all topics, whereas, HDP topic
modeling showed specific keywords to easily identify the characteristics of each topic.

Keywords: Archives Management, Research Trends, Topic Modeling, LDA, HDP
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1. 74838 & Eed

p =

= 71533 19999 o] Fevsaeo] AR 7|58A, 7|5 g3 9}
e ok sravt ek A AAF whdsky] Al ARl o] 5 HrE oF HREAT
o) Wz tAE 7|Hke] AR o] FrlshEA 71Ee] 75 AA el Wt sk H
tH(E3I)1 2016). B3t =W1E0] 4AYE EFohe ABREA7I7E AxEEA 7]E9] B
A T4 7IFHYAAN VISR EE-S fFEshe A T4 ZISHEAA
2 HAslsl] A&kl (k7153 g3 2013). olgf st A2 Wsle] w2} 2006\ &5
Soeol M E L A IS8 AA Y T3 7|54 8] ¥ B &2 gl gt
=0l giketA X H QI 53] FHZ vloE o], /IS A, 7IAISkE 5 1T7]%0]
weba A QRO RS} WS T w2 A Wslshs AltellA 7]Ee VSR AT d
of thgt By AFA1 A9 &% A 2 FQ Aol digh speto] F s
g, gAaEnte]d VW F SRl BEFEEUYS HT U AgolA EEEEA o]
FoMA L Qtt. B REY 2 gk o] SARFE Fo FAE FESHL 7 FA s
= BAE Adsle] A F-eh= W otk (Blei, Ng and Jordan 2003). EZR P 7]He %
71l LSA (Latent Semantic Allocation), pLSA (Probablistic Latent Semantic Analysis)
59 HhHol 2 &2E iy} o]F Blei, Ng and Jordan(2003) 7} 12kt LDA (Latent
Dirichlet Allocation) < 7F¢ @& AH-E L Qit}h FHZol= Teh et al.(2007) 7} 11kt
HDP (Hierarchical Dirichlet Process)7} A2 ER 4y 7|Hog wWe=21 3l=d,
LDA ES RIS APde| o] §27t AAsh= B3 /57t Ao B d&F& T8 HDP
EARHRS B Tl whE dae] s Adidor A om AR B JieE A
a4 Sbote Wi duElgS E8 AEd A3E E¥shy] Wil LDA o]F AE¢ T8
Edrdd 7|\ o g Zalo] A2 itk (Wang, Paisley and Blei 2011). 349 o}& 7}
A sl = LDA EFR A S E-83 dyso] F2 JFHor HDP B v dds
2E9F A= wE =ETh
ofe]gh wWigto A & AFeM= = VISRt drsde B8] flell LDA =3
g o] WS HDP EARYEHS AEatust sl ol flsix= WA LDAS
HDP =52l 714 & Wlmele] 7 54 sletals Zlo] AaEolof gk 54 Fofo
AT A= of| 7o) o &l setsty] flal & Aol s 5del st
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oF k=] 6,545719] =g U O Z LDA EF R A8 &85t 89 shAlAd &
SFAT
A 71zl didt A7-E3 A AR, v, ST 259 (2017)2 2000495
B 2016 @7kA] v|= E3] EA oA “Artificial Intelligence” 7| ¥ =7} 8% =& 14,187
AE o R LDA EFRHY S =850 Al(Artificial Intelligence) 71&2] 33 o5
= A e, HI |, ©]2d(2016) 1990 197 2016\ 7€7H4] 9%
N v= s $E58 468178 tdCo® LDA EFRUEYS Fdste] dHA
(Fintech) 719 $%&= 24a3lth 1 2lo= W £1(2017)= 19974 =5H 20161
S7kA] Web of Science®llA “Smart Grid’ 7|9 =7F X8% 372379 =55 tito=
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A% EEEY 71 va 5

tlo

S 7S Hels ATEY BA

g2 skl A7) oy B Al tlgE 4 Q7] wiTol A AlAle] mElEef Hrh
Aghet 7o Fr7pda Ikt ol sE, HEA 2017). 7158 A A
A& S58ka ] A EelA Al EXS o= 7o g
016). ¥ AojHE= HZ Zgdta 9le LDA EZRdy} o]2 Wgs Wil HDP

