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Abstract

Opinion analysis has grown to be one of the most active research areas in natural
language processing. If we can classify reviews and messages of blogs correctly, it will help
to analyze product and service competition and to realize the opinion orientations of the
people on public issues. In this paper, we propose an opinion orientation estimation approach
based on target finding and opinion modifying relations in microblog reviews. First, it
collects reviews from microblog and preprocesses the source data. Then, by extracting any
entity or aspect of the entity about which an opinion has been expressed according to opinion
modifying relations, we calculate the overall score of opinion orientation.

In our experiment on the 1000 movie reviews of 50 movies from Twitter, the average
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accuracy of the proposed method is 84.44%, and the highest precision is 88.89%, which is
better than SVM and Naive Bayes. This validates the higher precision from modifying
relation identification for opinion orientation classification.
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topics o Bt DABE F P AR By LB AR - BEE ARG (E ST et a)+ - A0
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Qiu 5 A [S]fs A & & S am BRI [201 42 19 5 Fam Hr ek HH ¥ am H A2 (target) K2 & FLGH]
(opinion word) - E5{#H POS tagging FE:~HVgE % - il E 2% target Fs#45d - opinion
words Fyf 255 o FiZa i Minipar[ 21T 5 FRV4ERS o afa A Bv45HE R E R
SLUFHY EH AR (75 oo MH B 8 M 5 55 ) R SR AR e Bl A+ FR R AT T SEHY H AR -
#1”Canon G3 has a great lens.” » o] 745 EfiENT1%£152] G3 —» subj > lens —» obj > G3
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B F4EEE R B 25T 2 LR (L SE - 45 (] Stanford Parser ST tweet Sl A BEAETHE
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> Username: % —{d Tweetfy [0 BEH S - FVARE @ FFoRRINE 70y Twitter
ID » —{EZtEEE 5145 AN - 4l - “@disc the tall man is such a good
movie.” o

>  Links (url): (& e {rtweetp 4y = §H4E - 5]40:“That Blade Runner sequel is still
happening. After seeing Prometheus, | was hoping everyone had forgotten about it.
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> Retweet (RT): FtaiEifEnyEE & (RIE Twitter REF—(E A = E1Ttweet - FLETLA
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L. w¥am H AR
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RERY R smEc ot - f5140:1 went to theater to watch Argo yesterday. Ring Ring Ring! | was so
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to death. » "film”ZF9HZ]HY target » “bored” &4 T 1Y VB » [ 5" bored”&E
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DL ERYEHGR % - # R Fi aFHEREERT Y B > I In the first movie Tony

Curtis’s acting is amazing. » (7] 7256 3 fElFE T + VBZ + ) » {HAE target finding B

4 E]"movie” 2 "acting” /Wi {[E target » "is"& VBZ - iEi¥ & =ik Bi{ZEfEE J) "amazing”
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NipasEE BT EIEE L T (R R Y g DU PR s i - il
The picture quality of Camera-x is better than that of Camera-y. £l 7~ FL# /S & AE A0
REE  EEis RAVLER G o FFIRFE RAVEERRA (5o & T 51 ZE[14] [15]:
1. JEEZELEEL (non-equal comparisons) @ ¥4 EiCLECEMERYIESS - #1400 : The VIA chip
is faster than that of AMD. » Il H 2 5 RAYLLE B IR R A - B @ |
prefer VIA to AMD. - @I+t 2REES R o FFIFIH POS tagger sRAEEZECELES
& 0 L R"IR” ~ 7JIS” ~ "RBR” ~ "RBS” » s 4550 ) Bllzal Ay ELseal - il Life
was harder then because neither of us had a job. - {§-F-§1”harder”4% % POS tagger &z
R"IIR” - AT, target BLEEECAVMH S &
» Target +JJR/RBR (EHzH): 7 JJR/RBR E 1L 40 Rl tweet ¥f[11; Target 2 /&
RIEHEHE » %5 JR/RBR Z&H B4R » Al tweet £f i Target 2 & i & HIEHH -

