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Abstract

This paper presens a method for identi-
fying an opinion with its holder amrd
topic, given a senterce in online news
medatexts. We introduce an approach of
exploiting the semartic structure of a
senterce, anchored to an opinion bearing
verb or adecfve. This method uses se-
martic role labeling as an intermedate
step to lakel an opinion holder and topic
using FrameNet data. We decompose our
tak into three phass idertifying an
opinion-bearing word, labeling semartic
rolesrelated to the word in the serterce,
and then finding the holder ard the topic
of the opinion word amang the labeled
semaric roles For a broader coverage,
we also employ a clustering technique to
predct the most probabe frame for a
word which is not defined in FrameNet.
Our experimertal reallts show that our
system performs significartly better than
the basline.

1 Introduction

The challenge of auomatcally idertifying opin-
ions in text auuomatcaly has beenthe focus of
attertion in recen yearsin mary differert do-
mains such asnews articlesand product reviews.
Various approacheshave beenadoptedin subjec-
tivity detecion, semartic orientation detection,
review classificaion and review mining. Degite
the succesesin identifying opinion expressions
and subjective words/phrases there hasbeenless
achievemert on the factors closely related to sub-
jectivity and polarity, such as opinion holder,
topic of opinion, and inter-topic/inter-opinion
relaionships. This paper addresses the problem
of identifying not only opinions in text but also

holders and topics of opinions in online news
articles

Idertifying opinion holdersis importart ege-
cially in news articles Unlike product reviewsin
which maost opinions expressed in a review are
likely to be opinions of the author of the review,
news articlescontain different opinions of differ-
ent opinion holders (eg. people, organizations,
and countrieg. By grouping opinion holders of
different stance on diverse social ard political
issues we cana have better underganding of the
relationships amag countries or among orgari-
zaions.

An opinion topic can be consideredas an ob-
jectan opinion is about. In product reviews, for
examge, such opinion topics are often the prod-
uct itself or its specific features such as design
ard quality (e.g. Q like the dedgn of iPod
videoQ Orhe sound quality is amazingQ. In
news articles opinion topics canbe social issues
goverrmertOsacts, new everts, or somemeOs
opinions. (eg., emocrats in Congress ac-
cused vice presdent Dick CheneyOsshooting
accident.Q Cshiite leaders accused Sunnis of a
mass killing of Shiites in Madaen, south of
Baghdad.Q

As for opinion topic idertificaton, little re-
search has been conducted, ard only in a very
limited domain, product reviews. In most ap-
proaches in product review mining, given a
product (e.g. mp3 player), its frequently men-
tioned features (e.g. sound, screen, and design)
are first collected and then used as anchor
points. In this study, we extract opinion topics
in news articles Also, we do not pre-limit top-
ics in advance. We first identify an opinion
and then find its holder and topic. We define
holder as an entity who holds an opinion, and
topic, aswhatthe opinion is about.

In this paper, we propose a novel method that
empoys Semarntic Role Labkeling, a task of iden-
tifying semantic roles given a senterce. We de-



compose the overall tak into the following
steps:

¥  Idertify opinions.

¥  Label semartic roles related to the opin-
ions.

¥ Find holders and topics of opinions
amag the identified semartic roles

¥  Store <opinion, holder, topic> triples
into adatabase.

In this paper, we focus on the first three subtaks.

The main contribution of this paperis to pre-
sent a metod that identifies not only opinion
holders but also opinion topics. To achewve this
goal, we utilize FrameNet data by mapping target
words to opinion-bearng words and mapping
semairtic rolesto holdersand topics, and thenuse
them for system training. We demamstrate that
invegigating semairic relations betweenanopin-
ion and its holder ard topic is crucial in opinion
holder and topic idertificaion.

This paper is organized as follows: Section 2
briefly introducesrelated work both in sentiment
aralysis and semartic role lakeling. Secton 3
de<cribes our approach for idertifying opinions
and labkeling holders ard topics by utilizing Fra-
meNet' data for our tak. Section 4 reports our
experimerts and reaults with discussions ard
finally Secton 5 concludes

2 Reated Work

This secfion reviews previous works in both
sentimert detection and semartic role labeling.

