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Network Analysis between Uncertainty Words
based on Word2Vec and WordNet
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ABSTRACT

Uncertainty in scientific knowledge means an uncertain state where propositions are neither true
or false at present. The existing studies have analyzed the propositions written in the academic
literature, and have conducted the performance evaluation based on the rule based and machine
learning based approaches by using the corpus. Although they recognized that the importance of
word construction, there are insufficient attempts to expand the word by analyzing the meaning
of uncertainty words. On the other hand, studies for analyzing the structure of networks by using
bibliometrics and text mining techniques are widely used as methods for understanding intellectual
structure and relationship in various disciplines. Therefore, in this study, semantic relations were
analyzed by applying Word2Vec to existing uncertainty words. In addition, WordNet, which is an
English vocabulary database and thesaurus, was applied to perform a network analysis based on
hypernyms, hyponyms, and synonyms relations linked to uncertainty words. The semantic and lexical
relationships of uncertainty words were structurally identified. As a result, we identified the possibility
of automatically expanding uncertainty words.
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2AA 3L AEE AFRE o]l oA F
Z(speculation) = ¢]1]3h= hedging= 214
e}l (epistemic modality) ¢] 8t HE-O 2 Sk
ATe] g WollA ZFALE FEAL AL FAL
E BT ode AHOE siMEo] 23
O

T hedging<> °oF Y5HA = M= T4
SHEA ek FHoE FUig s
JUtH Hyland 1996, 1998).
7189 B4 wel7] 9 AES F
T AofshAQl d Apde] A AollA
o] Shrk Aejst golx FHel W
Tl tisf AS st F45 3
sto] IHAE FFHAYATH Szarvas, Vincze,
Farkas and Csirik 2008: Vincze, Szarvas,
Farkas, Mora and Csirik 2008: Szarvas, Vincze,
Farkas, Méra and Gurevychet 2012: Vincze
2013). TSk S o] B e EIAel
et HAE 2bg F7 TAE 7] Sl
2] 718k A 35 7|k ofgk A eoksy 7]HEe.
2 EAAS ek AdHe ARl
(Light, Qiu and Srinivasan 2004: Medlock
and Briscoe 2007: Kilicoglu and Bergler 2008:
Szarvas 2008: Thompson, Nawaz, McNaught
and Ananiadou 2011, Malhotra, Younesi,
Gurulingappa and Hofmann-Apitius 2013).
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2 B dolE9 5498 B A
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Algrsted 7553 9
TPk AR vlES Hastsl] fla A
3 A 2Ele AsiARE g 9 &
g Toje] o] ™A (heterogeneity) O = 13
AZE 3t F2ol| B4 ol s Bdst
7] 913+ k5 HolHE 53] fslixe o
3,0007111 A4 5,000719] #E2 FAHOE 15
(Szarvas, Vincze, Farkas, Mora and Gurevychet
2012) ok sh= gHAIRlo] EAgitt

mebA] 2 AFME FEE B Tl
=9 WAARS Held 7R & 4EA 9)
T 59 AFANEE 71l Word2Vect
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E4< g8t 4 gtk Chen, Song
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(Natural Language Processing, NLP) H<=
3l B dolE FE HE AFse
Z 0lAlgl= HHHES Jfuksl AEo] Al
Art AFE A8 computational linguistics)
AFUEI2] CoNLL(Computational Natural
Language Learning) - 199956 A]2k€ 7
AR E FHE AHYS AlFse AFzoltt
(Farkas, Vincze, Méra, Csirik and Szarvas
2010). CoNLL-201001M< E3HAA] 2HAS
T AR o] e T A s
B3 AR S xehe H ERleke
dol F WA GAEE g W 34
AU H2ES] Y9 (span) & A48k A4
otk T3l F 7R 9] HE ool AJojs) o]
o] 3 dlolE| el f17]Ft]of WA 9] H]o]
H goos FiEETh A3 sk oA
A0 hedge ©@ole 47H4] 7B =
Aok 1) XEA} 2) hedging &4t == F

