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KR HRBEAR BFRIESE BRSO AABRRN AKE FAER
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1 3

Web 2.0 B H 2004 SR FELIK, NIRIZ . % . HAZ 28 S AE A AS A b ™ A 1l
AR AR X R BT Bk R A A AR AR (R SRR ) ST BR 2 RR
SREE A REHE T . Web 2.0 B FIAM fE i RO A R R LB P B SEin S 45t 500 T,
1717 EL BB A8 A5 2 A AE AL S Sk rp s Ak 22 e B 1R . AR AT AR e A B T B PR R A ARG
T HE BOATESD . 2 RO 758 B AL i 5507 T L B PRIR R LR AR S A 2y
BT BT SOA T A T AR ROR B TR B SCHRR T SO e A 1 ] S R (polarity,
AR IETHAN A7) AR B PR, T%@l?ﬂﬂ&liﬂ%@”*ﬁ*ﬁﬁ%;d’ﬁﬂﬂ /N /AT AN [ T
D55 A T 155 S ] gt DRI DALt o S D7 V08 0 5 BB e 2 AR I N AR R AL 2 0 st et ). b
ST AL, A R M T SOAR R B0 M A 2 AR e TN 241 5K A S P A

Zliiikiﬁfcﬁﬁi SR 57 P RSB SR 5 A AR O SCAR G I ] ST 23 AR5 T ] S AT PP Ig, 3

SERIINTR: 3 2 BRI M RTIT A K SCARE A S, S I T M A AT TR AR RO,
H&Iﬂif*’&ﬂﬂﬂﬁ’lfﬁﬁ 55 3 B A AR A S, OISR RIR, DLLAA R« FEUR B A AR A
BAETTVE SRR 55 4 FONAESURSS.

SIS G, 2, XISCEN, 55, ARSCARZERAA MAF Tk . hE RS 5 8R4, 2014, 44: 825-835, doi: 10.1360/
N112013-00167
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Table 1 Examples of general inquirer basic spreadsheet categories
Category Number of words Examples
Positiv (positive) 1,915 Ability, accept
Negativ (negative) 2,291 Angry, defame
Strong (strong) 1,902 Abundant, busy
Weak (weak) 755 Avoid, cease
Active (active) 2,045 Achieve, compute
Passive (passive) 911 Ail, omit
Virtue (virtue) 719 Adroit, cute
Vice (vice) 685 Bad, deceit
Ovrst (overstated) 696 Bulk, entire
Undrst (understated) 319 Barely, cursory
Pleasur (pleasure) 168 Admire, enjoy
Pain (pain) 254 Agony, dread

2 XARIERIAE

SCARE R] S AR AT A7 B R A B0 SO r g 2 ] S5 A S X 156 S i SCAR G SRR i ) A g
T EAAEEE T RN TR BRI 7%, SO GRSl W T A shiniE . ek r KRBT S
DAL

2.1 ETFEHEMERGE

H 5 F B9 &F LF 555 WordNetBID Al General Inquirer (GI)I612)) FiC 50 (HowNet)?) 4%,
WordNet M2 96 ST LN RS, B0 44 30 Bl TR AR R 208 [F) GRS
(synsets), B—MEARR—PMEARMRCNES, FFERERNCMES LR RR RYKFR BF
FIRZR o RAMTER R RTFEZ Pl X?%% (7. WordNet FEHLEE 11 /5 7 TAE AL S K&

HMEXR, ﬁﬁ#ﬂﬂ%&fﬁﬁ?ﬂ)&/ﬁlﬁi THEIE S % IZIK Tﬁ BE K % EELAE %]]H: (EPsNi
%’f\ 1 TS — R AU . G 2 B AT T BRSBTS R O 7E TR
I 2 R (spreadsheet). GI &K %?%ﬁ (general inquirer basic spreadsheet) 4
11,788 17 f¢ 184 H1|. HoA 56 1 F R BA TSR B X, 56 2 FIFE %1 & 5 4% Harvard B Lasswell
SR, HAR 182 FI A &I 2k & B 3. 1 SR BB 2 ISR B AR B R 1 PR, A 2
— AN LBCEFI TS 1) 15 B AR IR & IR T 5, AR 7~ M3 2 8] SRk & i B B JE M2 TR 56 &
NEEARNERF RENRE. 5 WordNet FEHLEEL AR TR KRR RUKR W UKRFKR BF
RIRFR BB — BARR R FfE - MECR KRR

1) http://wordnet.princeton.cdu;