2.1 Subjectivity and Sentiment Detection

Subjectivity detection is the task of idertifying
subjecive words, expresions, and senterces
(Wiebke etal., 1999; Hatzivassiloglou and Wiebe,
2000; Riloff etal., 2003). Idertifying subjectv-
ity helps separate opinions from fact, which may
be useful in gquegion armswering, summarizaton,
etc. Sertimert detecion is the tak of determin-
ing positive or negative sertimert of words
(Hatzivassiloglou and McKeown, 1997; Turney,
2002; Esuli and Seladian, 2005), phrases and
senterces (Kim and Hovy, 2004; Wilson et al.,
2005), or documerts (Parg etal., 2002; Turney,
2002).

Building on this work, more sophisticated
problems such as opinion holder idertificaion
have also been studied (Bethard et al., 2004)
idertify opinion propositions ard holders Their

! http://framenet.icsi .berkeley.edu/

work is similar to ours but different because their
opinion is redricted to propositional opinion and
mostly to verls. Another related works are (Choi
etal., 2005; Kim and Hovy, 2005). Both of them
use the MPQA corpus® but they only idertify
opinion holders not topics.

As for opinion topic idertification, few re-
searcheshave beenconducted, and only in avery
limited domain, product reviews. (Hu and Liu,
2004; Popescu and Etzioni, 2005) present prod-
uct mining algorithms with extracting certain
product features given specific product types
Our paper aims at extracting topics of opinionin
gereralnews mediatext.

2.2 Semantic Role Labeling

Semantic role lakeling is the tak of idertifying
semartic roles such as Agent, Patent, Spealer,
or Topic, in asenterce. A statistical approachfor
semairic role labeling wasintroducedby (Gildea
and Jurafsky, 2002). Their system learred se-
martic relationship amang constituents in a sen-
tence from FrameNet, a large corpus of semanti-
cally hand-amotated data. The FrameNet amota-
tion schemeis based on Frame Sematrtics (Fill-
more, 1976). Frames are defined as Oshemaic
repreenations of situations involving various
frame elemerts such as participarts, props, and
other conceptual rolesO For example, given a
sertence Odck built a new house out of bricksO,
a semantic role lakeling system should idertify
the roles for the verb built such as QAgem JacK
built [creaed eniity @ NeW house] [component OUt Of
bricks|&. In our study, we build a semartic role
lakeling system as an intermedate step to label
opinion holdersand topics by training it on opin-
ion-bearing frames ard their frame elemerts in
FrameNet

3 Finding Opinions and Their Holders
and Topics

For the goal of this study, extracing opinions
from news meda texts with their holders ard
topics, we utilize FrameNet data. The basc idea
of our approach is to explore how an opinion
holder and a topic are semarticaly related to an
opinion bearing word in a sentence. Givena sen-
tence and an opinion bearing word, our method
identifies frame elemerts in the serterce ard

2 http://www.cs.pitt.edu/~wiebe/pubs/ardasummer02/
% The verb (ouildOis defined under the frame CBuild-
ingOin which Agent, Created_entity, and Components
are defined as frame elements.



Sentence: On Dec. 7, the Islamic Conference Organization
(ICO) denounced the affair as a crime.

¥

Opinion word : denounced

I

Frame : Judgment_communication

J

Semantic role labeling :

‘ On Dec. 7

F‘" Time |

the Islamic Conference

Organization (ICO) ""LWJ—”}HOIder

‘ denounced ‘

‘the affair F-H: Evaluee }-—-} Topic

%"" Reason |

‘ as a crime

Figure 1: An overview of our algorithm

searcleswhich frame elemert correponds to the
opinion holder and which to the topic. The ex-
amgde in Figure 1 shows the intuition of our a-
gorithm.