mlo

Aelgt F3lol M= Al ol B2 e R
T = (Conditional Random Fields,

CRF) 71| & A%< B, $17]9t]e}
ol o A= bag-of-word 7]8ke] 7 &
7F 7P 2 Ass BT B3 " AE R
£ ek Aa"E A FeolEe
71A 3t 71l wet A58 ZolE Hiith
CoNLLoIA= #2H9] 925 &85l 717
StEo® B3 dols wshs W E0
RE ik vEE S 2 EE B3 (Fernandes,
Crestana and Milidit 2010: Sanchez, Li and
Vogel 2010) B AJAZ2 #Heold HIWH(L
Shen, Gao and Wang 2010: Rei and Briscoe
2010: Tang, Wang, Wang, Yuan and Fan 2010:
Zhang, Zhao, Zhou and Lu 2010)& 23tk
Rei ¢} Briscoe(2010), Zhang, Zhao, Zhou and
Lu(2010) = 3l'd @] ©]<=(dependency) &
A ST 37 oLt
Hedging ## 152 334
Ao] ol d EAlof gl el AE X
& ORI o5 3 7Rk A
okl A& S5 7Nie ® ESAAS
AHS AlIek(Light, Qiu and Srinivasan
2004: Medlock and Briscoe 2007: Kilicoglu
and Bergler 2008: Szarvas 2008: Thompson,
Nawaz, McNaught and Ananiadou 2011: Malhotra,
Younesi, Gurulingappa and Hofmann-Apitius
2013). Kilicoglu®} Bergler(2008) = Hyland
(1998) 2] 1312 hedging= WordNet=} UMLS
SPECIALIST lexicons ©]8-38te] HEabsA<l
o g sttt AR E, WordNet] 59
F13kel Al (synonym sets, synsets) =
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o]9] ]2 (heterogeneity) &
G 2ol B dof

& HelHE 7535171 9
A= <F 3,0004004 500049 +3= 2
JLOZ F5(Szarvas, Vincze, Farkas, Mora
and Gurevychet 2012) 3|0k 3= A - o] &
A gt

w o

o X

22 24 U3 EAT} EaiA

A4 UEYA A4l 1980 o]+ &
t‘sl—g] gﬂﬁ o]ioﬂ/ﬂ H]%Q 1=TLH Hhﬂél%gi
YESA 128 P94 BE AR mlEE
wES} ol5 7e) 43RS oJnjais PaS
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oz w@U A RIS YAHQ
7%= Ausael BN Agndelt
YAE vlold EE Hgde] 28 T2E
ﬂ%@ 9100 WAl Aslsh st A

analysis) H& FAEETO] #4(Co-word
analysis) = ©]-§-3fo] Shiitope] A3 +2&
geteh= dgEo] o] frh s
TH(2013) = AAFEAIRIE EA4H FAEA
do] 2L 7o o)5z Auste g
SA4 SHEYl e|Rgust gole] AHT7LE
shofelgie MEAS #4859l §3F S5
7re] B okl S RARE Hopo] S
2 AQeks A EQITE Daim, Rueda, Martine
and Gerdsri(2006) = 215 7] <Z3P|
98l $-49 HolElR B8 T 5 3= A
Bk 56 45 S8l AR 71E 990
et oSS oIt 3 Madani®t Weber
(2016) = Web of Science Ho|E Ho] 20l A
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Y J)e) YEND $HE 483t v
Egae) Fel2H 242 Bl 59 240
olw g GAIR WHske=A| Foa AuEdth
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(2015) = 1951 35H 2012@7kA12] #1238 <
=Y AT 2SS AFGRE B4 WS o]
g3l EAFTE A, AR 4% EAAE
9] e O E FEstd F7ket 713 A
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w2 AFoAE 719 Chen, Song
and Heo(2018) ¢] Aol 53k 19670<] &
Wl B TolE 7|Hte® o5 71
oJu)7] #AAAE Word2VecS #-g3te] Ay
B, WordNet& 719ke.2 B34 dols
7k APARD BAY s A st gtk

3. A7 AA

3.1 Word2Vec 24

Word2Vec 29 3
ﬂoﬂﬁ THHoE B4
o} o

/\]o

<ol 717 g5 AFY
< 7HA B 7o R
T 29 eF 2 o]Fojzl HAE A
g)71¥ o]t Mikolov, Sutskever, Chen, Corrado
and Dean 2013). tlolE] Fete] B wojEo]
e MR WsEE do] dMYs B o
o] 7+e] fFAMdS AlLkeitt Word2Vecell Al &
o s ok HAS A7 Tl dudol
2}aL 3 CBOW (Continuous Bag of Words)
o} skip-gram®] F /<] S5 Wiol Stk
CBOWE 4 whole] Mgk Faf 54 tho
£ d33h= Ao, skip-grame 3 TS

