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Tl o Ryp Ay P S5 % > %25 FPR(False Positive Rate) = 0.1 & » Few

11835 % 0.9 0 TPR(True Positive Rate) °

R4t © AL3F ~ 724 -~ Lesk Algorithm ~ Kappa ~ Facebook
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S PTE Y AR PR Y- F 5 R 5 0 &R 73 R4 (Word
Sense Disambiguation) ; ™ & < % ’mJ »Tcatchacold ; 4= "it’scold ; =1 "cold ;> &
H(sense)z 27 F o
FRAMHBE A ZART A L2F N ofad N S8 o g N BB 2B A
Bl AT AT VR BBRE L AT B VR mﬁi%ﬁ*#i PR ¢
":i%? R n Ddpdes oSN 2 G (-) BT ’uli\fr (=) &
PR - RAEEVRTH T BEFATRILEFIIF VR EE DL A B
ﬁ%ﬁmﬁbﬁ*ﬁﬁﬁéiﬁﬂ@’wﬁﬁﬁ# PR fea d] ) F LR
A F LR %#i‘:»é?;rﬁ”i g1 F o 3 H R & FP(synonym) ~ b F R
(hypernym) ~ = =3 @ (hyponym) S 4p M F 300 » & @ F B T RF LB 5 o
FE NP gl (772 2~ > §_Lesk, Michael. (1986)#% 2! Lesk Algorithm» © &_%*
WRIEfEP B R T AE T B E E(max-overlap) > K fEfT I F et F T i
FE A REERFL © e
PINE § & B3 & :
(1) kinds of evergreen tree with needle-shaped leaves
(2) waste away through sorrow or illness

CONE § = B &% °
(1) solid body which narrows to a point
(2) something of this shape whether solid or hollow
(3) fruit of certain evergreen trees

d 3 PINE e0% 1 B % ¥ v CONE eh% 3 B3 % @ evergreen tree € 4F »
max-overlap=2 » &+ 3 :

Pine#1 N Cone#3 = 2

-

function SIMPLIFIED LESK(word,sentence) returns best sense of word

best-sense <- most frequent sense for word
max-overlap <- O

context <- set of words in sentence

for each sense iIn senses of word do

signature <- set of words in the gloss and examples of sense
overlap <- COMPUTEOVERLAP (signature,context)

if overlap > max-overlap then

max-overlap <- overlap

best-sense <- sense
end return (best-sense)

Bl 2-1 : Simplified Lesk Algorithm (Kilgarriff and Rosenzweig, 2000) =7 SUDO code -
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idf(t) = log (235 2-1)

ld:ted)
HeYe DE- 287 > A {dted} £.7 23#Fta> Afce Tty it d

¢oentfidf & 5 -
tfidf(t,d) =tf(t,d)*idf(t) (=3¢ 2-2)

T~ AR EE
Jaccard % #c(Jaccard Paul, 1901) 2 =& & & FklAp i B pF > B R Ak @ * hfrE
B EXT ABABY A XEAX A HFhE & YEB~Y 297} B3
ik & P AB s Jaccard B s
Jaccard(A,B) = ilid (=3¢ 2-3)
XUy
B¢ XNY ZABA B2 AchEf T8 XUY 2. ABA B2 Ahit 3 #op i
BB AnE AT B o

¥}

S R
(= )% fgmm - Ri2i=h
AIBRIEEREYR - EEFOF 2L -R02 21N - PR E T
BETEV AR NPT - KRR -Cohen, Jacob (1960)4#% 41 Kappa
K0 'L A R (inter-rater agreement) sh#FE = 2 > L 5 Cohen’ s
Kappa(3e (£ K) » K s> 58 40

_ Pria)-Pr{e)

1—-Pr{e) (=5 2-0)
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B Pr(a)f5=s § BEF - RE-Pr(e) AW T 9 ¥ d- R LT
A E BT O M ER - R Y E -

