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ABSTRACT

Recently, product reviews is considered as a significant informative resource which is useful
for both potential customers and product manufacturers. However, an analysis of those data with
human often takes much time and be expensive. Therefore it_is more efficient to automatically
summarize various reviews. The high-level problem of opinion summarization addresses how to
extract product features and its opinions. Many previous works usually depend on the co-occurrence
of words. The co-occurrence based approaches are not sufficient to extract sentences which are
grammatical complex. The thesis objective is to develop an approach for extracting product features
and opinions that can solve these problems effectively. This approach is done by applying the
maximum entropy model to classify if a pair of words is a product feature and its opinion. The
classification learning process also uses the information obtained from the analysis of dependency
between a product feature and its opinion. On cellular phone reviews and digital camera reviews, the
experimental results show that the macro-averaged F-measure of the proposed approach for extracting
product features and pinions are 60.88% and 66.19% respectively. The macro-averaged F-measure of
the proposed approach for extracting opinion sentences are 79.43% and 71.62% respectively. The
evaluation shows that the proposed approach provide more effectiveness than both using nearby
adjectives and using extraction rules. This proposed methodology can be applied in automatic opinion

summarization and used as a way improving information extraction methods in other applications.
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(1) It has movie mode that works good for a digital camera.
(2) It is great having the LCD display.

(3) I bought my canon g3 about a month ago and i have to say i am very satisfied.

(4) The_nice thing is that it uses the SD memory card.
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by dturano547 (see profile) - June 15, 2007

Pros: Super Fast camera.great quality images as always from canon.
hi res screen for viewing images in all lighting. 4x optical zoom. Image
stabilization, very durable case, nothing feels cheap or flimsy.

Cons: Im not a fan of the viewfinder but it can come in handy.
controls were akward at first. no case or dock included. nothing major
to gripe about with this camera.

51 put of 52 users found this opinion helpful (see all 3 comments)
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Canon Powershot S5 15

by borgarma . Oct 09 07

Pros: Fast. powerful zoom Excellent video Macro to 0 inches Viewer bright and clear
Cons: Lens cap {arrg!} Product manual hard to use. Controls complicated for casual use.

Excellent camera overall with very good capabilities for a casual photographer {like me}. |
Kodak camera for 3 years. The canon exceeds the capability and quality of the Kodak. an
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5 of 5 people found the following review helpful:
o LOVES IT!, April 30, 2007
By ¥. Reid (New York, NY) - See all my reviews

REAL NAME™

I love this camera- small, compact and with a retro look! It takes great pictures- on a good sized
screen (1 considered the SD750, because of the larger screen, but figured the smaller size would
suffice for the [...] cheaper- I also get a viewfinder with the SD1000) THe movies are really up to
par- for a camera 1 was really impressed. It's easy to figure out without any instructions- very
user friendly. The battery compartment lid is a little fimsy, but that's easy to overlook,
considering that's the only downfall. I would definitely recommend this camera to anyone.

Help other customers find the most helpful reviews Report this  Permalink
Was this review helpful to you? [ [Yes.) (:No ] Comment

7 2.3 fedamsinsaidudgluuui 3

=3
2.2 msagUanuiu
< s = : 9 a da g a o
N15831/A21W1HY (Opinion summarization) 91NYOYANITINTUAUN Humsinsizy
=1 ] [ = ar ar a ¥ d Aa o a g 9
ANUMY TananiuNIzananuaNYuEAUA N ANURUNLABAMANYUZYOITUAT 1AD
° o ° a i o ' a a
SUNAUYRIANUINY amzmmuawaamﬂugﬂuunﬂm'lﬂ“l%'a*nu"lﬁamaﬁﬂszﬁmmw

< & . o < o &
Ty lmsagdanuiiuszutsnueendlu 3 aumang (30 2.4) Asil



Yoyamsionsal

o o a o
ﬂﬂﬂflﬁlﬁﬂBﬂlZﬁuﬁHlﬁ:ﬁﬂTﬂJlﬂu o

1

RO IAUVBINNUIN Y

U

naraanansagUanuiy

N

Auanuuzdum nuanyazdum

MUV fuau

" [ [Y =}
510 2.4 nszvaumsdmiumsaganuiy

o o = g A @ = 1 3
3% m‘iﬂnﬂﬂmaﬂymzﬁu?’ﬁsmzmmmuwnmﬂmanumzﬁuéﬁ Wunudmusni

o

o o o < 1 J o w a 9
dgdmiumsaganusiu TaslusnudiiewnowadaqudanyusdumlulszTon

o

a a [ =] § " W a A w o @ ' '
msInsaidum uazadannuiriuiiinenudnyuzduiiaialatiu dreduu

“This camera is very easy to use. The viewing screen is very clear. The pictures are
clear and good color. To compare other digital cameras we have used, this one is definitely

superior and we would highly recommend.”
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Digital camera_1:
Feature: picture quality
Positive: 253
<individual review sentences>
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Feature: size
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ANWsZANAD 25/30 111U 0.83 M50 83%

2. MANUABIASY (Precision) Minude anuansnlumsadaguanyus Fuduay

< ¥ v = o o o
ﬂ’nlllﬁuulﬂgﬂﬁﬂq UMITMUIUAIU

. . o o = =] 4 g
Precision (P) =  $1Wuvnsnadnyzduduazanumuiiana lagndesnnszuy

° o a < ! o 5
nuvesguanyuzduiuazanumy Nada ldnamuannszuy

ar " ] 9 a s/ J [ o = 9 =] 9/
fretnuru Mszvunadiunansoaiaguanyuzdumuazanumula
v . ¥

NINUA 26 9 1Laxuﬂmﬁnymzﬁuﬁma:mmaﬁungn#’{mﬁmm 25 § aned sTVUNN
AANMUNBINTI AD 25/26 NNV 0.96 1T 96%

3. Aoyl (F-Measure) %30 Harmonic Mean 11 uM3tnaumanuinosns ey
" =< s a = 9 =1 Vv 9 a 2 d A LY
manuszanlumsanaguanyuzdunuazanumudialoiu yathuviiounia

v
aNuUNUe Taus TMsfuIuaIAatl

(BIA)PR

F-Measure (F) = %
PR+ P

4 = o ot ar 1 o o ¥ 1 1
T B Aemmnadiwes Auaasdadiunud sz I9AIANUNBINT 1o

Y =

aanuszdn laoiall azldm g vidy 1 Medrausu Slimanuszanimiu 83% uaz
AANUINDIATANINY 96% F1uanuA1 F TAAT 2 x (0.83 x 0.96) / (0.83 + 0.96) WML 0.89

N30 89%
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2.4 madmunilszinnveya

msdmuntszinndoya (Data Classification) iumisuanuanyvesdoyaliogly
' A 1da o Y @ =] o o oy é’ o
nqunsanuanyhiinsfmualineu TasordeTuaanioutuitaenaieyunnmsi
e 1 A = ] d‘ 1
anaviiAvestoyadiunilanaounso1imsiSou] (Training Data) iFunuuuitaasiisiu
' @ o = é o 1 lt:!.'cu L] o ar
msisouiniludaduun (Classifier) Faeunsonnnunguuesdoyalminds limoinnia
w Y o = 3 3 o e 3/ ' VoA
viany 18 TasiimsufSeuivudeyariunuguauifvesdununluunaznuiany e
daduleanuilulil1dvealszinmmiomnamjveadoyalmi wu Jymimsdadulalu
' ¢ | a o 1 1 v e
msiaunoad Twanisiinne Ae @u'ld (Play) view@u 1314 (Don’t Play) uaziisvaziduaves
1 4
Youa A 1WrTiunIn (Outlook) MY (Temperature) AIMFY (Humidity) oA IMZAY

[ ¥ ¥
(Windy) fvzrinnl#lumsdadule duasumsswundmnsanaas lddegili 2.7

Outlook | Temperature | Humidity | Windy | Class

rain cool normal true ?

Classification

Training data Algorithm

e e T

Outlook | Temperature | Humidity | Windy Class Class = Don't play
over cast hot high true Play

sumyy cool normal false Play

sunny hot high true Den’t play

71 2.7 msdwunisziandoya

@ ad o 9 = and a s o " [
Tuieptiudimsiuunlsznndeyaivawitddinanmsmhauuandmsiuoenly
1 )
laun
1. fu'lidadu e (Decision Tree) U35 lumsswmundszinndoyaludnvmzves
] td
Tassadredu i Tassznou ldongildlumsdadule msswundledu lidaduleil
o 3 9 A o o e o 9 & rasy dy 1
annsomnnudn v Idhoiomouiudsnsswuntsziandoyauyudu uaismsiaiu
Tngag lisessvdoyauvuaeriios
L
2. Tnssvoszamiiioy (Artificial Neural Network) DWUFIUUI0INLUVTINDY

o 4 Aot dy;s o ' a o
msmnuesausayud Tag3smsiiarwdudeunnninitmssuunlszinndoya
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A ' 3 clv v dan Yo ' o 9 ] a
wuUdua Aoudhann wennnil wadwin ladwnnaemsmanud lwazonaeatu
add ::lyeﬂ s — 1
755 199InYNI38n71 Black Box
3. nyprasannieziiu (Probabilistic Model) (4353 swumlszinndoya
ei o s ] ' ] 9/ a - ] "
fordonsnmsvesnnuineiiu awnsouisgen 1A 2 dnvae Ao arninziiug
4 1 ] o 4 o ]
(Joint Probability) #uflunnuheziius wiusening 2 mamseliazamminzidunuuil
4 = i 4 o A o @ dw w j -
{#ou'ly (Conditional Probability) fimamsai 2 mamsal Hanuduiusiuludnuuziinaia
A " a S A A ) 1 a ¢ A aa °
wieliifaveanamsninilsiinadeanmheziiiuvesdnmgmsainiis Jmsduumlizian
‘ﬂ' o L] L] " é L
Joyailduanmsvesanuinzilui szqniEendi Generative Model 4414 Naive Bayes
: o @ as ° iq 3
Model (NB) 1182 Hidden Markov Model (HMM) 1313513 munyszinndoyainls
Y ' ﬂ = d' Ill = L = = g = uly 1
wannisvesnnuutunuvuiineu 1y 92gni5und1 Discriminative Model %3 1At
Maximum Entropy Model (ME) i8¢ Conditional Random Field (CRF)
& ¥ HMM taz CRF Hhidtnsswunlszinndeyadmivdeyauvuiioadny
ABITID4 (Sequential Data) taz lun1sMUMILITTUNI TUARIAN TEMssuundsziamdeyai
Y] o ' 1 = P = r=} wa A Yo
oonanmsvesnnuieziugm Pel) (Iagh x Aeusunnsoguantanleswun uaz ¢
fie MuIANYYINITTIIUN) dednansdmmanuieziduioszih Iduuudaesluns
o g = 1 A& o 9 d.. o ar ] = d'
Suunldnadnizmssuundsziandeyaiiodondnnsves anmuhezidunvuiitouly
o ﬂ 9 @ o 4 a 3 o ar =] a 3 - ‘i‘_l
P(x) $niludesord x $1uruinn Falidedrda luanmwanuitluaiswesveya vaumson
laa o < 4 o 1 ' LY
N35M3dunszinndoya Generative Model #ldmanmsvosnnuieziiuson sz malu
M3 uundn3smssuunsziandoya Discriminative Model N ldManmsveInuiieeg
uwudidenly (117 luilagivIdimninaueitms uundszaandoyalmiinauna
1145211719 Maximum Entropy Model 12 Hidden Markov Model 11 Maximum Entropy
2 ﬂ o o a5 o J o o 9 ) o o
Markov Model (MEMM) Gaitluiuusiassniyssansnmunniud miutsyaniuissinay
.
ADIuDY [12]
d
ms3seiiamnsmihdsmssundszaaninldlumsiumndeyaiuiuniehidlug
o a g =1 A 3 o a o = o o
AUANYULTUANLANIHAY TaodonlFuvusiasaundiumen Insthiludrdwuniszan
é — o dl _ =) — A H -
mr‘ﬂm‘ﬁmsinu.uﬂﬂszmm’fayaﬂﬁﬂimmmm%ﬂuaﬁuun“l%'uﬁi]ﬂgwﬂuqmmw’ﬁumi
Yszananan 53 1w Jyvimssiiunuiadi (POS Tagging) Jyninissuun
0 - g = f - .
1521nNYDAN (Text Categorization) YN INTANAUNIUTZYUIY (Name Entity Detection)
' : & o o ¥ aa a a
wazdayminmsuasdau (Parsing) iinannifudiswundsziandeyaniiszansnm
b v
AUANUIAUVDILLL 1D Aofuuuuiiaesiainins ey T UNAII SN
nnn1lszanamanuinziuveslszinndoya o luudazusun b 1aq 18 nazlurnm

ﬂ = = a9 Yo ar @ [ = ad oo dy 9 ]
anuidhueis viumilddmsumsafagmdnpus Audwazanumuluamddol 1dua i
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o w o o [ a o 4 J '
dumavesnnuduRug agszinnanuduiusvesguanyusduiinza UMy Fuoy

v w o o a da v Yo R = o
ﬂuanymwaaﬂiﬂummsmw‘lﬁummmmﬁuﬂwmmmsm WUANUHAMADWLDSY

v
e

MInsawveIdayauIn Wl liansodszanamanuiinzidlu pla,b) iunesala daiu
o e ﬂ.l =4 A = ;
wuuiaoawndiien TnsTFFuuafavesmsuanuanuuainaus wwnwnnwadig
'3 e o i o g a .’: A lq‘: w A
wuiassliiidnsusimitavemudomeimimuaiitog uas hinsdoduiivgulag
- v ¥ & a dn ¥ o £y ! ' ﬂ o |
Aordudemoniei il Mldmnsolsznumaimnieiu plab) vouwviaesldedn
v A A a ar ﬂ a o - s’ ¥ o o a a °
Widedenas Indinsstuanudusianaiiga msivuil ldimsiadseaniamlumsiuun
ﬂmﬁnym:ﬁ“uf’n’wua:ﬂ'.nmﬁuumﬁ";ﬁmuﬂiﬂsaﬂiwﬂszmmﬁummzﬁw’munmffmhw'w
dll. o = = T o 3 ﬁn'; | =) o
Wonimsn/Souiieulszansnmdusuuineamndiven Insi) swazdvaminauslu

UNN 4

2.5 Tnsanedszeanminey

Tasatiolszamifion Ao Tumanandiamansdmivilszuonadeyadio
AoUTIMDI A0 INmINNTEIMMsTIMINad MY uDINYYE Aalszneuda
wadlszam uazqarszamilszam udazadszamisznoudan Ausad lodszam
yiudh Fadhumfoudnnin uazlodszamioon Fufumiloudnheonveasad
dmsvlnseodszamiouiianuansaluniseaiizliuuy (Pattem Recognition) taz
n3gUuIuAIM3 (Knowledge Deduction) IFUIRLIAUANUTINTDYOIAUB LY M3IToUF
voalasevhoszamifionazGouinnganisaeu TasmsdadeyadundedndiGondy
M3 1A30U (Perceptron) T 1n0sdnumzysradysyamluausIve Iy HINAAIAY

510 2.8 [13)

“

BN
F— = |0

17 2.8 meFnlaseuveslasselszmmiioy
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v a =1 deo a o a ¥

ma‘é’amﬂmauﬁvauvgmﬂunnmmmmunﬂ udaduminasmFaduveIm
WIMIN W, W, Wyye, W, YVBIBUNA X, X, Xye., X, wazifSvumounas WA UAUALLY
(Threshold) Taudwaz i ldfisuAumvauiuenawa o ildeziiu 1 nazdili hifuada

v o 0

HUADIANA O v -1

at a &4 1 3 ar & - ar Ak

0ANDINUNITUNINTLVIWYOUNAY (Back Propagation Algorithm) [12] Wudanesium

-

=) A = ) n"f o 1 D’ o
foul¥TEnialumsSoudvoalasainlszamifounarsdu lumsusvanhminludu

—

4 ' ' y I % v ' o ] o
Founoszna TnuaIiminzean oM IMAIAYDIMAANDIATEN TIUIANATDI IATINION

1 L ¥
A ldduednaithmine Tnssiindseneudiodu 3 4 fie $u1iud1 (Input Layer)
¥

¥ v
FuaU (Hidden Layer) 1Az HUHAAWS (Output Layer) @A 1317 2.9

a ' < & & &
51 2.9 Tnsannlszaminsunasdunuuninyuseu

o o -2 1
2.6 MV UUMVADENNIY
F9WuNUTDE13410 (Naive Bayes Classifier) 11u35 8 muniszinmdeyani

a a a4 d'dg = ¢ A 9 o -

YsgAnsmmisnilaninugmunmgevesnd meaisuvuiraesieglugdivunnu
v o o e ] = o - o - T 9 ar ad Y

iy Mswunwdedisiwlidanediulumsimaun hisudeurazmmnziunsdinvoya

o LW ) - way 1d 1 v & a o g9 ¥ v °
admet T uINAUaigu A hivudeiu Saiimsth ldsygnaldaudumstuun

Uszinndonnu auydli 4, 4, 4.4, Duguauifvesdios x mssuunvoaiiumn

¥
widetanoaas lddsaunistnaarail [13]

vyp =argmax P(v,) xl_[ P(a,|v;)
v,eV <
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Tavft a wemmsiluawosguenia 4, uaz v iuavenssanniuiluly 1dvos
AI0UN x

@ ' Yo o g 1 o Vo ar a o

fetamsl¥msuunudoisholumssuungiiduguanyasdudiwazanuiu

auyAdoyadietadeudmiumssouiiudoinsionaaiiimsei 2.1

M9 21 Medudeudmiumsdoudiudeiiolumsiuungiilugudnuazdui

Mauanyuzaum MAnuiy dunns Uszian AR
AnuduRuE | Aanuduiug
camera bad NNIJ parent yes
camera slow NNVBIJ grandchild no
picture good NNJJ child yes
battery like NNVB child yes
battery good NNVBJJ grandchild no
camera slow NNIJ child no
picture good NNVBIJJ grandchild no
battery bad NNVBJJ grandchild no

auyANAIBI1INABINITS LN AD  [battery, good, NNJJ, child, ?] TaoW ¥ = {yes, no}

AWITOAIUIN

n
vy =argmax P(v,) x| [ P(a, | v,)
7 e
N3t v,= yes 14

TR Y 2 1
P P(batt P d P(NNIJ P(child = X —X—X—X— = —
(yes)P(battery|yes)P(good|yes) lyes)P(child|yes) S e 52
n3di v,=no &1
P(no)P(battery|no)P(good|no)P(NNJJ|no)P(childjno) = Exzxlexl ok +
Sogic 55 5 5 7%

3 ]
Foiuld v, = yes munoanuihdieindesnssuunezgnadaiuilugaudnyus

s <
TUANIDSANUINU
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o n'.l =
2.7 npuasuunFienInsy
" ¥V
Lmnmﬁumﬂmﬂgnﬁmms:qmﬂ%’ naziuauens s 1au Jaynes [14] Tu
3 a1, 1957 Togtiugniimnlgedinieunaduilymivesmasuundszion Taommzigym
L) A - [ ]
Tumsdsznanansssund ssaansovouaieuiuiymiveamssumnlszon 14 wu
HymimsasomvenwavealszTon (15)016) Jymmsanadomume [17) uazilym
o & o v o o
matmisunuadt (18] $ludu nszummshauvesmsiwunszinnsidumsdszuna
L . . _— ; Ll s -
A nuivziluees “Usznn” v5e Aad (Class) @ MAAYUTINAY “UTUN (Context) b
o A ' ' I da = 3 o " " “
iufemsmim pla,b) (191 udotielsdaluanmaiuilueia Jeyaniiegin hitivaneiiez
AnsefIaMAn Mz uAERT w04 plab) 19 1HBI9INAIVEILTUN b UNNILY
Laziianunainnats Sadeamismne anannsolszanumainiaiiu plab) 110
[ w o & des 1 a o Y w - -
YoyadusianioginuIny auaz b I ndiRsstuanumiueianniga
upuirassuundiineu Instidluuuuiiaesninminzduiimsaiauiaeslu
Snpugiilumsuonusanvuainane I Idnnhqaniiezdu U 14 Tasuuuiaese:
° A | e - Aa ) TR N - o ¥ 4 a A 1Y
$rapamndsmmdeiieesiauaniiog ua hidsdoduivglan Meaudemonienhii
ar o a o “t " N ° et o Yy =1
HareFonanMIvesunF ey Insd nafe nvusimesnavzi iauewInst
- ] ' a A & o - Y A2 v o A Aa
n3emnu liniveugenge diofinsannmuldineu lvidludnaastsdemeesaiiiog

' = ° 1 4
ﬂ'llEl‘uT‘(li'd H a1u15nﬂ1u1m1ﬂﬁ1ﬂﬁuﬂ15

H(X)=-)_ p(x)logp(x) .1

2.7.1 MSINUVBINDIFA
. ¥
wandAglumaihauvewusaswndiueu Instldmiumsinnonu
- 9§ =4 a dAa v oA o 4'|. = Y o o i o ar u’.: o o
do mslddouteesanegiosmuaiou lviidiudeteiuiuuuiaes dniu wadns
o o oA fiar b "o Yy & v o a 4
msivesuUSaeseranse iy dusgiuanumnsalums ldngdemesim
4 ¥ @ b o Yy d a & ¥ o A 'i‘.l &
Aoadesiuiamniug Tanialluds msumudemens niedeyandngm ety
v o A o v a o’: o 3/ o o LY 4
Forasuiuuuranaldlunmsaadulni munsom 18Taomslsfendudhsiadoyn 7
{30n71 Contextual Predicate 30 Feature
¥ [
8 4=1a,,...,a, | thuavesnma Amuaiiduly Iveswadns lumsinne
- i o " ¢ o
waz B Humavesusimindh 1180 nms daina 17 Contextual Predicate tarauiiuilanidu