2) http://www.wjh.harvard.edu/~inquirer/.
3) http://www keenage.com/.
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FET WordNet &7 342 5 1175 8417 .45 WordNet-Affect® Fl SentiWordNet!"~11 25 WordNet-
Affect, 175 BGR HLEXS WordNet & 3t i i) [F] SCIASE G AT i BbRE, g Ren R E9e A T3k 1 1903
A Rty 15 EGR], IS AR (539 ) TR (517 ). FhiA (238 AN) FIEE (15 1) 25, SRJE
H WordNet & #i i 2 [A] ({) [R] OGR4 7 1 kiAo, f fe JebmiE 1 2874 ANFI &S 5 4787
. 52 MK TAEARSS: Hu A1 Liu2) PR Kim 1 Hovy[™3! BT H 59830 f 1R SR (I GA]) 5
B PRI (RR) M, s S RS S 45T WordNet B ST 250, 4R, I bRiam
P p FL AT I (1 I T ) 35 7 T3] AN B 7B . Godbole 55 B S8 H T — ol RIS (1387 ) 5 19 25 1 1k oy
MT RS, HXTRIRIVERAT T oo, LRI BT WordNet & 8L #5 1) -] (I [F] i ()R X
i), ARG AN A ) LR SCiR] (s SCIA) BRI R] SCm] B e SCi], AR B R /N B A 16 ) 2 T s k. LAk,
Kamps %5 14 DU s WordNet & 317 2 [8] (1 [F] SCO% R i AR i, 4 e @it vF 5 H A 1] 5 6]
“good” FI “bad” < [A] [ f Fa EE B A Al & AR 14 K/, SentiWordNet 1 /8617 4 F ZLAL$5 SentiWordNet
1.0, SentiWordNet 2.0[1% Fl SentiWordNet 3.01"13 R A FFRRAS, HR 2 MBI = J0 40 2R B FIBEHL
WeAE SN WordNet & 81 i [F] SO 4R & HEAT 1B IBARE, 700l vh BB i . S Al 3 A8 145 21
RN RN

FEF 5N (HowNet) & HLA4 2 75 BGR HL U0 “Chinese/English Vocabulary for Sentiment Analysis”
(VSA)Y . VSA 15 BUEL & i SCMIZES 2 FNE F, MG S0 T 6 Mhia g2, 405 0h: I &
W A RS IETVE RS RO PPA A T RO ARE AN 5K R SO I T ]
B ez Ry REY . my S RIS EGEE D R SBY . g & IR TE RIS
gz | Bk R S SUETEOIATE D B ST COREY . A RB & PG00 T
SRR RIS <TT4 & EFRIATERL B U7 ARMET S FEICERA b, 5 R R R 17 k]
I T 6 FhiAESRG O, BIIETH R L. SO R . IR SR SR SR L TE E SR A7 A

2.2 ETEREMERGE

B 1 IR FEET WordNet, GI, HowNet S5 ¢ HL I A 7 20, A5 JE T8 B AE I SOA 1 Ik ] S
Hatzivassiloglou A1 McKeown!'5! Jlid % “1987 Wall Street Journal” i&#HE O i 2 F 1 H AMA KI5
B, A3 TAR RN BL “and” 43 BE AT 28 R B AR E AOAR Y, T EL “but” 73 B DA AE B AR 1. 48
e, MN—ANEUNIFR AR A, T DR FZ N AR BB A 78 SCA S IR A] . Turney 18! 1268 T —
ANIETHNA] (W] “excellent”) AR (401 “poor”) HIFF4E, SR/EFIH AltaVista 82 5| ZIRSK 1)
344 5 T IINFESC TR ERE, 4358 H bR 5 1E . SR8 1 5 H5AS B (point-wise mutual
information, PMI), J¥ H ZEAER Hbria B PE. Banea 55 07 JEFT—MNEUNGFIF4E (60 A1)
FEZ R ML, DL NIRRT RLEE (50 3/ 0)) AR Z B Je WEAE Y E L A B (subjectivity lexicon).
FHVC 2GR K2 . FE T /R RS AV A K 0 78N 53 1 K 1) OpinionFinder R48 74L& — A~ 2 W ia] 1A
i O8] o HOROH S AR 25 R 2 B, 145 B ST MPQA WL ATERHZE (multi-perspective question
answering opinion corpus)1%2%. MPQA & —Ff 2 Fh kI8 (157 18 SCRS N TARvEFLW A BEREIRES
PIEARHE, B RN A T FUEGEIERE SCRY (subjectivity sense annotations).

