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Introduction of topic modeling for extracting potential information from
unstructured text data: Issue analysis on news article of dementia-related
physical activity

Hyo-Jun Yun, Jae-Hyeon Park, & Jiwun Yoon*
Korea National Sport University

[Purpose] The purpose of this study is to introduce the basic concepts and procedures for topic
modeling and to explain topic modeling to news articles about dementia-related physical activities. And
it is also to discuss the possibility of using topic Modeling in the field of physical education.
[Methods] In this study, the LDA algorithm of topic modeling is explained and the analysis procedure
is summarized step by step by text preprocessing, text formatting, and topic number determination. The
application cases were selected from 274 news articles about dementia-related physical activities reported
in 13 major daily newspapers from 2000 to 2018. [Results] When the number of topics is 3, the
Coherence Score figure is the highest. Topic 1 is about welfare services for dementia patients, Topic 2 is
about prevention of dementia, and Topic 3 is about dementia research. The ratio by each subject is
Topic 2 (46.0%), Topic 3 (33.2%) and Topic 1 (20.8%) in order of high ratio. [Conclusion] Topic
modeling is an effective methodology to extract potential information excluding subjectivity of
researchers. It is expected to be used when searching for information in massive texts in the field of
physical education.

Key words: Textmining, Topic modeling, LDA algorithm

A& A=E FPolEdN mHF oz $77tm glE
o] Felsitt. A AAIA 02 At = 4 dlolE
B 4E "o g thersl deje] wlolE S| B}, FE ok 2.3% 77hato] Edl] o] 21 o] F 80%7t HIH E
ad 9 =9 e ANEE YolHE 9ulgtt. dlo]H gh= [BM E.31(Bae, 2019)7} o] & S gt
= 2ntEES] tFehe} QY] daE AAE 7 U4 g HolH SN YAE JHE oA £43ln
A}, 24T fRE oA A= g Y dlo|E] olgfalloF & AA7FYE HolEAto] Az FoolA] FA
FE dokd 47} §1& H ot o]d Hlo|E EAe] E U B3 Sle A4 T shutolth(DiMaggio et al.,
2013). 72, E211, SNS 5§ HAE JHIt tFe &
9 Aol ko] Sl = 4wk 71 o4 ob i 0]
= F1d 2019, 04. 26. _ .
=2 249 :2019. 06, 15. g dlolg] TA7F g1 9= 9V (semantics) & w413
AA 9742019, 07. 12, WE 2] o]7] wj ¥ (Park, 2016)0lt}. Al AT 72 71AL
0 e 017 M e pra e dag I BEE AEE 57 Al d8 493 B9E
wol 488 979 (NRF-2017S1A5B5A02025759)



502 Hyo-Jun Yun et al.

3 9o (Iyengar, 1994), ESH, slo]xE 74}
% Y H2E= 55y 447 4 Sol Uy o]

(Kim & Lee, 2014 Rapp et al., 2013). we}A] H]
Y YAE E4 L& 727 e Bl 54 A @ O
g 2Ju] & ¥-of (Crossman et al., 2007)& 4= 3loH E
AE, Ho|2& VA Z 55 Bl Y A2 A
34 a2 getstAY 54 AdEd dd FHE 99l
(Myung et al., 2008)3t] 719 9] H] =Y 2 7)o
28371 = gth(Hahm & Lee, 2016).

HA Y " AE FA g3 F8/do] WA Tt
gt Fofol|A] dlolElnfold & A 8¢t AFEo| AA] ¥
51 9th(Kang & Kang, 2018: Kim & Kim,
2016; Newman et al., 2006). H14 & HAE A5 25
Bl EFS FE57] 9 A"l AA 2 7 (Park,
2016), 24 A9 WE&EA S A o dZ % (Yoon

0 & ot

& Park, 2015) 5 H|AE A8 24 Wb 24 2 o)A
o 1 YE ATE 2S5 91, SNSAEE T 4
(Kim & Kim, 2016), AZ71AH &8 7€ EYE &4
(Kang et al., 2013) 5 & 2E zt829] Ao B2 A3

T ghol& 9\)\3}.
A8 g2

= 0“?39— 4”]04

Jolt}, efnjddn2 v E Ji °]§°ﬂ 718k &
ZH =E(node)Z 3= N ©o] g

o] 9} oy 7ke] 7 (relationship) & 71 HHO.2 Y]