¥ Cohen’ s Kappa & i $t3%4 § #&& 5 2 e 735 > »* & Joseph L.
Fleiss(197TD)# 317 12 444t 5 r“’ik“*‘i * e Kappa Pidic > A5 Fleiss’
Kappa - Fleiss” Kappa s % i2 » 5 £ 3k N &K 548 n =4 F * &
k 25 - 307 SBEFS P L0 %H5iid 13 N5 EIE %o 22'11 ks

22

njj (RN 15{3&“:}&% j iﬁé’;ﬁm;ﬂ%\% A o -lir't“’iéjé’ﬁk" 7] Pj]:‘.» :

B, = iy (=34 2-5)

BT RS K Y L ALGA B Aprt e KA S

k
= : 2 — A 9
Pz ~ aln-1) [(ZFIH i) — 1l (=74 2-6)

st pEF 23t 8 Cohen’ s Kappa #77 e % #c Pr(a)fr Pr(e) :

Iy
Pr(a) = ﬁz P, (25 2-7)
i=1

L
Pr(e)= ) 7] (3529
j=1

%—Pr(a)ir Pr(e)® » 238 (2-1)q ¥ # 4 Kappa & o
L4t Kappa & % M9 ®& & guk & 0 Landis, J.R.; & Koch, G.G. (1977)
Jh’tu— B f e > 4ok 2-1

% 2-1 : Kappa &3 971 & ek & o

K Interpretation
<0 Poor agreement (£.)
0.01-0.20 Slight agreement (3 i)
0.21-0.40 Fair agreement (3 i)
0.41-0.60 Moderate agreement (* %)
0.61-0.80 Substantial agreement (% )
0.81-1.00 Almost perfect agreement (i7" % %)
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(= )F Bz %
RS HTR TR ARG EEEL 2o H A o 4ok 2-2 - True
Foom Tore( E4) | augw] > false & T4#44 4 5 @ positive &7 " &
¥ A APM o negative & T A SE A A APR o AP iTw BEcE KRIE T
&% | (accuracy )~ M FE3 pfecision) fv " . w F | (recall) -

F2-2 2 EA A

A (true positive) B (false negative)
C (false positive) D (true negative)
o~ FEZ (accuracy) :#ii-f-ﬁ (234 2-9)
## xx ¥ (precision) :Ai(.' (234 2-10)
* (recall) = — (234 2-11)

d *+ 72 4p B (false) = & i #3**“#5 B (true) e e i F A
8 R bR g S AR B ene 25 F]pt D (false negative)id ¥ i % 3t A~
B& Co I Fes izl 7‘3"‘1&5%&:3*? o S4B ERMem Jffﬁ'—r‘f‘"é ¥
ﬁiﬁ’#ﬁéﬁﬁﬁﬁ%-*“%7%EE5®@@?3Eiuﬁ$%ﬁ
MZwH o> N MRS g L F ek i\:FBQﬁ’*ﬁﬁerr%‘?#mﬁ
ﬁib’%ﬁmﬁm%mvﬂzﬁﬁ

FE:(]__FBE)-

precision r recall

(234 2-12)

Z . precision )+ recall

% B=1 iz > F-measure ,T*ui RS e v F i felia, oW

F, =2+

precision r recall

(2234 2-13)

precision+recall

KRS ~ 2w F ) F-measure > 82287 720 & L R e o 2R
e PRRB ORI FER R DR ”"Eﬁ»{%?:é_iﬁ?w,ﬁﬂ—\fw"\'f“/ﬂ
Thzess dfrgan-a R ’?’E‘b{é‘fl I0R~20R) > tsm B2 £ &
BHPER d A Xy 3R KBRSV U E Y 11-point Interpolated
Average Precision # » 11-point Interpolated Average Precision #_#¥-7.
w i Aaa10%F4~4240.0,0.1,0.2, 0000 , 1.0 % 11 3k ot Bheni (4
TR L et - BEOLw FF g NIROER R HERS o

w4 AH AR (sensitivity) 2 £ TPR(True Positive Rate) °
Flo v AAPRE D AR A 5E S ARBE oY Ao 2 R4 Ml B AR T AT
R AP Y AR AL 3 AP oY Alicd 2307 ApRE v At B0 LG
2 H(specificity) ; 78a-(1-#2 'H),i&n—jf—‘:' SARB L B 0 T AT 4
FPR(False Positive Rate) o =i Az ¢+ 5 %4 4% » 12 FPR 2 # &4 »
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%}w 114 41— ¥ ROC (Receiver Operating Characteristic)# 4@ -