T, Peng Fl Park #2H T WordNet & HLF1 KRR TE AL e AH 25 6 (015 8] B 2E 7 Vs, S &

4) http://www.keenage.com/html/e_bulletin_2007.htm.

5) http://www.keenage.com/html/General_statistics_of_sentiment_words_and_expressions.htm.
6) http://www.ldc.upenn.edu/Catalog/catalogEntry.jsp?catalogld=LDC2000T43.

7) http://mpqa.cs.pitt.edu/opinionfinder/.
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% 2 OpinionFinder/MPQA #J%XiAiA# Rl
Table 2 Examples of OpinionFinder/MPQA subjectivity lexicon

Word Part-of-speech Strength Polarity
Abandoned Adj (adjective) Weaksubj (weak subjective) Negative
Abandonment Noun (noun) Weaksubj (weak subjective) Negative
Abandon Verb (verb) Weaksubj (weak subjective) Negative
Abase Verb (verb) Strongsubj (strong subjective) Negative
Zest Noun (noun) Strongsubj (strong subjective) Positive

RoR 2 MO AR S S RO R T H A AT —Fh 7 2 Xu & U R I 7 —Fhd TR S5 1R
Az B SO IR I 702, U IR AR P B v % L sy AR . RMERIR . SR A 28075 vk A B 17 S ]
#41 LIWC (linguistic inquiry and word count) 18] $ 22 {Z{a #i & IETHH K. Fm e, B, 40
5 64 FEEK AT AL EIYERZ. Thelwall 45 230 UZETHI4A G . HLESSE 1595 PRSRIEIESETT AR
7 SentiStrength T 8 1% T ELAEAS S H 5N M AN 1 1 B A5 20

2.3 NARIFRAIFHERINH

SCATE B U] L B LSRRI R SRS (W S vP R B AR L PRIR S RS PR SR ) #EAT IR K
H ahbrvE 55028, B0, Lansdall-Welfare %5 241 % WordNet-Affect 1] 3L F-Xt 4 12 8 T2 Ji%k
FECUH AT 15 bRV, HH SRR 4E A& m % BYR . BRI 4 Mhites, 451 58 B3hx
RS N TRAEEAY) 4. O’Connor %5 1251 JEF OpinionFinder/MPQA F M i Al L, X} 10 12.4%
Twitter fl 1 SCACHEAT 1E AN A7 B AR ME 702, L5 15 A 45 R AL ] T 80%. Miller
2 26 j@ i General Inquirers SentiWordNet il i, DL K A% RS 70 Hr 6 4458 WX 4% (14 175 8%t s 2k A T
F, HAAMEEEH/KIE 8 BN A 1T 5 H %A, Golder Fl Macyl?™ £ LIWC 1]
XF 5 4.2 % Twitter I SCABEATARYE S 2K, Faab A 2 B 273008 P s 2628, Kucuktunc
% 1281 RH SentiStrength T H AT Yahoo! & 3 F 4 H &R 1143 T 2 BH%KRIZ. 414
1T 2 BANG)THIERAS I, JEN KRB MG 5 UARKIE . bR s T . N HRHESE A B R
AT T VRIS

SO ] i AE SR R o ) S S 3 f A PR, DRI R e DR B EAT SIS I, S
AN AR MLAE AT 2 IRIE T T & LCL (B SLi = AL R 4r) &5 Tk Asdrh g SL A 291 4R, BT
SCAS R R ] S A Dy i F AU 2 25 R, HLAEAN [F) 1R R U b ) S RO P R R ZE . e
MRTIT, SCASTS ) S 1 S FH e T I 7 32 22 o) i - (801

(1) [FA—MREFEAFRESS AU T BA AR M. Flhn, W\ R fEA)F X S UKFEFERIR R
rho BRI K, TR B) - XX [AD IR TE 0 B TR K Hho IR TR /6.

(2) F— AN BB AR X Flan, 56 “suck” HA “WHR? F a9k SEARFFIS X. A)F “This
camera sucks” fi5 (& RRAANALE (R HPEAN); AJF “This vacuum cleaner really sucks” ¥& U 2 W 28
ARA R (ETTE).

(3) & F AR B SCA ] BEIA FKIAT
T2 ARG I A B T T B A T

8) http://sentistrength.wlv.ac.uk/.