A FxoA ol 7] e dd FAE Bl TAL

T8¢ 9n], F A AE ) gtk

m & Jang, 2016). 2r|AZAY EA A thof(node)

EO] P vES A= 54 9gvE dzstn &

(Paranyushkin, 2010)& AAe] &l HAEQ]

=5

oE X
(o
BoMe S

ny)

7

m::._l?ﬁé-b
ol

'miljznﬂ.&

=7 =]

n ”\ 2
ol
ol
o
>
ol
r\r

Al A dEstaLzt ok ofnl S Zobd 57} 31tk (Park
& Chung, 2013)%& Zo|t}, E3] on|ddn; #4188~

EZRE dolg &5l doje] 92 #AE 2
8 & FE317] wfiZol <fn| a2y el Aag
B4 givke AAo] st oo et gl ~Ed A 4%
ofnjgietE BAH 07 sl AFA F2 EEH 1 itk
131‘/}4 n|AA Y A A ol & FE8ka FA| st &
A dA7Ate] Fdol HYHErtE AeHChung et
al., 2013: Yoon & Park, 2015)% ujA| & 4= §ith.

Y
to U

EQrdyge iR FAE X
(original text)o|lA &7} % "é'ObJ} 3l A FA
g EZota Ao Aote £ E FESI AlA St
W 2olth(Kang et al., 2013; Park & Oh, 2017:
Steyver & Griffiths, 2007). EZ = Eéﬂ ° N -FER
4l (generative probabilistic model)?l ZAjt) e S| &
I (Latent Dirichlet Allocation: LDA) €12]l5< %

Eo}z Adx HAE

2(Blei, 2012)81th. E3] EzlndeoE BrE B
MR W #AAA 9 £ (latent topic)E°] E7F2 81
T3] ok 7Hgdtel, #4123l BEEta Sle 5
7Fed dolE9 dElS votete] B —'T‘ et
(Yoon & Suh, 2018 T3 o] HHA FEA o F
AR Y& &) w2 FACA B S —7,:%6}{—
| slef A —’F%ﬂré% uj AT}, wheba] ofw] A ARt
o H2E ARS FAT 1 ofn| F23 oA dAYst
© A7 F Aol mE Ald S SEste 2ol

7hed B ofuet v 2ksddA AAlE B (FA) <
Zropd 4 Qltd= o] otk (Park & Song, 2013).
Ul A58} ool A EFRd o] #at A5 A
B Lee & Park(2017)& 3= 3% 9 71813] 2] <]
AT B3-S B EFRd S A8 dﬂ} on,
Park 5(2018)& o 7}-# Ze] ol o] A & EAZ
BA57] 9t HHoz Egrdy s
o] 04?50 By 848 ggato A
A8 2708 v gloh 28y EY
3 HAE 28 BAS ﬂoﬂ A
D% tﬂ—o ?Y“"Oi:llga‘
g Eol e HoA] A8
L3t P19 S ¥ FELYD 44
& Qo olalsol 44 %}*9} .ol
274 B3 BAu o B 2

A
A
=

O

i
o )
L

_qoﬂm_l
X g

ML o r2 .

2 r&—w
jur)
=
;3

2,
N\

|

(¢

1z S — i
=

inj
o ol
o

P}

i,
(>l }-u
o

ol

o
ot R

ojo
M -
e riy

:|:‘4
fr ne
[
ifin
ol
o
~
>
e
=

b A
48 o

L‘.&
lo,

Hm ox
Ei=A
frt
1w X
]
ojo

o
©
o R O p N K O of i -

¢

AfArEe] EYrdy S gyao g A48 4 9]
gax A ] I Aol A|7| = ALt

A i 7AE WAE B A2 B 3 gH 2
A §2 ARl A 4 @Al tigh n]E Eol7] ﬂﬂ
A8 (Crossman et al., 2007 g3}, o=
22 71Xk A BEstal Qe ol e theket g A 4 xé"ﬂ
A Jgs = F Yo 4‘3]‘5}‘4 Han et al.,
2016). 1% op 2t w2 7|A A BEE Bt UF