FAR LA FPRAS ) R GRS L B RN 5 e
- PR AT S FI T U F - B ROC W AR = 1 0 151 % sk
7 ﬁéﬁ% °

F~ FF 3
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AFE R I E WA % Obama~ 4 4+ Lady Gaga = Facebook = 7 £ Facebook # s %
Fapthpth wihie= @0 g gip(wall) s~ ~ & - 5w fk gk 5 2011 # 8
*1p 0000587 31p 2359 51k d fsi B PG F(THAETEL )FS
SRR TR

I

(_)#Uf;uffig e Al
AT I B R S RIEA R Bl AR LR ke A e Pog
* 3% 2 WordNet # % % - Rl w 7 10 BACiE 2 B F ~ehH F > FAL#E 5
BEFH 2 R RIS AR
(=) #F LAz
AFTG AR PTG w0 SRS B BHE P G 5%ehk - %
Hentigr o LK AR  EHBRE R LELEHT SRS o A
P B Rt R - - R F R Ry o S f
Mot AR iR 90% 2 sy 0 F 3 PR B - R e

E o GFRAM

BN AFE LY AEARE R R RS AR TAR O FRF L TR

A BGE &g 173 58 > ALt Lesk Algorithm % i3 2 5 Fg ,&ﬁd o

Lesk Algorithm # 25 = -

(-) #ELI&
A FERGF - BAIIRE R AL o AL TR Y e ARG
T2 A pEeE k¢ > WordNet ¥ At ig * aF L FEE '1(4’5:»—1 4
eIk SR L ST N i ..l%mniyljﬁq\ ) %%“uﬁi NfETE 2

*F 3 F v WordNet 3.0 %<0 jadk 7 155287 B b= F 3@ p 7 117,798
B &3 > 11,529 B #2 > 21,479 25 % 74+ 4,481 %‘J °

WordNet ¢ #-< # % g (Parts of Speech ,POS)® ch &30 ~ #3025 % 7 4r
Bl - e RF o d ik 5 g ot MBS S b
docar i B Es - (75

car#l, auto#1, automobile#1, machine#6, motorcar#1 (a motor vehicle with
four wheels; usually propelled by an internal combustion engine) "he needs a
car to get to work"

T4 T car thy — B &foauto eh% — B3P & > automobile 0% - B3
# » machine % - 13 & {- motorcar 1% — @37 %& > #%F 5 "a motor
vehicle with four wheels; usually propelled by an internal combustion engine |
9% L > he needs a car to get to work B % ]+ ©
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() 2 rmEi
;ﬁd Bx B EJLIS Y AR BFE AR A 0 AT e F Lesk
A|90”thm ZEERE S LPON 1* LB 35 I H x5 ¢ hoverlap 3 @ #c 0 1k
£ 7 fedic(max-overlap) #r i R B L AR °

# Kf stop words

TEPFHFIENNRFET o AF DA PEER T PR BdoRE
<@ év’va~an~as. LEE O R F @B E AR F I B ) o W
¥R Y 30% ~50% o A7 g o7 i * e WordNet 3.0 5% stop words + § 199 & o

WoFER

KR s a1 “f stopwords 2_ & » A PEF UL AT 2 A P FLFERL 0 W
RAR LR TR A R A e AR RS 5 R R - WordNet 2 0 g 4t -l B T
$’$?Hm@ﬁ&%€?Wﬁ%¢ m’*%ﬁvgﬁp_:
i E F 3 (Holonyms) 5 #3# g ik F 2330 ~ T =233~ 7 L F @ (Verb
Entallment) ) i R Y aﬁé\ 7 &3 7 Lesk Algorithm pF 2 # i & A S % 8 4%
@ § AT PHFLAEH

a’l‘—fl\—v:’_g;"