Ysio] Tl & F YT TolE 53 A
olty, Word2Vec Rd2 tjgdo=z
Word2Vec 2934 = 772 Word2Vec 29
o] it} PubMed Word2Vec 292 PubMed

ol A= £ 2212026942 Fdo=
window sizeE 5= 44743t skip-gram EE<I
ASH AEMX 3% (hierarchical softmax
training) & AHE-3IRALL, A5 EE T Tole] A
BAEE YAz frequent word subsampling
threshold) & 0.001 & dte] - 2,351,706 7+
] 2002+ 8] #E S /9% Edo]tH(Pyysalo,
Ginter, Moen, Salakoski and Ananiadou 2013).

T 722 Word2Vec BES oF Mo o
o] = 72 vlo|EAlel A 0.00001 (k4
7191 le-5) 9 Ak ol§ MEAEY
I} 7F SAARI A F RS A GAE
o] &3t 24 MZ(negative sampling) &&
CBOW ¢3852 Fall APd3ls3(pre-trained)
slod 3005 ©o9F F+(phrase) & 740 3004}
e WEE g5ty J= Edoti(Mikolov,
Sutskever, Chen, Corrado and Dean 2013). &
Al E 718 FE5E 1967 B o

ol 7rel 7t Bdl 71wk frAMdS Sl

¢

3.2 WordNet

WordNet- 18951 =28 th&K Princeton
university) ¢ 42|18t W4 George A. Miller
o] Aestof] QIA| el A-Ael A 7kt ol
o]3] tolEHo]~E o] TolE At A9
&} 3 A2 Bl F9 Y (synonyms)
HEo® FAS AP AlAad 2] 2R H
o]tH(Miller, Beckwith, Fellbaum, Gross and



Word2Vec} WordNet 7]%t

Miller 1990). 71 HAIW AL 2012 11€9l
HlEZE 3IMAC R F 20694170 Tl o] 4
(word-sense pairs) el thall 117,659712] 211
S 7 % 155287709 Tl ekl 3l
m F=E A7) 1297hte] Eoltk. WordNet
= AL SAE FEAE FALY] 013 FHEIAE
(syntactic category) 7} 1oH, FL3t o3
FHE] o] &8 ol MO R TF5}E
o] & 45709) lexicographer U< 7H<th B
© AAE 9u]d #A| (semantic relations)
et o2 AANE JdE dols e &
AE Edsk= EIH(pointers) & ©oi<] 9]0
(meaning) ¥AIE k= 2Jv]4(semantic)
FOIE 9} Tole] FH(form) 2 WAIE xS}
= 1314 (lexical) ELIE7} ATt dlE =] &
ARz 23910l (hypernyms), 8k¢1ol(hyponyms),
5919 (coordinate terms) 5= EFshH, &
AR 73910, o] 55 EFHeiTh 7t dole

wole] E23 Fe

= 3
slo] 7Y F938 WA E LdEXI(Banerjee
and Pedersen 2002) “g¢]o1¢} 3k91o], Ak
o FEate A AHESITE EAH
¥ ° Z hypernym, hyponym, similar tog A}
3l EFaA dofo dgt 2EZA A9
omE A4 dolgs F=Ah 1967 =94
4 o] YREA BE doE7E AS T
st WAV S THIE HolE9] wllg FE

o
FEULE £ Foo] WA= 7 =LA
% =]

f
(LU

ESAA ool 23¢] Ak WordNet 23]
CEEA A T Tl 7] fALEE AlLtele
132491 Lesk (Banerjee and Pedersen 2002)
¢} WUP(Wu and Palmer 1994) ¥372]55
2 g-3le] A=) Lesk(1986) & 712] whol
oJm] A |4 (Word Sense Disambiguation,
WSD) & 918t 7]184Q1 ¢aeEe daE
WordNet Zgell 2833t ol 7 7id< 4
HAoE AZsk= Nda FA o] AoloA
AAE dole] & Aktste] 7Y =4 ALkE
T E FEshs ¢irelEolt Banerjee and
Pedersen 2002).