Introduction of topic modeling for extracting potential information from unstructured text data 503

o ¢ A=k 914 A31(Choi & Kiveon, 2014)3H
o f88] B85, ol 2 NE FHoR ¢
2B B Folel Bobd ol9:8 setaa 44 Aedn
Aol WBE 918 % 98T AN, b o] A7
A BFRAYE AN 90l 2 e Aoz
sl 3ol
g

Q3L FAo= A FH AASFo R Hart. 2
o} A A EFel ek Bd/de A E AAolA] 8
olgr F sluto|tt, AlA & Fol7h A AW o] A&
g AT FA o 7 ZekE 4 v Ba
(Chang et al., 2010: Hamer & Chida, 2009: Um et
al. 2011)5|17] wiZolt}, o] Al = F722 7]ALel| A

Tdhe A A A SE] Ui EYE ghetsie] of
" FAER EFEo| FHEAE IRIT
AZstAh A A A A &E 7| b A T8
obshe A& A58 oke] AT Wk A, AlS
g Y3 B 759 T8 95 & IS

upeba o] AE WHEA A EYRd
g 7180 B AAE Avfeka A& ofd
7Fed = A EE Zlo] B ot} WY 2ol 283 At

2 A #-H AR GFol| gt 72 7)Abe] E¥ R
< A&t Ao aN 1 7ked S EUst

o
nl

] i LA

b3

F

B S

1™
EY
O 2
&

2ol W, ox
_plé
ol % o &

8

¢

oxl,
s
i)
=
He
O,
=2
2

1 Hd
o =
o
3
)

lo,
(-
et

N

(n
_\,‘L

A
&l Al o
dge g A~Enloly 7]H e shtz H] Z:i]r%l Sk @
Folq AAE BRES F25E 484 gudFolr)
(Blei et al., 2003). Lut= q‘ﬂ 33 (clustering) 718
< 3t £A = afvte] EZ o gt dE = v EY
Hag]L shte] #4100 0431 7H«1 L=
A=

(Kim et al., 2017). E3+ &2
Bata oo AtgdA AAE EY =
Aol A F&38lcH(Park & Song 2013). Egrdgo] <

1EFL 19909 Deerwester S°] A3 LSA
(Latent Semantic Analysis, LSI:Latent Semantic
Indexinge| 2t ® &4) ¥ae]Fo] Alzeta & 5 9l
T}, o] % Hofmann(1999)+= LSA €ue]&e] ed &
1E]FC 2 pLSA (Probabilistic Latent Semantic
Analysis) €a2]5< ASFstsith. 12y pLSA €ae]
2 NZE FA Ui g5 ALt 5 glod B
A ER Qe $2o] Bidsid = AUth(Blei et al.,

2003: Lee & Park, 2017). PE‘} Fdd B o AU
A DA & 224 & (overfit) Aol ‘JrE‘r‘)“ T = A
o] 9lth(Blei et al., 2003). ] ot H S Boelun)

Blei 5(2003)2 LDA (Latent Dirichlet Allocation)
dulES Atstdlnt. o] daE]FE AtE A F49
847 guid oz 4B e FAEALE 5 3
= AoA A-o] 9lor (Mimno et al., 2008) & 4
TOR FA A EFOE A Uk wEpA] o] o
T ME LDA €8] EE avlsta 2 v] #d A &5
T2 71Abe] A &stuat gt

LDA €185 #4, 9] 5
variable) & &3 &
(hidden Variable)g:
o FAl, FAE Fx
g8 5 34 F ¢ ‘3} Park & Oh, 2017 Park
Song, 2013). T} (Fig. 1) LDA €185 1=
FHG Aot

o, BE Hidden Parametere]®, ¢, & Hidden
Variable, we #¥€% F@&HFo|t} ot L(EZY F)
2+ o] 2] E9 £ E (Dirichlet Distribution)e] wj7|¥ 4
ojn, s & #A17t oW BEY Hl&S 7H A7 28t
= Parametere|th. & ¢’ £A47} A EZo) £ &