T

&R, SRR A EUA, anf) T <3 R AR

Tt
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Table 3 The websites containing an emotion rating component in China

‘Website Channel Emotion labels
People.com.cn Opinion Shocked, anger, sadness, touched, pleased, happiness, boredom, amusement
Sina.com.cn Society Touched, empathy, boredom, anger, amusement, sadness, surprise, warmness
Chinanews.com Culture Touched, empathy, boredom, anger, amusement, sadness, pleased, careless
Huangiu.com Technology Shocked, anger, sadness, touched, pleased, happiness, boredom, amusement
QQ.com Entertainment Pleased, touched, empathy, anger, amusement, sadness
Sohu.com Education Pleased, anger, sadness, cool, crazy

a) FIR Mt S A0E B BB E B2 /TR 8 MEE 6 1, 735 N: B3l (touched) B (shocked) % (amusement)
ML (sadness)s F AT (surprise)s 5 (anger).

(4) A M FSCATTRERIB TR, W “BAE TIXE AR, PIREE 7 — AN 8500 S e Z s
RISCA AT BERR S 7 IR

AR

W
N
1%

L)

7

[‘U

o

DN AR R SR TS A SR TR0 0 SRS PR 1 S S A i 2 0 1 SR i 2 A1 J ]
TR AT B I AT A B, R O R A R %%ﬁ??ilﬁ}:’ﬁ’ﬂ%@ﬁ/}_
SCRY, AT RAS SRR B AU A AT AT O, A7 BT R R R E SEAA (A LA S i
AR ) AT P 1A A A IR

3.1 HEFKIR

HHT, 2 ART LU T ) SCRS AT 15 BRI S e gk 3 Fras. DARRER I R AE 9, 9
SR R AT — R RIS T I SORY, 7R SCR R I B T <R . iy L AR 45 8 Ml IEAR AL
REFH P 58— B ] e, #0RT UG £ M I AR 2 HEAT R ER LUR IR N X R I 1“1 Ja g, ix e
B A ARG AL E SORS R 2 A A7 1 ] 3t 10 2508 SR U

FHEE F3R 22 FE I b SCHOE SRR, B0 A7 AU R 22 T R Y 9 ST It e/ STl ) b 3658
TR TE AL 220008 O BARIRHE T 8 Pl Bhr%E, (A SREMA &b, 2007 4, 5504 JE1E X
PR B PR 22 (SemEval) $24E 7 — e SO H 42 10). ZEIRE R S TUR (anger). JO% (disgust) .
R (fear)s &% (joy)~ MEIT (sad) FEHTF (surprise)6 PG E, Xf T80 SR AR (5 B 4 L0
ik« CNN. BBC #i[##l Google #7lfl), ¥ N TAKIE Fd 1/ B4k Bt AT 852, HAERIR/MA 0 2] 100.
SR, AR A AL 1246 F G B SREOR T 0 BOBTIIbR L. b m] WL, 240 5% SO SRR ) FUBATS
BN,

32 ARAMKERARIR

VA 2 2 AR A ST A S BRER NS MUK S M B 58 SEAR T SR I A AR IR

9) http://english.sina.com/news/china/society.html.
10) http://www.cse.unt.edu/~rada/affectivetext/.
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S e R B I B SR 1 SR R 43 ], A S AR B 2 I A A B R B, DURTEIR 3 MPA 2 A
AR SN E N e

SWAT #4t BU BT SemEval A JF IS SCER AL, K — P I8 B 1) 7302 s 2 11 A A 1 Ik
L 0T w FETE K e, EHIFF90 N Score(er, w;), FTAELE ] w; FIFTHIAREA H, ARER H £
I ey LIHEEEHCA Score(ey, H), N

Score(eg, w;) Z Score(ey, H (1)
H:w; €H
AR WL, SWAT FR Gk EDW IR e J7 20A B 2 1 A &) 3, 210 1 i IR g Score (e,
wj).
Emotion-Term (f&#% ET) 7572 5233 fKHEAN K Bayes 73 8% 1 AR AR BGn] 12 (1 A A 15k Jkin] St
A LI, B 1 K e, BT w, AR R AL T T a0 T
|(wj, ex)|
Plw;leg) = =———————— 2
aler) = 5~ T, eol ®
Horb, WRIIHMES, |w;,ex[ 2B SR I w, A e LU REL Kt HTF .
((wj,en)l =S+ cajrak, (3)
deD

