creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

[UCI]1804: 24011- 200000267148

20199 24
ALY =



topgi a1

TR A

W TE R HER TR aHT NHR EOER

Collection @ chosun



ol o] BAE el
A oA 53 8

Method of Related Document Recommendation considering

Semantic Relation between Words

2019 2¢ 25¢

Collection @ chosun



s
N

-
E
1

201841 114

Collection @ chosun



-
g

E

Tor

Ui
N
L

o

o

-
£

B

ol

T
Nd

o

X
El
=
ol

%

Nd

o

114

2018+

Collection @ chosun



ABSTRACT
I /\1% ............................................................................................................................................. 1
A AT HIZ T B R s 1
B. ST U] Tl JEA] ettt et 3
1I :’_Ed?_?— .................................................................................................................................... 4
AN B D ) ) ST P P P PP PP PP PP TP PP PP PPTP PR 4
B. £ TR (Topic mMOdEHNE) - ereeressssereeemsssmsseeemmsmssiemsssessomsissssessssssssessssssasee 5
1. LLIDA ceereerereemsnessnnssnasss st 5
C. WWOTAZ2VEC reerrreerrmeremesermsems ettt ettt sttt ettt ettt ettt s ta st sttt st eeenee 7
D. PageRankgr TeXTRANIK orrrrrrrrrrerrerererees ettt 8
L. PagERANK wwesseresssersssserssssessmnsssinssianissisis s ssisss s ssisss s sssass s s ]
D TTEXTRANIK orererreerereeeree sttt bttt sttt sttt s 9
IL who] ou] FAZ e 8 QAT FA] Z23] e 11
AL A Z2 B LA G et 11
B. TF-IDF 7} X2 243 LDAZ]HF BT T 2] s 13
LoHlO)E] G T A A @] TP e 13
2. TE-IDF ZFZER] A8 ettt sttt 16
3. LDAZ]HF BT BLEIE] it 17
C. TFO] ZF G AFIE 223 it 20
1. WOTPA2VEE #wervreserrrsesssssssssmssssesssse sttt 20
D ?3]_37‘:]:}\6] SCORE R T U PP P LU O P PP TTTPPPETITSPPRIILD 23
IV, A13] T S 7] oottt 27
A, AF AT LA BT e 27
B. Q1 TFA] H] T AL B cereeeerereesseeseeesei et 3]

Collection @ chosun



Collection @ chosun



[ 3-1] KAIST TEAF B TLAL  coereesereessomessssesessesssssessissssssssssssssssssss s ssss s 14
[3E 3-2] THAFY] B 15
[F 3-3] A W 4] BE oAl 18
[ 3-4] ‘DA GAFEF THOZ 0] AT e 29
[ 3-5] Distance Matrix O A] creeeeremmmi e 29
[ 3-6] ‘B33l 7]9) =9 A SCORE ATFEF ZIF HJIL oo, %
[F 4-1] AE FA o s 27
[F 4-2] 9334 SCORE W92 7]AF Ul G A]  coeevememmmmeeii s 28
[ 4-3] 29 74 SCORE M9 U Wo] QT ZT} e, 30
[ 4-4] 319 ABA SCORE HY U ©ho] Q8 T A} e 30
[ 4-5] A9 34 SCORE W9 B AT Z I} i 31
[ 4-6] 3t9) AA#A SCORE M9 HIIL AT ZI} oo 31
[32 4-7] HFPHE UG AT e s 39

