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Summary

The task of opinion extraction and structurization is the key component of opinion mining, which
allow Web users to retrieve and summarize people’s opinions scattered over the Internet. Our aim is to
develop a method for extracting opinions that represent evaluation of concumer products in a structured
form. To achieve the goal, we need to consider some issues that are relevant to the extraction task: How the
task of opinion extraction and structurization should be designed, and how to extract the opinions which we
defined. We define an opinion unit consisting of a quadruple, that is, the opinion holder, the subject being
evaluated, the part or the attribute in which it is evaluated, and the evaluation that expresses positive
or negative assessment. In this task, we focus on two subtasks (a) extracting subject/aspect-evaluation
relations, and (b) extracting subject/aspect-aspect relations, we approach each extraction task using a
machine learning-based method. In this paper, we discuss how customer reviews in web documents can be
best structured. We also report on the results of our experiments and discuss future directions.

1. Introduction

The explosive increase in Web communication has
attracted increasing interests in technologies for au-
tomatically mining personal opinions from Web doc-
uments such as posts on message board and weblogs.
Such technologies can be an alternative means for
traditional questionnaire-based social or customer re-
search and would also benefit Web users who seek
reviews on certain consumer products of interest.

Previous approaches to the task of mining a large-
scale document collection of customer opinions (or re-
views) can be classified into two approaches: Docu-
ment classification and information extraction. In the
former, researchers have been exploring techniques
for classifying documents or passages according to
semantic/sentiment orientation such as positive vs.
negative [Dave 03, Pang 04, Turney 02, etc.].

The latter, on the other hand, focuses on the task
of extracting opinions consisting of information about

particular aspects of interest and the corresponding

sentiment orientation in a structured form from un-
structured text data. In this paper, we refer to the
information extraction-based task as opinion extrac-
tion. In contrast to sentiment classification, opin-
ion extraction in general aims at producing richer
information useful for in-depth analysis of opinions,
which has recently been challenged by a growing re-
search community [Hu 04, Kanayama 04, Kobayashi
05, Popescu 05, etc.].

This task can be decomposed into the following se-
ries of subtasks:

(1) Extract opinions in a structured form

(2) Determine the semantic orientations (positive,
negative or neutral) for each extracted opinion

(3) Classify the extracted opinions into pre-defined
categories (for example, “delicious noodle” and
“mild curry” may be classified into the same cat-
egory “positive taste”

(4) Visualize the classified opinions on, for exam-
ple, radar charts [Tateishi 04], bar charts [Liu 05]



and so on.

In this paper, we focus on the first subtask and ad-
dress the following two issues: First, previous work
does not sufficiently discuss how customer reviews
can be best structured. We reconsider this issue and
set up an opinion extraction task based on our cor-
pus study in Section 2. Second, existing methods for
opinion extraction tend to rely on relatively simple
proximity-based or pattern-based techniques. How-
ever, naive methods do not work well, as we demon-
strate below, which we consider will become impor-
tant source for opinion mining.

In section 3, we propose a machine learning-based
method, which are portable across domains. We then
report the results of our experiments on a domain-
restricted set of Japanese weblog posts in Section 4.

2. Opinion extraction: Task design

211 Constituents of an opinion

Our present goal is to build a computational model
to extract opinions from Web documents in such a
form as:

Who feels what on which aspects of which subjects
Here we assume that the subject of an opinion is either
a consumer product (e.g. a cellular phone model) or
a corporate body (e.g. a restaurant, manufacturer,
etc.) in a given domain of interest. Given the passage
presented in Figure 1, for example, one of the opinions
we want to extract is the information that the writer
feels that the colors of pictures taken with Powershot
(product) are great.

As suggested by this example, we consider it rea-
sonable to start with an assumption that most evalu-
ative opinions can be structured as a frame composed
of the following constituents:

Opinion holder A person who is making an evalu-
ation (usually, either the author or an unspecified
person)

Subject A named entity (product or company) of a
given particular class of interest (e.g. a car model
name in the automobile domain).

Part A part, member or related object of the sub-
ject on which the evaluation is made (engine, in-
terior, etc.)

Attribute An attribute (of a part) of the subject on
which the evaluation is made (size, color, design,
ete.)

Evaluation An evaluative or subjective phrase used

to express an evaluation or the opinion holder’s
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- opinionunit1
opinion holder {writer)

subject {Powershot)
text part {picture)

| just bought a Powershot a attribute  {colors)

few days ago. evaluation {(great)

| took some picures using the E> condition  {flash is used)

camera. Here are my feelings:
(1) colors are so great even
when flush is used

(2) easy to grip since the body
has a grip handle

. opinionunit2
opinion holder {writer)

subject {Powershot)

part O

attribute (>

evaluation ({easy to grip)

support  {body has a grip handle)

Fig. 1 Extraction of opinion units

mental/emotional attitude (good, poor, powerful,
stylish, (1) like, (I) am satisfied, etc.)