3 o ;
Tadail

cp: B — {true, false}
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1 A = = 2 1t = ¥
A1 true Y150 false HUNODINTITY ma"lum’fagamml be B 1auinuo4 Contextual Predicate
a o d ag v J Voo o s 3 o a A
{cp,... cp,) Milutlsz Tomivzil lAvannanovuegiuilym dmiumsunuvamasaune
& o @ ° n’: _ 9k & e
i lufafunus1aeeiiu Contextual Predicate 920 191Uz uunves Handunuanuiia

4 4 @ { 1
(Feature Function) wﬂu"lum?ﬂaﬁsﬁu (Binary Function) ﬁ“lﬁ'ﬂuﬂu 0W30 1

f:AxB {01}

Hd

o = A
AU D

=

AmatA (Feature) 1o vxgnuaaaldlugluuuilanduqaiml

1 if a=a'and cp(b)=t
ffp,af(aab):{ if a=a'and cp(b)=true @2

0 otherwise

o o o e 9y o @ o o ' a o o
Taovia ) anduguanidszuaasldinuinnuduiussgniuiuniuwanisinng

s '

§1001391 MINApIMsUIZIuAMULSIA03 pab) Tavh a1l Yszanvesgnuanyus

a 9 = A A - {I ' a a 9 o I{I "
AUAALANUIAY HIY 2 Usziam Ao L u@'ﬂmﬂﬂymzﬁuﬂ“lﬁxﬂjflnrﬂu Loy \th. ug

(Y = =1 = £ 2 1 o o
AudnuazAuduazanuiy uaz b iJun3um fe Syntactic Relationship 331319 ABINTS
° ' 'id.] 1 ar =9 o A 1 v - o~ v o dwo
wneindugaadnvazduduazanuiunio li Tasdmaaesmiinnuduiusiulu

1 o o arey
sl (Parent Relationship) aunsaaiaflan Fugaaunid I8y

1 if a=YES and Syn(PARENT ) =true
0  otherwise

Jop(@:0) = {

2.7.2 fethamsIvmndsaeninst
o Y d” a ] b aw | e o s o 9
Tuiadetivzuansdleiienms 1suundiiuen Ins nuilymmsanaguanyusaun

=1 ' 1 aa a v o dd a é’ " o o ' (Y
uaxmmmuamuwwwmsm‘uwmmmﬁnwuﬁmﬂﬂmuiz'ﬁ'mﬂmmmuﬂuﬂmaﬂymz

=1

a v =] - o v ek " ar a 9 4 a
AUAUIDTANUINU AD n‘mnmwmmﬂmmwuﬂuﬂmﬁﬂymzﬁumuaxmmmum

=

o w da o s g 0 1 o = o 1
AANUTUNUD ﬂu1u ﬁﬂl-lmSﬂ'J"lllﬁ'llwu5l!.'U‘lJWﬂ5]3ﬁjuﬂmﬁﬂHmgﬁuﬁ“lﬂgﬂ')']ﬂlﬂuﬁilﬁﬂiﬂ

4 3 o ° P - o &
Alesidua Tavimualiysgiimansel (Event Space) A {1,0} X {x,, X, X, X,p Xpr Xg} B9

b4
=

= 9 o
Holdas
@ e
x, = ANUAUTUFUUUQN (Child)
x, = ANUFURUTUUUNO (Parent)

v o o 4 e
= mmﬁuwummuﬁﬁm (belmg)


CLP-16
Textbox

CLP-16
Textbox
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x, = AMUFURUTHUUNAIY (Grandchild)

Xs= mmﬁuﬁuﬂmuﬂm (Grandparent)

x, = ANWFUTIUUN1eN (Indirect)

1 = Wunudnyuzduduaza e (Yes)

' @ a =1 a
0= "lmﬂuQman‘umzﬂu?’huazmmmuuﬁﬂsa (No)

yinflymmainnodsnan dumsusnussanninaiiuson e pla,b) e
a€ {1,0) 402 be { x,, x, X, X, X0 X, 100 X, X, x,, X, X, 10 x, Hudodunain lifas
d o I L
(Mutually Exclusive Observations) (1A 1 Uag 0 Li‘luwaaww'lummm (Mutually Exclusive

=1 a - v [ a =
Outcome) fmswderiiensah Sgimaiezilugudnumzduduazaimuiiu 60% nidlu

o - 4 e T e T 3 - o w 3 A
ﬂmﬁﬂymzﬁuﬁ"luﬂ&'ﬂ’.l'mmu‘mlmﬁd “ﬂl“ﬂ%i@u’t’hﬂ'ﬁﬂi‘lﬂﬂuwElu1'll1.|~'lﬂ1.l1ﬂ flo

p(1,x)+p(1,x,)+p(1,x) +p(1,x,) + p(1,x)) + p(1,x,) =0.6

y Ve ' o = o 3 o a
ilosnngimazifugudnuuzuduazanuiuimus 100% suugudnsuzdum
-1

Y a ' [ a g d a4 ¥ a w q’: - 9
HAZANUWIHULNDG uaz"lmﬁuf}mﬁnymzﬁumuaxmmmummim AIUU iNvlﬂ

> pla,b)=1 vufe

p(1,x))+ p0,x,) + p(1,x,) + p0, x,) + p(1, x,) + p(0, x,) + p(1, x,) + p(0, x,) +
p(1,x)+ p(0,x,) + p(1,x) + p(0,x) =1

° 1 1 ' : [ - 4 v @ do
nsmimmouh gimainaiugudnvarfufuazanuiuidanudniusiuly

o v o oA ¢ d  da o a g &4 e »
Snvmzanuduiusuuue fnlediFudiseiiunudnyuzduduazanumuiinieie ild

5 1 ' 3
Taomasmaumsusnusanmnieiiu p iinanioldiden luns 2 uaasdamsediaas

plab) |1
x; b 2
SR L e
Xy P v o
X4 4 iy
X5 o 2 '
X g i
37 |06 04|10
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¥ [ 1 a 4 4 °
seituanuiziiuluudazisasamnsodu ) ldunnnenawanvi I aums

v
s 2 1Huase Aoty

p(1,x)=0.1, p(1,x,)=02, p(1,x)=0.1, p(1,x,)=0.1, p(1,x,)=0.05, p(1,x,)=0.05
p(0, x,) =0.07, p(0, x,)=0.03, p(0,x,)=0.04, p(0, x,) = 0.06, p(0,x,)=0.1, p(0,x,)=0.1

E)
p(1,x)=02, p(1,x,)=02, p(1,x,)=0.05, p(1,x,)=0.05, p(1,x,) = 0.05, p(l,x,)=0.05
(0, x,) = 0.04, p(0,x,)=0.03, p(0,x)=0.1, p(0,x,) =0.06, p(0,x))=0.1, p(0,x,)=0.07
n3o

p(1,x)=0.1, p(1,x,)=0.1, p(1,x)=0.1, p(1,x)=0.1, p(1,x)=0.1, p(1,x)=0.1
p(0,x,)=0.07, p(0,x,)=0.03, p(0,x,)=0.04, p(0,x,) = 0.06, p(0,x,)=0.1, p(0,x,)=0.1

1 o ar a o : a1y o ot
ﬂll'lﬁvliﬂﬂ'lll mfmanm‘smmunnmnm‘auT‘nsﬂmmmnmmmm‘numimmmu‘uu

o ° ' ' § a ' o 4 a = a da
ainaue Tasmssmuamanueziiufivsiamigiu e suiemenndomeesani

" e o ] ' o or cl"
o Mimamninaiulundazvad dudsil

x, |01 0.0667
x, |01 0.0667
x, |01 0.0667
x, |01 0.0667
x, | 0.1 0.0667
x, |01 00667

33 | 0.6 04 |10

muldnsoumsmauveanannmisuundduou Inst p(1, x) + p(1, x,) + p(1, x,) +
p(1,x)+ p(1,x) + p(1,x,) = 0.6 vzgnivnrsanIfidudoulviiedy dmivmmanue

(Expected Value) 'umqmﬂuﬁﬁ /,

E,f,=06 2.3)
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lﬁa Epfl = Z p(aab)f; (asb)

aefx,y}.bell _0}

i
[

uaz £, gnilowl@dail

1 ifa=l

0 otherwise

fl(asb) :{

Ao UTeinge p(1, x) + p0, x)) + p(1,x) + p(0, x,) + p(1,x,) + p(0, x;) +
p(1,x,) +pl0,x,) + pl1,x) + pl0,x) + p(1,x,) + pl0, x,)= Iazgninsaniviiudon vy

dmSummanziuveInuaua f,

E,f,=10 (2.4)

Il

iiio g1 p(a,b) f,(a,b)

aefx,y},befl,0}
fy(a,b) =10

1 g @ [=) = \
AmananunnMsdunanuaia £, 3o E; £ 0 0.6 1azA1nHI0IN
Ed td ]
m3dunanuaniia £, w3 £, £, fio 1.0 nindofimuaiia 2 il wdoamuuuiraeiiiiuly

anidou'ly Tuaunsi 2.3 uaz 2.4 i IdaAuen Insil HE) lagege

H(p)=— ) p(a,b)logp(a,b)

aefx,y}.befl,0}

o ] P ¥ v ' 4 [ d’
‘infm’Jatmmﬂmﬂ'nuu"mztﬂualuumamaa L‘;jl.lﬂﬂu

p(1,x)=0.1, p(1,x,)=0.1, p(1,x;)=0.1, p(1,x)=0.1, p(1,x)=0.1, p(1,x)=0.1
(0, x,) = 0.0667, p(0, x,) = 0.0667, p(0, x,) = 0.0667, p(0, x,) = 0.0667, p(0, x,) = 0.0667

p(0, x,) = 0.0667
o Yy = o - ar n’: o VoA ' o
v l¥aouTnsil He) fifqada fio 24651 dniu msinnehgimahendugudnyus
= =1 § = o W [ @ @ ol U a =
Fuduazanuiiuinanuduiusfuludnsuzanuduiusuouvesziugudnpuz dui

4 a4 ¥ a
UAZANMHAUNUNDIY 10%
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o a nll = = d'l
2.7.3 uwusrasamndthneninsiiuuiienly
w ] 3/ o oo = o 9 A =1 Y1 A 9
nge1ams 1y uwndiuou Insiluwidedosiivhuu muldiinsly
A Y a @ 1 o 1 0 as - o Y o v Sfdll 3  w a a ;g
douluderiaiuud 2 i uadmivymadudeusuiludeal o lvdorirunnniu lu
: ﬂly 9 ag ¥ e Yt o 3 - o = =
nsfinpasatl auyAlinuauianldi k @2 19 ae 4 Ao wamsiue uag be B AOUTUN
P o Y A ! 5 o ' d a A
Fannsodunald dhvue Ao desmsmaisznadmiuamunihezdunuuiitouly
o ° a0 = oA = ] A
p(ap) Tavuuuirans p* vowwuiraswwnddmen InsTuyuiideulviimnzaniiqa Ao
wuaesfnmsuenuamamningduiiimany Biniveugeiiga Tandu e
+ ¥ ¥
GouludoilAuns k A7 vuAmMAnIBYDIRMANIANIYNA [19]

ey o c; d' L = o =:|y
auaua k @ idudow lvisay seiigduun el

Eﬁf.f = E.fo (2.5)

o 1 <=j<=kuaz E, f, iD MMANII0VDI f VauUUIIa0d p

Tao E,f, =Y. pb)p(alb)f,(a,b) (2.6)
a,b

Taoideulvde a1 E /. AsamiumnianuionInmsdana (Observed Expectation) E; f;
Py J P<J

Taw E,f, =Y. p(a,b)f,(ab) @2.7)
ab

die 7 o mauneziluenmsdauna n3o Empirical Probability Distribution Y89

L4
]

ar " o ar =) v & o ar
(a,b) VUYAAIDUNTINITUNTITOUY Feamnsomuon lda

1 & a & ey
pla,b) = N * PIUIUATIN (a,b) Lnﬂﬂu‘iu‘qﬂmamq

[}
1 -

o 9 w 9 =] A Ao IllSJ o o ﬂ lllﬂ
uuu$1ana p szgndnsassnudemaiaiduna 1a naeio Luusaos p i luaw

42’ o o 9 @ 5; ar o v:d =l =l o
Gaulutfany k o danuanluaunis 2.5 ndnmsveauundiueu Insl wmentuuIInes

L4 v » [
p* v P voanuuiaesismuaiidiu ldanntew ludsiu i liswewInsil HE) geqa

P ={p|E,f,=E;f,,j={l..k}



22

p=arg max H(p)
H(p)= -y p(b)p(a|b)logp(a|b)

W P Wumavewwvsiae sy lamdou vty nndnmsveunaiy
wuInst) WidenuuuiiassiiliaueuInsl Hp) qqa: p'= arg max H(p)
peP

¥
o =

Taw p* A ladeil

f(a b)
" 2.8
Poax (@] Z(b)ll (2.8)

Tay Z) =Y [/ 2.9)
e

e z(b) Ao mdalszneumam IfiiuyssiagIu (Normalization Factor) W 1
4 " =Y o °
dhldawiouls Y plalb)=1 uag e, fio Mmsinesveuuuing lav 0<a,; <
" 4 o o o ar ' o o Qe 4 1 dy - s
o uAnzm a, wduiusiuudazilnduquania [ i a, fionvweaeiowiluainag

:’ o o o e n’:
mﬂun'umﬂaﬂ‘lmf}mﬁunﬂuu

2.7.4 msdszanammnniines
gmiuSilumsdsznuamniimesveauuuiasamndiuen InsTiiufidoud
2 5% fie daneinu Improved Iterative Scaling %30 1IS AL 6and3 N Generalized lterative
Scaling 138 GIS dmSudane3aiu I1s iinvzifailyminsdu (Overflow) winn1danesiu
GIS uenunil GIs deilszAnsnmunand 1s 20] msAnyluniafi 196anesity Gis [21)
Funszurumsivmdhiilunmsdssnamwinimes {a,,...,a, } dmiv p* [19)

Tausanosny GIs Amuaiionly 1o (a,h) € AXB o

k
Y. (ab) =C (2.10)
Jj=1

o

0 y
uagmn Lidlu laudeoululiidon 4 ¢ inmsldyadediadmiunmisiGou dsiife

C = max Zf(ab)

aeA, beF
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uaz 111in151M Correction Feature ﬁﬂf, o 1= k+1 Ahld
k

f(a,b) =C =3 f,(ab)
j=1

¥ b
dm3udues (ab) 199 £ szuanmennilenfuguaniaou Taolidrlddas o flac
d'l = i ; o 9 o - W o Y
i € ansodiannnnd 114 uenvindl Gis daldfmuaauyig1ih dmiuyn

o .Y a0 3/ o o wa a
l'ﬂﬂﬂ'l‘imﬂzﬂﬂﬂuﬂu’]@uﬂﬂ 1 ﬁ@ﬂﬁiUQmﬁUUﬁﬂlﬂu‘ﬂia
3f,: f;(a,b)=1

= o

¥ ¥
JUADUMIAIUIN tazlsum a, Yp30anas iy GIS Haail

0) _
a, &}

J aJ E(”)fj

E, ], = S FO)P” @l5)f, @)

1 !

(n) (m S (a,b)
P (a’b) = e (a ) ¢
Z(b) 1,1 :

" - L3 y n’ 4 o o’ -
ﬂ'i3U'Juﬂ'l'i'ljigu'lmﬂ']WTi'llllﬂﬂSﬁ ﬁlzﬁuqﬂlﬁﬂ‘ﬂ'lu'Juﬁf]ll'ﬂﬂ@ﬂ‘ﬁ’)u‘ﬁ’lﬂiﬁﬁ’lﬂ“

o ¥y A A a ) TR ° A a VY oA Ve e
mnuﬂ"l’a “5ﬂlﬁﬂﬂ1ilﬂaﬂul!ﬂﬁ~1ﬂﬂ§ﬂ1 Log-llkehhood FIUIN AD llﬂ'l'iglﬂ’lﬁiﬂ‘lﬂﬁlﬂﬂﬂﬂu

") a 0’: d’ Yo o o 4:, " = 4
msgiunniga lumsanuingaiildsam 100 soudmivdugamsisznunmines

T
2.8 M3UIAIU
' A a . A '
MIeEIY Wi Wada (Parsing) e Matanuesdulsznovveslnssadiaszlon
= o ° § o
Tavl#ng Taonsal lumsdinaizise Ton uazdmuaTnsaadhadsz Toaawi hunsiszy
a o a a o o 1
msdnsei Inssadrase Ton wnilumsimnzimanuduiusvesdmlsznouluisz Ton
" e o 4 o - o o o o o {
lavimehiidunlszsmnnznssuvesiinin nazmanuduiusveshvnoiaziign
" ] ¥ el

vo1o Taoia 1 Tassadravenss Tonvzumudaoguldu lifduddudu datu nsussdiuis

dhunszuumsidumInssadiavonlse ToannngIinszidsy Toa uaz Tsunsuin1d
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o s ] =4 3 o o :sy 9/
dmsumsussdiuilsz loagnisendn Wienwes (Parser) nseumMIMauveallsunsuiivg 1%

1 4 a v e 9 1
"l';mﬂim“lummw (Context-Free Grammar) ﬂanm‘n"lﬂmnmimeummﬂﬁﬂﬂm:uﬁm
Tugivesdldisdau iteudanudniusvesiudazilunlsz Ton wu @l
dsesunienssuveanso srladmineeemou dudu Aediuruy MsussaIuves

o

W52 10R “The battery life is good.” Tav ¥ Wsunsumuaurlesamaianes (Stanford Parser) [22]

wadnin 14 uamalugin 2.10

ROOT
|
S
T S
NP VP

DT NN NN VBZ ADJP

| | oo |
the battery life is JJ

|
good

= o ddy X o
17 2.10 wadns A ldnAmsuasdmvesilsz Ton “The battery life is good.”

gt 2.10 Fvugalugdidouumudodydnyel s uaasialszTon (Sentence)
Hlseduiuaas Tasaadraveass Ton Taouvailuaesdanu fo (1) wnd Fumuda
NP sznoudlodnimiiin unudao DT Hazaodioi iy unudi NN uag (2) 30193
Faumugao v Usznevdaeiinin uazfudn Taovia lmatinveamsuvadau o'ldh
dugdnuunsfumgiuumils Taomsfum Inssadase loaidu Tamng lonsel

133nanq og 2 350 [23]

5 .
2.8.1 M3IUVITIUDINAIIVMUY (Bottom-up parsing) (HUN13AUM TABITUIN
o o db A ﬂ @ o s’qy R a o ' ¥ -
Afmvsatodudydnyaidudga QnUNUNA0TTAYBIA1 13U Jane §AINUAIY NAME 130
°o_ @ ° 1 = o [ o @ o o
ate gounuA0 v Taodidmyiyndnzgrunuiidaosiiavossioumue nawiniulddydnuel
fiegiladhovesngioumunguaiiavess 1u NP unuil NAME #30 NP unuiinquaiiaves
v 3
81 ART N hliSeuqsunsevianudydnpal S dwansludrediemsusdiuyselon “Jane are

a hamburger.”



Jane ate a hamburger

= NAME ate a hamburger

= NAME V a hamburger

= NAME V ART hamburger

= NAME V ARTN
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(rewriting Jane)
(rewriting ate)
(rewriting a)

(rewriting hamburger)

= NPV ARTN (rewriting NAME)
= NP V NP (rewriting ART N)
= NP VP (rewriting V NP)

= S (rewriting NP VP)

2.8.2 M3HVIAIUIINVUAIB (Top-down parsing) ITumMsAuM Tavisun
@ W fa Y Y A "y @ P ' v W o
wanualisudu s udndoulnidredydnuaiioglavvesny wu dyanual NP VP T
o a o = ] o v @ [ H:
dAnyal NP VP ansodouumy 13lmidu NAME VP faunsenadadnuel hidugenn

{ o W c‘a’u’ o w d o | o ' [
nunuidedydnyalduganionfn faansludetnamsusaaiuilsz loa “Jane ate

a hamburger.”