Collection @ chosun



(2% 1-1] "|t)o] 0] 8F Z0](19931 ~2014L1)  wrerrrrrerermmeninieiei 2
(28 1-2] £8 T2 o8 HIE 30|(2011 ~201410)  crerereremrsrmsesnnininininiinin 2
[Z28 2-1] LDA JLED JEE oo 6
[ 2-2] CBOW Z &3} Skip-gram L E TJEE  coesesseseeees 7
[ 2-3] PageRank L] F] IR e ]
[728] 2-4] PageRank b ZIAF TFA G A]  ceeemeeremmmssssssssissssssssesisss s 9
[2% 2-5] PageRank 7]HF TeXtRANK wweeeeeeeesmmsresssmsissmnsiississiisisssssns s 10
[723 3-1] A3 BA] 210G 98k AJ 2B AR oo 11
[728 3-2] 28] HO]E]9] QEL i 13
[718] 3-3] HE WAL 323 OFT1E]E  crverressssssssessssssssssssssssssssss s 15
[T28 3-4] BE AP 223 G A] v s 15
[2% 3-5] TF-IDF 71548 488 LDAZ|% B Rele) A 16
[T28] 3-6] TDM ZL7] ZZ G A]  oeeeeeeeesmeessseesssesssssssssssesssss s 17
[23 3-7] FA] M3 D FE BT e 18
[28 3-8] FAE A9 to] BB B E 19
[28) 3-G] Word2vec Bh oot 20
[_‘j_‘\j/]j 3710] Word embeddil’lg ]:EIEi %}]\— Q:" }\] ..................................................................... 20
[Z23 3-11] “YAFEVQF GAFBE TFOJ I v 21
[727] 3-12] AT FA] 322 TP QI corvrrerereesseessssessss st 23
[28] 3-13] A SCORE TS TFA e 24
[28 3-14] ATA SCORE TZ G A]  corereeermmireininsineisitinsiee i 25
[28 4-1] TextRank & a]ZS 0] &3 B9 FAJ0] Z e 29
— v -

Collection @ chosun



ABSTRACT

Method of Related Document Recommendation considering

Semantic Relation between Words

SeonMi Kim

Advisor : Prof. JuHyun Shin, Ph.D.
Department of Software Convergence
Engineering

Graduate School of Industry Technology

Convergence, Chosun University

The information retrieval technology 1is a representative technology of the
information society and the ranking of information as a result of the search has
been proven to influence people. Various researches have been conducted on the
recommendation method of related documents in the field of information retrieval
technology. Knowledge resource-based research, such as a dictionary of terms and
ontology, requires human intervention and deployment costs and maintenance.
Simple frequency-based research, such as TF-IDF, does not take into account the
context of words and sentences, and it is impossible to interpret new words.
Therefore, the efficiency of search is reduced.

News 1is characterized by having a wide range of information reported by various
media companies. There are limitations to providing customized information because
it deals with various incidents and it is composed of various keywords in one
topic.

Therefore, in this paper, we use Korean news articles to extract topic

distributions in documents and word distribution vectors in topics through
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LDA-based Topic Modeling. Then, we use Word2vec to vector words, and
generate a weight matrix to derive the relevance SCORE considering the semantic
relationship between the words. We propose a way to recommend documents in
order of high score.

As a result of document recommendation by relevance SCORE, it was confirmed
that documents in SCORE range of higher association consist of words that are
highly related to the query keyword. As a result of the document recommendation
performance evaluation by the relevance SCORE using the TextRank algorithm
which can recognize the importance of the words in the document, the query
keyword has a higher importance as the higher relevance SCORE numerical value
1s larger. And the suitability of the proposed method was verified. The comparative
experiment shows that semantic-based document recommendation is more effective
than the existing document ranking methodologies TF-IDF and LDA.

The methods proposed in this paper can improve the performance of document
searches by eliminating semantic ambiguity, and provide customized information by
recommending documents that are most relevant to users’ keywords, and identify

the events associated with each keyword in the same topic.
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[ 3-2] WAte)

o
L
40

Sl

Al &

1 &Y AHNC)

A</ HAHnep)
Hl A <=4 ™ AHncn)

ALFHAHNQ)

43 (ngpa)
’d+o] & (ngpc)
o] & (ngpb)

7] E}-<4 Wk(ngq)

A A(N)
o] = AHNB)

@49l o] EH AHnbu)
Hl 9] 4] o] & A (nbs)
HI k9 o] & AH(nbn)

tH 8 AHNP)

212 o "8 AHnpp)
A Al e g AH(npd)

TAHNN)

44=AHnne)
] 4=AHnno)

FEXTract common nouns

for (i in 1:length({docSreview))
al <- trycatch({
q =- as.character (docSreview[i])
pos <- unlist(simpleros22(qg))

extracted <- str_match(pos, "([2F-FI1+)/NC")

keyword <- extracted[, 2]

¥, error = function(err){
print(paste("line=", as.character(i), err))
return (NULL)

)

if (tis.nul1(al))
pos <= keywordr is.nalkeyword)])
z = "kkk”
z =- paste(pos, collapse = " "

doctreview[i] <=- z

corp=vCorpus (Vectorsource{parsedDatarReipContent))

[19 3-3] & WA & dagds
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2. TF-IDF 71X A&

LDA 7|t =9 RElg e [T7 3-5]9kke] 3 sl

Creation of the TDM

!