We decampose our tak in 3 subtasks: (1) col-
lect opinion words and opinion-related frames
(2) semartic role lakeling for those frames and
(3) finally map semartic roles to holder and
topic. Following subsections de<ribe eachsub-
tak.
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We de<ribe the subtask of collecing opinion
words and relatedframesin 3 phass

Opinion Words and Related Frames

Phase 1. Collect Opinion Words

In this study, we consider an opinion-bearing
(positive/negative) word is a key indicabor of an
opinion. Therefore, we first idertify opinion-
bearing word from a given sentence and extract
its holder and topic. Since previous studiesindi-
cate that opinion-bearing verls and adectivesare
egecially efficient for opinion identificaion, we
focus on creaing a set of opinion-bearing verbs
and adecives We amotated 1860 adectives
and 2011 verks' by classifying them into posi-
tive, negative, and neutral clases Words in the
positive clas carry positive valernce whereas

* These were randomly selected from 8011 English
verbs and 19748 English adjectives.

Tabe 1. Example of opinion related frames
ard lexical units

Frame Lexical units Frameelemerts
name
want, wish, hope, Event,
Desring eagr, desire, Experliercer,
intereged, Location_of event
Emotion ag ta_lted, amused, Evert,_ Topic
X amguish, ashamed Experiercer,
direcied
- argry, annoyed, Expressor,
absurd, brilliart, Behavior,
Mental s
roperty care_b$, crazy, Praggonl st,

P cunning, foolish | Domain, Degree
Swject dellghf[ful,amzz_lng, Snmulus_, Degree
; amoying, amwsing,| Experiercer,

stimulus . .
= aggravating, Circumstances

those in negative class carry negative valerce.
Words that are not opinion-bearing are classified
asneutral.

Note thatin our study we treat word sertimert
classificaion as a three-way classificaion prob-
leminsteadof atwo-way classificaion problem
(i.e. positive and negative). By adding the third
class, neural, we can prevent the classifier as-
signing either positive or negative sertimert to
weak opinion-bearng word. For examgde, the
word QertralOthat Hatzivassiloglou and McKe-
own (1997) marked asa positive adeciveis not
classified as positive by our system Instead we
markit asOreuralO sinceit is a weakclue for an
opinion. For the same rean, we did not con-
sider OakeO classified as a positive word by
General Inquire|5, asertimen word lexicon, asa
positive opinion indicatbr. Finally, we cdlectied
69 positive and 151 negative verbs and 199 posi-
tive and 304 negative adjecives

Phase 2: Find Opinion-related Frames

We collecied frames related to opinion words
from the FrameNet corpus. We used FrameNet ||
(Baker etal., 2003) which contains 450 semartic
framesand more than 3000 frame elemerts (FE).
A frame consists of lexical items, called Lexical
Unit (LU), and related frame elemerts. For in-
stance, LUs in ATTACK frame areverbs such as
assail, assaut, and attack, and nouns such asin-
vadon, raid, and strike. FrameNet |l contains

® http://www.wjh.harvard.edu/~inquirer/homecat.htm



aporoximatkely 7500 lexical units and over
100,000 amotated sentences

For each word in our opinion word set de-
scribedin Phase 1, we find a frame to which the
word belongs. 49 framesfor verls and 43 frames
for adectves are cdleced Tabe 1 shows ex-
ampesof selected frameswith some of the lexi-
cal units those framescover. For example, our
system found the frame Desring from opinion-
bearing words want, wish, hope, etc. Finally, we
calected 8256 and 11877 sentences related to
selected opinion bearng frames for verls and
adjectivesregectively.

Phase 3: FrameNet expansion

Even though Phas 2 searches for a correlated
frame for eachverb and adecive in our opinion-
bearing word list, not all of them are defined in
FrameNet data. Some words such ascriticize ard
harass in our list have associated frames (Case
1), whereasotherssuch asvilify and maltreat do
not have those (Case 2). For a word in Cas 2,
we use a clustering algorithms CBC (Clustering
By Committee)to predct the closed (most rea-
sonable) frame of undefined word from existing
frames CBC (Partel ard Lin, 2002) was devel-
oped based on the distributional hypothess (Har-
ris, 1954) that words which occur in the same
contexts terd to be similar. Using CBC, for ex-
amgde, our clustering module computes lexical
similarity betweenthe word vilify in Case 2 and
all words in Cas 1. Thenit picks criticize asa
similar word, so that we can use for vilify the
frame Judgmert_communication to which criti-
cize belongs and all frame elemerts defined un-
der Judgment_ communication.