Condition A condition under which the evaluation
applies (driving on winding roads, when traveling
with a family, etc.)

Support An objective fact or experience described
as a supporting factor of the evaluation (weights
nearly 1,500 kg, etc.)

According to this typology, the example text given in
Figure 1 has eight constituents, the writer (opinion
holder), Powershot (subject), pictures (part), colors
(attribute), great (evaluation), easy to grip (evalua-
tion), when flash is used (condition), and body has a
grip handle (support), which we consider to consti-
tute two units of opinion as illustrated in Figure 1.
We call each unit an opinion unit.

Under this assumption, opinion extraction can be
defined as the task of filling a fixed number of slots
as above for each of the evaluations expressed in a
given text collection. Two issues then immediately
arise. First, it is necessary to make sure that human
annotators can carry out the task with sufficient ac-
curacy. Second, the filler of a part or attribute slot
may have hierarchical structure in itself. For exam-
ple, “the leather cover of the steering wheel” refers to
a part of a part of a car. In theory, such a hierar-
chical chain can be of any length, which may affect
the feasibility of the task. For these issues, we built
a corpus annotated with the above information and
investigated the feasibility of the task. In what fol-
lows, we report on the results of our corpus study and
design an opinion extraction task based on them.

212 Corpus study and task definition

We first collected 116 Japanese weblog posts in the
restaurant domain by randomly sampling from the

posts classified under the “gourmet” category on the
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livedoor blog site *!. A majority of the sampled posts
included descriptions about the writer’s experience
and evaluation regarding certain restaurants.

We asked two annotators to annotate them inde-
pendently of each other according to the above defini-
tion. One annotator (S) was a doctoral program stu-
dent engaged in research on opinion extraction, while
the other was an adult person (A) who did not have
expertise in natural language processing.

In the annotation process, every evaluative or sub-
jective phrase was considered as a candidate evalua-
tion phrase and, for each candidate evaluation phrase,
each annotator was asked to judge whether it consti-
tuted an opinion unit or not. If judged yes, a can-
didate evaluation phrase was associated with a new
opinion unit whose slots were to be filled. For each
opinion unit, the annotators were asked to identity
the opinion holder and the subject while being al-
lowed to leave other slots open if there are nothing
appropriate.

Here, we slightly simplified the structure of an opin-
ion unit — we merged the part and attribute slots
together. We call the merged slot the aspect slot. We
did it because we had found, in our preliminary trial,
that it is considerably difficult to make a clear dis-
tinction between parts and attributes. For example,
the phrase buffet is used to refer to a physical ob-
ject belonging to a restaurant, while it may also be
used to refer to a function of a restaurant. In the for-
mer case, the phrase buffet should fill the part slot,
while, in the latter, it may be interpreted as an at-
tribute. However, this kind of judgment is sometimes
extremely hard.

Consequently, the annotators filled the opinion holder,

subject and evaluation slots obligatorily, while fill-
ing the aspect, condition and support slots option-
ally. They were also asked to identify hierarchical re-
lations between aspects (e.g. noodle and its volume),
if any. The detailed specifications of the annotation
scheme are available at http://cl.naist.jp/~nozomi-k/
op-tagged_corpus/.
§1 Inter-annotator agreement

We then investigated the degree of the inter-annotator
agreement. For the task of identifying evaluations,
one annotator (A) identified 450 evaluations, while
the other (S) 392 evaluations, 329 cases of which got
agreement. Two annotators did not identify the same
number of evaluation, so we use the following metric

for measuring agreement as [Wiebe 05] does:

*1 http://blog.livedoor.com/

_ # of tags agreed by A and B
~ # of tags annotated only by A

agr(A||B)

This metric corresponds to the recall if A’s annota-
tion is always correct, and to precision, if they are
reversed. agr(A||S) was 0.73 and agr(S||A) was 0.83,
which indicate that the human can identify evalu-
ation at some reasonable level. Next, we investi-
gated the inter-annotator agreement of the subject-
aspect and aspect-aspect relations whose evaluation
slot had agreement. Annotator A identified 296 re-
lations, while the other 293, 233 cases of which got
agr(S||A) was 0.79 and agr(A||S) was
0.80. From these results, we consider that the human

agreement.

annotators can carry out the task at a certain level of

accuracy.

§2 Opinion-tagged corpus

Based on these results, we next collected a larger
set of weblog posts for four domains, restaurant, au-
tomobile, cellular phone and video game, and asked
annotator A to annotate them in the same annotation
scheme as above.