Application of TF-IDF weight
Conversion to the DTM

'

LDA-based topic modeling

[1¥ 3-5] TF-IDF 7}sA & 283 LDA 7§t E¥ wdg dxp

CorpusE H|2E 4 dAoz Wi dojrt Ao 8 3 Fdsl=A e
W= TDM(Term Document Matrix)S A4 gl

TDME @59 @ NesE Yy o REs7E 48 dojes
oA A frh. weba [29 3-5]9k3te] oW o7l 54 AfolA o
el =+ TF-IDF 7FsA& FoJsle] dojd TF-IDF £¥ #S 7|22 TDME
aA7ls 248 Ase AT o Ay B, o, ‘TR, FA)
T8k FAN AF TS o
o] 9]

=
& e [2
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TDM(Term Document Matrix)

| Dol | Doz | Doc3 Doc4 Doc5

o= | 1 [7.8476| 3 |6.0484 | 2 [ 83747 | 2 [7.5648| 3 [7.5123

sidel= | o [53177] 5 [ 14778 | 0 [3.1722| 1 [s.1474| 0 |3.1587

OJA7}E | 0 [3.1447 | 0 [3.1578 | @ | 92417 | 2 |34862| 0 |9.5755

st | 1 |1.2458 | 0 | 9.4782 | 2 75789 | 0 [2.6872| 5 |6.4532

§Y | 1 [18789] 0 (64872 | 0 [7.1248 | 3 |2.8897| 2 |7.9521

™A | 6 [0.0121]15[0.0235 | 17 |0.0187 | & |0.00%4 | 11 [0.0077

o |17 [0.0126 [ 9 [0.0056 | 12 | 0.0258 | 10 [0.0127| 9 |0.0268

@& |10 00124 7 [00175| 8 |0.0024 | 7 |0.0248| 13 |0.0123

ckA| | 15 [0.0034 |11 [ 0.0178 | 17 | 0.0548 | 13 | 0.0156 | 16 | 0.0045

TF-IDF
[28 3-6] TDM ZL7] %4 oA
3. LDA7|¥ EY wdg
LDA7|WF £3 mde Ayl F 248387702 z+zte] s 7]AL H-Ao Eﬂf?} A W
o FA U do] Fx WHE FET F Ut B =EoAE t'H7H 2 1507
ARG F 15709 FAZE A EATE 15719 FA o wet F 157H9] Y 2=H7t
ARERL 2 FY2EH Yo de EAES AR 59 74 HMAE st
[28 3-7]1& ZF #ME0] 2 T4 HE 2 35 go EXE AZ33 Aot X

FEE Topic HEE St & 15709 FAE YeElUE Y FxE+= 15670 24 FAE=0l
g A5 &F s ov gt
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Topic number

[9 3-7] 4l s % &85 &%

[3 3-3] &4 W 2] 23 oA

Document Topic 1 Topic 2 Topic 15
1 0.001929 0.001929 0.001929
2 0.001929 0.001929 0.001929
3 0.481501 0.003192 0.003192
4 0.286055 0.156239 0.001635
5 0.062923 0.000944 0.070899
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C. & 2 FAE 73

1. Word2vec

A 2de AR dol"HE [17 3-9]9F o] Word2vecs ©]-&3Fo] 2002+, o
& 1:1]0]1:401] Adso] £ Skip-gram WA o2 g3t sy Al do] HE
55 Vector Space Model® -3t}

> writeLines(docSreview, 'question_tag.txt’)