2
o
2 el e AvnES g

O

7}. LDA
LDA (Latent Dirichlet Allocation)+ EZ X9 o] 714 t)Z 2l WhH=E o7 ojat A7
=l digk 52 A 2dR, dol59 gES ol&ato] AP W9 HAE ESES
Zol= 7o (R e, ™, o]FH 2016). 27l FAEA (LSA: Latent
Semantic Analysis) S Z5E A]Zsle] o]5 wWdst & 7|NF A oJu]EA (pLSA:
Probabilistic LSA) 7% ez s o] AHgH 7} 2003 Bleizl 12bsh LDA (Latent
Dirichlet Allocation) €12]&s W3EH o]F LDAZF EFRHH S FQ8 7| O % ALE-5H
I UTHEFER 2016). LDAT 741, ©@o] & #ad BG5S Sal 79, #419] 73 F Ho|
A ¢k W E FEche WHoE A AR FA, 2 BAE FA vE, 7 dolEo]
g g5 58 ol  dvkkAtd, 7 2013). <29 1> LDA 1=
dolm 7741 g T Z2ohBlei 2012).

OHOFO- @O0

a 04 Zan Wgyn N Br n
D K

<38 1> LDA Jej= 2™

<19 >& A9EH K B9 15, o 03 A%shs detuleHoln p&= Bt
ARsh= stebrlEoltt 0= EAE B9 9] BlE (topic proportions), A+ EIWE ©o] w
o] AAJH]& (per—corpus topic distributions) ©]™ Zg <> &4 d2 nHA ©olo] B3 W,
S A dO nHA dolE2 FA oA #SE = W (observed variable) & 20| (71444
2016). 0% 7 APl g 4] vl& O % Dirichlet #X 5 w2r ¢ gtell whet &
AT Yol EAjsh= dolz2] FAIRL 27 AR Ak gt 7F dole] FAE veRE gt
78} B o] AN]SR g gtel whet o] WrF AAEnbd, F9 2013). o] -9
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LDA= Abdol A7 st shepulg gholl whet A3 depdo), upeps 2 Ash sev|y ghs
AR o ARst AoE dE 7 itk @R Qlvk E$ LDA= 1,00040 =Rk A&
ZFo EAA Rt W Ades Hol7] Wit thE A4 WS EY R dyel 483t
ol9} & FAAL JMAstuA w=HEFa Att(Loet Leydesdorff and Adina Nerghes
2017; 29 2015).

1}. HDP

HDP (Hierarchical Dirichlet Process)+ Teh et al.(2007)¢] 31Qk ?Ii L=
% Random Process®ll 7]5F8 DP (Dirichlet Process) & #5402 #-&3}0 1
= o)l DPE 24 Ak LDACIA ARd o Fafjxl 4] 4= Kgtozrt
sh= tlelEd 22 (Dirichlet Distribution) & €2, Kgt& Aol A4 skA] kol
of W Jejo] A MFE 7 BES BEE A ot

L‘-O oﬁ
)

el
i
Mg

Mr ooft 16 oE
b ox e |o

il

concentration parameter

“
aO factors for grouped data observed data
A
(66—

base probability measure random probability measure

global random probability measure

(O3 2> HDP 2= =&

HDP 12 Rele <73 253 o] F3e = glom A4 Y& vt 2t X,
= EAAE W 54 Al dis) dEE dojol g, 54 @ X0l st sebE R
HDP B RGN = factors® 27t G 6,=(0,,,05,...) ol T AR -3 ojr
0= G AT FdeprlEoltt. G G=(G, Gy,..) 0l High dE 2h5 SEoln 2 G
o] AT gEpvlgolt). = Gpoll tish 71 g5 SEolth o7|M G2 GOl tidl, Gy
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Hell g8l 217y DPE A3 ¢ttt HDP E¥RdHe 6,7} /el st DPE sk A4 ste] o]
g X, 0,5 53 A9E AP B2 G, 9 Goll gt o8] 79 DPel AAFo =N A%

P07 LDA BRIy HDP EYR Y3 7S vasid, LDA EIRdzo
APdef o] 827K, @, BRk= AAdFCk st Kol weh B R Ew Axprt A4 EebA
7] wiell A Kgka 3k Zlo] Saditt v HDP B3 R ™ & Abdo] Kt 24 st
A ot DPE &8l EA4 3ol Add Kgts ghoh R EayS 3dit)