3.2 Samantic Role Labeling

To find a potertial holder and topic of anopinion
word in a sertence, we first label semantic roles
in asenterce.

Modeling: We follow the statistical ap-
proactes for semartic role lakeling (Gildea and
Jurafky, 2002; Fleischman et al, 2003) which
separak the tak into two steps. idertify cardi-
dates of frame elemerts (Step 1) and assign se-
martic roles for those candidates (Step 2). Like
their intuition, we treated both steps asclassifica-
tion problems We first calected all constituerts
of the given serternce by pardgng it using the
Charniak parser. Then, in Step 1, we classified
cardidate constituents of frame elemerts from
non-cardidates In Step 2, each selected cardi-
date was thus classified into one of frame ele-

Tabe 2: Feauresused for our semartic role
labeling model.

Featire De<ription
A pred cate whose meaning
targetword | represeristhe frame (averb
or anadectvein our tak)
Syntactic type of the frame
phrase type elemert (e.g. NP, PP)
headword Syntactic head of the frame
elemen phrase
A path betweenthe frame
parsetree .
elemert and targetword in
path
the parse tree
Whether the element phrase
position | occus before or after the tar-
getword
. The voice of the senterce
voice . .
(activeor passive)
f one of our opinion-related
ramename | .
rames

mert types (e.g. Simulus, Degree Experiercer,
etc.). As a learning algorithm for our classifica-
tion model, we used Maximum Entropy (Berger
etal., 1996). For system developmert, we used
MEGA model optimizaion package®, an imple-
mertation of ME models.

Data: We collected 8256 and 11877 senternces
which were associated to opinion beaing frames
for verlbs and adecivesfrom FrameNet amota-
tion data. Eachsertence in our dataset contained
a frame name, a target predcate (a word whose
mearing represerts agects of the frame), and
frame elemerts labeled with element types We
divided the data into 90% for training and 10%
for ted.

Featur esused: Tabe 2 describesfeaturesthat
we used for our classification model. The target
word is an opinion-bearing verb or adective
which is associated to a frame. We used the
Charniak parser to get a phrase type feaure of a
frame element and the parse tree path feature.
We determined a head word of a phrase by an
algorithm using a tree headtable’, position fea-
ture by the order of surface words of a frame
elemen ard the target word, and the voice fea-
ture by a simple pattern Frame name for a target

® http://www.isi.edu/~hdaume/megam/index.html
" http://people.csail.mit.edu/mcol lins/papers/heads



Tabe 3. Precision (P), Recal (R), ard F-
score (F) of Topic and Holder idertificaion
for opinion verbs (V) and adectves (A) on
Tedset1.

Topic Holder

P(%) | R (%) | F(%) | P(%) |R (%) | F (%)

V| 691|640 | 665 | 819 | 75.7 | 78.7

A| 675|734 | 703 | 662 | 779 | 71.6
Tabe 4. Basline systemon Tedset 1.
Topic Holder

P(%) | R (%) | F(%) | P(%) |R (%) | F (%)

V | 85| 185 | 304 | 73.7 | 464 | 56.9

A | 682|265 | 382 | 120 | 491 | 193

word was seleced by methods described in
Phas 2 and Phase 3in Subsection 3.1.

3.3 Map Semantic Roles to Holder and
Topic

After identifying frame elemerts in a serterce,
our system finally selects holder and topic from
those frame elemerts. In the examplein Tabe 1,
the frame DedringOhasframe elemerts such as
Event (Orhe change that the Experiencer would
liketo see),Experiencer (Qhe person or sertient
being who wishesfor the Evert to occurO),Loca-
tion_of_evert (Qhe placeinvolvedin the desired
EvertO),Focal_participant (Certity that the Expe-

riencer wishes to be affeced by some EventO).