>

> w2v_model <- train_word2vec(’question_tag.txt', 'question_vectors_tag.bin",

+ vectors=200, threads=4, window=10, iter=10, negative_samples=4, force=TRUE)
starting training using file C:/users/chosun/Documents/question_tag. tXt

vocab size: 273891

words in train file: 2560252

[t 3-9] Word2vec ¥+s3

ol 52 [ 3-1019 #Zo] WH F3he] ©o] fuld (Word embedding) = 31t
[,1] L[.2] L.3] [.4] L,5] L.6]
g -0.2812839 -0.24666503 -0.37673E825 0.02232044 0.23798600 -0.03172816
2 -0.2173035 -0.43035743 -0.11608051 0.02100480 -0.13927707 -0.17299138
&= 0.2577493 0.06759233 -0.08510575 0.01801304 0.22361235 -0.54705405
oI's -0.3521540 -0.19777407 0.12857533 -0.05782565 0.19361474 -0.16532086
S -0.5473653 -0.09973244 0.20388427 -0.38178411 0.05463321 0.04299617
2rH 0.1135120 0.25482354 0.03027296 -0.08447479 0.18421446 0.17912033
=H -0.2096169 0.30165121 -0.19521038 -0.08318360 O0.27041018 -0.02944713
=4 0.2525446 0.13923781 0.0509577 0.28952730 0.51138753 0.08092E04
AEEH -0.4253899 -0.13236308 0.13793221 -0.19408594 -0.25801182 -0.53936559
=xt -0.1730357 0.07234088 0.13397107 -0.47429976 0.05602616 0.05408442

[1¥ 3-10] Word embedding W ¥ 3zt <A

% Fol, [ 31112 159 FA W 719 =0l sjgshs AAes 2HT Wl
of ek WE Fhe A4S otk o A3 oo §AS wolEse 2y
W gl A AL FAd 5 Atk
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PR
A== R nss
T T T T I
2 1 0 1 2
[2% 3-11] ‘QAE)’9} §A}S ghoj
Az ABEHY e dojsol IS FAsH vl Fitel Xt e
Word2vec et55s &3 @ols #HEst & o dojo] 294 oujE BESE e o
T Utk ©@o] HY FARE 7] flE delE ME gtew 333 FAE cosine
similarity & ©]-&3 Al4tste] ©o] WHE 7He] AgE FHs 4 D= #9H A
o} B9| cosine similarityE T3k AlAFA o] T
n
4.5 Y4, % B,
° i=1
cos(f) = = ! )
LAl Bl n

Z(Ai)2 X Zn: (B)?

i=1
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WE Alole] Z+E & cosine @S
- 001 1Akel o] ghs 7HAIH 1ol T s
Ao Ay GolEe] fFAEolt)

[ 3-4] ‘QA'sh FAba

Tl 59 At

A2}
A2t 1.0000000
= 0.8342675
s 0.7150288
FA E A 0.6577072
Fg A= 0.6309876
a5 0.6069126
A5 A 0.6028961
A3 0.5933583
FH e 0.5912703

[¥ 3-5] Distance Matrix oA

o1 g3 =4

o ge] kel fiab

Collection @ chosun

22 2 g
A2t 1.0000000 0.8342675 0.7150288
T= 0.8342675 1.0000000 0.7536542
g 0.7150288 0.7654796 1.0000000
A & A 0.6577072 0.5809124 0.564536
Hg A= 0.6309876 0.5321813 0.511789
-
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W A 22k T4 W g &

Tate]l Ael W™

mo ke

FAEE

D

o

N EESREED IS
2 AEATE ek

P2
ZRa e AR @

/g SCORE

DocJ Dor:pJ Doc)
Keywordl :
Keyword2
Keyword3
Keywordd Doc Doc Doc
Keyword5 >

Ze el
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[18 3-13] & ¥4 Scores =& B34S A|Z13HE Zlojt)

w x
Similarity | word1 | word2 | word3 DTM word1l | word2 word3
Keyword1 | 9,23 | 0,002 0,001 Doc1 5 0 1
1 + : 1 x 1 + +
Keyword2 | 0.001 | 8,79 | 0.002 Doc2 1 2 3
wax’
Relevance
Keyword1 | Keyword2
SCORE
- Doc1 38.127 | 1.958