2. N3t =4

20034 Blei7} LDA ESRAY dug|Es Atstdasfy o
EARdYs g5 $A43 A97 @stA I o]eldt S5l wef BT R
AE Askets Eael] ek e : o] EFA|Z gl tist A
= ol &AAl ShsE EFRY U A, B, §olol th AN =TS Alwetet] A5
t}(Sievert and Shirley 2014). o]&]3t HAE 1= B0 71 7152]7F %2 §of g~
E, AA E2jof thet HhAtE, 7F =9 o) g0 ol (Word Clouds), 7t A Wi <t
ET o] thgt sfo]AEE Algstal Ut o] AZts}t L= o] 8 A eE EF R
ol Aeto] Yok i B §olE A4 Fokr = oA 8T A1Z s E &
3 sh5d EYREE Ay AAE sAl kst SHeA AuE 5 gtk @13 o] Stk
Chuang, Manning and Heer (2012)+ sk5% Exlndd o] £33} £0]5 Matrix F2C.
A2 3FaEto] Al F-8= TermiteE 7|63 th Termites Distinctiveness 2t Saliency&f
%Zé W ARgshEdl AA B oA FQ3k &of, ZF B Q3 §of Alo]e] #AE
rek 4= Stk 18y Termitex A EF oA A 02 Ww4=9} 71537} 2 §0
BolF7] wjitel] 2} Eguit; 93 §o|E mfotely] ofHu
A, Sievert and Shirley (2014) & 719 EYRAR A3} =79 shAHS Heks
of B33} dolo] RAE MRt oR AuE £ glom 7 EF BEF | dojE F8
upet =olsketo] g AN FoT B, dolE g setd ¢ ey 7 SR
dg A7l =<1 LDAvisE 7f#sksih

LDAvist= <I¥ 3>3 o] F FEo% Uz 5 Stk ¥A, <Id 39 4% FiE2
“Intertopic Distance Map'7] 5 0.2 sh5y B dd ol A E4S 241 A L2 L}E}ﬂ
Zolt). of7|ME= 7t B9 A¥AF} prevalence d}ote 5= gl
E3 1 o7t dA EFeA AnNbF o R AMEE = fofolt} 7t B JOow E?‘iﬂ‘ﬂ
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Selected Topic: |1 Previous Topic || Next Topic || Clear Topic | Siils.to adiet nelaverice meiots B
I i
A=06 00 0z 04 06 0s 10

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 1 (53.8% of tokens)
] 2,000 Q,DIDQ 6,000 8,000
i
movie I
[
I

ti
characters
19 characte: NN
12 good N |
10 m 5 5 fims [ |
make [
sto

Overall term frequency
I Estimated term frequency within the selected topic

1. saliencyiterm w) = frequency(w) *
2. relevance(term w | topic t) = A * p(w

| W) * log(ait | w)/pdE)] for topics t see Chuang et. al (2012)
= (1-X)* p(w | tVp(w; see Sievert & Shirley (2014)

<J8 3> LDAvis Of|A|

prevalence’} &5% 99 717} AXt) LDAvist prevalence’} %2 TAZ EYS
ddato] Alwatal Qv mgk ZF B Afo]o] A= BY Alo]e] AMAE e A7t
IWhEE B dAyde] oH vt Has B S0 Aol Yk <OH 3>9]
LEE HE2 “Top—30 Most Salient Terms” 2} “Top—30 Most Relevant Terms™”]-s

A5kl Itk “Top—30 Most Salient Terms™= Al B oA 7} F=Q 8t %‘01'5‘5‘ B
=1 “Top—30 Most Relevant Terms Topic N"7]%5-2 “Intertopic Distance Map”ol|4]
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gl 5= Qo] AEg F019 prevalenceE ot 5 Stk

o|A ¥ LDAvist= 7128 B R AJZh3} =9k 9] shid ERR Y-S vl
SN FAlo Alztslete] E2a) B2 Eeal Fofo tidt dAE |7 A1 5 9l
mhbA LDAvist St B RS whes] A1 438ke Zlofl vii= Zlo] ohdzl A4 B2
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<H 2> Z} SEl2EMT| 2423 oAl
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