Stemming
SRBAAMABRIE LT > AP R AT Sostemming ) AR % BB
% A % en Porter Stemming Algorithm :& = stemming -

tf-idf

A tfidf k5= B2 A9 A BFPhE R P I EFHFt AR T &
- Rlw P Mg o8P Do s ,Tk{v - (N mq;/ﬂ%ﬂl:f;
SER ey el PRAF S B b B P R v el R AT

o CHA R BRIt AR S AR - BRRE RS £2 o

iR H

S E RS FIE I B ART e B PR 0 A5 7 #* Jaccard
BB P ERAH T ok - P ‘S’”@W#B R s Jaccard 4B B2 kA ehE AR
FHEOEMUA B ADRIEFEHAS B ADEFIE S LT EFFFPHLL
f3 B o Flt Ao NP hT ot o Ap F R e tidf B e 0 2 e
Y tfid f(XNY)
Y tfid f{XUY)

Jaccard(A,B) =

nY tFidf(ty.da)
Emtfzdf(tm,dﬁ_)+zntf:df(tn,dgj —xPtfidf(tp.d)

(= 5% 3-1)
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HYALEIFET A BLoRr ke A XA A HEAEE 5
FTMBEAFIYEBr A3 EHIPEL L35 nBEAZF XONY P~ FLpB e

PHcE B R
Kf Tw Y AeF T v Addp i AT E 20t > R F F 5 meta-data v LT - B
v R e e lE.JkL#rﬁ;;—‘"K” R AR B REFTER AP HY 4
# meta-data 5 ~# F cdFjc o
(- )& like #&
Facebook <5 — Rl w 5™ = 285 — i Like $&4= > & ¥ if 150+ F ek 3% R
vk i g 4T Like 4 - ﬂ v - W g 4T Like dede2
6 Feset RIT € NIRAET like Fdei A Sl o
AP REBPEIRCIODLIZAEF > 25840

. LikEG t
Like=—7 (25 3-2)
szeMax
H ¥ Like A EP| v BIEF e Like #ic > @ Likey, ¥ B3d#He 7 3

Like #zc

—

Susan Young Oskey @jon, lol, you know if americans get back

@ to work the GOP loses, they are going to keep everyone poor and
suffering until they win. You don't have to be part of mensa to see
that.
23 hours ago - Like - 3 2 people

——

Susan Young Oskey @eddie, government did have decent jobs

m and benefits. The GOP will see to it they are gone and no one will
be able to make a decent living unless you are a big corporation.
Please understand the great depression took many years to get out
of. I do not believe most people realize the depression Obama
inherited.

23 hours ago - Like - ¢ 1 person

] 3-3 : Facebook s+

()3
v EHE LR MG R BE 2 1000 BFawr BAE 10 BFw
Bin100 B 0 ZE AR ERE > AL AT E R BT ik Ne A FE
A 5 025,05, 075‘{?1‘2?@1@"1le\ w A e Q2 £ ¢ ko
Q3 4~ w & ¥ Pl o84k 3-1 9757 ¢
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4031w T Bl R A
DAY -] LGP ERE
0<3 #=0Q1 0.25
Ql<x #&=Q2 0.5
Q2<% #=Q3 0.75
Q3<3 #k 1
(=) R
VREE T RS AT A Em P DR AR > ERERE S E LR
BT AL e b R BAE S @ 5 025,05,075fcl e A iE
QLA e LB Q24" PH Q3 A&t & inlik BlEHE SN e
% 3-2 #1571
2 32% BRI BT eI L
TN T ] wRE PR
O<#g ¥ =Q1 0.25
Ql<i#g & <Q2 0.5
Q2<#g 5 =Q3 0.75
Q<47 3 1
(m ) $t s 5
BRERITH TN AR R HRT S I d Nk @ & Facebook o ¢
ﬂ;j T T RBBTHF L ¥ fo R REIEA 0 4cB 2 ¢ 0 Susan
FEIARwR F- v jon ¥ = E'Jtib@eddie:%gr} Bt 234
A gy R A BIE B P PO ar i TR o NP R i 7Y
v RS L e > R T BRI 0 EE -