WUPE= WordNet 3] 7 A1A1] Zo](depth)
£ 7 219 7P 7P7k(specific) 3FH
(ancestor) & 9J"]sl= LCS(Least Common
Subsumer) ©] Zo|o} A A&t FAEE
RS 32 05H 1AeloH 7 tole] 7
do] 7o 0] Hrtk

Seore(z.y) = 2* depth (L CS)
coreit,y) = depth(m)erepth(y)
G4 A E 7 5277 ol A3e]
A 27 AEAT s B3
o19] 242101} BH9101Z LRt BolES &
o

FEo T AR dEe 7
WA A el AAAA LI el
oo AL frAt
HEs}7] S8 =S4 dojo} Foloj=
19671 ©of o] FAK=E A AR
ok YEQZAA o#]9] 715217 = Lesk
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Word2Vec 1967 34 Tolg 7]
BE S 8] fFAREE ARt o)A
Hol|A 71egxe] F 2]l = Word2Vec
243} PubMed Word2Vec R4S 7@ o

Z AL3l] tho] B 71 GAIEE A=EEHY
ok % 1911071¢] o] 2o 7 FAEle] glo
™ WordNet} 5L aA ox]¢] 715=x]9 100
= Foll ATHe e st JegoE o
=Stk Word2Vecs FAIQ) SAIEE 7]ulkoe
2 RS AR -1 1410]9] e
7HAtE -0.045E] 0.047FA1 9] 7+ 002 A

=, 00558 9] 3 55 WMol HE AlZtst

oA A ] = AT

3.4 HET EM

o] A5 MESAstste] TAlskE 7HE
o5 7He] IS AIZE SR Botsl] &
olaltt. o]= Akl A4 #4(Social Network
Analysis, SNA) oA 713} Het 7ke] IAIE
wES LT 79 AZE ANS BHss

HEANA =AU AL QAT EA B

= 4 (centrality) o1& WEHYA 7%
28 IS FYsls T2 Fota}y)
2 3] k=7 YEYA F4l

= SR8t FU4E e

o%

{0 o> %
ro
X,

4o
B
o

A= (degree) ?ré”éi 3 =T

At B tE Eso] AE 23 IEA
£ 7Ele® I kvt Al fXlskeE A
spetgth(Freeman 1978). 924 %E S44S
ol e IHEollA id ' o= W
Fol A2E rlshs W T4 (in-degree
centrality) # a3 oA Uk wieke] A4
S ouEk= 98k =414 (out-degree centrality)
OF FEH

24 Z414(closeness centrahty) o o1y

oj| 4] Wkgol| whah WaF <434 (in-closeness)
3 98k ZHA (out-closeness) &2 TE-H T}
(Freeman 1978).

7] 414 (betweenness centrality) = W]
EQ T WA g tv} @date wiha) &
A2} G&to] AEZ %MH.O_ =3 5= HH o)
THFreeman 1978). g+ =7} the L EF Alo]
o] ek 7=l vr]ﬂ%*r% 1 =58 url S4
Aol Zoldth o & E9] A, B, C k=71 IS
o A% CE BE B3liAs AE 2S5 5 U

7:1_(’3_ Bl: uH7H Z/\]%‘]O] -E_E_O_ L-l:.‘o]u]_

]
AR A ArEilE %afq
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Word2Vecs} WordNet 718+ &34

7] 918 AFUE A (community detection)
EA0] gtk ol #HE °lFE ARFYEHY
TS FRIsks #H3t WHOE Blondel,
Guillaume, Lambiotte and Lefebvre(2008) <]
25X (modularity) ¥arelFo] itk UIEY
I WA Hlet EAS AYs REE5S i
slato] AlZtsletE g2 S8t =2 T4 Y
ot}

19671 B4/ ©ole] SAS vES s}
ato] AJZHA o= motstr] 918 WordNet 7]
Hke] Ajzbslel Word2Vec 719k AlZbslE 4
st AlztstE Qe A YR net 7
AL E O QEAA AZEE} E91 Gephi
(Bastian, Heymann and Jacomy 2009) & ©]
£33tk WordNet 714ke] A|Ztsh= Bt
3 Foo] WA VIES A Wl e
A VIEQAE /842 g AZtstst
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A A9 34.41%E AR 8b w7y AR e
237h9] ©ol® FAdEe] 24.73%E AR T

(" 2)= 1967 B34 dolsd =2
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improbable Toi7} AAHE F4l4do] 93o|th