S

= NP VP (rewriting S)

= NAME VP (rewriting NP)

= Jane VP (rewriting NAME)
= Jane V NP (rewriting VP)

= Jane ate NP (rewriting V)

= Jane ate ART N (rewriting NP)

= Janeatea N (rewriting ART)
= Jane ate a hamburger (rewriting N)

¢

2.9 Tennsainamn

- 7o ) @ o et A )

nouammansinaumngnadilaninnmaasitiyuuesluiolns i
' 2 24 = Af e a’: 3 o o
muslunuumaelsEneu (Constituent) Fuduinnfaiuguilmauaaiiolonsal
b4 =Y o i & Ada A 9/ '

Tnseadng uﬁuunmmmﬂmaﬂﬂqwmmunnmiuﬁaﬂﬂimﬂamyuﬂmmwu'm
é or ] G o é 1 o H o o
WIW1 (Dependency) TugnyuzvouniotoanuFuRusIUURIMITEn AR us mdn uas

o & w o & o o o = e 2
ATHINT ﬂTu.l'ﬁllwu'ﬁ!HJ']JWQ‘W’Ilﬂuﬂ')'lllﬁu“uﬁllﬁﬂﬂ')ﬂ?ﬂﬂﬂnu'lﬂi (Asymmetric Binary
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. . ' ° o 1 ' ' @ ' 4
Relationship) 3¥¥19M1a03M1 A30n31 120NN (Head N30 Governor) HOZHUIUNINI

(Modifier 3o Dependent) [24]

X A unienan
P

' 4
B X B iiunuloianves A

= o o 4 [
A UANUTUNUTD “x” NU B

P e Gl Ty vl yoil kbl o
Auaaziannsativuieian 1aunn Ml (¥ big black dog W big U0 black
' 4& n‘r = & - ' o v I3 = 1 ar
Humitofanives dog Tavia i nguimsiamezdohdudazilulsz Tunvziimisondn
o ] - " ' w o o ] o ar o & = ac
I@ifamizifvr na Tasagli anuduiussenhedmanuazdmanlunsdilnail
o aat i ' ® o v A g o < a o ' o A o o
Snpmzaail Ao uaazanzilusmdnnie hifudmanvesdnd Tasuaazinziidman
= A o ] s s o A& 3 " é ° o o 1 c: 4
Muanitlady nazfmanaunsadfinemn ldnnnimile AMIe0193UN 2.11 Fuaas
w w & ] °
ANudURUsUUUNINTEr 19 1wl 52 Ton “The movie mode is also working great.”
{ o i o A o ar o 4 - L} é
ninglit 2.11 Midusemansaidudindnvesiitug Id Sufadumulsnsiam
(Chain of Dependency) Tausianuduiuiuuuaien wu Uz, n3o1ga, snhmihu,

' = = 1
TIURUIAY LAz TIUVY

nsubj
det nn advmod
EG 7Y i

The movie mode is also working great

u km:o/mp

aux

H @ o o & ' 3 N
U0 2.1 mwduiusuuuiemsenindlulsz Toa “The movie mode is also working great.”
-3 o - v ( " .
SmSuanssoildllsunsuauauresamimaes lumsuvsaauilss Tomwon
w o o & o da 1 %
AIMUAUNUTUUDNIN HadWIN 1a9Inn s uLse 1on “The movie mode is also working

-~
great.” 19
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det(mode-3, The-1)
nn(mode-3, movie-2)
nsubj(working-6, mode-3)
aux(working-6, is-4)
advmod(working-6, also-5)

acomp(working-6, great-7)

[ o &
wadns N Idazuanalugiiuy abbreviated relation_name(head, dependent) i)
damilsznow 3 dau ldun
4 ' a a d 4 1
1. ¥980U09A W FUNRUT (Abbreviated relation name) H110HIF000VDY
o @ o 1 1 [ ' 2 ' o o
ANMUFURUTTEN I INUINANIATHURIN 13U A1 “is” uazi “working” Tuilsz Ton
o ] A d:ﬂ' L o w dA 4 =2 - 1 s
dot19lug1i 2.8 vxliFedouoannudUTUEAD auwx FINUWDINTUIFIY TWITNYTVAZIOUA
b4
Talumanuan a.
" ar & o o ' o ] o o d &
2. MUIUNEN (Head) MINUDIRNDGAUNIGNAT LHUANUTUNUSULUHIN
L\ o o o U d. o b = 1 o
5ENA19 A is” uaz “working” Tulsz Toadied191ugii 2.8 A1 “working” Ao MuIuMAN
VOIAT “is”
] & o o (] ] o as o
3. ¥1U2UNINT (Dependent) HINBHIMNBYAIUUAIWUIQNAT 1FU ANNTUNUT
4 . 2 . 33 2 . g ! = L :
HUDAINITEN I A1 “is” ez “working” Tutls Tondantalugdin 2.8 /1 “is” i nuw

& o
WINIVOIA “working”

=
2.10 soulnlag
ar = o aw b
TuilagiiuoouInlad n3on2Ine (Ontology) Tdgmin 14 lusmddonarwaau
v = a = = VY
wu Sniyanlszavg Sranssunnnd uazaudunslszananusssuma g
o e =g Y a 1 dy
fiiowanuninuvesesn Inlad Bvawoanumine dee i
ar d a =y Yo a a4 oa ar o s
Wndssejesalada Tadmuaizeon InTad 495 nAnnn onto 5IUNY logy
A A L ¢ A [ o ' ot
At onto Manuiadaniiieg uaz logy Mnelsmans Wesmiuvzlinnunuien Wluenaasn
J = l:‘ E!’d " ] d’ =) = - lﬁ‘ =
nanddaiiieg dauanunusduveseou Inladeeminena fouiidumamsuazll
¥ o I o ar d A A Aq 9 o 3/ a da
mstszmeednaFaudavesdiminionuifan g Uszneu lduwavesnuinani
MM UANNUNIY LazANUFURUTVBUILIAA A20d1900u In TaliNuINUAK HaAIA
319 2.12 [25]
wanmsveseeu InTatzidnyuzadofunanmsieiag mslFeou Inlavil

¢ o 4 o ' a a 4 ) ar
sz Tomhin i lennumnoiiassfusenhanpdtuasufiuaes nazamnimihnauun s
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¥ ¥
g 1880 daiu luilegiufadimah liszgadldnuluanduaeg Tdud maduu
td
msaumst Msswunlszinndenny uazmsuaniv itudu uenainil dalimstheeu
Tnlagunaolumsudilaywisman 18ud Jamdmmsazildenn Tav W naz Liv [26] 14

o =l ) 9 o ar ] = dd' 9/ J dy
woouInTadwrslumsagddennudmiuinmagsne eouInlaohaisyunuuiuey

Y

=

Suvouwannofuuiin T vazinaueesuInlaslulassairedulsl Tasldeouinlad
a @ 3 : o o '
lumsfinsamidedesiidundnlumail1¥agidendny vansnaaosmudn msldoou
=0 q ¥ @ Y = 1 4 v Vo o
InTagimI¥msnniadedoslunsagdiinnugndosnniu uaz liduegiuanuivens
¥
winiadedemniu fymdmmisasdoyarninendis Boufaden [27) TdtheouTnTatusielu
i b
MsthonuNIY (Semantic Tagger) ¥oeA UM I NsAdaymiulinuMUMULAL
é’ 9 o ]
andeanniu g lumsdunidoya Gao etal (28] Thhwou nTadidhanyaelumsdu
ad doa g - ¢ o W LY Ay oy
asmumees Tsunsumds uduiudmiviinszianunusvessmanuazdoyanaula
o o da w 3 dy o
AT IAnadwE AT R UANUABINSIINTL HONIINTINAD Cheng et al [29] 1doouInTat
o ¥ . Yo o e 1 P T )
1 lums Swwntszandonnu eudilymimsldmnuanameiuuananodasounuanu
o A Y o Y - v £
Mmldmssuunlsznndennuiinnugnasanniu
Taovial eouInTaduvseonily 2 Yszinn Ao oouTnTadna 1y (Generic Ontology)
ﬂ; J Q‘J 1) o A "
fatrsvumn1dauiall 1ldmmzmzesnvilymlailygnmie iy CYC, WordNet uag
i
Sensus 1iudy pouIn Taduvyiidniivinalva 1iaswazidua uazadieldein eouInlabon
g ;
Vszinn Ao oou TnTaduuuyusgiu1amu (Domain Dependent Ontology) 08U InTath/szian
.: v £ A ¥ o A o b | = '
fafeiuuielfmmzmzanuilgmlailynivi daiu swlinnuazivoaunnn
' ¥
oouTnTadi 'l fussulunisesnuuuiazadueeu InTatse hifinasgm uaneagl1d
fatl [26]
o o o' ~
1. dwmuadagilszasdlumsidoonInlad
2. fmuaveuvAvoeou Inlad
3. a¥sooulnlad
] ar q‘: dy 9/ = dy ' as A'l ] 9 dﬂ;ﬁ
dmiumsanyinsail 19oeuInTaduvuiuegiu Tawunesounilayviluniding

nsldmifuandeiulumsuaasisgudnyazdui
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310 212 Aredeou InTatifvanuim

ad ar o = ¥V o
2.11 IEMsananManyMsaUAIazANMAY
msagdanuiuianuuandnnmsagidenimiall fie msagUdendwil
ar & ﬂ” o o 5 @ =) ﬂl
Jaguszasamoagdonnulidu nizdu uazldlinnundniddiynindenunAuni
' d aw s A o @ ¥ ¥ da
Ao wamsagdanuiiuiliaglsyasimoagUanumuauideuazduniiniuan
anuiitundeyamsInsivesgnndinaunn mmdiuRsfunsaglanuiudau
Tngezdhmsfnududeyamsinsaldud Tavszshmsagdanuiiuaunudnyuzves
= £ 3 = 9 =] :‘d " [ - n’: F &S =
Au wiounaiimsseydunnuiuniidenudnyaz duAniuae Wennsandaymly
< ¥ ' @ o o A [ o P
msaganuiueda wuh Jynimdniiddngie Jaymivesmsadaquanuusduduas
4 e o = A o g4 da o =
anuruniirenudnuuzdu ileannnsananumuniaenudnuuzduilu
¥ L L ¥
- a Y ' "o o LY o
msInsaiaudniu szdwadotunoumsszyduanumuiugaie dniu msagUaanniu
silszanBamadioslmiu wiuegiuanugndsamielszaninmlumsanaguanyuy
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Fuiuazanumy
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2.11.1 FEmsafnguinyar fumuazANmRLYe I NUINHIMIN

]
= ¢

aTsiRmnIimIadaguanyuzuduazanumiuiiinegudnyus dum
a [ [ - & ' Yo 9 an [ 4 A
wisynmMsananuanyuzdui ddu vz ¥ msmedmadd udrdumanuriun
Fuiusiunudnuazauinadald 3msildluanifvidunamnsoagd1ddei
2. 111 3§ﬂ1i1§ﬁ1ﬂmﬁwﬁ1nﬁ'ﬁu (Nearby Adjective Based Approach)
1590904 Hu and Liu [2] feidlunuisousniiymiinaisedmsagy
b

< - da as [y [ a o g
anuwiundeyamsinsiaui ImsanaquanyuzduiuazaNuHuYeINUINYTl

uanalanagui 2.13

POS Tagging

y 4

Frequent Feature

Identification
BT

Feature Pruning

il

Frequent
Feature

— Extraction
i Oplnion Word Using Nearby adjective

Opinion Word ’J

4 aa [ o ~ < = e .
14 2.13 FmsanagudnyuzdudwazanuiulunuiTorss Hu and Liv

an ar o - o o, ° a @ a
Fmsatanuanyuzdudmazanuiuresisns ldmauiwnlndiu wiEunn
o @ o o o o = 4 o ° o
msmiiumnam uazimsadagudnsuruddlindnnsvesmsnnguesi diila

a = A o o a 9 a W
finnudlumsdsinggeszdenilusuaninudnyuz Guda (Frequent Feature) NgnAAY
1) A = [ o n.r’ S o e )

Tnguansnnuiy Fginsannndnnuiazunind aniuiinsaiequdnyusduives

¥ ]
3301119 Association Rule Mining Tumsmauanyazdud TavszAnsaunnanuily

e Y a0 | L A o 9 A - L ] 3
m3sUsnguosiidifia1ganiia Minimum Support fifmua 13 fie 1% viiehdniuily
] v ¥ ¥

audnyuzAum udnihmsdaqudnvuzduii hifinnumuoiazisidouns ndsnana

o = ° [y = k= Th w o o o dw
audnyazdum 1dud? wihgudnyuzduiinada 14 Tl adananumuiduiuiiy

v
) o 1 o &

Y = o’: - ° a o o A o
audnyurdudniug Taoldmsinsandmguinilndiu Felivdnms 1 Muaannumu

' Y ar [ a gy od o o o Ry o e o oa o e
%:ag‘lname]ﬂmnHmzﬁumﬂuﬁmmmmuuu A5NITUT ﬂﬂﬂ1ﬂmﬂﬂ“ﬂﬂg1ﬂgﬂuﬂu
° - - o a 2 o s malet v et o A @
mmuﬂsaum?ﬁmﬁuqmanvm:ﬁu?ﬁ ‘Hi'lﬂ’lflﬂlﬂ“'nil$n1ﬂu1ﬂﬂﬂ1ﬂﬂ1ﬂlﬂuﬂmﬂﬂﬂﬂl$

¥
=

- wv = o [ o ¥ o
ﬁ’uﬁ’TN‘LI 51Uﬁ$lﬂﬂﬂ']ﬁﬂ'l‘.iﬂﬂﬂﬂ'ﬂumuﬁnﬂiﬂll’dﬂdllﬂﬂi
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FOR each sentence in the review database
IF (it contains a frequent feature, extract all the adjective words as opinion words)
FOR each feature in the sentence
the nearby adjective is recorded as its effective opinion.
/* A nearby adjective refers to the adjacent adjective that

modifies the noun/noun phrase that is a frequent feature. */

o ' o o a o a o an o
FretmsadaqudnuuzAudazanumiunns leamsinsaindosaia
1. “The strap is horrible and gets in the way of parts of the camera you need access to.”
2. “After nearly 800 pictures I have found that this camera takes incredible pictures”

[ [ = o o ' u‘:’ a o
ﬂ'ﬁﬁﬂﬂf]ﬂ!ﬂﬂﬂm:ﬁuF’hllﬂzﬂ'ﬂlllﬂ'l-li]'lﬂﬂiﬁTUﬂﬂ']ﬂU?ﬂ‘ﬂQ’ﬂm WITUIINNITANA
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(1) The battery life is good.
(2) 1 like this camera.
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pictures-9)}

. complm
msub) amod

I have found that this camera take incredible pictures

\_/' nsubj

L L) é =
nnded1lse loa 7 have found that this camera take incredible pictures.” ¥}
) » 4 -4 o W . » 2 I v
“pictures” IHURMAAINUANYUL AU 102 “incredible WuA AN N NAIMIg
ot - o o ar [ n’)‘ © @ = =
WunuAwivoAdAIUANYME “pictures” muumuﬁmﬂmaﬂymzﬁuﬁ “pictures” 931}
e o o ' o o =1
ANUTUARUTLUUWONUAWAAINNUNU “incredible”
@ @ oy e - i < o e d &
3.1.2.3 ANUFURUSLHUUAIT04 (Sibling Relationship) 11UANNTUAUBHDUNIN
1 as = d o o = g & 1 o a
::'n'mqmaﬂymzﬁuf’{mazmmmunﬂmaﬂymmuﬁwLmzmmmuwawmmumﬂan
Y ar - = o 1 i 1 a =1 & 9 0
Aorunanadeglii 3.4 ) TaoanuiuwimhidudanAuaululse Ton ldun advmod
(Adverbial Modifier), acomp (Adjectival Complement), ccomp (Clausal Complement) 102
as ] a da A as =
xcomp (Open Clausal Complement) 190619152 Tonms 3nsaidumnnguanuusduduoz
g = o e & P E 1 = da 9 r
ANUAUUANUTUNUDUUUNUD wuse Tond9saidun “The pictures some time turn out
4 o ar o & o s d’
blurry.” Faiinnuduwusuvunawvesi lulse loadall (det(picture-2, The-1), nsubj(turns-5,
picture-2), det(time-4, some-3), dep(turns-5, time-4), dep(blurry-7, out-6),

acomp(turns-5, blurry-7)}

nsubj
i acomp
The pictures some time turn out blurry
M P L
aux det ep dep

™ ) 4 o
1N200191)52 10 “The pictures some time turn out blurry.” ¥a% “pictures” {HufuaA

%

a o o & n’: ° @
AU ﬂumzﬁuﬁ’? uag “blurry” Lﬂuﬂ]llﬁﬂﬂﬂ'ﬂnlﬁu FINIFTAINUANHUS “pictures” DY
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AUAANMUIAY “blurry” DRMANAUALINY WAL “blurry” vmhiidlunsniirealvee
AMARINUANYNEY “pictures” iy fuanenudnuuzauR “pictures” Ssinnuduiug
uuuAesfus AN MY “blurry”

3.1.2.4 ANUFNTUBIU]61 (Grandparent Relationship) 1Hunmwduiusiuy
ﬁamﬁ:n'haf;mﬁnumsﬁuﬁmaxmmxﬁufr"m'nmﬁuﬁawmd'wﬁwﬁﬁqmqmﬁnumsﬁué’ﬁ
wanafagUi 3.4 (@) Tasanmituimdhiiiludaussoniedmudvmnysaivoadaui
wwqmﬁnymzﬁ uﬁw éa'lﬁ'ufi amod (Adjectival Modifier), remod (Relative Clause Modifier),
acomp (Adjectival Complement) 1ia xcomp (Open Clausal Complement) Apu191lsz Ton
msinsaauiiguansusduduazanuiuianudniusiuuld: sy sz o o kas
movie mode that works good for a digital camera.” %aﬁmmﬁuﬁuﬁmuﬁqumﬁﬂu
ﬂizTUﬂﬁﬂﬁ" {nsubj(has-2, It-1), nn(mode-4, movie-3), dobj(has-2, mode-4),rel(works-6, that-5),
remod(mode-4, works-6), acomp(works-6, good-7),det(camera-11, a-9), amod(camera-11,

digital-10), prep_for(good-7,camera-11)}

nsubj nn rel det

It has movie mode that works good for a digital camera

dobj rcmod acompw

o 1 é - o ] o
nnfetasz Tondall “movie mode” WunmAnuMEAUM Uz “good” iufuda
=1 A o =1 ° — [ o 1 o
AL Hefuaaannuiiiy “good” MimihiidiudnuAuAuvesd R A
»
AMANUUEAUR “movie mode” AU fuansnudnuuzdu “movie mode” 343
o w o WY @ e o
ANUTUAUTHUVI N UAUTAINNMAY “good”
o o d = > v o &
3.1.2.5 ANUAUNUBHUUN AU (Grandchild Relationship) ﬁ]ummauwummu
& ' W - 4 A o a A ' o o -4
Hawszninquanyuzduduasanuiuigudnyazduiimanmnisdiniananumu
o P o =) ° Y A ] a a -1
HaAIAzUn 3.4 (e) TﬂUQmaﬂymzﬁufhmﬂmmi‘lumsn \YDITIUANAVUASANIUIH UL
° H [ = 4 a @ a = &4 '
ymhadludududunaumdainassonie #1141 ccomp (Clausal Complement) 1o
xcomp (Open Clausal Complement) #06191)5¢ Toams Inssidumnquanyuzdudung
=1 or ar " J
AN NuFURUTIUUra 1w Usz Toa “r's great having the LCD display.” i)
o o A o o ﬂ’
anuduwusuuunawvesi lulse Tondsil fnsubjigreat-3, It-1), cop(great-3, 's-2),

xcomp(great-3, having-4), det(display-7, the-5), nn(display-7, LCD-6), dobj(having-4, display-7)}
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nsubj  xcomp det

T

It's great having the LCD display
cop dobj

o " A - o o3 o
ndaetase Tondall “LCD display” WunmanyuzAud uay “grear” 1fus
A L] o - 3 i 1 — 1 o
nanan Y i uaasnudnyuAudnimihidunssuvesd nuduman dau “grear” W
v [l b
wihfiiludau@uanlulse Toanaumas “is” dntu fudaquanyuzdum “LcD

=4 o o e o o
display” A NUFURUTHDUMAUA R IAAIN IR “great”

5 Ny

Product Opinion Product Opinion
Feature Feature
(a) ANdUTIULGD (b) ANUFURUT UV LD
Product Head Opinion
Feature

(c) ANUFURUTLUUNTDA

N R e 0 Ty O ARG

Product Head Opinion Product Head Opinion
Feature Feature

w o o "Wt o o d
(d) ANNAUAUBID U (e) ANUAUNUTUVUNEIUY
d. o o d a a 9 =1
3U% 3.4 sziananuduiiuivesguanyus AUALBZA NN

3.1.2.6 ANUFTUT UMW (Indirect Relationship) AudnyMzduA AL

< "W ve o T e P P
anumu 1 1dnanuduiusnu Taoasanulssnnanuduiusng 5 Uszmnninnaiim

o o o o - o o o =
Uszinnanuduiuivesnuanuue Audunzanuiivlunsafaqudnuuzdui

¥ ¥ "
uazanumun g luaniseiionnsoagy 1ddmnsem 3.
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Qs o ﬂ'
UsznNANUANNUS

Aaiu

HuVYN (Child)

[y = " o & o
f]manymzﬁuﬁ'uﬂuwmumwammmmu

HUUWD (Parent)

o 1 o [ a
ﬂ')'llll'ﬂﬂlﬂu'ﬁu’JUﬂ'IWQW'\ﬂﬂlﬂﬂ‘HmzﬁUﬁ']

HUDHI04 (Sibling)

s a d & " o o @
ﬂﬂ-lﬁﬂ'Hm5ﬁuf’?\"]liaxﬂ'nlllﬂu‘ﬂﬂﬂ‘lﬂu')ﬂﬂ‘]ﬂﬁﬂlaﬂﬂlﬂu

HUVHAIY (Grandchild)

o a <4 Voo Ad
AudnyazAuMNamisdinana iy

uuuﬂ.m (Grandparent)

A ' o dl A o =
AnuuiamvofMANagudnyus dum

HUVN19DDY (Indirect)

o L

audnyaiz Auduazanuiiuhilinuduiuiiulaoas

3.2 NIZUIUMIVBINTANANUANHULTUAMAZA MY

o w = o - ay ©
nszuamms lumsanaguanyududwazaroiuluanidvl [duuuiaes

= Q.J =) A o = ar o !& A
!luﬂ‘ﬁﬂﬂlﬂuiﬂiﬂﬁlnﬂ'ﬂﬂ’ﬁ'nﬂ‘i'lz'ﬁﬂ’l'lﬂﬂNWUﬁfllUUW\lW'l °1f~'lﬂ'lﬂ7']1.l'll€)\1ﬂ'i$ﬁ'l”ﬂ'\‘i1u

@ [ - =] ar - ' ' =l 1
miafaqudnumzdudnzanuiuaadsgii 3.5 Taouiseen 18y 2 dau fio dauns

- ' a o ) =1 R o =
3ou3 (Training) uazdumsananuanBuzFUAMAZAMUAY (Extraction) Aali5wazidun

aeluil

Product

Training -V oo

Reviews

Pre-processing

Classifier

o aubi

E E Extracting ------- -,
: 4 & : :
; Learning Feature i Pre-processing :
y Extraction i :
: * 1) :
' ; :
! U {1 | PairCandidate | !
E Training Maximum ': i Extraction :
' Entropy Model b :
4 = R :
: Pair Candidate 5
' Classification :

Product Feature-
Opinion Pairs

T AR L

: o w = =
314 3.5 nszuaums lumsanagudnuaz Audnzanumy
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3.2.1 aUMIIEU)
1 dy ' - d'l ¥ a o t; L] o ar
TudauiidludmveamsiGoudmoadsdriwuniiveldludumsadanuanymy
a v o o o ' ¢ 3 o a v o - ' '
AUAULDEANVUINU mamnLunmaammﬂuﬂmannmzﬁumuazmmmuwiﬂ'lu 111’&’”11

¥ " ¥
msGouiilFuuineuundiueuInstlunmsGoufiluiduun Tavtunouludnves

td
Yo A

v ¥
msisoudinia1didhy 4 Yunou (310 3.6) uansswazidoa ladsil

Product
Reviews

s

Pre-processing

4

Dependency Relationship
Analysis

I§!