Among thes FEs, we can consider that Experi-
encer can be a holder and Focal participant can
be a topic (if any exists in a senterce). We
marually built a mapping tabde to map FEs to
holder or topic using as support the FE defini-
tions in eachopinion related frame and the amo-
tated sampe senternces

4 Experimental Results

The goal of our experimert is first, to see how
our holder and topic lakeling system works on
the FrameNet data, and secand, to examine how
it performs on online news meda text. The first
data set (Tedset 1) consists of 10% of data de-
scribedin Subsecion 3.2 and the second (Tedset
2) is marually amotated by 2 humars. (see Sub-
secion 4.2). We report experimental results for
both ted sets.

4.1 Experimentson Tedset 1

Gold Standard: In total, Tedset 1 contains 2028
amotated sertences collecied from FrameNet
data set (834 from frames related to opinion
verb and 1194 from opinion adecivey We
measire the system performance using precision
(the percertage of correct holdergtopics amang
systemOsabeling reaults), recall (the percertage
of correct holderdtopics that system retrieved),
ard F-score.

Baseline: For the basline system, we applied
two different algorithms for sertences which
have opinion-bearng verbs as target words and
for those that have opinion-bearng adectivesas
target words. For verbs, basline system labeled
asubjectof averb asa holder and anobject asa
topic. (eg. Ofoder He] condemned [opic the law-
yer].O)For adjectives the basline marked the
subject of a predcat adecive asa holder (e.g.
Oloiger 1] Was happyO) For the topics of adec-
tives the basline picks a modified word if the
target adecive is a modifier (eg. Orhat was a
stupid [1opic Mistake]O) and a subject word if the
adectve is a predcate. ([opic The view] is
breathtaking in Jaruary.)

Reault: Tabe 3 and 4 show evaluation reailts
of our system ard the basline system regec-
tively. Our system performed much better than
the basline system in identifying topic ard
holder for both sets of sentenceswith verb target
words and those with adjectives Especially in
recagnizing topics of target opinion-bearing
words, our system improved F-score from 30.4%
to 66.5% for verb target words and from 38.2%
to 70.3% for adectves It wasintereging to see
that the intuition that O\ subject of opinion-
bearing verb is a holder and an objectis a topicO
which we applied for the basline achieved rela-
tively good F-score (56.9%). However, our sys-
tem obtained much higher F-score (78.7%).
Holder identification tak aclieved higher F-
score than topic identificaion which impliesthat
identifying topicsof opinion is aharder tax.

We believe that there are mary complicated
semaric relatons between opinion-bearng
words and their holders ard topics that simple
relations such as subject ard objectrelations are
not abe to capture. For examge, in a senterce
Orer letter upset meO,simply looking for the
subjecive and objectve of the verb upset is not
enough to recagnize the holder and topic. It is
necesary to see a deeger level of semartic rela-



Table 5. Opinion-bearing sertence idertifica-
tion on Tedset 2. (P: precision, R: recal, F:
F-score, A: Accuacy, H1. Humanl, H2:
HumarR)

P(%) | R(%) | F(%) | A (%)
H1 569 | 674 | 617 | 640
H2 431 | 579 | 494 | 550

Tabe 6: Resllts of Topic and Holder iderti-
ficaon on Tedset 2. (Sys. our system, BL:
basline)

Holder
P) | R(%)
4791 34.0
36.6 | 26.2
20.0| 28.3
14.0| 19.0

Topic
P) | R(%)
H1 | 64.7|20.8
H2|588| 7.1
H1|125| 94
H2|232| 71

F(%)
315
12.7
10.7
10.9

F(%)
39.8
30.5
234
16.1

Sys

BL

tions. Oker letterOis a stimulus and Gnedis an
experiercer of the verb upset

4.2 Experi mentson Tedset 2

Gold Standard: Two humars® amotated 100
senterces randomly selecied from news meda
texts. Those news data is collecied from online
news sourcessuch asThe New York Times UN
Office for the Coordination of Humaritarian Af-
fairs, and BBC News’, which contain articles
about various intermational affaires Annotators
idertified opinion-bearing senterces with mark-
ing opinion word with its holder and topic if they
existed The interamotator agreemert in iderti-
fying opinion sentenceswas82%.