35@@ j\g:F\fr
Y
- >2011 & 8% 1p

=

B
EFEAI Aok 4-1 -

2ALRH AR

B RREHEG

00:00

s

1B F S £ B4 % Obama ~ # 4 Lady Gaga fr Facebook 2> # s 4
F|8 7" 31 p 2359 i ik enif sggE <

F AR AR m%w

F— PSRBT FERIL
A LR IS T Bt
Barack Obama 59 246,382 | www.facebook.com/barackobama
Lady Gaga 30 235,368 | www.facebook.com/ladygaga
Facebook 11 133,645 | www.facebook.com/facebook
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AT 02 Fleiss s Kappa - R G KT HE S o
;\.,Fa Ho 25 pME - Bt TG T IR (T AR & x[&m«f@%’ﬁ&ﬁ 0 R 2 A
ARRE > L B B rr A % 287 Kappa E- R4E4 47 > 2 Kappa &% ** 0.8
ARt P ¢ 0 Z B RIS AAM Y R AR RE R AR RTA ) '

11-point Interpolated Average Precision @ ™ BLZH T4 sTip o

R

L

Ja

_L)
FANIIS

SR A

AR A B AL

|

TARE (D)2 Api R (2) EF like #(3)
F &(4)‘?‘ fﬁ-ifﬁ' (S)Efpiﬁ‘ﬁi_ﬁ‘ -7 s A P B %‘ﬁlﬁ ]3@ 2;&3__ B o
AR E0F 12 B oo RS d A3 A FREE

Z BN wF S ~Fl Score 4v 11-point Interpolated Average

Precision 4% 4-2 -

off —=h

\

2

2

el

—\

=3

% 4-2 9 2% - %% (R Recall ; P : Precision)

Barack Obama Lady Gaga Facebook
Raw data F1 | Interpolated | Raw data F1 | Interpolated | Raw data F1 | Interpolated
R P R P R P R P R P R P

045| 0.74| 056 | 0.00 | 1.00| 0.15| 0.15| 0.15| 0.00 | 1.00 | 0.30 | 0.89 | 0.44 | 0.00 | 1.00

0.75] 062 | 068 | 0.10| 1.00| 044 | 0.21| 0.29 | 0.10| 1.00 | 0.62 | 0.94 | 0.75 | 0.10 | 1.00

0.79 | 043 | 056 | 0.20 | 1.00| 0.74| 0.24| 0.36 | 0.20| 0.38 | 0.89 | 0.89 | 0.89 | 0.20 | 0.85

082 | 034 | 048 | 0.30| 0.88| 0.80| 0.19| 0.31| 0.30| 0.16 | 0.90 | 0.68 | 0.78 | 0.30 | 0.89

084 | 028 | 041 | 040 | 088 | 0.84 | 0.16 | 0.27 | 0.40| 0.20 | 0.92 | 0.55 | 0.69 | 0.40 | 0.92

091 025| 039| 050 | 0.75| 087 | 0.14| 0.24| 0.50| 0.24 | 0.95| 0.48 | 0.64 | 0.50 | 0.93

096 | 0.22| 0.36 | 0.60 | 0.75| 091 | 0.13| 0.22 | 0.60 | 0.27 | 0.98 | 0.42 | 0.59 | 0.60 | 0.94

098 | 020| 033 | 0.70 | 0.73| 095| 0.12| 0.21| 0.70| 0.28 | 0.99 | 0.38 | 0.54 | 0.70 | 0.95

099 018| 031| 080| 0.69| 098 | 0.11| 0.19| 0.80| 0.26 | 1.00 | 0.34 | 0.50 | 0.80 | 0.95

099 016 | 028 | 0.90| 0.39| 1.00| 0.10| 0.18 | 0.90| 0.20 | 1.00 | 0.30 | 0.46 | 0.90 | 0.96