2 M4 (observed
”ZH R

]_

o
RN

1

( ["«l]j

>

o
= EE 4
BN m

o]ﬂ

= 4» 2
nqo rhu
ol
N H”
29
4}4 é
i—m R
ool m,

e
[Kl 20 e o

ETES Uit 2 = T w, o] iWHA EF £
SFEEZE Uehdth gE kx V(HolR) A7) Y
Wi, B A EFo] Tolf A dolE A4
& g5 Vel 7 B4l dial k749 ?ﬂloﬂ ]
7V 97k EAsH A4 Ul 2 do] w, & k79 F

Al B 43R 2, & AT 2,2 00 4T IR E
2 Aedn iAo g A4 dol o o] z o 7k T
o] ddHr},



504 Hyo-Jun Yun et al.

Fig. 1. Graph model of LDA algorithm
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15t step — text preprocessing

2nd gtep — text formatting

31d step — topic number determination

4t step — topic modeling result

Fig. 2. Analysis procedure of topic modeling
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Table 2. Examples of Text Formatting Methods
1. The sun is shinning
Example 2. The weather is sweet
3. The sun is shinning and the weather is sweet
ID and is shinning sun sweet the weather
1 1 0 1 0
BOW
2 0 1 0 0 1 1 1
2 1 1 1 2 1
ID and is shinning sun sweet the weather
1 0 43 .56 .56 0 43 0
TF-IDF
2 0 43 0 0 .56 43 .56
A8 31 31 31 A8 31
Raschka(2015)
Al WA dAE dEA o2 25 ALgH dol = &} TF (Term Frequency)E ¥4 W9 ©o] EHI=
L] ol 2 WgkA 7= Aol 7HE, A, g o] £ % 298 352 UE AS vt} IDF (Inverse
ge dojrt d&AH o7 AF ‘:;‘%}‘ﬂ AA GE o Document Frequency)e AA A 45 E3 o
A7) e @A ol B B5 FEaEA 7] 7b vebd #4192 v A grlett. & A4
upe} ©ol 7} AdolstAl el ¥ ”H-rOH olgd FARE o B £ 283 dol9 IDF #he A A=
Behd o sl IR fEo 2 HIete] e ©@oje] IDF g

H HAE 2155 FY3leled 7MY HHAo g
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3, A, A1 Zole do 2@ gE ¢
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Table 3. TF-IDF formula

n

tf. . =
fz,] ;nk]

TF n; ;: The number of times that word ¢,
appeared in document d;

>, ;: The number of appearance of all
4"k

the words in document d;

e DI
A= e d)

[DI: The number of total documents
included in documents set
ldt,&d]: The number of documents that
word ¢, appears

log

IDF

TF-IDF TFIDF, ; =1f, . X idf,

Lee & Kim(2009)
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& 99571 RIS e A} BeGD T4 o AAdARE N ESARIE BT e
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) Scores A&t RIS Hrhed 4 gl o] W w, AR EF] 7| 4E7} A&s dA ke 714k} 2]
Newman 5(2010)° & A& AlHd WHoR 719127k 29he ZIARtS A sigih. &A1, 2000

Egnde Ane A2 747t ZASo] ¥3E A9 4 1958 20184 12€ 31¥7HA] 7I3ks &
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Table 4. Text preprocessing procedure

o wefsirte @S 7K Ad. Chang 5(2009) of A7 Y HAE AgA A
=9y

HE

Preprocessing

Specific method

Ist step Tokenization Separate words (example 53]/ A/ Al Al/Z/ 2.2/ 13 3 AFS)/=E. ...
2nd step Only extract nouns Only extract nouns (example 1/ A Al/ L& 3}/ AF3] ...,

3rd step Common word conversion TV, I - Ve, HEDS, HER - HES

4th step Stopword Remove unnecessary words such as Local name, person name, etc.

Sth step Continuous word conversion

QAP FF - AA_B, A, AR - A% [
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S (Table 5)$} 2t}

Table 5. Python package by research method

Research method Package

Collecting data Requests, BeatifulSoup

Text preprocessing konlpy, gensim
TF-IDF, Coherence, LDA gensim

Keyword frequency analysis nltk
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Fig. 4. Top 15 keyword(frequency)
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stglem 1 43 v (Fig. 3)3 2t

55 052

Coherence Score

Number of topics

Fig. 3. Coherence score by number of topics models
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Table 6. Topic modeling result

Category Topic 1 Topic 2 Topic 3
A A% A
AH] 2 2 4
a1 =2y o
ol A1) A
Al R 943
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