Baseline: In order to identify opinion-bearing
senterces for our basline system, we used the
opinion-bearing word set introducedin Phas 1
in Subsecion 3.1. If asentence contains anopin-
ion-bearing verb or adectve, the baline sys-
tem started looking for its holder and topic. For
holder and topic identificaion, we applied the

8 We refer them as Humanl and Human2 for the rest of this
aper.

g)Www.nytimes.com, www.irinnews.org, and

www.bbc.co.uk

samebasline algorithm asdescribed in Subsec-
tion4.1to Tedset 2.

Reault: Note that Tedset 1 wascallecied from
sentercesof opinion-related framesin FrameNet
ard therefae all sertercesin the set contained
either opinion-bearing verb or adective. (i.e. All
senterces are opinion-bearng) However, sen-
tencesin Tedset 2 were randomly collected from
online news meda pagesand therefore not all of
them are opinion-bearing. We first evaluated the
tak of opinion-beaing sertence identificaion.
Tabe 5 shows the systemreailts. Whenwe mark
all sentercesasopinion-bearing, it acheved 43%
and 38% of accuracy for the amotation reault of
Humarnl and Humar? regectvely. Our system
performarce (64% and 55%) is comparabe with
the unique assignmert.

We measired the holder and topic identifica-
tion system with precision, recall, and F-score.
Aswe canseefrom Tabe 6, our systemachieved
much higher precision than the basline system
for both Topic and Holder idertificaion tasks.
However, we admit that there is still a lot of
room for improvement.

The systemachieved higher precision for topic
identificaion, whereasit achieved higher recall
for holder idertificaion. In overall, our system
attained higher F-score in holder idertificaion
ta¥k, including the basline system. Based on F-
score, we believe that identifying topics of opin-
ion is much more diffi cult than identifying hold-
ers It wasinteresing to seethe same phenome-
non that the basline system mainly assuming
that subjectand objectof a sentence arelikely to
be opinion holder and topic, acheved lower
scores for both holder and topic idertificaion
taks in Tedset 2 asin Tedset 1. This implies
that more sophisticated aralysis of the relation-
ship between opinion words (eg. verbs and ad-
jectives and their topicsand holdersis crucial.

4.3 Diffi cultiesin evaluation

We observed severd diffi culties in evaluating
holder ard topic idertificaion. First, the bound-
ary of anentity of holder or topic canbe flexible.
For example, in sertence GSerator Titus Olupitan
who sponsored the bill warts the pemission.O,
not only OSeator Titus OlupitanO but also
OSeator Titus Olupitan who sponsored the billO
isaneligible answer. Secand, some correct hold-
ers and topics which our system found were
evaluated wrong even if they referred the same
ertitiesin the gold standard becawse human an-
notators marked only one of them as an arswer.



In the future, we need more amotated data for
improved evaluation.

5 Conclusion and Future Work

This paper presented a methodology to idertify
an opinion with its holder and topic given a sen-
tence in online news meda texts. We introduced
an approach of exploiting semartic structure of a
senterce, anchored to an opinion beaing verb or
adectve. This method uses semartic role label-
ing as an intermedate step to label an opinion
holder and topic using FranmeNet data. Our
method first identifies an opinion-bearing word,
labels semartic roles related to the word in the
senterce, and then finds a holder and a topic of
the opinion word among labeled semartic roles

There has beenlittle previous study in iderti-
fying opinion holdersand topics parly becase it
requires a great amount of amotated data. To
overcame this barrier, we utilized FrameNet data
by mgpping target words to opinion-bearing
words and mapping semartic rolesto holders ard
topics. However, FrameNet hasa limited number
of words in its amotated corpus. For a broader
coverage, we used a clustering tecmique to pre-
dictamost probab e framefor anunseenword.

Our experimertal reaults showed that our sys-
tem performs significartly better than the base-
line. The baseline system reaults imply that opin-
ion holder ard topic idertificaion is a hard tax.
We believe that there are mary complicated se-
martic relations between opinion-bearing words
and their holders and topics which simple rela-
tions such as subject and object relations are not
ableto capture.

In the future, we plan to extend our list of
opinion-bearing verbs and adecives so that we
can discover ard apply more opinion-related
frames Also, it would be intereging to see how
other typesof part of speech such asadverbs and
nouns affect the performarce of the system.
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