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SHEH T A (Wu et al. 2011).
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EfEHE dA w2 wARZY JHRE AL AR o] &
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Bossard et al.(2009)= AREAF #2] dHolgol| et 4=
B3R, e AFEAF AY 7H] FAFE (similarity) & ‘Jaccard’
AL AL o] A3E A k- FHSE T
Py M2 &4 s 7B 7k shue wde FE6H

gk ARE AFste W= AL

N

(event detection)st= RAL Ackstgoh ¢4 471# E579)
EA4E5S Fosttt. o] 47HA= 247 A #HEE ‘temporal

features’ , ESJE A AEE 9 AFS YR+ g ES, &4
#

=3 ##HE ‘social features’ , EF EIy #H ‘topical
features’ , "R HL O 2 EQH oA TE 2*2o]:= &4 1 (hash—tag,

#)9} e EAQl  ‘Twitter—centric features’ ©]t} 183l o]=

ojgstol ESlES THIEH. o] Ad y2 I @R AdA

chine(SVM)& o]&3stol AFA Soles ESls Aso=
25 Alrssitt.

Kim et al.(2012) &= 4 E3 (core topic)= 7|HIo 2 ESS
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M
b

T A &3= Core—topic based clustering(CTC)S  A|¢kslsith.
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EQH|A A¥3sti= API(Application Programming Inter—
face) & o] &sto] st=o] ESlE FASH o] W ESS Tk
WAE aA 5 odAE vl e A AR dA oA =

829 L2 (profile) % &4 (relation) & FA 3y [28 5]9

>~

o] B4 AEAE AS(seed® olgdte]l AT AHEAE
Fe AbgAS A9 ALEAE BRYSE AEAES AW
AnE =ANE

i)
ol
I

z9

ToA @A 3 WA SN FRE AHERE)

A ESls FREY. #HE ESs2 [1" 613 ol

of, 18+ 22! ofo}
OFO}~B} = 2.

@74 43 Woj
247G

(29 6] 78 EQ A% B4 " :
10 2 S8k
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[e) ==z
= T

A%
WHEE Zheth
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o= BI0IE A Null 2=
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Location varchar(70)
Language varchan{10)
crzwledStamp datatime
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creatzd At datetime
terCrawiedStamp datetime
fimaTone varchar{50)
keresn st
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Va = (tf(ty) -idf (t1), ..., tf (t;) - idf (t;), ..., tf (ta) - idf (Ear))

tf (t;): ESl dOj|A| Bt i2] term frequency(TF)
af(ty): T i ZHA[ A A= ERL| 5=

idf(t;) = log(d;zti)) : B 9] inverse frequency(IDF)
o 1 ESl 5

M FH| EHof

EASoAAE BE7 e 548 27 93 TF-IDFS 537 0
Atk idfgk (AA ES 2 dfE U o] 22 FHo

)= wetth olgA AAk® TF-IDF glo] & wdolo] A9 g

99 42 olgstel oy ESES WHE & F, 7 £A

i

shite] d7 me wEA FeHE wdste] WE Ado]s wulw
x@A (29 9= ES A o] Wk F2 AHed EYgAE

TF-IDFZto. & o]Folxl wWE Ado]lA ndZ W3st= o Alo]t},
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Terml Term2 Term3 Term4 TermN

Documentl 1 1 1 0 0
Document2 0 0 1 1 0
Decument3 0 0 0 1 1
Document4 0 1 0 1 1

Terml Term2 Term3 Term4 TermN

Documentl 1%log(4/1)  1*log(4/2) 1*log(4/2) 0 0
Document2 0 0 1*log(4/2) 1*log(4/3) 0
Document3 0 0 0 1*log(4/3) 1*log(4/2)
Documentd 0 1*log(4/2) 0 1*log(4/3) 1*og(4/2)

[Z28 9] TF-IDFE o] &3 ¥y Auo]x Bd oA

A9 drE F 4709 &AM (document) o]l F N7HS o7}
A Afolth A 19 wol 290 sFsk= TF-IDF AlXbs
ARz W13 Ao MEfAE Fal 24 1elA dAsE wol
29 RiE= 10] H= Zls & & Stk o] @2 A4 19 o] 29
tigts 7k W 298 A AA 49 £F F F 2709
Tl stk webd o] 29 dfgk> 27F ") oA e
dfgtzh A4 &4 $E5 ol&shd idfghs F8hd log(4/2)7F Hrt,
Al b ik idfgks wetd Al 19 wo] 29 sdete
TE—-IDFgte] vt

1s 2 2] S o)) 8
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&P Tweet

[Z38 10] £33 #A3 <A

w3k s dHelEly dlolEe]l e fle WAL

)
il

(unsupervised learning) WHOo=Z, TAE A FA7]E
Fob=d w9 aHo|t}(Treeratpituk & Callan, 2006). +
ATeM= ESQ #ZstE 8 k- THEe ASE TAHE
e e = i
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7F k=3 A3} (Han et al., 2006)

k—H+ +H3= B 7+F 3 (partitioning clustering) 71H
T Yxdoer wWol AMgHE WHolth wE £ &, kE
Aetal %k (centroid) S 7|FCo 2 ke FHoE AAES