> JR/RBR(E ) + than + Target : 75 JJR / RBR 2 1EHI[E4%EE0 » Rl tweet ¥f[IL
Target 2@ A HHE » %5 JR / RBR Z2&HF4E5 » Al tweet ¥ Target Z&E
IETHEEHE - 5140: Why are books always better than the movie versions? - {511 » %5
movie f target - Aj i E ] better than” Ry A s LLEAK - BN IEEEHE - ELELLEE
BEA (R > ook (& "movie” - At LU A" movie” 2 & i & HiHYRHE

2. HEFEEEEL (equal comparisons) : ELEZHYBH(RAVAZ S BIRST EMHERY » 40 @ The
picture quality of Camera-x is as good as that of Camera-y. » {5112z HH Camera-x HY
MR anE L Camera-y —R4F o AR FSCOETHTE AR EFEZ - 75 tweet N2
HF"as + [FRIAEE + as"HiRAl > IR AR R R B4R 0 AL tweet #fE
target A A RE & (R HIRTE L S 2 » 25 BE R AR A0 R & B 48 5 > RIEE tweet ¥ [i target
HrREEAHHE -

(3)~ HEH

FR#E Tottie[16] » T YA ERESE (negative marker) £ 3847 fy = AJH -
(1) not &€ (not-negation )
(2) no &xE (no-negation )
(3) ARG E (affixal negation )
& ERERCHIEFIR—FTR -
Fx— - BEEE

not-negation no-negation affixal negation
not No (im)perfect
nor (inrespective
none (in)dependent
never (un)able
neither (non)functional
nowhere, nothing, nobody meaning(less)

175



Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

i Tottie (Y53 AT LASETR » not ZERI no EEAEA LBRSE AR - TGS E
(affixal negation ) HIJSE A2 MRS - 1E3A4575 EHIHL5E SentiWordNet A8 (E i 1)
WeRl > a0 perfect —» positive »  imperfect —» negative -
not-negation il no-negation HYRRER[17] - SefRIRSLAT/ M 4ARY T AT ENEERRA (5 R E &
B4 F5 24 &7A not-negation B no-negation iy » Ry fZ#EE & HI4E SR - FI40: |
don’t like this movie, the plot is so boring. {570 » {¢H& > Fi/ M 4B8HYFRBIAE” | don’t like
this movie,” 4]y ”like this movie”$% %l VB + Target WY {EHffRH % » BB IR IERIEHEATH)
T HEARERE U A ER - TR B IEmaHERN A TR g E A R -

3. BRET

Tweets {E&CBRTEEIHVEERBI (AR EEVIE= - SR EaHRI G o R Ry Bl 2 [HHY
PEEE T 2 2825 42 578 > 51400: In the first movie Tony Curtis’s acting is amazing. » {5+
tro FRET + VBZ + WY {EH(RE (% acting + is + amazing” » F(T gt EE R target
Z [EHIEERE R T RS AHHIRE SR - —HIl tweet A BEFFAERT A EMR(RHVFFE > FTLARREE
L8 1 B T B4 S B g A H e I tweet BN IEAIE 4G AT S - TR EZ 8w
ALY tweet o G s HAFGE T EEVET R

_ M , t. T
SCOfe(S) Zp*p_,—'ES dl:o‘,‘.:l_l-uf[:' E (2)

AT opef) s FHYE R T Fy#E i target finding Ak F] target HY 54 d(op;ti)
EAEA]T s PR R opy K GHVEEHE » so 2 EEfiF opyHYIF4E HEIA] 7780 HH SentiWordNet
141 - A ZUHY multiplicative inverse 2 &y 1 FIETEEf1T {26 target HYRTREM: - Z5FHEE
Az AT B H AU I 48 70 BUEUI - B4R tweet 1Y BB A T B)F 1548 0 B4R - B %
W 7 8RS tweet SR =J:

»  1Emi(positive): score >0 o
>  &ffi(negative): score < 0 °
> ¥ (objectivity): score =0 -