Doc?2 52.698 2.347

[19 3-13] ¥¥4d SCORE == ¥4

we AR BAEAY 7= A JE W dolse o #AE syl 9
3lo] Word2vecS Abge] AAE & SAEZ UE= Ar @A &g
FA O] NP dFets vk FEt] heA FER ALEEAIL 2= A9 &

ole] WS WESE ehls DTMelh

wo o F YA AEE Fel A4 SCOREE HESHAD 7199} FAghel
AL et & Ak AFFE A7te) ol AFA e ¥R F ol FA ABE

h=|
& gA el A% wAS on@t. A4 SCORE 4% #4L 4 5)3} 2ol Y

g 4 gk

Relevance SCORE = wz” = Y] Y wja;; 5)
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[19 3-14]= 1¥74d SCORE %% A& vERHT

£Hof
: DTM Doc1 Doc2  Doc3
Similarity | ¥%3 | 9N | &9 | - as 5 0 1
BHAI CIENE] 9.23 | 0.002 | 0.001 ' ' '
s 410] | 923 | 0002 | 0.001 ¢ e I z | s
#*ei2 | 0.007 | 8.79 | 0.002
I | | | ZzH 0 3 0
Relevance
Hi= s} FHrauz
SCORE
- Doc1 38.127 1.958

Doc2 52,698 2.347

[2¥ 3-14] A &4 SCORE E=3 oA

AFA APl A WA} AR AR, FG 2
=2 tehs 193 DTMOIA 241 WA 9o 53 472 dehlis 19 153
s w79 mek B4 19 Q%4 SCOREE £ & 9l

7

‘wEsy 719 mel ARAo] L HEHLe wE UMEA e
‘AxE e} FQe e JMEAE ZEA Hlrh whojo] oju|el FAFo Al WS Ul E
gk o] kel om A fALEE TFEAE ARSI EF =9 onrt AT S
& TheAE Fod F vk bR AEE 1=t A W dojE] T
& S3 A3 SCOREE AH&Estlth. d#4 SCOREE &3 oW £A17F oj® 5
AW 54 719=e dvbv Aol deA FAEE QA Ha A5 =L oF
Az FAE FHE.

Arets WHES Soto] EAE AT W ofe g 7 = thelojet B
o] ZEt oulE L FHolooE A F don wof ke ou BAE e

A

[ 3-6]2 W3} 719 =cl vt d¥A SCORE ZA¥et Aatst A4S A Ad
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o,

SCORE # < wHlx 719 A v A2 g2 A3 SCORE #H9)
AR H9E 0 7Zto g AXA]7]7] 9l8te] A#A SCOREE At 3}st
ol 1o 7Mhe5E AdAde]l =& Aol A st & uw ARES A2 2 (6)3

o,

rot
Y
o
4 2

2

e

. r; — min(z) )

max (z) — min(x)

[3 3-6] M3} 7]19=9] A#A SCORE A3t 23 vl

X HE ‘w3 AH4d SCORE A#44 SCORE A t3t
388 224.46810 1.0000000
729 222.78679 0.8923682
635 197.73818 0.7192331
754 189.33109 0.6670238
760 172.44196 0.5863405
957 159.48510 0.5609640
1044 159.13191 0.5099847
595 157.13786 0.4708749
373 151.66184 0.4693088
o968 150.80822 0.4637898
604 149.01069 0.4472607
o961 148.59182 0.4446841
837 144.53352 0.4392583
996 142.49887 0.4379939
133 138.13977 0.4257441
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V. 43

n (]
NE
o,
N
—I—l

& Aol M= Atk o] on #AS 1HF A A FH gl i
A8l % 2488770¢] NAVEROIA A&t A shearg] e o}
st Albsh= WRe] A¥4d SCORE 23 9 Aes #Hristy vl 435 19

AT [ 41139 22 &40d4 dds Adyeint

[ 4-1] 29 4

Division Contents
CPU Intel(R) Core(TM) i5-6500 CPU @ 3.20GHz
GPU NVIDIA Geforce GTX 1060 6G
iy RAM 16.00GB
HDD 237GB
(ON} Windows7
oW If:r(l)gtrlzrgne Java, Python, R

A 29 23 R 45 27

Agel A s wds 'z AgPon A Puel 49 Ay

SCORE W19} 3191 A#A] SCORE Wl A& 7IAFES [X 4-2]9F 2t
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SHagel 2o JRe E 5
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