Lotk 7ol FE e WA S v (3 319 2

[® 3] k-B& ¢ ¢dudF

1. FoiA kol AsiA, 499 ke AAE FHARLE T 23
Uz AA g FHRE Alole] AYE AN

A" ALt A3 7H 7k o3 AAES €2

< AA Sl 4 TR &% & F, oA oA @ FAF AN
o ol W3} S WA 2~ 494 W&

o o~ WD
fd

k-B#  TASE Aol B om
stk el otk ehAw elg Agolu wol=r} e

HAEo|= A Zo] o & 4 St}
U, A=4 #4323 (Han et al., 2006)
AZ=2A & (hierarchical clustering) = A=A o7 #£3E

= 7o w2 R3 71N mlaste] diider w2

e btk AFA TS PHe A4 A

oé
O_u
off

oX
olr
L)
pIv
rlo

ok
1
1o
)
ofj

as
7 3} (agglomerative hierarchical clustering) 2}

M
i
ol
1>
1o

AS T3 g (divisive hierarchical clustering) 2
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g, 23 Aol AlS FAste AA BACA AdgiF o=
T2 Ae¥Eth(Kaufman et al. 2009). £ dFox:= oA
WA o] A FHIE BA O AFEsit Vo] FEEE WA

[% 4] ASH T3 &1

N

L 2 AAE 19 5449 2Ho= T2 AR
£ 27 29 4% Ag AR

gAY Fe T 2AL S 2ROz 3

2E o] el 2oz WD WA 2, 39A W

td

=~ W N

@@@@2@@
(o)
(ae)

@

[29 11] ASH TR A

(237 111 $4 B2 AFA 2HF Aol {a), (b},
{ch, {d}, fe}, {1} 6709 77 ot AAZL Uokm 7Hgsia,
Agol skl A7 2] e 2AE olFn Utk 7 A
Me A AN 2v (b9 (o) 281 (A {e} Aol
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Fe 4l TR e AdE Adsn AR ke TAL

WEshE (d, )9 (D7 shel 2R olF (d e 7 Atk
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2. 7 2R 2% TR U AA(ED Y TA FA

i
3. FALEZE 71 & #FE <AdE AA(ESDSY <9

=
f
X
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i
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FAFel FAFE (cosine similarity) S AXbslsE WS o33

e,

le. * Vd'
sim (dir d]) = COS(Q) =+ J
Vel ||V, |
dk’, . —E—)\‘I k
Va, : =AM k| TF-IDF HE

A s A o FAR fAEE Z4 E4E¢4 TF-IDF

Mo A kg 72 W Ae g Fow el 7 4
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4.3. 49 2%

7F k=3 3t A3
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o AsA sk A3

k=3 FHse} AR 27 A 5 AAs] 9s)
A 52 204 9742 2AFEA silhouette S Bl waEE A}
F7F 59 wWrk HAQ Aow uvgkth [ 101 Sl

w2 Ht silhouette 3H2 YERA Fo|t}

[E 10] & 4o W& H+ silhouette F (A=3 33}

Avg.

el g 57He] FAlM He ES HOlHE  o]g-sto

S F88¥ =t silhouette A¥7} ol9} FAIA HHE
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[ 11] A5 233 &= 23
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1 HEf3|-H| Hof 199 0.9849

2 MO[ EfAAF OS5 A 200 0.99

3 =T SBSAUY|ON Y =4 195 1

4 BAIY St 196 1

5 Xsd A} 197 0.9949
Total 987 0.9939

Az #H3 472 vgow £4% (purity) & AXLs A3
AA 45 0.9939% k—FHd +H73}e AR 2 A7}
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Abstract

Topic extraction on Korean
tweets using clustering and

document ranking

Sungjin Kang
Department of Industrial Engineering
The Graduate School

Seoul National University

Twitter is the most used microblogging service in the world
which spreads effects to the mass quickly because of real—time
sharing of information. But it is not easy to find useful infor—
mation on twitter. More than 200 million tweets are updated
daily and most of them are meaningless or repetitive. That is
why there is a need for combining information within the same
topic in order to acquire information on twitter. Active research
is in process in the case of English Twitter related to this topic,
whereas there are none in the Korean Twitter.

So this research offers the entire process of extracting topics
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from the Korean Tweets. The method introduced in this re—
search consisted of four steps. In the first step, tweets are
collected. Using the open API provided by Twitter, one collects
Korean tweets. In the second step, one transforms these tweets
into a vector space model so that it could be analyzed. Only
nouns extracted from each tweets are analyzed. Simultaneously,
we use a custom—designed dictionary which starts from the
original dictionary, then adds the ‘Naver real—time search
word” and ‘Naver hot topic keyword.” In the third step,
tweets are divided into groups according to topic through clus—
tering. In the fourth step, tweets that have been grouped from
step three are ranked, and the high—ranked tweets are used to
extract important topic.

As a result of calculating the purity in order to evaluate the
clustering result, the total average was verified to be clustered
according to topic at the rate of 99.4%. By comparing high—
ranked and low—ranked tweets by groups, it was shown that
extracting topics from high—ranked tweets well represented

each group’ s important topic.

Keywords : Twitter, Korean tweets, clustering, document
ranking, topic extraction

Student Number : 2011—-23454
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