Esrh, DEFAIES, S MEUNIFI R (EE L), cq,; RS dia w; BRI
W, 1 e RN AARER SO dAETE I e EIHEEL
ET J513:R F TR AL 2 400 1 v SO 4, 12 80E SR04 2858 Tl SCRY, LAR A ARAE 8 Fil
TH AR LK 659174 IRIEE
Word-Emotion ({&#K WE) J7 15 B BT M ORAL SR A TH 55 A5 A i) J2 1 2 A JE i . 3% 0] i 19 IO,
BeRE 1] w;, HIUEIRR e SRR S 0T 0 T

ZdeD €d0d,jTd,k ()
ZeeE Zde]D) €d0d,jTd,e ’
Horh, ERFTETEE (bE) MES, o0 8RS0k dPial wy HBEAXIIR,  ranm 2 e
1Y ATERS IR e ERIBEEERE, 1o, RRAAEERS SRS AFERS I e ERUSEEN, o 9S0RY dt B e MRS,

FAt v 7 T
Ed = Z(T‘LS/ Z rd’,e)~ (5)

eckE d'eD
WE JHEMR A TOBrR A 2 0E ) o SO &, 28R SRS 40,897 RBIE SCRYE, LR A A
8 T BhRas Y 2083818 YRR, T AMEE S (44 Shid . A BIESE) AT T3 SR
B¢ 131 WA T SRt 17 ] st ) AR B v 136 A I V] TR A IR 1 1 A4 A ] £ ] T S
REIAFTEE, AR A B s i RS € SR ).

Pleg|w;) =

3.3 FHEAXGFRONEMR

TR o> AR e S ] A S BRI R S T SR 2 AR I SRR T ek B s kg
SEACHE (R SR R 90 D A, SR A PR B BUR (K 2 AT A . DU IR R R 28 Ak f ] 1 A
J AR
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Table 4 The representative topics of social emotions

Emotion label Topic ID Top words in each topic
Sadness 1 Suicide, accident, incident, salvage, corpse, stress
Surprise 2 Award, kilogram, bonuses, snake, weight, cats
Anger 3 Suspect, judgments, public security, authority, rape, intentionally
Empathy 4 Work, sister, brother, disease, illness, serious
Amusement 6 Even, divorce, website, young lady, woman, actually
Boredom 8 Networks, college students, net, relationships, women, media
Warmness 11 Bride, wedding, groom, sisters, happy, new couple
Empathy 13 Hometown, head, black bear, regulations, euthanasia, surrender
Surprise 15 Lotteries, study, award, win, phase,record
Touched 16 Save, touched, insist, transplant, story, thanks

Emotion-Topic Model (f&i#K ETM)B2331 J&—Ffst SCRTEE 32 AN I3 SR dh AT A A ) A 2
HA BSOS IR

(1) ANSCARSAH R B0 23 AR A7 IR AR R 2 A v 7 A — O B

(2) IR B A5 2 1) 22 WU A op A il — N AE

(3) H R 7 1S 21 22 T 2050 A b AR Jle— A 1]

ETM XH 75 B354 ET J7vE A A B0AH R 48008 48, 4 15 308 mh A A I AR 38, sk 4
Fron. b, “RfEY AR - 4 A1 13; B mARER TS 2 F 15,

Emotion LDA (f##% ELDA) #AS B4 [RIFE S0 SCRTE7E 32 AN S SR AT IR & @ . TR
IR 1457732, ELDA RS AE il E 82 B0 A AN ] . 123 )30, RIS 5E 3R 2,,,, HHIUAE K ex 1)

SR EA TR
> aep EaP (zmld)ra

Y eck 2oaen EaP (zm|d)ra.e’ (6)
HrA g4, T‘d,k*u Td,e )2 XA = (4), P(zm|d)ygg{3\ﬁi’x*§ d, HPLE S Zmﬂg%’ﬁ:ﬁ£$’ Top ot T
wr:

Plexlzm) =

Plenld) = s, ™)

bR, ZRIAEENES, nd FoRSC dh BEBIRE N T 2, AL o ABESHL

ELDA R 75 E4ih WE J7 30 HI A R Bt 48, S b As B/ a5k n (RGRIE) 2
ARG, W 5 Fron. Horp, B 375 8 RER T, EEIK T AR ZRIAFERIERITE R Ak
TR S RN E F W 2, WIS R A SRR, X (6) THEAAm; <M
R 45 BIBUE N € ER 2, LA w, B SRR MERE, HAGTH

ngr + I3
> wew(nw” +6)
A, nfg;f%ﬂ?iﬁj w; BFRENFI 2, [IREL, BRAESHL
FUZ B2 A B LAY B 2 O B B 137081 RS B G e R SORY Y 22 3 R 5,