VU~ BB

(—)~ M E R

PETPkiEEAE 2013 A 2 H 2 3 H By 7 -HEEE s U e HAHRAR T A tweet o [ A5 A A8
EEHB R ETER—K > FrblEhe 5 Rtk —X - W HIH TR 2013/3/20 »
2013/3/25 ~ 2013/3/30 ~ 2013/4/5 J; 2013/4/10 - & H UL EE & K 200 Hif tweets - JHIELE R}
4a3L 1000 HIf tweets » £ A TAEREEERN tweet Y545 TH A(F B EBSIVEES % - H
5 NEEATIRGERE > A =80 IEA ~ & -~ B8 - S22 LA+ SEA-1 > ZFER
0 o Ef&IR=TEBHIEHIIIAE - BRZBBOIHTTEACHE G tweet HYFEEEH [ -
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(=)~ BhsE U 5

FAME TS )T 4 TR Y target expansion FYEFEGEIS 36 B ik LA SR Sc iy T A8
SVM K Naive Bayes 7338 75 A0SR » 43 pll & et B 1E & i K -8 (subjectivity) s amHYy
FEHE=R (precision) ~ &4 (recall) ~ F1 2 #EffE =R (accuracy) B 2K i & 7 /AR -

Hrr baseline FyARf8 Ea am HAZSEE > FrlA target B EEE AT > #EILARELERE
s B A SR AR R -

I RN Vi

Baseline [A] B target & Hi/0 > {15 recall ERaaFMmAS > HEEGE IR AE 5Ha
BB s N e - B e am iy target Bl gE L& A4 K B g Feff{# A Stanford Named
Entity Recognition T E4EksFam HAEEMNEE - 1A NER FifgHY 8RR — - £=
A7 e

2 ~ N A Named Entity Recognition Fiji& iy £ &8 5 am o SRR bhil

FEOE Baseline with Named Entity Improvement (%)
Recognition
Recall 0.38173 0.40315 5.6%
Precision 0.89247 0.90671 1.6%
F score 0.53474 0.55814 4.4%
Accuracy 0.57438 0.59594 3.8%

5,

EfEZA(H A Named Entity Recognition & 14 e 2 AH BRIV ~ i 5514 T M BA 45 o
{Etr S BRI AT N E A XAt g A target > ([HA A FIRBEEZ AR A
£ tweet > FTRURER D HY tweet AEE AR amER » WR AR EHE X B GEae
IR By target HYEEII1E precision ~ recall 5z accuracy & A fE71 -

2= ~ A Named Entity Recognition Fij{% iV 1E & [l 5 Fam 77 SR bR

=R Baseline with Named Entity Improvement (%)
Recognition

Positive Recall 0.402 0.41673 3.7%
Negative Recall 0.39483 0.41837 5.9%
Positive Precision 0.91224 0.92194 1.1%
Negative Precision 0.88563 0.90173 1.8%
Positive F score 0.55807 0.57400 2.9%
Negative F score 0.54616 0.57156 4.7%
Accuracy 0.58813 0.60956 3.6%

MR ZFT o B A B S EORORET i — TR S Y IE T (positive)
% £ Fi(negative) Y3 BE t A A TR -
A1 — R ZFT:  tweet HETR R 45 R BV 4 R — SE AT RAERE b
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NER FERRHUA 4 R B #4 gtk o] BE & P B R target [N LEAE precision S UATHHIAED -
2. SEEHIRE R

Ak~ B =P Fefor nlEREE £ 28 R S &Eam iy R » & K{EH O
F 15 BF - (RIRsPE T target A& & » recall 2 F745 HBHEARY EFF - precision AJREH E%
[ opinion target 34 IN{EASEARBAGE G M ZXAFHE T FFAVEEES - {H accuracy HY
E ARy kK (HrV8 N AR L7 - & K {EH 16 £ 23 Ef > target BIEE 2 AV AHRAE T -
precision {[32AE EIRFFE NREAV#EES > 1M recall WA EF- - Tl F1 score {T57A1EHF
%8 % - accuracy {E R Ry TR R A T B -