We collected Japanese weblog posts from the restau-
rant domain by randomly sampling from the posts
classified under the “gourmet” category on the live-
door blog site, and for the automobile, cellular phone,
and video game, we collected weblog pages by issuing
subject names as queries to a weblog search engine.
The results are summarized in Table 1. One observa-
tion is that, for all the domains, the hierarchical chain
of the aspects is longer than two (Subj-Asp-Asp-Eval)
in only less than 10% of all the opinion units. From
this, we can conclude that hierarchical chains of as-
pects are unlikely to be too complicated to handle.

The row of “Opinion holder” in Table 1 shows the
number of opinion units whose opinion holder is not
the writer of the document. The results indicate that
when an evaluative description is found, its opinion
holder is highly likely to be the writer of the doc-
ument, which suggests that identification of opinion
holder is not a hard problem.

Table 1 also shows that the occurrence of supports
and conditions is not as frequent as one may expect.
While we are aware that supports and conditions, if
any, may well provide important information for opin-
ion analysis, we should conclude from the statistics
that it is practical to put a higher priority of research
on the task of filling the other four slots: opinion

holder, subject, aspect and evaluation.



Table 1 Statistics of opinion-tagged corpus (Rest: restau-
rant, Auto: automobile, Phone: cellular phone and
Game: video game)

Rest Auto Phone Game

articles 1,356 564 481 361

sentences | 21,666 14,005 11,638 6,448
Asp-Eval 3,692 943 965 521

Asp-Asp | 1,426 280 296 221
Subj-Asp 2,632 877 850 451

Opinion holder 95 17 22 2
Support 68 86 80 95
Condition 113 86 76 41

## of opinion units 4,267 1,519 1,518 775
Subj-Eval 575 576 553 243
Subj-Asp-Eval 2,314 736 768 351
Subj-Asp-Asp-Eval 1,065 175 172 127
other 313 32 25 54

§3 Task definition
Based on this corpus study, we consider an opinion
extraction task as follows:
Given a text collection, extract opinions and struc-
ture them in the form of quadruple {Opinion holder,
Subject, Aspect, Evaluation), where Subject and
FEwvaluation are obligatory while Aspect is optional
and may have a hierarchical chain.
The followings are examples.
(1)I hear that the ipod is very good.
—(unspecified person, ipod, ¢, good)
(2)1I got Canon G3 and am amazed at the quality of
photos.
—(the writer, Canon G3, (photos, quality), be
amazed)
(3) Nokia 6800 has a nice color screen.

—(the writer, Nokia 6800, color screen, nice)

213 Related work

One of the early work taking the information ex-
traction approach to opinion extraction is reported
by [Hu 04]. The task they consider is extraction of
(Subject, Aspect, Semantic-orientation) triples in our
terms, where Semantic-orientation is binary-valued,
either positive or negative. Therefore, our task setting
can be considered as a refinement of theirs in that
we consider hierarchical chains of aspects, which may
be filled with phrases even from separate sentences,
and we also consider the evaluation slot to be filled
with an evaluation phrase rather than a binary value
of sentiment orientation. In addition, more impor-
tantly, while Hu et al. [Hu 04] discusses little about
the appropriateness and feasibility of their task, our

task definition is grounded on a corpus study.
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Perhaps, our task setting is closest to what is con-
sidered by [Popescu 05]. They additionally annotate
[Hu 04]’s corpus with tags corresponding to our eval-
uation slots. Their paper, however, also lacks discus-
sion based on corpus analysis.

To our best knowledge, one of the most extensive
corpus studies in this field is being conducted in the
MPQA project [Wiebe 05]; however, their concerns
are not focused on the types of opinions we consider,
and they annotate newspaper articles, which presum-
ably exhibit a quite different distributions from we-
blog posts.

3. Method for opinion extraction

311 Task redefined and resource availability

As discussed in 2.2, our opinion extraction task is
now recast as the task of filling the slots of (Opinion
holder, Subject, Aspect, Evaluation). Among these
slots, we put aside the task of filling the opinion holder
slot in this paper because the filler of this slot is highly
likely to be the writer of the document as noted in
2.2.2. Furthermore, we consider identification of can-
didate subjects (e.g. product names) as a separate
task, which has been intensively studied over a decade
as the task of named entity recognition. Assuming
the availability of state-of-the-art models of named
entity recognition, in the experiments we report on
in the next section, we manually labeled all the prod-
uct names appearing in our opinion-tagged corpus as
candidate subjects.

Aspect phrases are open-class words and tend to
be heavily domain-dependent. In fact, according to
our investigation, we found that only 10 expressions,
such as “balance, color, price”, appeared across four
domains, accounted for only 1% of the whole aspect
expressions in each domain. Given this, it is not real-
istic to assume the availability of any list of aspect ex-
pressions applicable to a wide range of domains with
a broad coverage. One important issue, therefore, is
how to identify aspects without any predefined list of
candidate aspect expressions.