Learning Features
Extraction

-

S

Training Maximum
Entropy Model

T F (e o
Classifier

e

a < ! = ¥
51N 3.6 Yunonludiuveanisisoud

3.2.1.1 mamsoudoyadmiumsiSoud (Pre-processing)
u’: qy 1) = da 9 & = o (1:
Tuduneuillsznaudiomssiswilss Toamsinsaidum saluinninusi
= a ad a d = & ' ' |
¥msinsaiauidiannseiindgluuudase S InajidhnlszToav Tulimsuad
- s 3 o o ' 4 o . @ =)
Sersaleoniudruuanuasduaudadaniiegi 3.7 udnhmssifuguesnudnuus dud
4 o a’: ° = o
wazanuiululse Ton mufnaasdiomsuiudududuilss Ton aimiunideyamsinsa
a — ° ' Ao o o
Fudriisaus s ldumihmsussdauss Ton luanidsoii ¥ T)sunsuauauresanimaes
dmiuuasduizlon Tavnadwsn lAnnnisussdiunansdegyli 3.8 uag 3.9
a s o o & & ' = ]
32012 ﬂ'li'Jlﬂﬂ:'Hﬂ’J'lu'ﬂll‘wuﬁll‘lJlJWQ‘NﬂHﬁ’Jﬂﬂ’lﬁliﬂN§ (Dependency
Relationship Analysis)

L4 ¥ v
Tuduaouiisnihisz Toamsinsaiduiindmsitheiiufguanyusdui
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] ' z - o o =
wazaNuiy tazdmsuendinvess lsannduasumamiondoyadmivmsisond
a o o o & o 9/ ' o o d
ninnzianuduiutiuiavesi lulszlon Tavadadumolsanuduiusuuy
& 1 g/ ] ' [ a o o
flawuie I udunisseninguanyududazanunu nazimualsunnves
@ o o " [ ) o (] o o o &
anuduius snsgudnugduduazanumy myai e laanuduiusinunameeg
” o v e ¢ 4 & o o
adrnnradnsmsuesdui ldnn T sunsuauaureiamaaesd waaslddeguin 3.9
A o ¥ ' ¥ o & 4 y < ' ) o gl
diovmsaduee lganuduiusuuuiianuds duasuae T ludiuvesmsisouine
nmsanaguaiAdmiumssou]
=3:2:1:3 msaﬁﬂqmﬁuﬁﬁﬁm?ﬁmsf%'uui’ (Learning Features Extraction)
¥ vy
o @ wa " 3 ar = =
Tuduaouilifiumsadaguauifvearazguoiuanyus dudwazanumu
o udemumealunsGouivenuuiaesmundiuenInsil swazidvavesmsdana
wady " =1 w 9 v daq ¥ a’r cl”I - o o wa
auaudativzvenanaluiade 3.3 Taskaaninldninduaouil Ao yavesilanduguauia

ﬂlﬂlv

=1 o ar & ' a
(Feature function) aanyaziiluluuisfaddu dalinuilu o nie 1 dsaunis

1 if a=a'and cp(b)=true
0  otherwise

fosta=]

a L] o ar e
mamamsﬁ%’nﬁan%uqmﬁnm%mﬂi ¢ Ton “Battery is very good even when using

flash and lcd.” waaa 1aa 31l

f(a,b):{

o o d
1 ﬁ"mﬂﬂ']u'lﬂ a=yes LUAZAUAAIANUINU b = good

0 Buq

3.2.14 m’:‘ﬁuui’ (Training Maximum Entropy Model)
¥ ¥ 0
TudupeuiiilunmisGoudvenuinssumundiuou Insd) vinquauiavewn
" ¥ "
arguospuanyuzduduazanumuiana laluduasuiiiun dmiumsdszng
¥ = o o aw =, = oo .: 9 o =8 i
Amsiiaes o, vosuuuimoumndiuenu Insilluaniieiil¥sanesiiu Generalized
v £ =Y P | ) P ' o Ia h’r’ =) v
Iterative Scaling (GIS) 10aziduadanna1 13 uuni 2 daunadnin ldninvuaoumsiGoud
nl’d. " a L4 A [ oy o o ar ' o o R | ﬂ
fifle yavosmmslines o, niamarnimindmivudasilanFunuauda seezilu

fswunieni 1 F ludmvesmsadaguanunzdudmazanuiuae 1y

[canon, satisfied] ## I recently purchased the Canon and I am extremely
satisfied with the purchase.

[battery, good] ## Battery is very good even when using flash and lcd.

! o " a a : =
30 3.7 Medudeyamsinsaldudinlglunsicou



i/FW recently/RB purchased/VBD the/DT Canon/NNP and/CC i/NNP
am/VBP extremely/RB satisfied/VBN with/IN the/DT purchase/NN ./.

battery/NN is/VBZ very/RB good/JJ even/RB when/WRB using/VBG
flash/NN and/CC lcd/NN ./.

" o 1 w o o W ° o o
g1 3.8 Moduwadwimstiumnmmnllsunsuauauresamaisos

nsubj(purchased-3, I-1)
advmod(purchased-3, recently-2)
det(Canon-5, the-4)
nsubjpass(satisfied-10, Canon-5)
conj and(Canon-5, i-7)
auxpass(satisfied-10, am-8)
advmod(satisfied-10, extremely-9)
ccomp(purchased-3, satisfied-10)
det(purchase-13, the-12)
prep_with(satisfied-10, purchase-13)

nsubj(good-4, battery-1)
cop(good-4, is-2)
advmod(good-4, very-3)
advmod(using-7, even-3)
advmod(using-7, when-6)
ccomp(good-4, using-7)
dobj(using-7, flash-8)
conj_and(flash-8, lcd-10)

P e NG N TR 7

FW RB VBD DT NN CC NNP VBP RB VBN IN DT NN
I recently purchased the canon and 1 am extremely satisfied with the purchase

58 . M

m /—\
NN VBZ RB J] RB WRBVBG NN CC NN
Battery is very good even when using flash and led

e Vi PR e

1 o ' ;o o o 4 ' o @ d 4
31]‘?] 3.9 ﬂ?ﬂﬂ’lﬂﬂ'ﬂﬁ“ﬁﬂ']'lﬂﬁuwu'ﬁllllUWQW']llﬁﬁﬂ'lUT"]iﬂ'JTH’LTHWU'EIITJUWQW']
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3.2.2 dumsananuanyMzaufLazA Y
' dyﬂ Y o a G £ a s
Tudwiifumsafaguinsuzduduazanuiiunndeyamsinsadud Tay

Munn$rasamndsiuou InstlirmumasouiludmveamsGouiudaiiudsumnd

Vel ¥ [ a 9 =4 3 Y a g 3 - ]
aimainziuguinuzduiuazauiu duggudnvuzduduasauiunio b

n’: ' [ o = o ' : o -
Funeuludmmsadagudnuazduduazauiumicldidu s Suaou dagui 3.10

¥
Taoliswazidoa laaatl

Noun Phrase Analysis

1

Depef:dency Relationship
Analysis

I§!

Candidate Pairs
Extraction

I§!

Candidate Pairs
Classification

Classifier

eature-

[ S

3 u’: ' [ o a o
g1 3.10 fumenludmvesmsadaguanuuz Aud oz

3.2.2.1 m3uvamse lun (Parsing)
¥
msussdausz Teaidluduaounsnluduvesmsanaguanyusdudmas
¢ LS & Y A
anusiu TaoldTlsunsuauauesamamaes nadnin ldnnduaeuiinelsz Toaniins
o o o o w o & o A a o da
fvunuasilulsz Toanazanuduiusupuiwvesi lulsz Toa ssmiiouiunaansn
¥ < ' ' a 9t 1
Ténntuasumsusadinilsz TealuadumsiGougniman
= o«
3.2.2.2 MIANTILHUINIA (Noun Phrase Analysis)

o Y o = ' - L9 = U LY o &
Taona liudn ﬂmnanmf]maﬂymzfruﬁmm‘lmyummﬂumum FI0190L
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o a - aa 9 o o [ ' ] a d 9 an w
aﬂummm ﬂiﬂlﬂujﬁﬂﬂiSﬂﬂ“ﬂﬂ')ﬂﬂ'lﬂﬂ"ﬂﬂ'l AU NILTU ljﬁzjﬂﬂﬂ'ﬁ?ﬁnimﬂﬂﬂﬂﬂﬂ'ﬂﬂ
" A A [ - 8 A 5 4 g o o § < > 2
“The zoom works great.” TINAUDNHUSTUNT AD “zoom FUUUAUAYD U “The nice thing is

[y a - & e
that it uses the SD memory card.” ﬁﬂmaﬂymz dum Ao “SD memory card” Fautluunnan

]
o o < 1

sznouTdo 3 dr dafy msﬁﬂﬂﬂmmmmmﬂuﬂmﬁﬂymzﬁuﬁ’ﬂuam?ﬁuﬁy%a

AN UININAMIUNTOUINIA équmuﬁﬁmﬂiw::ri‘luqmﬁﬂymzﬁuﬁﬁf"lﬂmmmﬂ%um’:ﬁ
AAnnmsnvadiuveatss Toa Tasase ifesmnuuai 18 ovzilsznouldaoanuniv
HATAMANYULTUA 1FU “good pictures” oty 1ﬁaaﬂ’f]tynﬁ%:tﬁﬂi{u'lumsﬂﬁﬂﬂmﬁnnmz
Fuduazanuriy mudseiisaldiuuvenmndsaufumeuyny GI (General Inquirer's

> a J = ¥ = '
Harvard-4 Dictionary) [32] Tumsinsizvumnidunums 1dunnanldnnmsusedau

]
=

o a o o a d - o §
Uszlon Tavdanesiunlddmsumsinsnziunnduansdagli 3.1 nazgluvuvesunnd
¥ 3
143 9 galuuw fail
o 2 o
sUuuUN 1 NN 3UlUN 2 NN NN JUIUVA 3 JINN
sUupUn 4 NNNNNN - 30upuii 5 JJNN NN JUuun 6 WIIN
sUuuuA 7 NNINNN  30unufl 8 NNINDTNN  1iunil 9 NN NN NN NN
& - o - o o o = o o £ = o
1ijo NN fio f1uw JJ Ao AguAnn DT A ANhniuy uag IN Ao Aywun
a « e o & " [
3.2.2.3 myannzdanud@uiusuuuisn ludmumsania (Dependency
Relationship Analysis)
n’: ; £ ' w w o & A v ¥
Tuduseuiiilumsademolganuduiusuuunam e 1 udums
' o = o v o o ' ar a
s hequdnyazduduazanuiu tazlsznmanuduiuiszningudnuardudos
= 9/ o o o a ° o w o & -
Aty Tasadunnradwimssinuruiam tazanuduiusuuuiani ldnnTusunsy
sk A o 4 ' ' -
auaurlefamimaes Falswazidoamiloud ldnainumdrludunsicons
3.2.2.4 maafagimainidfugudnyuzfuduazauiiiu (Candidate Pairs
Extraction)
n’; ;ﬂ w o a ' o a oy 4 & =&
Jupoutiumsasadiinmahesiiugudnyusdudmazanuiu Fasuia
[Y e 1 ' o “a =1 s w o
msafanuauiangimainziugudnsuzduduazanuiudie domumadingy s
° @ o v [ = o4 -
Tumssmunie idumanaslsainnanuduiusszniguanyasdudunzanumuin 14
v o o o ) 3 o n’ U @ 1d U
nnmelganuduiusiuuion ualuwirdetizvenantsvzidoavesmsaiaghnan
wiugudnsazduduazanuiiu dumsafaquanifznansvazidoaluiadon 3.3
[l ¥ y " [
msafafmnmainaiugudoyuzfuduaranuminluduseui sssunnmisadadiinme
' o e a o ° & o o
Mmilugudnuarduinou Tavinsandmidudnn nieumidn ldnnduaouns

" b4 »
ins1iuaan lilesmga (Stop Word) ndanimiu szanamiimaiieziiuniuiu Tay

1]
=

= ° w o 0o = ! 4 w e & o o
Avsandguin wiomninimlsnglumauynsy G AanuduiuiuuuNanivim
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1 s = J A d' A o -
maheniugadnuuzdud dalundozisz lon eweilgimainziugudnuuzdud
=3 ' ) A4 o a w e ' o =

wazanuitu 1dnnn 1 § Fsdanesiivveinsadagimaiiiugudnuusduduo:

anumiunaaslddagili 3.12

Input S - Set of tagged sentences; s = §,,5,,...,8,

P - Set of noun phrase patterns

GI — Set of words in GI dictionary
Output NP — Set of noun phrases of each sentence

NP =@

For each tagged sentences, € S

NPS =@
For i=1 to end of sentence s,
If i <Length(s))—2 Then x=3
Else If i =Length(s))—2 Then x=2
Else If i =Length(s)-1 Then x=1

Elsex =0
End
End
End
Forj=xto0

GT=T,toT,, /*POS Tag of word, to word; of s, */
GW = word, to word,;
If GT € Pand GW & GI
i=1i+
NPS =NPSU GW
Break
End
End
End
NP = NP \U NPS
End

i - s o [ o o a
30 3.1 msTinssiumnadmiunmsatagudnuuz dui
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Input DT - Set of dependency trees
PS — Set of product feature candidates in each sentence
Gl - Set of words in GI dictionary

Output  FOS — Set of product feature-opinion pairs

PairExtract(dt, ps,) /* Return the set of product feature-opinion pairs of each
dependency tree */
FO=0
For m=1 to end of product feature candidate ps;
Rnode = ps,(m) /* Initial product feature candidate to root node */
f = FirstVisit(dt,,Rnode) /* Find first neighbor, return -1 if no neighbor */
While (f ~=-1)
If (neighbor is adjective) or (neighbor is adveb and € GI) then
pair = [Rnode,neigbor] /* product feature-opinion pair */
FO = FO \U pair
f=-1
Else
f = NextVisit(dt,Rnode)  /* Find next neighbor, return -1 if no neighbor */
End
End
End
PairExtract(DT, PS, GI) /* Return set of product feature-opinion pairs */
For each dependency tree dt. € DT
FO = PairExtract(dt;, ps,)
End

: o e v w - o
1l 3.12 nmsafagimaiudugudnuusdudwazanumiv

LY " P | ' s - ) 1
ﬂ'JﬂU'an?ﬂﬂﬂf_]“ﬂTﬂ'ﬂlﬂNﬂm'ﬂﬂ'ﬂﬂl3ﬁuﬂ‘lllﬂﬁ’,ﬁ?'u.llﬂu‘)"lﬂﬂ'izﬁiﬂﬂ “The

movie mode is also working grear.” uaad'lddazUi 3.13 Sunnmsatamiaaini

@

a v A " & adyy & a ¢ a o
ﬂmﬁﬂ}lﬂlzﬁuﬂ‘l A0 “movie mode” ‘54‘ﬁuu1”’“1“'lﬁﬂ_]ﬂﬂuﬂﬂuﬂ15?lﬂi15“u1u3ﬂ Had9InN
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£
o A o

v dea o w o & [ = £ d'dydd & A o
'I-J'uﬂ~1ﬂ1ﬂmﬁ“‘ﬂ‘l’lllﬂ:l’lUﬂNWUﬁLRUUWQWTﬂU “movie mode’ '1UﬂUﬂﬂf] “great” "lNﬂEJ'nlﬂ'LIﬂ'l
= 1 o 1 [ q’; W ' 3 . (T 1
fmadnilunnuiiuiiide movie mode” Aatiu 1imlsz loadodetimmunsnaniagiani

ﬂ o a 9 o llls‘dl -
\ uﬂmanymzaumuﬁzmmmu AND [movie mode, grear]

nsubj

o f ©oN e

The /movie mode, is also working( great
DT ‘( NN NN - VBZ RB  VBG \\J/JJ,'
v acomp
aux

1 o v @ 1a 3 (Y a o
q1ii 3.13 Mredunsataginaindugudnuurudunzaimu

3 1 U (g = -] =
3.2.25 msmuumi':squ-ﬁmmnﬁ‘]uamnnum:ﬂuﬁ'umzmmmu (Candidate
pairs Classification)
v ¥ [ "
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This review 15 from: Canon PowerShot SD120015 10 MP Digital Camera with 3x Optical Image Stabilized Zoom
and 2.5-inch LCD (Silver) (Electronics)

I bought the SD110 (3.2MP) back in 2004 and decided it was time to upgrade this year as it
was showing some age. The latest version of that same line is the SD1200. I have had it for a
few weeks now and have a few observations. The SD1200 is much faster from the time you
turn it on until it is ready to shoot as compared to the SD110. Next, the screen is far better
than the one on the SD110. Very bright and readable even in sunlight. The camera itself is
smaller than the SD110 as you might expect but does feel a little cheaper. So far I have taken
the SD1200 to three main events. A birthday party, K-4 graduation, backyard play time. The
birthday part pictures did not tum out well in automatic mode. We were indoors (Pump-it-up)
and the lighting was probably not the best. The images were blurry for the most part. I had the
same issue at the second event (K-4 graduation) but this time I switched to manual mode and
used the "indoor" setting. This greatly improved the picture. Finally, the outdoor shots turned
out looking wonderful in automatic mode. With the SD110 the automatic mode was always
better than any of the manual settings. It seems with the SD1200 that is not the case. I will
continue to explore the settings/features of the camera. I was expecting the SD1200 to be far
superior to my 5 year old SD110 but so far the pictures themselves have not turned out
markedly better.
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CcC Coordinating conjunction VBD | Verb, past tense
CD Cardinal number VBN | Verb, past participle
DT Determiner WDT | Wh-determiner
EX Existential there WP Wh-pronoun
FW Foreign word WPS$ | Possessive wh-pronoun
IN Preposition or subordinating conjunction | WRB | Wh-adverb

1 Adjective UH Interjection
JJR Adjective, comparative
JIS Adjective, superlative
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TO to
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1 a 30 asked 59 does
2 about 31 asking 60 doesn't
3 after 32 asks 61 doing
4 again 33 at 62 done
5 against 34 away 63 each
6 ago 35 be 64 carly
7 all 36 became 65 either
8 almost 37 because 66 else
9 alone 38 become 67 even
10 along 39 becomes 68 evenly
11 already 40 been 69 ever
12 also 41 before 70 every
13 although 42 being &l everybody
14 always 43 between 12 everyone
15 am 44 both 73 everything
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¥ an 46 by 75 fact
18 and 47 came 76 facts
19 another 48 can 77 far
20 any 49 cannot 78 felt
21 anybody 50 come 79 for
22 anyhow 51 could 80 four
23 anyone 52 day 81 from
24 anything 53 did 82 further
25 anyway 54 differ 83 furthered
26 anywhere 55 different 84 furthering
27 are 56 differently 85 furthers
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abbrev abbreviation modifier number element of compound number
acomp adjectival complement parataxis parataxis

advcl adverbial clause modifier | partmod participial modifier
advmod adverbial modifier pcomp prepositional complement
agent agent pobj object of a preposition
amod adjectival modifier poss possession modifier
appos appositional modifier possessive possessive rﬁodifier

attr attributive preconj preconjunct

aux auxiliary predet predeterminer

auxpass passive auxiliary prep prepositional modifier

cc coordination prepc prepositional clausal modifier
ccomp clausal complement prt phrasal verb particle
complm complementizer punct punctuation

conj conjunct purpel purpose clause modifier
cop copula quantmod quantifier phrase modifier
csubj clausal subject remod relative clause modifier
csubjpass clausal passive subject ref referent

det determiner rel relative

dobj direct object mod temporal modifier

expl expletive Xcomp open clausal complement
infmod infinitival modifier xsubj controlling subject

iobj indirect object

mark marker

measure measure-phrase modifier

neg negation modifier

nn noun compound modifier

nsubj nominal subject

nsubjpass passive nominal subject

num numeric modifier
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Abstract

The task of product feature extraction is to find
product features that customers refer to their topic
reviews. It would be useful to characterize the opinions
about the products. We propose an approach for product
feature extraction by combining lexical and syntactic
features with a maximum entropy model. For the
underlying principle of maximum entropy, it prefers the
uniform distributions if there is no external knowledge.
Using a maximum entropy approach, firstly we extract
the learning features from the annotated corpus, secondly
we train the maximum entropy model, thirdly we use
trained model to extract product features, and finally we
apply a natural language processing technique in
postprocessing step to discover the remaining product
features. QOur experimental results show that this
approach is suitable for automatic product feature
extraction.

1. Introduction

Recently, the number of online shopping customers
has increased due to the rapid growth of e-commerce, and
the increase of online merchants. To enhance the
customer  satisfaction, merchants and  product
manufacturers allow customers to review or express their
opinions on the products they buy from the websites, such
as amazon.com, cnet.com, and epinions.com. Online
customer reviews become the source of information
which is very useful to both potential customers and
product manufacturers. People read them for making a
decision on whether to purchase the product. For a
product manufacturer, knowing the preferences of
customers is highly valuable for product development,
marketing and consumer relationship management.
Mining reviews mostly in free-form text can be extremely
expensive. Besides, it is hard to find the useful
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information from the plenty of customer reviews.
Therefore, this trend has raised many interesting and
challenging research topics such as subjectivity
classification, sentiment classification, and review mining
and summarization.

Subjectivity classification is a task for classifying the
sentences or the documents which contain opinions from
factual, as in [1][2]. It is useful for many natural language
processing applications such as question answering,
information extraction, and so on. The task of sentiment
classification is to judge whether a review expresses a
positive or negative opinion. For example, [3][4]
developed methods for sentiment classification in
document level. The systems assign a positive or negative
sentiment for the whole review document. The sentiment
of phrases and sentences has also been studied in [5][6].
Even if sentiment classification is useful, it does not find
what the reviewer liked and disliked. Review mining and
summarization is the task of producing a sentiment
summary, which consists of sentences from reviews that
capture the author’s opinion. Review summarization is
interested in features or objects on which customers have
opinions. It also determines whether the opinions are
positive or negative. This makes it differ from traditional
text summarization. Most existing works on review
mining and summarization mainly focus on product
reviews. For example, [7][8][9] concentrated on mining
and summarizing reviews by extracting opinion sentences
regarding product features. In another domain, [10]
proposed a multi-knowledge based approach for movie
review mining and summarization.