Subjectivity

-

P

N
vavvw

o

01 2 3 45 6 7 & 9 1011 12 13 14 15 16 17 18 19 20 21 22 23

=3 ==Y = = T = = T = B = =
o PLPLPLE RPN PnPU P nPio
O R IR LI B LALEN Sy A ~JLA D8 Lo

=+=precision =#=recall F_Score

& — ~ R[5 k B PMI ¥ = 28 5 am 4350y precision ~ recall J7 accuracy 522%

Positive

0.95
0.9 —#=t—y

bgs T
> ‘ﬂﬂ—o—o\

0.75
0.7
0.65

0.55
0.5
0.45
0.4
0.35
0.3

001 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23

=#=precision =#=recall F_Score

B = ~ R[E k{E PMI % 1F A& %8 73 5E5AY precision ~ recall 5 accuracy g22¢

IR ~ R T FFIERZEE] precision 2 NEHY - E 25N target - FLE 1)
T o T AR FE TS - %2 il BE Ay ) - BE 4 A B IR 7 {5 40 " Loving the music in total
recall :-)” » {jlH) 2 EaFam"Total Recall”;SHSE AV ELE « B+ HHHEIE FaE"loving™ &
@fii target "music” - {5 ] > 5140:” Watching Warm Bodies! :D right after i listen to my
5S0S playlist.... | have a problem... Im addicted to 5SOS music...” » ff]aj-HHFE "Warm
Bodies” Kz "music”iZ Wi {[& target » X ERI4H{ZEffER%: — Fy Watching {Z&fi Warm Bodies »
Z A HIER Fy objective - 55— Fy addicted {ZEfi music - Z 4 HET Fy positive - % 45iHE 78
HINAEAETIE tweet Sy positive - ZATTT EEEFEmAL A ST BBV S SE - FrlAE tweet &
Fy"objective” - BEIRNA TR EIE A FHIEEGRA (% - (E target A~ —E BLIFZ B ERZAHRE
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VU ~ A PMI (k=15)gii{&HY F 28 s am o0 SR L

FESHE Baseline k=15 Improvement (%)
Recall 0.38173 0.68176 78.6%
Precision 0.89247 0.85247 -4.4%
F score 0.53474 0.75761 41.7%
Accuracy 0.57438 0.79341 38.1%

R~ A PMI (k=15 AV IES

T3 ) SRR

IEEHRF R Baseline k=15 Improvement (%)
Positive Recall 0.402 0.70449 75.2%
Negative Recall 0.39483 0.67968 72.1%
Positive Precision 0.91224 0.87124 -4.5%
Negative Precision 0.88563 0.84963 -4.1%
Positive F score 0.55807 0.77904 39.6%
Negative F score 0.54616 0.75521 38.3%
Accuracy 0.58813 0.82732 40.7%
3. [

WFEANFR - L EFEE RN target FYELE - fF F R EEESG  EVE RS EE
Friest  [RERIERE iR B & s am B — el A 1R 2 B n] DIFR 2R » (RILTE
tweet HHEETR S S B ER L A RN am M ASERRE (% o

Fos ~ MMAEFEHRIR Y F 28 R bR

FEIE PMI (k=15) | PMI (k= 15) + synonyms | Improvement (%)
F score 0.75761 0.77374 2.1%
Accuracy 0.79341 0.80971 2.0%

WFLFTR > N RHET LB EmE SR N £ S aFam o B RE LA Frie Tt -
SR HE— R > A EE G A R AR AR Fam s - B DL e F %

=
FRERGHE T HIYAE -
F1 -~ FEIFES A& 2 IE & a7 SR EL R

EEER R PMI (k=15) | PM I(k = 15) + synonyms | Improvement (%)
Positive F score 0.77904 0.79307 1.8%
Negative F score 0.75521 0.76201 0.9%