(3 3)< PubMed 293 2 RdS 4§
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T o] o] FAEE @ dof ol A @
1 contradictory conflicting 0.899 puzzling perplexing 0.832
2 controversial debatable 0.894 weird strange 0.816
3 uncertain unclear 0.887 puzzling baffling 0.816
4 uncertainty uncertainties 0.863 contradicts contradicted 0.809
5 controversial unsettled 0.862 baffling perplexing 0.807
6 unclear unknown 0.855 myth myths 0.797
7 unknown undefined 0.852 dispute disputes 0.793
8 unsolved unresolved 0.849 controversies controversy 0.792
9 uncertain debatable 0.849 baffling mystifying 0.785
10 mysterious mystery 0.839 contradictory conflicting 0.785
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e 23 160.53% | mystery, contradiction, inconsistency, incompatibility, disappointment, peculiarity
bity 6 15.79% | misunderstanding, impossibility, misapprehension, misinterpretation, misconception
ey 6 15.79% | deceive, surprise, dispute, riddle, misguide, conflict
iy 7.89% | confusing, perplexing, puzzling
(E 5) AZFE S 240 10 ojakel SstAe Hof ME
= Bl W 24 9% 5497 RaRE 2973
1 contradiction 4 23 27
2 misunderstanding 11 15 26
3 inconsistency 14 12 26
4 incompatibility 17 9 26
5 impossibility 15 10 25
6 consensus 21 3 24
7 disappointment 12 12 24
8 mystery 16 8 24
9 suspicion 18 5 23
10 myth 10 13 23
11 misapprehension 9 13 22
12 peculiarity 4 18 22
13 ambiguity 15 6 21
14 unreliability 0 21 21
15 vagueness 4 16 20
16 indeterminacy 2 17 19
17 incongruity 18 1 19
18 absurdity 1 16 17
19 uncertainty 13 4 17
20 paradox 14 2 16
21 deception 5 11 16
22 fallacy 15 1 16
23 controversy 0 15 15
24 misinterpretation 7 6 13
25 perplexity 12 1 13
26 misinformation 3 9 12
27 ambivalence 4 7 11
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ulz 10 25.64% | misunderstanding, misinformation, misapprehension, misinterpretation, misconception
LS 6 15.38% | deceive, surprise, dispute, riddle, misinterpret, conflict
She 7.69% | confusing, perplexing, puzzling
(E Ty AHEE ZAN 70| 29 0|alel SHUN Hhof HE
4 oo W 44 % 44 JARE ZAA
1 misunderstanding 12 19 31
2 incompatibility 19 12 31
3 misinterpretation 16 14 30
4 misapprehension 9 21 30
5 misconception 24 6 30
6 fallacy 29 1 30
7 incongruity 27 3 30
8 uncertainty 25 5 30
9 indeterminacy 3 27 30
10 inconsistency 16 14 30
11 mystery 19 10 29
12 perplexity 28 1 29
13 contradiction 4 25 29
14 paradox 24 5 29
15 unpredictability 12 17 29
16 myth 13 16 29
17 vagueness 7 22 29
18 ambiguity 21 8 29
19 peculiarity 5 24 29
20 absurdity 3 26 29
21 misinformation 6 23 29
22 ambivalence 10 19 29
23 suspicion 22 7 29
24 disappointment 14 15 29
25 impossibility 17 12 29
26 unreliability 1 28 29
27 consensus 26 3 29
28 controversy 0 29 29
29 deception 9 20 29
30 skeptic 20 9 29
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A el Lesk WUP 44
1 controversy 7 7 14
2 bizarre 7 6 13
3 muddled 7 6 13
4 puzzle 12 - 12
5 suspicious 5 5 10
6 peculiar 6 3 9
7 baffling 5 3 8
8 mystifying 5 3 8
9 indeterminacy 4 4 8
10 contentious 4 4 8
11 misunderstand 4 3 7
12 suspect 3 4 7
13 misunderstanding 3 3 6
14 puzzling 3 3 6
15 skeptical 3 3 6
16 distort 3 3 6
17 debatable 3 3 6
18 unreliability 3 3 6
19 unanticipated 3 2 5
20 unforeseen 3 2 5
21 mysterious 5 - 5
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stick 0.13
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baffle 0.06
vex 0.04
pose 0.03
mystify 0
gravel 0
amaze 0
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