In general, mining and summarizing customer reviews
involve three tasks (Figure 1): firstly, feature extraction
identifies and extracts object features that have been
commented in each review; secondly, sentiment
assignment determines the polarity of each feature to be
positive or negative; and thirdly, summary visualization
summarizes the result in order to show this result more
effectively.



Product

Extract features from reviews:
picture, video,...

4

Determine the polarity:
negative, positive,...

i

Summarize result

b

Figure 1. Review mining and summarization process.

The feature extraction is an important task of review
mining and summarization. Current studies on feature
extraction are mainly carried out from online product
reviews. The product feature identification would be
useful to characterize the opinions which the customers
review or express about the products. The product
reviews on the Web are in three formats [11]:

e Format 1 - Pros, cons and the detailed review:
The reviewers describe pros and cons in the form of short
phrases and also write the detail of reviews separately.

e Format 2 - Pros and cons: The reviewers
describe pros and cons in the form of full sentences
separately.

e Format 3 - Free format: The reviewers write the
reviews in the free form that no separation of pros and
cons,

In format 1, pros and cons usually consist of short
phrases and incomplete sentences. For example, “pros:
fabulous photo quality, large LCD, great battery life,
great features”. The reviews of format 2 and 3 usually
consist of long sentences and complete sentences. For
example, “The larger lens of the g3 gives better picture
quality in low light, and the 4-times optical zooms gels
you just that much closer”. However, the product features
extraction from reviews of format 2 and 3 is more
challenge because the complete sentences are more
complex and contain a large amount of irrelevant
information.

This paper focuses on the product feature extraction
from reviews of format 3. We propose an approach by
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combining lexical and syntactic features with maximum
entropy model for extracting the product features. Our
goal is to investigate whether the maximum entropy
model is suitable for automatic product feature extraction.
Our experimental results show that this approach is
effective. The rest of this paper is organized as follows.
Section 2 describes related work on the task of product
feature extraction. Section 3 introduces the maximum
entropy model. Section 4 discusses how to extract product
features from online product reviews using maximum
entropy. Section 5 presents and discusses the
experimental results. Finally, Section 6 concludes our
work.

2. Related work

Hu and Liu’s work in [12] can be considered as the
pioneer work on feature extraction from reviews. Their
feature extraction algorithm is based on heuristics that
depend on feature terms’ respective occurrence counts.
They use association rule mining based on the Apriori
algorithm to extract frequent itemsets as explicit product
features (only in the form of noun phrases). In association
rule mining, the algorithm does not consider the position
of the words in a sentence. In order to remove incorrect
frequent features, they use feature pruning that consists of
compactness pruning and redundancy pruning. To
improve the work over [12], Liu, Hu, and Cheng [13]
propose a technique based on language pattern mining to
identify product features from pros and cons in reviews in
the form of short sentences. They also make an effort to
extract implicit features.

Popescu and Etzioni [8] developed an unsupervised
information extraction system called OPINE extracting
product features and opinions from reviews. OPINE first
extracts noun phrases from reviews and retains those with
frequency greater than an experimentally set threshold
and then assesses those by OPINE’s feature assessor for
extracting explicit features. The assessor evaluates a noun
phrase by computing a Point-wise Mutual Information
score between the phrase and meronymy discriminators
associated with the product class.

Carenini, Ng and Zwart [14] proposed feature
extraction for capturing knowledge from product reviews.
In their method, the output of Hu and Liu’s system [12]
was used as the input to their system, and map the input
to the user-defined taxonomy features hierarchy thereby
eliminating redundancy and providing conceptual
organization.

Finally, Yi and Niblack [15] developed a set of feature
term extraction heuristics and selection algorithms for
extracting a feature term from product reviews. The
feature term is a part of relationship with the given topic,
an attribute of relationship with the given topic, and an
attribute of relationship with a known feature of the given



topic. In the first step, they extract a noun phrase with the
Beginning define Base Noun Phrase (bBNP) heuristics.
Then, they select a feature term from the noun phrase
using the likelihood score.

Our motivation for the task of product feature
extraction is that the syntactic dependency and context
information may be useful for determining whether the
word is a product feature or non-product feature.

3. The maximum entropy model

The Maximum entropy (ME) was first described by
Jaynes in [16] and more recently in a draft manuscript
available on the Web [17]. The maximum entropy model
is a framework for integrating information from many
heterogeneous information sources for classification [18].
This model implements the intuition that the best model is
the one consistent with the set of constraints imposed by
the evidence but otherwise is as uniform as possible [19].
The maximum entropy approach has in recent years been
used for a wide variety of classification problems in
natural language processing, such as sentence boundary
detection [20][21], information extraction [22], and part-
of-speech tagging [23]. In study of Nigam, Lafferty and
McCallum [24] found that maximum entropy worked
better than Naive Baye’s classification for theirs
classification. Unlike Naive Baye’s machine learning,
maximum entropy makes no independence assumptions
about the occurrence of features.

For our work, we use maximum entropy model to
extract product features from online product reviews.
This task can be re-formulated as a classification
problem, in which the task is to observe some syntactic
dependency and context information x € X and predict the
class ye Y. We can design classes such as product feature
and non-product feature.

We can implement classifier ¢/: X = Y with a
conditional probability model by simply choosing the
class y with the highest conditional probability p in the
context x:

cl(x)=argmax p(y | x) M
¥

The conditional probability p(y|x) is defined as follows
[21]:

__ 1 oS
p(ylx)~z(x)l;lla.-

2() =Y [T/

where y refers to the outcome, x is the history (or
context), k is the number of features and Z(x) is a
normalization factor to ensure that X p(y|x)=1. Each

parameter a; corresponds to one feature f; and can be

)

(3)
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interpreted as a weight for that feature. We use
Generalized Iterative Scaling (GIS) algorithm [25] to
estimate parameters @; or weights of the selected features.

Under the maximum entropy framework, the probability
for a class y and object x depends solely on the features
that are active for the pair (x, y), where a feature is
defined here as a function f: X x Y =>{0, 1} that maps a
pair (x, y) to either 0 or 1. The feature is defined as
follows:

1 if y'=yand cp(x)=true
fv' (x! y) = .
0 otherwise
where ¢p(x) is contextual predication that returns true or

false, corresponding to the presence or absence of useful
information in some context, or history x€ X.

“)

4. ME model for extracting product features

In this paper, we aim to extract explicit product
features commented by customers. The product feature
can be a brand name, a model name of a commodity, a
property, a part, a feature of a product, a related concept,
or a part of related concept [8]. In general, such product
feature is often the product itself or its specific features,
such as quality (e.g. “The picture quality is amazing”).
We define the product feature extraction problem as a
classification task: given a sequence of words (wy, wa,...,
w,) in a sentence, we generate a sequence of labels (v,
V..., ¥,) indicating whether the word is a product feature
or non-product feature.

4.1 Features for product feature extraction

To use the maximum entropy to extract product
features, we define features or important information in
order to constrain the model. We denote the features
employed for learning as learning features, discriminative
from the product features we discussed above. For each
word from the training data, we compute several features
automatically. The features are as follow.

Word: The target words and the part of speech tags of
the target words.

Rare: Rare word information may be useful for
identifying product features. It is common that a customer
review contains many things that are not directly related
to product features. Different customers usually have
different stories. Those frequent noun/noun phrases (non-
rare words) are likely to be product features and
infrequent noun/noun phrases (rare words) are likely to be
non-product features. A rare word in our work denotes a
word which occurs less than five times in the training set.
The count of five was chosen by subjective inspection of
words in the training data.



Alphanumeric: The words contain letters and numerals.
This information may be useful for determining whether
the word is a product feature or non-product feature.
Dependency: The words and the part of speech tag of the
words which are dependent on the target words in the
dependency tree. The dependency tree derived from the
syntactic parse tree. We compute the syntactic parse tree
by using the Stanford lexicalized parser [26].

For example, we determining the sentence as “it takes
excellent picture”. The corresponding syntactic parse tree
is shown in Figure 2 and the dependency tree is shown in
Figure 3. The target word is picture and it occurs three
times in training data. These features are shown
following.

e Word: picture,,. (the target word), NNue.u
(POS of the target word)

* Rare: the target word is the rare word

e Alphanumeric: the target word contain only
letters

e Dependency: excellent, . (word on which
target is dependent), My (POS of target-
depl), takes wgass: (Word on which rarget is
dependent), VBZ ... (POS of target-dep2)

We trained maximum entropy model using features
derived from the feature streams described above.

NP/ S\VP
‘PIRP VBZ/ \
£

I |
it takes JJ NN
| |

excellent picture

Figure 2. The syntactic parse tree for the sentence “it takes
excellent picture”

PRP VBZ 3 NN

It takes excellent picture
o Sy

Figure 3. The dependency tree for the sentence “it takes
excellent picture”

4.2 System overview

The system is divided into two modules: training
module and product feature extraction module.

1) Training module

The training ME model consists of three steps. Firstly,
prepare training data which includes parsing and
manually product feature annotation. Secondly, extract
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learning features of each word in training data. Thirdly,
train the model by using maximum entropy model. The
result of training model is weight of each feature
function.

2) Product feature extraction module
The processes of product feature extraction are shown

in Figure 4.
Unlabeled II
review

[ ]

Product feature
candidate selection

¥

Product feature
extraction by using
ME model

¥

Postprocessing ‘

Product
features

Figure 4. Process of product feature extraction

e  Product feature candidate selection

After parsing the sentence, the next step is the
identification of product feature candidates. This step
selects words from a tagged sentence such as nouns and
adjectives, which are indicated by NN and JJ
respectively. Nouns and adjectives are reasonably used
because most product features are nouns. However, some
adjectives may appear as product features.
e  Product feature extraction by using ME model

The trained model is used to predict product feature
candidates from unlabeled reviews after parsing. We will
simply choose the class with the highest conditional
probability p according to Equation 1.
* Postprocessing

This step aims to discover the remaining product
features in the reviews by matching the list of extracted
product features against each word in the reviews. We
applied a natural language processing technique to deal
with the compound product features which are not
extracted by ME model. The compound product features
will be extracted if they or their head noun match the list
of extracted product features. We take the sentence “The
scroll wheel was a nice idea to keep less clutter” as an
example. The word “wheel” is the head of “scroll wheel”.
It is extracted by ME model, thus the “scroll wheel” will



be extracted as a product feature. The pseudo code of this
process is provided in Figure 5.

1. Procedure RefinementExtraction(feature_list, review)
2. begin

3. for each sentencein review

4, for each candidate w;in sentence

5. begin

6 if (w; match f£in feature_lisf) and
(w/s ME score < threshold) then

r w(s class = product feature

8.  elseif (w,,'s POS tag is noun) and

(w. /s class is product feature) then

9. w/s class = product feature

10. endfor;

11. endfor;

12. end

Figure 5. Pseudo code of postprocessing step
5. Experimental results

For our experiments we used reviews on electronic
products including one digital camera and one MP3
player from [27]. All the reviews are from the Amazon
web site. We use 1,500 sentences for product feature
extraction. This set of data was split into a training set of
80% and a testing set of 20%. We employed the Maxent
version 2.4.0 as our classification tool. The parameters of
the maximum entropy model can be trained with 100
iterations of the Generalized Iterative Scaling algorithm.
More iterations would not affect to the increase of
accuracy of the parameters. Evaluation for this task uses
precision, recall and F-measure. They are defines as
follows:

5 TP
precision = ———
TP+ FP
recall = —TP;—*
TP+ FN

2 x precision x recall

F-measure =
precision + recall

where TP means true positive (actual product feature and
predicted as product feature), FP means false positive
(actual non-product feature and predicted as product
feature), FN means false negative (actual product feature
and predicted as non-product feature), and F is the
inverse harmonic mean of precision and recall, a
summary statistic to account for the inherent trade-off
between them.

We conducted this experiment with two goals: firstly,
to investigate how well the models with different feature
combinations perform on the online product reviews; and
secondly, to investigate how well our approach performs
the product feature extraction.
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Table 1. The Precision, Recall, and F-measure on the system
output using combination of features
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Bealinies Precision Recall F-measure

(%) (%) (%)

Word + Rare 68.91 59.64 63.94

Word + Dependency 70.79 56.50 62.84

Word + Alphanumeric 68.91 59.64 63.94

Word + Dependency + Rare 73.18 56.28 63.62

Word + Alphanumeric +Rare 68.91 59.64 63.94

el Engengincy 7254 | 628 6338

+ Alphanumeric

Word + Alphanumerric +

Rare + Dependency 74.18 56.05 63.86

Table 2. The performance of system for product feature
extraction

Precision Recall F-measure
(%) (%) (%)
Baseline 74.18 56.05 63.86
Our approach 71.63 69.06 70.32

Table 3. The Precision comparison of Hu and Liu’s approach
and our approach

Data set Hu and Liu’s appreach Qur approach
MP3 player 69.20 7225
Digital camera 71.00 7222

We built several models to compare the relative utility
of the features described in the previous section. From
Table 1, the first column indicates which combination of
features was used in models. It is very interesting to see
that the system achieves a very high score of the precision
when it used all features whereas it achicves a very high
score of the recall when it used the combination of word
with rare, word with alphanumeric or word with
alphanumeric and rare. This result shows that it will
improve the precision of the system by incorporate more
contextual information. This phenomenon supports that
context and part-of-speech information is useful for
identifying product features, frequent noun/noun phrases
(non-rare words) are likely to be product features and
some product features contain the letters and numerals
such as SD100 and 7-megapixel.

We include the postprocessing to this model for
extracting the remaining product features in the reviews.
To examine a postprocessing step, we also compare our
approach with baseline. The baseline used only the
maximum entropy with the word, rare, alphanumeric and
dependency features. Our approach used a maximum
entropy classifier extracting product features and applied




a natural language processing technique to deal with
compound product feature candidates by head word
consistency. The performance of the system is shown in
Table 2. For our approach, the precision is decreased
slightly. However, the recall is increased by 19.06%.
Besides, our approach performs better than baseline by
7.19% F-measure. Additional, we compare our approach
with Hu and Liu’s approach [12]. They use association
rule mining to extract product features. Table 3 shows the
precision of system on the 2 datasets. We observe that
both the precision of our approach are higher than those
of Hu and Liu’s approach. There is important difference
between our approach and Hu and Liu’s approach: they
no use of both the context information and syntactic
structure but we use the syntactic dependency and context
information for determining whether the word is a
product feature or non-product feature.

6. Conclusion

Product feature extraction is an important task of
review mining and summarization. In this paper, we
propose the approach of product feature extraction by
using maximum entropy model with lexical and syntactic
features. Our approach used a maximum entropy
classifier extracting product features and includes the
postprocessing step to discover the remaining product
features in the reviews by matching the list of extracted
product features against each word in the reviews. The
results show that this approach is effective and suitable to
be used for automatic product feature extraction.
Furthermore, we have examined the extraction results. It
has been found the errors are caused mostly by long
sentences or complex sentences. In the future, we would
like to add the sentence boundary detection to our model
and increase the size of the training corpus in order to
obtain more reasonable feature distributions and
parameters.

7. References
[11 E.Riloff, W. Janyce, and W. Theresa, “Learing subjective
nouns using extraction pattern bootstrapping,” In
Proceedings of ACL SIGNLL Conference, 2003, pp. 25-32.

V. Hatzivassiloglou, and W. Janyce, “Effects of adjective
orientation and gradability on sentence subjectivity,” In
Proceedings of COLING Conference, 2000.

B. Pang, L. Lee, and S. Vaithyanathan, “Thumbs up?
sentiment  classification using machine leaming
techniques,” In Proceedings of EMNLP Conference, 2002.

P.D. Tumey, “Thumbs up or thumbs down? semantic
orientation applied to unsupervised classification of
reviews,” In Proceedings of ACL Conference, 2002, pp.
417-424.

S.M. Kim, and E. Hovy, “Determining the sentiment of
opinion,” In Proceedings of COLING Conference, 2004,
pp. 1367-1373.

2]

(3]

4]

[5]

255

99
T. Wilson, J. Wiebe, and P. Hoffmann, “Recognizing
contextual polarity in phrase-level sentiment analysis,” In
Proceedings of HLT/EMNLP Conference, 2005.

M. Hu, and B. Liu, “Mining and summarizing customer
reviews,” In the Proceedings of the ACM SIGKDD
Conference, 2004, pp. 168-177.

A. M. Popescu, and O. Etzioni, “Extracting product
features and opinions from reviews,” In the Proceedings of
the EMNLP Conference, 2005, pp. 339-346.

B. Shi, and K. Chang, “Mining chinese reviews,” In the.
Proceedings of the ICDMW Workshops, 2006.

L. Zhuang, F. Jing, and X. Y. Zhu, “Movie review mining
and summarization,” In the Proceedings of the CIKM
Conference, 2006.

B. Liu, Web Data Mining Exploring Hyperlinks, Contenrs,
and Usage Data. Springer, New York, 2007.

M. Hu, and B. Liu, “Mining opinion features in customer
reviews,” In the Proceedings of the AAAI Conference,
2004,

B. Liu, M. Hu, and J. Cheng, “Opinion observer: analyzing
and comparing opinions on the web,” In the Proceedings of
the WWW Conference, 2005.

[14] G. Carenini, R. T. Ng, and E. Zwart, “Extracting
knowledge from evaluative text,” In the Proceedings of the
K-CAP Conference, 2005, pp. 11-18.

(151 J. Yi, and W. Niblack,
WebFountain,” In the Proceedings
Conference, 2005.

E.T. Jaynes, “Information theory and statistical
mechanics,” Physics Reviews, 1957, vol 106, pp.620-630.

E.T. Jaynes, Probability theory: The logic of sciece.
Manuscript for book, 1998.

http://bayes.wustl.edu/etj/prob.html.

C. Manning, and H. Schutze, Foundations of statistical
natural language processing. MIT Press, MA: Cambridge,
1999.

A.L. Berger, D.P. Stephen, and D.P. Vincent, “A maximum
entropy approach to natural language processing,”
Computational Linguistics, 1996, vol. 22, no. 1, pp. 39-71.

J.C. Reynar, and A. Ratnaparkhi, “A maximum entropy
approach to identifying sentence boundaries,” In the
Proceedings of the ANLP Conference, 1997, pp. 16-19.

A. Ratnaparkhi, Maximum entropy models for natural
language ambiguity resolution, PhD thesis, University of
Pennsylvania, 1998,

H.L. Chieu, and H.T. Ng, “A maximum entropy approach
to information extraction from semi-structured and free
text,” In the Proceedings of the AAAI Conference, 2002,
pp. 786-791.

A. Ratnaparkhi, “A maximum entropy model for part-of-
speech tagging,” In the Proceedings of the EMNLP
Conference, 1996, pp. 133-141.

K. Nigam, J. Lafferty, and A. McCallum, “Using maximum
entropy for text classification,” In the Proceedings of the
IJCAI-99 Workshop on Machine Learning for Information
Filteringe, 1996.

J. Darroch, and D. Ratcliff, “Generalized interative scaling
for log-linear model,” The Annals of Mathematical
Statistics , 1972, vol. 43, no. 5, pp. 1470-1480.

Stanford Lexicalized Parser - a probabilistic lexicalized NL
CFG parser, 2006. http://nlp.stanford.edw/downloads/lex-
parser.shtml.

M. Hu, and B. Liu, Feature based summary of customer reviews
dataset. http://www.cs.uic.edw/liub/FBS/FBS html, 2004.

(6]

7

[8]

[9]
[10]

(1

[12]

[13]

“Sentiment mining in
of the ICDE

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

27)



100

A Maximum Entropy Model for Product Feature
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Abstract—Product feature extraction is an important task of
review mining and summarization. The task of product feature
extraction is to find product features that customers refer to in
their topic reviews. It would be useful to characterize the
opinions which they review or express about the products. In this
paper, we propose an approach to product feature extraction
using a maximum entropy model. Maximum entropy is a
probability distribution estimation technique. It is widely used
for classification problems in natural language processing, such
as question answering, information extraction, and part-of-
speech tagging. The underlying principle of maximum entropy is
that without external knowledge, one should prefer distributions
that are uniform. Using a maximum entropy approach, at first we
extract features from the corpus, train maximum entropy model
with an annotated corpus, and then use it with additional product
feature discovery to extract product features from customer
reviews. Our experimental results show that this approach can
work effectively for product feature extraction with 71.88%
precision and 75.23% recall.

Keywords—product feature extraction, maximum entropy
model, text mining, review mining and summarization

| INTRODUCTION

Recently, the number of online shopping customers has
been increased due to the rapid growth of e-commerce, an
increasing number of online merchants, and more and more
people becoming comfortable with the internet. To enhance
customer satisfaction, merchants and product manufacturers
allow customers to review or express opinions on the products
they buy from their websites, for instance, amazon.com,
cnet.com, and epinions.com. Online customer reviews become
the source of information which is very useful to both potential
customers and product manufacturers. People read them for
making a decision on whether to purchase the product. For a
product manufacturer, knowing the preferences of customers is
highly valuable for product development, marketing and
consumer relationship management. Mining reviews mostly in
free-form text can be extremely expensive. Besides, it is hard to
find useful information from plenty of customer reviews. This
trend has raised many interesting and challenging research
topics such as subjectivity classification, sentiment
classification, and review mining and summarization.
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Subjectivity classification is distinguishing sentences or
documents that present opinions from factual information, as in
[1][2). Many natural language processing applications could
benefit from being able to distinguish between factual and
subjective information such as question answering, information
extraction, and so on. The task of sentiment classification is to
judge whether a review expresses a positive or negative
opinion. For example, [3][4] developed methods for document
level sentiment classification. The systems assign a positive or
negative sentiment for the whole review document. Sentiment
of phrases and sentences has also been studied in [5][6]. Even
if sentiment classification is useful, it does not find what the
reviewer liked and disliked. Review mining and summarization
is the task of producing a sentiment summary, which consists
of sentences from reviews that capture the author’s opinion.
Review summarization is only interested in features or objects
on which customers have opinions. It also determines whether
the opinions are positive or negative. This makes it differ from
traditional text summarization. Most existing works on review
mining and summarization mainly focus on product reviews.
For example, [7][8][9] concentrated on mining and
summarizing reviews by extracting opinion sentences regarding
product features. In another domain, [10] proposed a multi-
knowledge based approach for movie review mining and
summarization.