Accuracy 0.82732 0.83929 1.4%

4. PFREEJT AL SVM K Naive Bayes Classifier 2 FLsgzBls &
FARIA n-gram 53R P PEDTRT » BRI S RIS Sm T seIde - B
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HE A AES - FffIEH unigram 1 bigram - HUEIEME n-gram BErEEEEES A
n-gram i E £ A 7 H 1 8 1% (Support Vector Machine, SVM) & H [X 43 %8 25 (Naive
Bayes Classifier)sk /3 ffraa#HAETT HBIEHE 73 H[18] » i fg bhie A 9E I3 /A DL R A48 7 A
i A AR B TR NS HIB 48 Y RER -

25 T B B 22 S5 IR AE target expansion {85 Named Entity Recognizer~PMI (k
= 15) &z Synonyms REF 73 BHIAER - (Rl - 12 fF 7L target expansion (S _Eait 774
BB T 5 B BT 055 » A8 SVM J% Naive Bayes 43 S8R LR -

W/ \FSA1 » TMIHY o3 7AESR{E positive ~ negative Jz subjectivity KRR EIEE(E
> SVM Jz Naive Bayes °

)\~ AT 7451 LibSVM & Naive Bayes Classifier precision FYELER

FRE T4 LibSVM Naive Bayes
Positive Precision 0.88893 0.72810 0.68017
Negative Precision 0.85392 0.69724 0.63694
Subjectivity Precision 0.87269 0.69378 0.63954
RUR AW IT 2 21 5 am B AR SR B3 2 [RIRVEERA (% BT A B AT R AR

A HErELE A - ATEERY B RiR - SO AT A i E nl sE R am Ay HAR » FrlAfE
recall HYRER &S SVM K Naive Bayes » #1FE L ©
1~ B AL LibSVM K Naive Bayes Classifier recall AyEE#ES

FRig T4 LibSVM Naive Bayes
Positive Recall 0.72718 0.88531 0.92423
Negative Recall 0.69796 0.87938 0.77431
Subjectivity Recall 0.71284 0.88157 0.90767

TEFRA1550 - AIRFETTER accuracy (B SVM » 2R By AEIFIIIEHESR - IR E
EmrhHy precision fz accuracy - AMHITRELT S B R R HYFFF € EEMA T - FEEY
s 0 G HAEE— i T E R e R I I - AmaviE@E A -

=+ ~ A5 7AEL LibSVM Kz Naive Bayes Classifier accuracy FYEL#R

FRi 774 LibSVM Naive Bayes
FEE Accuracy 0.82271 0.81673 0.78923
IE&EHERFEm Accuracy 0.84439 0.83439 0.81195

PR i

g SR — (EEL R am H PR s kOB R A B AR (2 (st am N B 2 2L
STEITA - MBS e ERELLRGE ARV EERE (7 - 58408 o 1 REAH R AR am H AR LUHIErE
ERMER - 2R B o AR - R EME— 2P opinion holder EZ opinion
polarity » & E{ERF I EHVE(LRA (R, EBINIEEEIEEVER - ERHE SRS RE S
sl ~ R 5 - E R B E IR SRR - R T REAH R H B M A Ak Y opinion
holder FYAERESE - DL E#REHE S TBE TR R G AR -

180


http://www-nlp.stanford.edu/software/CRF-NER.shtml

Proceedings of the Twenty-Fifth Conference on Computational Linguistics and Speech Processing (ROCLING 2013)

Twitter £35SV EARS - FEZLOPE CEE ~ fRAYJT=E Twitter 3%
ffii - AL A EEENE D BT E SRR R T & REE < f140: “shh identity thief, is it
good movie | gonna bring my Lil g Cuzco to DE movies, Rollin out Tass can’t wait till class
finish lol.” » HIFRARZ 5T R IRBALAY T FERIRIER Y7 PR iE R R EE - LR
EEAMEAEEE - Vam HARSE LS AZ BRI (% - P LG AT AN AERER - HRTHIZ AL
IEFHY tweet BZaPam B RIS - KRS E CBEEREN A A A TR AR ME
BHERYIFEITT - T8 E FE AR « DL EAVEREE & AR e RIS -
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