1.00 | 0.00 | 0.00 | 1.00 | 0.00 | 1.00 | 0.00 | 0.00 | 1.00 | 0.00 | 1.00 | 0.00 | 0.00 | 1.00 | 0.00

i > w02 Raw data e Interpolated data g @ P-R Bl4c®) 4-1 - jE @ # +
¥ o —g A N FRE R mll pomt Interpolated Average Premsmn d A

E
i
0.1 mﬂfﬁ% SRRV 00 mﬁ FE o 4%;' e 7J\ & ‘iﬁ_@’ (A= Hp J}ﬁ_‘;i"]
%Aﬁ%vx,ﬂwi” N =P ESHROC Y 4> Rtk A ¥z B
e
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Raw data precision/recall Interpolated data precision/recall
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#8E & (precisioon)
5

8k & (precisioon)
5

020 - 0.20
0.00 : 0.00 :
0.00 0.50 1.00 0.00 0.50 1.00
B e & (recall) B e & (recall)
=== Barack Obama == Lady Gaga == Facebook
B 4-1 2 Raw data fr Interpolated data % %l % - HP-R ]
1% B A FEROCH: 42 B

1.00

0.90 -
El 0.80 I
= 0.70
E 0.60 i / //
5 0.50 i ){ —#—Barack Obama
8]
; 0.40 / —<Lady Gaga
"5 030 / ——Facebook
¥ 020 N

0.10

000 T T T T 1

0.00 0.20 0.40 0.60 0.80 1.00
1-4% M (specificity)

B 4-2 ROC ¢ @]
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HROC & RR™ g d k= b & e A _Facebook» 2% {4 iz =& & Barack
Obama {r Lady Gaga > # 7= & & su4 7% Facebook #» 3% & % e s w 3F K A 3
X 7}5 B 12 il Bt o 2R 4-1(P-R B) ¥ 125 ) Lady Gaga shtfre 5 & 2

& 0.2 ehpFiE ,i*w‘hii/ﬁyp_-l_ 0387 ;@ &AROCW¥ @~ » 23k 0.8
7 = & > Facebook ¥ ¢ & # 5%¢<rEd] - Lady Gaga #r & ff & SE 1T 40%:0
B

R
P o= MR By eI BREPERE BYELF 10% £ 2REER D
ATy A g o Ao fE o N e

RankW Wt * Vs:’m + I"Vi!['ka * Ni!['ka + ch * N

Fim we
= 1,

+ Wfp N + W?’Efpi!}r FEPI

(=34 4-1)

Ho U, BARD 0B Ny £ 41 15 ch like B> N, 80 10 {5 ehw 3 #ic o
Nﬂf{ﬂ #FLTL fé E"hvjb ):’@E*fﬁ‘_‘% ’ wafpiy{%#gi:ﬁ&i: T—E'; ’ Ws:’m N I"Ill'fi!['?{a N ch N W?:f’fr

Wy Tt B E > A4 B p Rt 2k 5 01 2207 iy o
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Online community comments ranking system :
Taking Facebook as an example
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Abstract

With the wide application and diversity access equipment of online community in recent
years, people can easily browse and response online information, including photography, text,
video and etc.. However, a large part of text response, especially in micro-blogs, without
essential meanings except the speaker. Half or more of them are unmeaning words such as
greeting, advertising, murmurs, and irrelative arguments. Therefore, people can’t catch the
main point of respond in short time, and the subject will no longer been concerned and
discussed.

For improving this, this study proposes an evaluate system for comments on
Facebook-wall posts, and ranking the importance of them. It can help user reading comments
high-ranked directly and improve the quality of comments following .

In this study, we classify all comments into 2 sets : (1) relative and (2) irrelative on every
stage of : (1) Semantic analysis, (2) Meta-data features compare, and (3) Corpus similarity
computing. Base the result, we get TPR(True Positive Rate) = 0.9 for highest as FPR(False
Positive Rate) = 0. 1.

Keywords: Social network ~ rank ~ Lesk Algorithm ~ Kappa ~ Facebook.