In general, mining and summarizing customer reviews
involve three tasks (Figure 1) firstly, feature extraction
identifies and extracts object features that have been
commented in each review; secondly, sentiment assignment
determines the polarity of each feature to be positive or
negative; and thirdly, summary visualization summarizes the
result in order to show this result more effectively. Product
feature extraction is an important task of review mining and
summarization. Identifying product features would be useful to
characterize the opinions the customers review or express about
the products. In this paper, we only focus on the first task of
review mining and summarization. We propose a maximum
entropy model for extracting product features. Our goal is to
investigate whether the maximum entropy model is suitable for
automatic product feature extraction. Our experimental results
show that this approach is effective.

CIS 2008



Product

Reviews

Extract features from reviews:
picture, video,...

iy

Determine the polarity:
negative, positive,...

11

Summarize result

R

Figure 1. Review mining and summarization process

The rest of this paper is organized as follows. Section II
describes related work on the task of product feature extraction.
Section 1T introduces the maximum entropy model. Section IV
discusses how to extract product features from online customer
reviews using maximum entropy. Section V presents and
discusses experimental results. Finally, Section VI concludes
our work.

II. RELATED WORK

Hu and Liu’s work in [11] can be considered as the pioneer
work on feature extraction from reviews. Their feature
extraction algorithm is based on heuristics that depend on
feature terms’ respective occurrence counts. They use
association rule mining based on the Apriori algorithm to
extract frequent itemsets as explicit product features (only in
the form of noun phrases). In association rule mining, the
algorithm does not consider the position of the words in a
sentence. In order to remove incorrect frequent features, they
use feature pruning that consists of compactness pruning and
redundancy pruning. To improve the work over [11], Liu, Hu,
and Cheng [12] propose a technique based on language pattern
mining to identify product features from pros and cons in
reviews in the form of short sentences. They also make an
effort to extract implicit features.

Popescu and Etzioni [8] developed an unsupervised
information extraction system called OPINE extracting product
features and opinions from reviews. OPINE first extracts noun
phrases from reviews and retains those with frequency greater
than an experimentally set threshold and then assesses those by
OPINE's feature assessor for extracting explicit features. The
assessor evaluates a noun phrase by computing a Point-wise
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Mutual Information score between the phrase and meronymy

discriminators associated with the product class.

Carenini, Ng, and Zwart [13] proposed feature extraction
for capturing knowledge from product reviews. In their
method, the output of Hu and Liu’s system [11] was used as the
input to their system, and map the input to the user-defined
taxonomy features hierarchy thereby eliminating redundancy
and providing conceptual organization.

Finally, Yi and Niblack [14] developed a set of feature term
extraction heuristics and selection algorithms for extracting a
feature term from product reviews. The feature term is a part of
relationship with the given topic, an attribute of relationship
with the given topic, and an attribute of relationship with a
known feature of the given topic. In the first step, they extract a
noun phrase with the Beginning define Base Noun Phrase
(bBNP) heuristics. Then, they select a feature term from the
noun phrase using the likelihood score.

Our motivation for building the product feature extraction
system described in this paper is that the grammars and word
information may be useful for determining whether the word is
a product feature or non-product feature. For this motivation,
we will employ the maximum entropy model which can indeed
combine various features of grammars or words into a
probability model for product feature extraction in online
CuStOmMeEr reviews.

111, MAXIMUM ENTROPY MODEL

The maximum entropy (ME) model was first described by
Jaynes in [15] and more recently in a draft manuscript available
on the Web [16]. The maximum entropy model is a framework
for integrating information from many heterogeneous
information sources for classification [17]. This meodel
implements the intuition that the best model is the one
consistent with the set of constraints imposed by the evidence
but otherwise is as uniform as possible [18]. The maximum
entropy approach has in recent years been used for a wide
variety of classification problems in natural language
processing, such as sentence boundary detection [19][20],
information extraction [21], and part-of-speech tagging [22].
The underlying principle of maximum entropy is that without
external knowledge, one should prefer distributions that are
uniform. For our work, we use maximum entropy model to
extract product features from online customer reviews. This
task can be re-formulated as a classification problem, in which
the task is to observe some linguistic context x € X and predict
the correct linguistic classy € Y.

We can implement classifier ¢/: X 2 Y with a conditional
probability model by simply choosing the class y with the
highest conditional probability in the context x:

cl(x)=argmax p(y | x) (M
y

The conditional probability p(ylx) is defined as follows [20]:
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where y refers to the outcome, x is the history (or context), & is
the number of features and Z(x) is a normalization factor to
ensure that Z, p(yIx)=1. Each parameter ¢, , corresponds to
one feature f; and can be interpreted as a weight for that feature.
The parameters ¢, are estimated by a procedure called
Generalized Iterative Scaling (GIS) [23]. This is an iterative
method that improves the estimation of the parameters at each
iteration.

Under the maximum entropy framework, the probability for
a class y and object x depends solely on the features that are
active for the pair (x, y), where a feature is defined here as a
function £: X x Y = {0, 1} that maps a pair (x, y) to either 0 or
1. The feature is defined as follows:

1 if y'=yand cp(x)=true

, (4)
0 otherwise

f"’(x’y) ~ {

where ¢p(x) is contextual predication that returns true or false,
corresponding to the presence or absence of useful information
in some context, or history x € X. For example, to predict
which the class of target word belongs (as shown in Table I).
The classifier considers surrounding context of the target word.
If the target word is product feature and the previous word is
“the”, a feature function can be set as Equation 5. On the other
hand, if the target word is non-product feature and it contains
small letters, a feature function can be set as Equation 6.

if y,=YESand previousword ="the"

1
(x,,y,)= (5
AR {0 otherwise

1 if y;=NO and capital(word ;)= False 6
filx;,y)= ; ! (6)
0 otherwise
TABLE L CLASSES DEFINED FOR THE CLASSIFICATION TASK
Class Description
YES Word claimed to be product feature
NO Word claimed to be non-product feature

IV. PRODUCT FEATURE EXTRACTION

The main objective of this research is to identify product
features from reviews, namely, product feature extraction. The
product feature can be a brand name, a model name of a
commodity, a property, a part, a feature of a product, a related
concept, and a part of related concept [8]. In general, such
product features are often the product itself or its specific
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features, such as quality (e.g. “The picture quality is amazing”).

The product features mentioned in a review can be classified
into two types: explicit and implicit features. For example, the
sentence from a review of a DVD player, “the sound is good”
shows the explicit product feature. It means that the customer is
satisfied with the sound of the DVD player, and the sound is
explicitly mentioned in the sentence. On the contrary, the
sentence “it does tend to run quite hot” shows that the
customer is talking about the heat of the DVD player, but the
heat is not explicitly mentioned in the sentence. Therefore, heat
is an implicit feature in this sentence. Extracting features from
free-form text of a review is a challenging task because of the
use of natural language.

A. The Overview of System

In this research work, we aim to extract explicit product
features commented by customers. We leave finding implicit
features to our future work. We define the product feature
extraction problem as a classification task: given a sequence of
words (xj, X3,..., X,) in a sentence, we generate a sequence of
labels (vi, y3,..., V) indicating whether the word is a product
feature or non-product feature. We apply the maximum entropy
model to extract the product features. The processes involve
two phases: firstly to train the ME model; and secondly to test
the model extracting product features from unlabeled reviews.
We first prepare a training data set by manually labeling
product features of reviews. The process of product feature
extraction is shown in Figure 2 which can be described as
follows:

diisie Unlabeled ll
reviews ;
review
| |
Labeled II
training data POS tagging
\ 4
i Product feature
POS taggin
vgg . candidate selection
ME model traini L
e Product feature
candidate
Classifier 3 classification
¥
Additional product
feature discovery

Product
features

Figure 2. Process of product feature extraction

1) Part-of-speech tagging

We utilize the Stanford lexicalized parser [24] to analyze
each review and tag the part of speech of each word. The
following is an example of the output such as nouns, verbs,
adjectives and so on. The/DT macro/NN mode/NN is/VBZ



exceptional/JJ /. the/DT pictures/NNS are/VBP very/RB
clear/J]  and/CC  yowPRP can/MD take/VB  the/DT
pictures/NNS ~ with/IN  the/DT lens/NN  unbelievably/NN
close/RB the/DT subject/NN.

2) ME model training

Training the ME model involves two steps. The first step of
the maximum entropy approach is to extract features or
important information in order to constrain the model
accordingly. For product feature extraction, the features or
important information can be the context information, the part
of speech information and so on which will be explored in the
next section. The second step is to train a model by usmg these
features according to Equation 2.

3)  Product feature candidate selection

For product feature extraction, the first step is POS tagging.
After tagging the sentence, the next step is identifying product
feature candidates. This step selects words from a tagged
sentence such as nouns and adjectives, which are indicated by
NN and JJ respectively. Using only nouns and adjectives is
reasonable because most product features are nouns; however,
some adjectives may appear as product features.

4) Producl feature candidate classification
The trained model is employed to classify product feature
candidates from unlabeled reviews after POS tagging. We will
simply choose the class with the highest conditional probability
p according to Equation 1.

5) Additional product feature discovery

This step aims to improve the performance of product
feature extraction. After extracting product features by the ME
based classifier, we applied a natural language processing
technique to deal with compound product feature candidates
which are not extracted by the classifier. The product feature
candidates will be extracted if they or their head noun matches
the product features extracted by the classifier. We take the
sentence “The scroll wheel was a nice idea to keep less clutter”
as an example. The word “wheel” is the head noun of “scroil
wheel” extracted by the classifier, thus the “scroll” will be
extracted as a product feature. The pseudo code of this process
is provided in Figure 3.

1. Procedure ExtractRefinement(feature_list, review)
2. begin

3. for each sentencein review

4, for each candidate w;in sentence

5. begin

6 if (w; match fin feature_list) and
(w/s ME score < threshold) then

7 wis class = product feature

8.  else if (wu,s POS tag is noun) and

(w.'s class is product feature) then

9. w;s dass = product feature

10. endfor;

11. endfor;

12. end

Figure 3. Pseudo code of additional product feature discovery
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B. Features forProduct Feature Classification

To use the maximum entropy to extract product features,
we define features or important information in order to
constrain the model. We denote the features employed for
learning as learning features, discriminative from the product
features we discussed above. We compute several features
automatically. Table Il summarizes the features we used for our
model and the symbols we will use in the rest of this paper. The
features can be described as follows.

TABLEIL FEATURES IN OUR MODEL
Symbol Feature name Description

FI Corat words in a [4, +4] window
centered on w;
POS tags in a [4, +4] window

F2 Part-of-Speech Tag Siaimetont
words which occur less than

P Fins Weod five times in the training set

F4 AlShiariaric words containing letters and

P numerals
E5 Capitalized words starting with a capital
P letter
1) Context

Words preceding or following the target word may be
useful for determining its category. For example, “the sound is
wonderful”. 1f the target word is “sound” and the following
words are “is” and “wonderful’, then this will help the model to
classify “sound” as a product feature. The more context words
analyzed, the better and more precise the results. However,
widening the context window quickly leads to an explosion of
the number of possibilities to calculate. In our experiment, a
suitable window size is +/-4 words.

2) Part-of-Speech Tag
Part of speech tag is quite useful for identifying product
features. Verbs and prepositions usually indicate the product
feature boundaries whereas nouns and adjectives are usually
good candidates for product features.

3) Rare Word

Rare word information may be useful for identifying
product features. It is common that a customer review contains
many things that are not directly related to product features.
Different customers usually have different stories. Those
frequent noun-noun phrases (non-rare words) are likely to be
product features and infrequent noun-noun phrases (rare words)
are likely to be non-product features. A rare word in our work
denotes a word which occurs less than five times in the training
set. The count of five was chosen by subjective inspection of
words in the training data.

4) Orthography

Orthography is a characteristic of words such as words
containing letters and numerals, words starting with a capital
letter, and so on. This information may be useful for
determining whether the word is a product feature or non-
product feature. Two types of orthography considered in our
model are alphanumeric and capitalized. Alphanumeric means
words containing letters and numerals. Capitalized means



words starting with a capital letter. The regular expression of
the alphanumeric and the capitalized are presented in Table III.

TABLE III. ORTHOGRAPHY FOR OUR MODEL

Feature name Regular Expression

Alphanumeric *[A-Za-z].*[0-9].*] .*[0-9).*[A-Za-z).*
Capitalized [A-Z])[a-z}+
V. EXPERIMENTS

For our experiments, we used reviews on electronic
products such as digital cameras and MP3 players from the
Amazon web site. We annotated a randomly selected sample of
1,555 sentences for product feature extraction. Each word of
cach sentence was classified as a product feature or a non-
product feature. This set of data was split into a training set of
1,255 sentences and a testing set of 300 sentences. Words in
sentences are represented as vectors of binary features. The
training originally yielded 13,066 features. We have used
Maxent toolkit version 2.4.0 from [25]. The model was trained
with features in the form of words in sentence contexts, POS
tags, Orthography and rare word. The parameters of the
maximum entropy model can be trained with 100 iterations of
the Generalized Iterative Scaling algorithm which must be
calculated repeatedly. Normally, it is a good “rule of thumb” to
carry out 100 iterations [20]. More iteration would not increase
the accuracy of the parameters.

The evaluation methods are precision (P), recall (R), and
F-score (F). They are defined as follow:

e
pP=—o
TP+ FP

TP
R=———
TP+ FN

2PR
P+ R

where TP means the number of product features extracted
correctly; FP means the number of words mistakenly claimed
to be product features; and FN means the number of product
features not extracted.

We conducted these experiments with three goals: firstly, to
investigate how well our product feature extraction model with
different window sizes of the contexts and POS tags; secondly,
to investigate how well the model with different feature
combinations performs on the customer reviews; and thirdly, to
see how well our approach (ME model with additional product
feature discovery) performs the product feature extraction
compare to baseline (ME model without additional product
feature discovery).
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PERFORMANCE OF THE MODEL USING CONTEXT WITH

TABLE IV.
DIFFERENT WINDOW SIZES

Window Size Precision (%) Recall (%) | F-Score (%)
+/-1 word 72.18 61.21 66.25
+/-2 words 71.58 61.21 65.99
+/-3 words 69.66 61.68 65.43
+/4 words 71.20 62.38 66.50

TABLE V. PERFORMANCE OF THE MODEL USING PART-OF-SPEECH TAG
WITH DIFFERENT WINDOW SIZES

\J\:’indow Size Precision (%) Recall (%) | F-Score (%)
+/-1 word 69.92 58.64 63.79
+/-2 words 72.38 58.18 64.51
+/-3 words 72.14 57.48 63.98
+/-4 words 73.73 60.98 66.75

TABLE V1. PERFORMANCE OF THE MODEL USING THE COMBINATION
OF FEATURES

. Features Precision (%) | Recall (%) | F-Score (%)
FI1F2 76.80 57.24 65.60
F1F2F3 77.74 57.94 66.40
F1F2F4 153 57.24 65.86
FIF2F5 77.19 57.70 66.04
FIF2F3F4 78.10 5748 66.22
F1F2F3F5 77.85 57.48 66.13
FIF2F4F5 76.88 57.48 65.78
FIF2F3F4F5 77.64 56.78 65.59

TABLE VII.  THE PERFORMANCE OF SYSTEM FOR PRODUCT FEATURE
EXTRACTION

Precision (%) Recall (%) | F-Score (%)
Baseline 78.10 57.48 66.22
Our approach 71.88 75.23 73.52

Tables IV and V show the results of using the maximum
entropy model with different window sizes of the contexts and
POS tags. The model performed well when it used contexts or
part-of-speech tags in window size +/-4 words.

In Table VI, the first column indicates which combination
of features was used in our model. It is very interesting to see
that the system achieves a very low score of the recall when it
used all features whereas it achieves a very high score of the
precision when it used the combination of contexts, part-of-
speech tags, rare word and alphanumeric features and achieves
a high score of the recall when it used the combination of
contexts, part-of-speech tags, and rare word features. This



phenomenon supports that context and part-of-speech
information is useful for identifying product features, frequent
noun-noun phrases (non-rare words) are likely to be product
features and some product features contain letters and numerals
such as SD100 and 7-megapixel.

We also compared our approach with baseline. The baseline
used only the maximum entropy with the contexts, part-of-
speech tags, rare word and alphanumeric features. Our
approach used a maximum entropy classifier extracting product
features and then applied a natural language processing
technique to deal with compound product feature candidates by
head word consistency. The performance of the system is
shown in Table VII. The baseline achieves 57.48% recall and
78.10% precision. In our approach, the precision is decreased
slightly. However, the recall is increased by 17.75% (over
75%). Besides, our approach performs better than using only
the maximum entropy model by 7.3% F-score. This result
shows that by using an appropriate additional product feature
discovery method, our approach can achieve high recall in
CUStOMEr Teviews.

We have examined the extraction results manually. It has
been found the errors are caused mostly by long and complex
sentences. Sometimes people write several sentences without
clearly pausing between them. In such cases, the model can not
detect sentence boundaries. So the words in the first sentences
will be considered as words in the second sentences. This
causes the analysis errors in the product feature extraction
process. In the future, we can improve our approach by using
syntactic dependencies, instead of context windows and adding
sentence boundary detection to our meodel. We also need to
increase the size of the training corpus in order to obtain more
reasonable feature distributions and parameters. We expect that
these improvements will yield an improved product feature
extraction task.

VI. CONCLUSION

Review mining and summarization is the task of producing
sentiment summary, which consists of sentences from reviews
that capture the author’s opinion. Product feature extraction is
an important task of review mining and summarization. This
task is to find out product features that customers refer to in
their topic reviews. The goal of our work is to use a machine
learning technique to perform automatic product feature
extraction. Maximum entropy, a new approach to the task, is
applied in order to estimate a function that performs
classification of product features and non-product features. The
performance of the system with additional product feature
discovery can be measured by 71.88% precision, 75.23%
recall, and 73.52% F-score. This result shows that the
maximum entropy model is effective and suitable to be used for
automatic product feature extraction.
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Abstract—In web pages, the reviews are written in natural
language and are unstructured-free-texts scheme. Online product
reviews is considered as a significant informative resource which
is wuseful for both potential customers and product
manufacturers. The task of manually scanning through large
amounts of review one by one is computational burden and is not
practically implemented with respect to businesses and customer
perspectives. Therefore it is more efficient to automatically
process the various reviews and provide the necessary
information in a suitable form. The task of product feature and
opinion is to find product features that customers refer to their
topic reviews. It would be useful to characterize the opinions
about product. In this paper, we propose an approach to extract
product features and to identify the opinions associated with
these features from reviews through syntactic information based
on dependency analysis.

Keywords-customer  review;
mining; dependency analysis

opinion  extraction; opinion

L INTRODUCTION

Online customer reviews become a cognitive source of
information which is very useful for both potential customers
and product manufacturers. Customers have utilized this piece
of this information to support their decision on whether to
purchase the product. For product manufacturer perspective,
understanding the preferences of customers is highly valuable
for product development, marketing and consumer relationship
management. In a general web page, the reviews are written in
natural language scheme and are free of texts with unstructured
paradigm. With the great and rapid growth of web contents,
customer reviews become available where a customer is able to
express opinions on products and services. This trend has seen
increasingly attention in sentiment analysis or opinion mining.
In the opinion mining community, there are many challenging
research topics such as subjectivity classification, sentiment
classification, and opinion summarization.

Subjectivity classification is a task for classifying the
sentences or the documents which contain opinions from
factual, as in [1][2]. It is useful for many natural language
processing applications such as question answering,
information extraction, and so on. The task of sentiment
classification is to judge whether a review expresses a positive
or negative opinion. For example, [3][4] developed methods
for sentiment classification in document level. The systems
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assign a positive or negative sentiment for the whole review
document. The sentiment of phrases and sentences has also
been studied in [5][6]. Even if sentiment classification is
useful, it does not find what the reviewer liked and disliked.
Review mining and summarization is the task of producing a
sentiment summary, which consists of sentences from reviews
that capture the author’s opinion. Review summarization is
interested in features or objects on which customers have
opinions. It also determines whether the opinions are positive
or negative. This makes it differ from traditional text
summarization. Most existing works on ‘review mining and
summarization mainly focus on product reviews. For example,
[71[8][9] concentrated on mining and summarizing reviews by
extracting opinion sentences regarding product features. In
another domain, [10] proposed a multi-knowledge based
approach for movie review mining and summarization.

In general, mining and summarizing customer reviews
involve three tasks: firstly, feature and opinion extraction
identifies object features that have been commented in each
review; secondly, sentiment assignment determines the polarity
of each feature to be positive or negative; and thirdly, summary
visualization summarizes the result in order to show this result
more effectively.

The high-level problem of opinion summarization
addresses how to determine the opinion that an author
expresses in natural language text with respect to a certain
feature. Let us consider an example of a customer review of a
digital camera.

“This camera is very easy to use. The viewing screen is
easy to see and very clear. The pictures are clear and good
color. To compare other digital cameras we have used, this one
if definitely  superior and we would highly recommend.”

In this example, we can extract several phrases such as
“very easy to use”, "viewing screen is easy lo see and very
clear”, and “pictures are clear and good color”. The phrases
represent the customer’s opinion rather than facts. Particularly,
opinion words such as “very easy fo use”, “easy to see”, “very
clear”, ‘“clear”, and “good color” are used to express
customer’s positive sentiment regarding the product features
which are referred by “to use”, “viewing screen”, and
“picture”. The task of manually scanning through large
amounts of review one by one requires a lot of time and cost
for both businesses and customers.

$IEEE $ =55



In this study, we address how to associate descriptions of
different product features with opinion expressions found in a
review. Our goal is to develop ways to establish a correct
relationship between the product feature (the topic of the
sentiment) and the opinion word (the subjective expression of
the product feature). We propose an approach to extract
product features and opinions from product reviews through
incorporating the syntactic information based on dependency
analysis. Our work is mainly focused on product reviews but
the methodology in general works for a boarder range of
opinions.