Plwjlzm) = (8)
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Table 5 Examples of the topics evoking social emotions

Topic ID Top words in each topic Distribution of social emotions
13 Help(0.004), Touched (0.004), hope (0.003) Touched (0.47), sadness (0.11), empathy (0.11)
126 Dog (0.015), animal (0.015), breeding (0.010) Surprise (0.21), amusement (0.18), anger (0.15)
212 Death (0.012), rescue (0.009), die (0.009) Sadness (0.27), anger (0.26), empathy (0.14)
219 Hospital (0.011), doctor (0.010), cure (0.010) Touched (0.20), empathy (0.18), sadness (0.16)
375 University (0.020), student (0.015), school(0.012) Touched (0.19), anger (0.18), amusement (0.15)

SCRS AT REAT L2 AL (off-topic) MBS, EAMEIEIIIE S B 5 A EBIFAMK, #7212~ R
SRR Bt HE DX BEHEAT H 53 1951, SR, b T 2 0 2 AR 5 SR ] A g B S 2 B LR 2 O S ey, B e
FE R By v S A s R I8 72 PR 2 A A e am] st FL i i 1) B Rz — . GBSk, A A E
T 08 T 7 G SORS ATV A SR R AR 390 S SR R o U 1 A Ak 17 e S TSR L TR
®ig.

4 #hiE

175 IR UR] B R B M I B A, AR SORE L 73 Dy SCAS AR U] SR 2 O A7 TR i) S g DK 23 BEAT PR %
T ICAAE AR LS O3, T e B R T R MR R TR ) SO R IR LA BT, AR IR T
AN AR B AR 1 R SRR VE AR 70 2 b BRI . B 1 - SOA G R A] St AR Ik 0 205325, LB RTIE
BB I5es B T A R FC. BN, Twitter 25 BT 5 Lin 1 Kolez 49 763 Hadoop
HI oAt G oy, 5 12 0] 5 7y 285 0) i B A U B BEAT ARV 7 25, SRR AT T 3 AR/
AR, N 1 B3 1 TR L ACSRBRTE, KR /N 1 B T SR 0 T AR B H S o),
JeE R TR SO RIE, RS TR T JE L R 1 At AR ST AT A DGR AT U R
A AR ] SRR AR T VR AR R (PR, A B T SO IR g 4142 D) R g 2R s U3 I A Ak
1 RAZ IR 5T

WE & B RUR B 2 FEAK, DL B ARTE B SUARMRITBOR (R T, 15 12803 B ke DTS T 18] BRI B 8 el MR 22
o U0 MR RN (SRR L B R 32 RS R I A TR AT R A, BRI AT
2 o3 A S SRR i LR O N 5 S K ) B 1

J!

SEHk

1 Chen H, Chiang R H L, Storey V C. Business intelligence and analytics: from big data to big impact. MIS Quart,
2012, 36: 1-24

2 Pang B, Lee L. Opinion mining and sentiment analysis. Found Trends Inform Retrieval, 2008, 2: 1-135

3 Godbole N, Srinivasaiah M, Skiena S. Large-scale sentiment analysis for news and blogs. In: Proceedings of the
International AAAI Conference on Weblogs and Social Media, 2007

4 Peng W, Park D H. Generate adjective sentiment dictionary for social media sentiment analysis using constrained
nonnegative matrix factorization. In: Proceedings of the 5th International AAAI Conference on Weblogs and Social
Media, 2011

5 Fellbaum C. WordNet: An Electronic Lexical Database. Cambridge: MIT Press, 1998
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Progress of generating sentiment lexicons from text in
social media

RAO YangHuil*, LI Qing!?, LIU WenYin? & LI JingJing

1 Department of Computer Science, City University of Hong Kong, Hong Kong 999077, China;
2 Multimedia software Engineering Research Centre, City University of Hong Kong, Hong Kong 999077, China
*E-mail: raoroland@gmail.com

Abstract Sentiment analysis for big social media data could not only detect and track public opinions about so-
cial events, political movements, company strategies and decisions in real time, but also understand users emotions
which are expressed through reviews, blogs, microblogs/tweets and other text. In this article, we first present the
progress of generating sentiment lexicons in text with subjective words from the writer’s perspective, including

the thesaurus-based and corpora-based methods and typical applications. Then, the progress of generating social
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emotion lexicons by the emotional responses of readers from the reader’s perspective is reviewed, which includes

the data sources, word-level and topic-level models.
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