The rest of this paper is constructed as follows: Section 11
presents related work. Section 111 briefly describes the syntactic
information based on dependency analysis, and in Section IV,
we illustrate our approach. Experimental results and discussion
are given in Section V. Finally Section VI concludes this work.

II. RELATED WORK

There are many methods developed for the solution to
opinion summarization problems. Most researchers work on
product reviews. Other researchers have studied in another
domain [10] proposed a multi-knowledge based approach for
movie review mining and summarization.

Hu and Liu’s work in [7] can be considered as the pioneer
work on feature-based opinion summarization. Their feature
extraction algorithm is based on heuristics that depend on
feature terms’ respective occurrence counts. They use
association rule mining based on the Apriori algorithm to
extract frequent itemsets as explicit product features (only in
the form of noun phrases). In association rule mining, the
algorithm does not consider the position of the words in a
sentence. In order to remove incorrect frequent features, they
use feature pruning that consists of compactness pruning and
redundancy pruning. To improve the work over [7], Liu, Hu,
and Cheng [11] propose a technique based on language pattern
mining to identify product features from pros and cons in
reviews in the form of short sentences. They also make an
effort to extract implicit features. Moreover, Carenini, Ng and
Zwart [12] proposed feature extraction for capturing
knowledge from product reviews. In their method, the output of
Hu and Liu’s system [7] was used as the input to their system,
and the input was mapped to the user-defined taxonomy
features hierarchy thereby eliminating redundancy and
providing conceptual organization.

Popescu and Etzioni [8] developed an unsupervised
information extraction system called OPINE, which extracted
product features and opinions from reviews. OPINE first
extracts noun phrases from reviews and retains those with
frequency greater than an experimentally set threshold and then
assesses those by OPINE’s feature assessor for extracting
explicit features. The assessor evaluates a noun phrase by
computing a Point-wise Mutual Information score between the
phrase and meronymy discriminators associated with the
product class.

The work of Yi and Niblack [13] is based on a set of
feature term extraction heuristics and selection algorithms for
extracting a feature term from product reviews. The feature
term is part of a relationship with the given topic, an attribute
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of a relationship with the given topic, and an attribute of a
relationship with a known feature of the given topic. In the first
step, they extract a noun phrase with the beginning define Base
Noun Phrase (bBNP) heuristics. Then, they select a feature
term from the noun phrase using the likelihood score.

Corresponding to these issues, we have carried out some
studies on product feature extraction as reported in [14]. In our
previous work, we have used combining lexical and syntactic
features with the maximum entropy model for extracting the
product features. There is an important difference between our
approach and Hu and Liu’s approach: they do not use both the
context information and syntactic structure but we use the
syntactic dependency and context information for determining
whether the word is a product feature or non-product feature.

To identify the expressions of opinions associated with
features. Some researchers considered that a product feature
and its opinion words usually co-occur within a certain distance
in the sentence. Hu and Liu [7] focused on adjacent adjectives
that modify feature nouns or noun phrases. They use adjacent
adjectives as opinion words that associated with features. Kim
and Hovy [5] explored the following four sizes of regions
which may contain both of product features and their opinions.
The four regions are: (1) full sentences; (2) words between the
opinion holder and the topic; (3) region 2 +/- two words; and
(4) from the first word behind the holder to the end of
sentences. In other research, Popescu and Etzioni [8] apply
manual extraction rules in order to find the opinion words. This
idea is similar to that of [7] and [5], but instead of using a
window of size or adjacent adjectives they define extraction
rules to find the expressions of opinions.

In conclusion, the above methods simply analyze co-
occurences of expressions within a short distance or patterns.
Some important links between product feature and opinion may
be missed. In view of these limitations of the existing
approaches, we proposed a method to exploit syntactic
information to deal with the semantic relationship between the
product feature and the opinion words. Our motivation is that
the dependency relation may be useful for extracting the
product features and identifying opinions that associate with
product features in each sentence.

III.  SYNTACTIC INFORMATION BASAED ON DEPENDENCY
ANALYSIS

Dependency grammars represent sentence structures as a
set of dependency relationships. A dependency relationship is
an asymmetric binary relationship between a word called head,
and another word called modifier. Fig. 1 shows the dependency
tree for a sentence “The movie mode is also working great.”.

nsubj
det nn advmod

T £

The movie mode s also working great
v\_/

acomp
aux
Figure 1. Example of dependency tree

2359



The dependency tree is derived from the syntactic parse tree.
We compute the syntactic parse tree by using the Stanford
lexicalized parser [15].

In the relationship of feature and opinion words, the terms
have much more varied semantics. There is a large variety of
linguistic constructions that express the relation between them.
To reduce the variation of linguistic constructions, we assume
that the shortest dependency path tracing from a product
feature through the dependency tree to an opinion word gives a
concrete syntactic structure expressing a relation between the
pair. The dependency path and syntactic relationship are used
together to find relationships between the product feature and
opinion.

We adopted a syntactic relationship consisting of six
different relationships as shown in Table 1.

TABLE L SYNTACTIC RELATIONSHIPS
Relationship Explanations

Child Product feature depends on the opinion word

GrandChild Product feature depends on the word which
depends on the opinion word

.Sibling Both opinion word and product feature depend
on the same word

Parent Opinion word depends on the product feature

GrandParent Opinion word depends on the word which
depends on the product feature

Indirect None of the above relationships

Fig. 2 we show two examples of sentences as dependency
trees and the dependency paths linking product features and
opinion words in the sentences.

£

DT JJ NN VBZIN PRPVBZ DT NN NN NN

S,=The nice thing is that it uses the SD memory card.

A

S

iy

DT NN  VBZ N
S;= The zoom works great.
Lo |

S;: Feature= “SD memory card”

Opinion word = “nice” NP> VBZ > VBZ€ NN € J)

S,: Feature = “zoom”

: NN > VBZ € JJ
Opinion word = “great”

Figure 2. Example of es as depend

paths of relation

y tree and dependency
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IV. SYSTEM ARCHITECTURE

The architectural of the proposed approach consists of three
main modules: firstly to perform such as parsing sentences,
analyzing noun phrases, and analyzing dependency; secondly
to train the ME model; and thirdly to extract product feature-
opinion pairs from unlabeled reviews. We first prepare a
training data set by manually labeling product feature-opinion
pairs of reviews. Detailed steps are given as follows.

Customer
Reviews

Pre-processor ~—--=.

| Parsing I

'
]
L]
1
'
i Noun Phrase
:
1]
]
'
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]
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]
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p ]
Analysis !
'

1

'

1

1

1

]
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Learning Pair
Extraction

4

Training Maximum
Entropy Model

44

Trainer

4

Dependency
Analysis

3

S

m
-
=
5
B
a
=
-1
=

‘

-

Pair Candidate
Extraction

Ll

Pair Candidate
' Classification

A 4

Product Feature-
Opinion Pairs

Figure 3. Architecture of System

1) Pre-processing module

To start the pre-processor, reviews are submitted to a
pipeline including parsing, noun phrase analysis, and
dependency analysis. First, we parse the review sentences with
a Stanford lexicalized parser. The output syntactic parse trees
are automatically converted into their dependency
representations.

In general, most product features indicating words are
nouns or noun phrases. Therefore, after parsing the sentence,
the next step is to identify a noun phrase as a product feature
candidate. We adopted linguistic filtering pattern (e.g. NN, NN
NN, JJ NN, NN NN NN, JJ NN NN, JJ JJ NN, NN IN NN, and
NN IN DT NN) to extracting noun phrases. Where NN, JJ, DT,
and IN are the part-of-speech (POS) tags for noun, adjective,
determiner, and preposition respectively defined by the Penn
Treebank [16]. Next, for each noun phrase in every dependency
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parse tree, we exhaustively generate potential syntactic
information of noun phrase-adjective word pair.

2) Training module

The training ME model consists of three steps. Firstly,
prepare training data which includes pre-processing and
product feature-opinion pair annotation. Secondly, extract
learning features of each pair in the training data. Thirdly, train
the model by using a maximum entropy model. The result of
the training model is the weight of each feature function.

To use the maximum entropy to extract product feature-
opinion pairs, we define features or important information in
order to constrain the model. We denote the features employed
for learning as learning features, discriminative from the
product features we discussed above. For each pair from the
training data, we compute several features automatically. The
features are as follow.

Product feature word: potential product feature as a noun
or noun phrase.

Opinion word: potential opinion word as an adjective.

Dependency path: The shortest path between feature word
and opinion word in a dependency graph.

Syntactic relationship: The classes of
relationship between feature word and opinion word.

syntactic

3) Extraction module

In order to extract product features and to identify of
opinions associated with these features (product feature-
opinion pairs), we rely on the observation that there are
characteristic words used to describe the product feature and
the opinion word. We found that most opinion expressions
indicating words are adjectives whereas the nouns build the
product features. Therefore, this module extracts pairs that are
noun-adjective word pairs. Each such pair becomes a pair
candidate. So, there may be more than one pair candidate on a
sentence. Next, the trained model is used to predict product
feature-opinion pair candidates from unlabeled reviews after
parsing. We will simply choose the class with the highest
conditional probability.

V. EXPERIMENT AND DISCUSSION

For our experiments, we used reviews on digital cameras
from the Amazon web site. We used 1,250 sentences and
conducted 5-fold cross validation on that dataset. This set of
data was split into a training set of 80% and a testing set of
20%. As pre-processing we parsed this corpus using the
Stanford lexicalized parser. We employed the OpenNLP
Maxent [17] as our classification tool. The parameters of the
maximum entropy model can be trained with 100 iterations of
the Generalized Iterative Scaling algorithm. More than 100
iterations would not affect to the increase of accuracy of the
parameters. To evaluate the method, we use precision, recall,
and F-score to measure the effectiveness of our approach.
When dealing with multiple datasets, we adopted the macro
average to assess the overall performance across all datasets.
The macro average is calculated by simply taking the average
performance obtained for each dataset.
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We compare the product features-opinion pairs extracted by

our approach with co-occurrence approach. We conducted the
experiments to compare with adjacent based method [7].
Beside, the pattern based method used by [8] is adopted to
compare with our method. The result is compared with two
approaches because they are the opinion summarization most
relevant to our work and they have evaluated their performance
on product review datasets.
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Figure 4. The recall of different approaches on test data
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Figure 5. The precision of different approaches on test data

TABLE IL AVERAGE RESULTS ON TEST DATA OF DIFFERENT
APPROACHES
Approaches Precision Recall F-score
Proposed approach 0.71 0.76 0.73
Adjacent approach 0.64 0.67 0.65
Pattern approach 0.40 0.74 0.52

Fig. 4 and Fig. 5 show recall and precision of the different
approaches on the test sets, respectively. These figures present
the results obtained with the proposed approach, which
outperforms adjacent-based approach and pattern-based
approach. Table 2 demonstrates the average results calculated
from five test sets. The macro-averaged F-score of the
proposed approach is 0.73, whereas macro-averaged F-score of
adjacent-based and pattern-based are 0.65 and 0.52,
respectively. Their intuition is that a opinion expression
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associated with a product feature will occur in its vicinity,
whereas our approach takes advantage of the dependency
relationship and machine learning. There are two reasons
behind the satisfactory performance of the proposed approach.
Firstly, the dependency path and syntactic relationship between
product feature and opinion expression are useful for
identifying the relation between them. Secondly, a maximum
entropy classifier may be doing a good job on separating the
opinion-relevant product feature pairs from the opinion-
irrelevant product feature ones.

For further improvement, we have examined the extraction
results manually. It has been found the errors are caused mostly
by complex sentences. For example, a complex sentence such
as “It’s difficult to take a good picture with this camera.”
confuses our method, because the sentence that describes
negative expression and it's not relevant to extract “good
picture”. However, our method can solve the problem which is
more than one product feature in a sentence.

V1. CONCLUSION

In this paper, we tried to solve the problem of extracting the
product feature and identifying opinions that associate with
product features in each review sentence. We have proposed a
novel way to recognize product feature-opinion pairs which
uses a probabilistic model with syntactic information based on
dependency relationship. The experiments of extracting
product features and identifying opinions associated with these
features show encouraging results. As part of our future work,
we would like to understand the reasons behind the
unsatisfactory performance on the complex sentence. The
possible improvements could consist of using more natural
language processing techniques.
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Abstract: Online customer reviews is considered as a significant informative resource which is
useful for both potential customers and product manufacturers. In web pages, the reviews are
written in natural language and are unstructured-free-texts scheme. The task of manually
scanning through large amounts of review one by one is computational burden and is not
practically implemented with respect to businesses and customer perspectives. Therefore it is
more efficient to automatically process the various reviews and provide the necessary
information in a suitable form. The high-level problem of opinion summarization addresses
how to determine the sentiment, attitude or opinion that an author expressed in natural language
text with respect to a certain feature. In this paper, we dedicate our work to the main subtask of
opinion summarization. The task of product feature and opinion extraction is critical to opinion
summarization, because its effectiveness significantly affects the performance of opinion
orientation identification. It is important to properly identify the semantic relationships between
product features and opinions. We proposed an approach for mining product feature and
opinion based on the consideration of syntactic information and semantic information. By
applying dependency relations and ontological knowledge with probabilistic based model, the
result of our experiments shows that our approach is more flexible and effective.

Keywords: Opinion Mining, Opinion Summarization, Text Mining, Customer Feedback,
Dependency Grammars, Maximum Entropy
Categories: 1.2.7, H2.8, H3.1, H3.5

1 Introduction

Recently, a number of online shopping customers have dramatically increased due to
the rapid growth of e-commerce, and the increase of online merchants. To enhance
the customer satisfaction, merchants and product manufacturers allow customers to
review or express their opinions on the products or services. The customers can now
post a review of products at merchant sites, e.g., amazon.com, cnet.com, and
epinions.com. These online customer reviews, thereafter, become a cognitive source
of information which is very useful for both potential customers and product
manufacturers. Customers have utilized this piece of this information to support their
decision on whether to purchase the product. For product manufacturer perspective,
understanding the preferences of customers is highly valuable for product
development, marketing and consumer relationship management.
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In a general web page, the reviews are written in natural language scheme and are
free of texts with unstructured paradigm. In comparison, numerical and categorical
data are well structured, which make them relatively easy to handle. On the contrary,
customer reviews are unstructured data. To be handled, these data demand knowledge
from different areas, e.g., database, information retrieval, information extraction,
machine learning, and natural language processing. With the great and rapid growth
of web contents, customer reviews become available where a customer is able to
express opinions on products and services. This trend has seen increasingly attention
in sentiment analysis or opinion mining. In the opinion mining community, there are
many challenging research topics such as subjectivity classification, sentiment
classification, and opinion summarization.

Subjectivity classification is the task of classifying the sentences or the
documents which contain opinions from factual, for instance in [Riloff, 03]. It is
useful for many natural language processing applications such as question answering,
information extraction, and so on. The task of sentiment classification is to judge
whether a review expresses a positive or negative opinion. For example, Pang et al
[Pang, 02] developed methods for sentiment classification in document level. The
systems assign a positive or negative sentiment for the whole review document. The
sentiment of phrases and sentences has also been studied in [Wilson, 05]. Even if
sentiment classification is useful, it does not imply the underlining information, i.e.
what the reviewer liked and disliked. Opinion summarization [Hu, 04, Popescu, 05,
Gamon, 05, Yi, 05, and Carenini, 06] is the task of producing a sentiment summary,
which consists of sentences from reviews that capture the author’s opinion. The
summarization task is interested in features or objects on which customers have
opinions. This is different from traditional text summarization that involves reducing
a larger corpus of multiple documents into a short of paragraph that conveys the
meaning of text. The product reviews on the Web are in three formats [Liu, 07]:

» Format 1 - Pros, cons and the detailed review: The reviewers describe pros
and cons in the form of short phrases and also write the detail of reviews
separately.

¢ Format 2 - Pros and cons: The reviewers describe pros and cons in the form
of full sentences separately.

* Format 3 - Free format: The reviewers write the reviews in the free form that
no separation of pros and cons.

In format 1, pros and cons usually consist of short phrases and incomplete
sentences, for example “pros: fabulous photo quality, large LCD, great battery life,
great features”. The reviews of format 2 and 3 usually consist of long sentences and
complete sentences, for example “I have taken hundreds of photos with it and i
continue to be amazed by their quality”. However, the product features and opinions
extraction from reviews of format 2 and 3 is more challenge because the complete
sentences are more complex and contain a large amount of irrelevant information.
The task of manually scanning through large amounts of review one by one requires a
lot of time and cost for both businesses and customers. Therefore, a good
summarization system can help them in getting the required and relevant information
without going through all the reviews present on the site.
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The high-level problem of opinion summarization addresses how to determine
the opinion that an author expresses in natural language text with respect to a certain
feature. Let us consider an example of a customer review of a digital camera.

“This camera is very easy to use. The viewing screen is easy lo see and very

clear. The pictures are clear and good color. To compare other digital cameras we
have used, this one if definitely superior and we would highly recommend.”
In this example, we can extract several phrases such as “very easy to use”, “viewing
screen is easy to see and very clear”, and “pictures are clear and good color”. The
phrases represent the customer’s opinion rather than facts. Particularly, opinion words
such as “very easy to use”, “easy to see”, “very clear”, “clear”, and “good color” are
used to express customer’s positive sentiment regarding the product features which
are referred by “to use”, “viewing screen”, and “picture”.

This study, we address the specific problem that is how to associate descriptions
of different product features with opinions found in reviews of format 3. The task is
not only technically challenging — applying natural language processing, but also very
useful in practice. In feature-opinion mining, most of the existing researches usually
depend on the co-occurrence of product features and opinion words. The methods
acquire relations based on fixed position of words. However, the approaches are not
effective for many cases. Look at the following review sentences.

(1) It has movie mode that works good for a digital camera.

(2) 1t is great having the LCD display.

(3) 1 bought my canon g3 about a month ago and i have to say i am very satisfied.

(4) The nice thing is that it uses the SD memory card.

In these samples, the words in underline are product feature and the words in italic are
opinion. The approach of co-occurrence of words is not the way to deal with this kind
of problem. In this paper, our goal is to develop ways to establish a correct
relationship between the product feature (the topic of the sentiment) and the opinion
word (the subjective expression of the product feature). The basic purpose of our
approach is to mine the product features and opinion words that associate with
product features in each sentence.

The remainder of the paper is organized as follows. Section 2 describes previous
work on the task of product feature and opinion extraction. Section 3 introduces
dependency relations for product feature-opinion mining. Section 4 discusses how to
mine product feature-opinion pairs from online customer reviews. Section 5 presents
and discusses the experimental results. Finally, Section 6 concludes our work.

2 Previous Work

Opinion summarization essentially consists of three main tasks. The first task of
opinion summarization is to extract the features of a product and to identify opinions
that associate with product features in each sentence and then identify the opinion
orientation. Finally produce a structured sentence list according to the feature-opinion
pairs as the summary. The task of product feature and opinion extraction is critical to
opinion summarization, because its effectiveness significantly affects the performance
of opinion orientation identification. Many previous works [Hu, 04, Popescu, 05, Liu,
05, Yi, 05, and Zhuang, 06] usually depend on the co-occurrence of words.
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Hu’s work in [Hu, 04] can be considered as the pioneer work on feature-based
opinion summarization. Their feature extraction algorithm is based on heuristics that
depend on feature terms’ respective occurrence counts. They use association rule
mining based on the Apriori algorithm to extract frequent itemsets as explicit product
features (only in the form of noun phrases). Association rule is an implication of the
form X=>Y, where X and Y are database itemsets. Two measures have been
developed to evaluate association rules, which are support and confidence. Itemsets
that have support at least equal to minimum support are called frequent itemsets
[Daly, 04]. In Hu’s work, each resulting frequent itemset is a possible feature. They
define an itemset as frequent if it appears in more than 1% minimum support of the
review sentences. In this approach, the algorithm does not consider the position of the
words in a sentence. In order to remove incorrect frequent features, they use feature
pruning that consists of compactness pruning and redundancy pruning. To improve
the work over Hu et al, Liu et al [Liu, 05] proposed a technique based on language
pattern mining to identify product features from pros and cons in reviews in the form
of short sentences. They also make an effort to extract implicit features. Moreover,
Carenini et al [Carenini, 05] proposed feature extraction for capturing knowledge
from product reviews. In their method, the output of Hu’s system was used as the
input to their system, and the input was mapped to the user-defined taxonomy features
hierarchy thereby eliminating redundancy and providing conceptual organization. To
identify the expressions of opinions associated with features. Hu et al focused on
adjacent adjectives that modify feature nouns or noun phrases. They use adjacent
adjectives as opinion words that associated with features. For each sentence in
reviews, if it contains any frequent feature, extract the nearby adjective. It is
considered an opinion.

Popescu et al [Popescu, 05] developed an unsupervised information extraction
system called OPINE, which extracted product features and opinions from reviews.
OPINE first extracts noun phrases from reviews and retains those with frequency
greater than an experimentally set threshold and then assesses those by OPINE’s
feature assessor for extracting explicit features. The assessor evaluates a noun phrase
by computing a Point-wise Mutual Information score between the phrase and
meronymy discriminators associated with the product class. Popescu et al apply
manual extraction rules in order to find the opinion words. This idea is similar to that
of Hu et al [Hu, 04], but instead of using adjacent adjectives they define extraction
rules to find the expressions of opinions. For example,

If (M, NP =) 2 po = M : (expensive) scanner

If3(S =1, P,0) =2 po = O : Lamp has (problems)

If 3(S, P, O = 1) = po = P : I (hate) this scanner

If 3(S = f, P) > po= P : Program (crashed)

M = modifier, NP = noun phrase, S = subject, P = predicate, O = object, f = feature
and po = potential opinion

Yi et al [Yi, 05] developed a set of feature term extraction heuristics and selection
algorithms for extracting a feature term from product reviews. The feature term is a
part of relationship with the given topic, an attribute of relationship with the given
topic, and an attribute of relationship with a known feature of the given topic. In the
first step, they extract a noun phrase with the Beginning define Base Noun Phrase
(bBNP) heuristics. Then, they select a feature term from the noun phrase using the
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likelihood score. As a processing step to opinion extraction, they utilized some
patterns based on sentiment extraction pattern such as

<“impress” + PP(by;with)>: the target or feature is subject phrase (SP) and the
opinion is “impress”

<*take” + OP SP>: the target or feature is subject phrase (SP) and the opinion is
object phrase (OP)

Zhuang et al [Zhuang, 06] studied in movie review domain. They proposed a
multi-knowledge based approach for movie review mining and summarization. They
used the keyword list and dependency relation templates together to mine explicit
feature-opinion pairs. For example,

NN — amod - JJ

NN — nsubj —JJ

NN — nsubject — VB — dobj - NN

In conclusion, the above methods acquire relations based on explicit adjacency.
They simply analyze co-occurences of expressions within a short distance or patterns.
Some important links between product feature and opinion may be missed. In view of
these limitations of the existing approaches, we proposed a method to exploit
syntactic information and semantic information to deal with the semantic relationship
between the product feature and the opinion words. Our motivation is that the
dependency relation may be useful for extracting the product features and identifying
opinions that associate with product features in each sentence. In addition, the idea
behind this method is to use machine learning to automatically replace manual
extraction of rules to identify the expressions of opinions associated with features.

3 Dependency Relations for Feature-Opinion Mining

Dependency grammars represent sentence structures as a set of dependency
relationships. A dependency relationship [Melcik, 87] is an asymmetric binary
relationship between a word called head or govemor, and another word called
modifier or dependent. The dependency of words will form a dependency tree. The
syntactic structure of a sentence consists of dependencies shown in Figure 1.

nsubjpass

FW RB VBD DT NN CC NNPVBP RB VBN IN DT NN
I recently purchased the canon and 1 am extremely satisfied with the purchase

A advmod AN W =~
advmod ccomp md W prep_with

X

e, ™ B depends on A.
B A B is the ‘x” of A.

A is the head.

Figure 1: The syntactic structure of a sentence consists of dependencies
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Each relationship has a word as head. The other is the dependent. A word has one
head at most. However, a word may have several dependents.

With these relations defined by the dependency tree, we find there are five
relations for mining product feature and opinion as following. PF refers to product
features, O refers to opinion words and A refers to ancestors.

PF (0] PF O PF A (0]
(a) (b) (c)
PF A 0 PF A O
(d) (e)

Figure 2: The relations of dependency sub-trees for product feature-opinion mining

1) Child: The product features are in the children as (a) in Figure 2. In such relation,
the product feature is the subject or object of the verbs and the opinion word is a verb
or a complement of a copular verb, for example

(1) “I like this camera.”

Dependency relation:

{nsubj(like-2, I-1), det(camera-4, this-3), dobj(like-2, camera-4)}

The dependencies are written abbreviated_relation_name(head, dependent) where the
head and the dependent are words in the sentence to which the word number in the
sentence is append. In the brackets, the first word is the parent and the second word is
the child. In (1), the word “camera” is the product feature. The word “like” is the
opinion. The “camera” is the direct object of the verb “like”.

(2) “The battery life is good.”

Dependency relation:

{det(life-3, The-1), nn(life-3, battery-2), nsubj(good-5, life-3), cop(good-35, is-4)}
The phrase “battery life” is the product feature. The word “good” is the opinion. The
“battery life” is a noun phrase which is the subject. The “good” is the complement of
the copular verb.

2) Parent: The product features are in the parents as (b) in Figure 2. In such relation,
the opinion words are in the modifiers of product features, which include adjectival
modifier, relative clause modifier, etc., for example

(3) “I have found that this camera take incredible pictures.”

Dependency relation:

{nsubj(found-3, I-1), aux(found-3, have-2), compim(take-7, that-4),

det(camera-6, this-5), nsubj(take-7, camera-6), ccomp(found-3, take-7),

amod(pictures-9, incredible-8), dobj(take-7, pictures-9)}

The word “picture” is the product feature. The word “incredible” is the opinion which
is the adjectival modifier of a word “picture”.

3) Sibling: The product features and the opinion words are in the children of the same
ancestor as (c) in Figure 2. In such relation, the opinion word may also be in an
adverbial modifier, a complement of the verb, or a predicative, for example
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(4) “The pictures some time turn out blurry.”

Dependency relation:

{det(picture-2, The-1), nsubj(turns-5, picture-2), det(time-4, some-3),

dep(turns-5, time-4), dep(blurry-7, out-6), acomp(turns-5, blurry-7)}
The word “picture” is the product feature which is the subject. The word “blurry” is
the opinion which is the adverbial modifier of a verb.
4) Grand Parent: The product features are in the parents of the words that are in the
parents of the opinion words as (d) in Figure 2. In such relation, the opinion words are
adjectival complement of modifiers of product features, for example

(5) “It has movie mode that works good for a digital camera.”

Dependency relation:*

{nsubj(has-2, It-1), nn(mode-4, movie-3), dobj(has-2, mode-4),

rel(works-6, that-5), remod(mode-4, works-6), acomp(works-6, good-7),

det(camera-11, a-9), amod(camera-11, digital-10), prep_for(good-7,camera-11)}
The phrase “movie mode” is the product feature. The word “good” is the opinion
which is the adverbial complement of relative clause modifier of noun phrase “movie
mode”.
5) Grand Child: The product features are in the children of the words that are in the
children of the opinion words as (e) in Figure 2. In such relation, the product feature
is the subject or object of the complements and the opinion word is a verb or a
complement of a copular verb, for example

(6) “It's great having the LCD display.”

Dependency relation:

{nsubj(great-3, I-1), cop(great-3, 's-2), xcomp(great-3, having-4),

det(display-7, the-5), nn(display-7, LCD-6), dobj(having-4, display-7)}
The phrase “LCD display” is the product feature. The word “grear” is the opinion
which is the complement of a copular verb. The “LCD display” is the object of a
clausal complement.

4  Mining Product Feature-Opinion

In this section, we described our methods to mine product feature-opinion from online
customer reviews. The product feature can be a brand name, a model name of a
commodity, a property, a part, a feature of a product, a related concept, or a part of a
related concept [Popescu, 05]. Section 4.1 explains some pre-processing steps. The
core methods are described in Section 4.2 and Section 4.3. Figure 3 gives the
architecture overview for our approach.

4.1  Pre-Processing

To start the pre-processing, reviews are submitted to a pipeline including parsing and
dependency analysis. Firstly, we parse the review sentences by using the Stanford
Parser. After that we exhaustively generate a dependency tree as shown in Figure 1.
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| Review Crawler

Customer
Reviews

Dependency
Analysis
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Figure 3: The architecture of our approach

4.2  Product Feature-opinion Candidate Extraction

When mining product feature-opinion, we first identifies product feature on which
many customers have expressed their opinions. If a product feature appears, we will
search for the related opinions and product features.

4.2.1 Product Feature Candidate Extraction

In general, most product features indicating words are nouns or noun phrases.
Therefore, after parsing the sentence, the next step is to identify a noun phrase as a
product feature candidate. We adopted linguistic filtering pattern and General Inquirer
Dictionary [Stone, 66] to extracting product feature candidate. We also discard stop
words to reduce noise. A definite linguistic filtering pattern is a noun phrase as the
following patterns:

NN,

-NNNN, JJ NN

-NN NN NN, JJ NN NN, JJ JJ NN, NN IN NN

-NN IN DT NN
where NN, JJ, DT, and IN are the POS tags for noun, adjective, determiner, and
preposition respectively defined by the Penn Treebank [Marcus 93]. Algorithm 1
demonstrates the process to extract all the product feature candidates in reviews.

4.2.2  Related Opinion Extraction

This step is to identify product feature-opinion candidates. For each product feature
candidate in every dependency parse tree, we search for the related opinion words.
Some adjectives and verbs may be used for both favorable and unfavorable predictes.
Thus, this paper uses adjectives and verbs as opinion words. The procedure of
extracing opinions as following manner (Algoritm 2).
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Algorithm 1. Pseudo-Code for extracting product feature candidates

/input: S — Set of tagged sentences; s = 51,52, --,5m
P — Set of noun phrase patterns
Gl - Set of word in GI dictionary
//Output: PS - Set of product feature candidates

PS=o
For each tagged sentence s, € S
PC=¢

For i=1 to end of sentence s,
If i <Length(s,)—2 Then x=3
Else If i = Length(s,)—2 Then x=2
Else If i =Length(s,)—1 Then x=1

Elsex=0
End
End
End
Forj=xto0

GT =T;to T;,; /* POS Tag of word, to word;;of' s, */
GW = word; to word;,; X
If GT € Pand GW ¢ Gl then
i=1itj
PC=PCuUGW
Break
End
End
End
PS=PSuUPC
End

Consider the following examples: “Battery is very good even when using flash and
LCD.” and “I recently purchased the Canon and I am extremely satisfied with the
purchase.” Figure 4 shows the procedure of product feature-opinion candidate
extraction. Firstly we find the product features, and then find the opinions through the
dependency tree (in the manner as Algorithm 2). In these samples, the words in circle
shape are the effective opinions of the product feature candidates in square shape. We
can extract several pairs such as (battery, good), (flash, good), (lcd, good), (cannon,
satisfied), and (purchase, satisfied). Each of such pairs becomes a product feature-
opinion candidate. After product feature-opinion candidate extraction, we predict the
opinion-relevant product feature relation using the probabilistic based model.

119



Somprasertsri G., Lalitrojwong P.: Mining Feature-Opinion ... 947
nsubj
4 advmod
& - = = i m/ \

[T NN WBZ RB’ 5y \ RB WRB VBG N -cc NN.
| Battery, is very\ good even whcn usmg' flash .and' lcd :

""""" k_'/" 2
W o/ “cony-and

ccomp

(a) “Battery is very good even when using flash and LCD.”

nsubjpass

nsubj

FW RB  VBD DI NN CCNNPVBP RB ,” VBN )N DT{NN
I recently purchased thejcanonand 1 am extremely satisfied avith the purchase:

-

advmod \.ccomp conj and AUXpass — ~ prep with

(b) “I recently purchased the Canon and I am extremely satisfied with the purchase.”

Figure 4: Example product feature-opinion candidate extraction

Algorithm 2. Pseudo-Code for extracting the product feature-opinion pairs

//Input DT - Set of dependency ftrees
PS — Set of product feature candidates in each sentence
Gl — Set of word in GI dictionary
//Output  FOS — Set of product feature-opinion pairs
PairExtract(dt,, ps;) /* Return set product feature-opinion pairs of each dependency tree */
FO=0
For m=1 to end of product feature candidate ps;

Rnode = psi{m) /* Initial product feature candidate to root node */
f = FirstVisit(dt,Rnode) /* Find first neighbor, return -1 if no neighbor */
While (f ~=-1)

If (neighbor is adjective) or (neighbor is adveb and € GI) then
pair = [Rnode,neigbor] /* product feature-opinion pair */

FO=FO v pair
f=-1

Else
f = NextVisit(dt,Rnode) /* Find next neighbor, return -1 if no neighbor */

End

End
End
PairExtract(DT, PS, GI) /* Return set of product feature-opinion pairs */

For each dependency tree dt; e DT
FO = PairExtract(dt;, ps;)
End
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4.3  Predicting a Relation by Maximum Entropy Model

Maximum entropy model was first described by Jaynes [Jaynes, 57]. The maximum
entropy model chooses the least biased distribution, which maximizes uncertainty in
the distribution subject to given constraints [Tan, 07]. For our work, we use maximum
entropy model to predict the opinion-relevant product feature relation. This task can
be re-formulated as a classification problem, in which the task is to observe some
linguistic context x€ X and predict the correct linguistic class v€ Y. We can design
classes such as opinion-relevant product feature and opinion-irrelevant product
feature. We can implement classifier cl: X = Y with a conditional probability model
by simply choosing the class y with the highest conditional probability p in the
context x:

cl(x)=argmax p(y| x) n

The conditional probability p(y|x) is defined as follows [Ratnaparkhi, 98]:

p(y| x)=—1-li[a.ﬁ“‘” )
Z(x)ia

z(x0) =Y [Ja/*” 3)

where y refers to the outcome, x is the history (or context), k is the number of features
and Z(x) is a normalization factor to ensure that 3. p(ylx)=t . Each parameter
@, corresponds to one feature f; and can be interpreted as a weight for that feature.

We use the Generalized Iterative Scaling (GIS) algorithm [Darroch, 72] to
estimate parameters or weights of the selected features. Under the maximum entropy
framework, the probability for a class y and object x depends solely on the features
that are active for the pair (x, ), where a feature is defined here as a function f: X X
Y - {0, 1} that maps a pair (x, ) to either 0 or 1. The feature is defined as follows:

ffp.)'('x:y) ={l ifyzy' and CP(X)=rme (4)

0 otherwise

where ¢p(x) is contextual predication that returns true or false, corresponding to the
presence or absence of useful information in some context, or history x& X. For
example, to predict which the class of product feature-opinion candidate belongs (as
shown in Table 1). The classifier considers dependency relation of the target product
feature-opinion candidate. Supposing the opinion word depends on the product
feature. The relation of the target product feature-opinion pair is parent, a feature
function can be set as follows:
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1 if y, =YES and Rel(PARENT) = true
fix,p;)= .
0 otherwise
Class Description
YES Feature-opinion pair claimed to be opinion-relevant product feature
NO Feature-opinion pair claimed to be opinion-irrelevant product feature

Table 1: Classes defined for the classification task

In order to use the maximum entropy to classify product feature-opinion
candidates, we define important information in order to constrain the model. We use
syntactic information to classifying product feature-opinion pair. One of the chalenges
for this problem is dut to the wide variation of surface text. To reduce the variation of
linguistic constructions, we assume that the shortest dependency path tracing from a
product feature through the dependency tree to an opinion word gives a concrete
syntactic structure expressing a relation between the pair. Our idea is to learn such
patterns from the dependency paths for each relationship. Furthermore, we attempt to
capture relating product feature and opinion using dependency relations between
them. For our work, we adopted a dependency relation consisting of six different
relations as presented in Table 2.

Relation Description

Parent Opinion depends on the product feature.

Child Product feature depends on the opinion.

Sibling Both opinion and product feature depend on the same word.

Grandparent | Opinion depends on the word which depends on the product

feature.

Grandchild | Product feature depends on the word which depends on the

opinion.

Indirect

None of the above relations

Table 2: Dependency relations for product feature-opinion mining

nsubj

P R Y

NN VBZ RB JJ] RB WRBVBG NN CC NN
Battery is vcry good even when using ﬂash and led

w
W dobj conj and

ccomp

Pair 1 (battery, good), path: NN=>]J, relation: Child
Pair 2 (flash, good), path: NN=>VB->1J, relation: GrandChild
Pair 3 (lcd, good), path: NN->NN->VB-> 1], relation: Indirect

Figure 5: Example of dependency paths and dependency relations
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Let us consider the dependency tree of example “Battery is very good even when
using flash and LCD” as shown in Figure 5. We can extract several product feature-
opinion candidates such as “battery, good”, “flash-good”, and “lcd-good”. Each such
pair becomes a pair candidate. For effective relation extraction, we group product
features by using product ontology that we will describe in next section. The
maximum entropy model is used to predict opinion-relevant product feature. Firstly,
for each pair, we compute several features automatically. We denote the features
employed for learning as learning features, discriminative from the product features
we discussed above. The features are opinions, grouped product features, dependency
paths and dependency relations. We will simply choose the class with the highest
conditional probability p according to Equation 1.

5  Product Ontology

In an abstract sense, an online customer review is a list of those product features or
concepts that a customer likes or dislikes. Different customers will often refer to
identical product features using inconsistent or incompatible terminology.
Furthermore, customers might refer to a particular feature in different ways. For
example, “memory card”, “‘compact flash”, “compactflash”, “CF card”, and “memory
stick” are string for describing “removable memory”. To solve this issue, we use

sematic information encodsed in ontology. Figure 6 illustrates a part of our ontology.

Nikon CoolPix4300

hasAttribute

Digital Camera

T ~
hasAttribute hasAttribute hasAttribute

l

Camera Resolution

Resolution_Instance

/ \ * £
hasKeyword hasKeyword hasValue
hasValue

4.1 Megapixel”

Resolution Value
T
. hasRegExp hgEp
Resolution Keyword
'3 AL
Regular Expression

Product Ontology Product Ontology Instance

Figure 6: Fragments of product ontology and product ontology instance
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Ontology plays a pivotal role here by providing a source of shared and precisely
defined terms that can be used in such meta-data [Bhatt, 06]. Ontology can create an
agreed-upon vocabulary for sharing knowledge, exchanging information, and
climinating ambiguity [Xue, 09]. In our work, we use ontology to normalize the
language for distinguishing between different product features. In this paper, we
design ontology by applying core ontology of Jannach et al [Jannach, 09]. Product
ontology is expressed in a tree-hierarchy of concepts. We manually construct product
ontology by integrating manufacturer product descriptions and terminologies in
customer reviews. The root of the tree represents the product. Subsequent sub-trees
represent attributes of the product.

According to the problem of describing a product feature in different ways, it is
important to group terminologies with similar meaning together. Our work uses a
simple method. The basic idea is to employ product ontology to group terminologies
using simple regular expression patterns as showed on Figure 6. If a product feature
candidate dose not matches any regular expression, using itself as a grouped product
feature.

6  Experimental Settings

6.1 Data and Evaluation

The dataset used in our experiments included two sets on digital cameras from Hu’s
previous work [Hu, 04] and digital camera reviews from Amazon.com. The sentences
in the dataset have manually generated tags indicating product features and opinions.
We conducted 5-fold cross validation on that dataset. We employed the OpenNLP
maximum entropy package as our classification tool.

To evaluate the method, we use precision, recall, and F-score to measure the
effectiveness of our approach. When dealing with multiple datasets, we adopted the
macro average to assess the overall performance across all datasets. The macro
average is calculated by simply taking the average performance obtained for each
dataset. Therefore, the definitions of precision, recall and F-score are as following.

2 x Precision x Recall
Precision+Recall

Precision =—]1% Recall =]];'(I:' F - score=

PC = number of correctly mined product feature-opinion pairs;
PM = number of all mined product feature-opinion pairs;
PT = number of all correct product feature-opinion pairs.

6.2  Experimental Results and Discussion

In order to evaluate our method on the task of mining product features and opinions,
we used a dataset of 1250 sentences described in Section 6.1. We randomly divided
the dataset into five equal-sized folds. We used four folds as the training data and one
fold as the testing data. We conducted the experiments to compare with Hu's
approach (adjacent based method). Beside, the patterns used by Popesecu’s approach
(pattern based method) are adopted to compare with our method. The result is
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compared with Hu’s approach and Popesecu’s approach because they are the opinion
summarization most relevant to our work and they have evaluated their performance
on product review datasets. The product feature candidates are cxtracted by the
method described in Section 4.2.1. Baseline is our approach without using product
ontology.

We use precision, recall and F-score to evaluate performances. Five-fold cross-
validation results of extracting product features and opinions are shown in Figure 7,
Figure 8, and Figure 9. Table 3 shows the average results of different methods. The
results show that our method outperforms others in the precision, the recall and the F-
score. It shows that our method is superior to adjacent based method and some pattern
based method with two main reasons. One reason, in adjacent based method, for each
product feature, its nearest opinion word is used to construct the product feature-
opinion pair. It produces many invalid pairs due to the complexity of sentences in
product reviews. A second important reason, the pattern based method could not
discover the relations between product features and opinions from the complex
sentences. Beside, our approach performs a little better than non-ontology in recall
and F-score because the right words dose not include in the ontology at design time.

© - Adjacent o Adpcent
~o— Pattem —o— Pattem
—&— Basehne —a— Baseline
—w— Our App —%— Qur App

Figure 7: Recall of different methods  Figure 8: Precision of different methods

o Admcent

=~ Pattem

—o— Basdline

it [~ Ouwr Approach)

Figure 9: F-score of different methods
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Methods Precision (%) | Recall (%) F-score (%)
Adjacent Based 68.65 57.93 62.69
Pattern Based 59.65 39,95 59.72
Baseline 73.12 77.98 75.34
Our Approach 72.65 78.77 75.45

953

Table 3: Average results for total performance with 5-fold cross validation on dataset

Table 4 shows the comparison of extracting product features and opinions of each
method on simple and complex sentences. It is notable that the adjacent based and
pattern based method can extract product features and opinions only from simple
sentences. Interestingly, our method can extract product features and opinions form
both type of sentences. Our method focus on opinion as adjective and verb exclude
noun as in (3) because most of opinions as an adjective or a verb. In summary, we
conclude that the approach is more flexible and effective than the adjacent based

approach and

opinion pattern based approach.

Methods
Structure Example Adjacent | Pattern Our
Based Based Approach
Simple (1) There is a great camera. Yes Yes Yes
(2) The optical zoom works great. Yes Yes Yes
(3) Lens has problems. No Yes No
(4) 1 like this camera. No Yes Yes
(5) It is great having the LCD No No Yes
display.
Complex | (6) It has movie mode that works No No Yes
good for a digital camera.
(7) 1 bought my canon g3 about a No No Yes
month ago and i have to say i am
very satisfied.
(8) The nice thing is that it uses the No No Yes
SD memory card.

Table 4: The comparison of extracting product features and opinions of difference
methods

7 Conclusion and Future Work

In this paper, a dependency and semantic based approach is proposed for mining
opinions from online customer reviews. We focused on extracting relations between
product features and opinions. We have proposed a novel way to capture the actual
relations of product features in sentences regardless the distance from them to
opinions. Experimental results show the effectiveness of the proposed approaches.

As part of our future work, we would like to understand the reasons behind the
unsatisfactory performance on the complex sentence. For example, a complex
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sentence such as “With the automatic settings, i really haven't taken a bad picture
yet.” confuses our method, because the sentence that describes positive expression
and it’s not relevant to extract “bad picture”. The possible improvements could
consist of using more natural language processing techniques. Finally, we would also
investigate self-learning methods for classification that may provide a mechanism for
further reducing the amount of labeled data required to produce highly accurate
results.
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