Evaluation phrases, on the other hand, are much
more likely to be used commonly across different do-
mains. To prove this assumption, we actually con-
structed a dictionary of evaluation expressions from
automobile reviews (230,000 sentences in total) using
the semi-automatic method proposed in [Kobayashi
04]. We expanded the dictionary to include entities by
hand from external resources such as publically avail-
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able ordinal thesauri. As a result, we collected 5,550
entries, which is now available from http://cl.naist.jp/
“nozomi-k/evaluative_expressions.html.

According to our investigation of the coverage for
the dictionary, approximately 80% of the evaluation
phrases annotated in the restaurant corpus are cov-
ered by the dictionary. Note that to build the dic-
tionary, we used the reviews from the automobile do-
main but not any document from the restaurant do-
main. This result supports our assumption about the
availability of an open-domain lexicon of evaluation
expression. In our experiments, we used the afore-
mentioned evaluation dictionary.

Given these considerations about the resource avail-
ability, we design the process of extracting (Subject,
Aspect, Evaluation) as follows:

1. Aspect-evaluation relation extraction: For
each of the candidate evaluation that are selected
from a given document by dictionary look-up,
identify the object of the evaluation. Here the
identified object may be an aspect of an opinion
subject (e.g. the quality (is amazing)) but may
also be an opinion subject itself (e.g. Canon G3
(is well-designed). Hereafter, we use the term
aspect to refer to both an aspect of an opinion
subject and an opinion subject itself.

2. Opinion-hood determination: Judge whether
the obtained pair (Aspect, Evaluation) is an ex-
pression of an opinion or not by considering the
given context. If it is, go to step 3; return to step
1, otherwise.

3. Aspect-of relation extraction: If the identi-
fied aspect is not an opinion subject, search for its
parent, i.e. the object whose part or attribute is
the current aspect. Repeat step 3 until reaching
an opinion subject or no parent is found.

312 Existing techniques for relation extrac-
tion

Approaches to the aspect—evaluation extraction task
mainly use simple proximity- or pattern-based tech-
niques. Popescu et al.[Popescu 05] approached this
problem by filtering out the non-aspect candidates us-
ing automatically extracted aspect expressions. How-
ever, as we show in Section 4, these naive methods do
not work well on weblog texts since such patterns may
also match non-aspect candidates in a given domain.
In light of these problems, we apply machine learning
to this task using syntactic and statistical informa-

tion instead of a dictionary to provide useful clues for

estimating the aspect-hood of candidates.

[Kanayama 04] considers an opinion as a tuple of a
semantic orientation, a predicate, and its argument,
and apply the idea of transfer-based machine transla-
tion to the task. We also consider the aspect—evaluation
extraction as the task of finding an evaluation’s ar-
guments. While we agree with Kanayama et al’s
framing of this task, an important unresolved issue is
zero-anaphora resolution, since predicate arguments
are often not explicitly expressed in Japanese sen-
tences. Our work includes aspect-of relation extrac-
tion even when aspect and evaluation appear in dif-
ferent sentences — both cases that are not addressed in
[Kanayama 04]. As we explain in Section 4, aspect—
evaluation occur 75% in the intra-sentential cases,
and 62% of the cases have syntactic dependency rela-
tions. In the aspect-of relations, on the other hand,
only 22% of the relations are intra-sentential, and 42%
of the cases have syntactic dependency relations. This
observation suggest that including inter-sentential re-

lations significantly increases our coverage.

Aspect-of relations can be regarded as a subtype
of bridging reference[Clark 77]. Bridging reference is
the referent of a definite description implicitly related
to some previously mentioned entity. For example,
we can see a relation of bridging reference between
“the door” and “the room” in the sentences “She en-
tered the room. The door closed automatically.” In re-
cent work on the bridging reference, [Bunescu 03] and
[Poesio 04] use the number of web pages which contain
both the referring expression (e.g. “the door” in the
above example) and the mentioned entity (e.g. “the
room”) being queried as a measure of the strength
of association. In our work, one important clue is
whether the candidate is relevant to the domain. There-
fore, we consider not only the strength of association
for the aspect-aspect relations, but also the strength
of the co-occurrence between aspects and the domain.

313 Owur approach

The key idea for our relation extraction subtasks is

to combine the following two kinds of information.

e Contextual clues: Syntactic patterns such as “I
(Bvaluation) (Aspect_B) of the (Aspect_A) (I (like)
(the color) of (the phone))”, are considered to be
useful for extracting relations between slot fillers
when they appear in a single sentence. We em-
ploy a supervised learning technique to search for
useful contextual clues.



- text
Dérin-no kéki-wa chizu-ga koku-te oishii ‘
( Cakes of Darling’s contains rich cheese and are delicious.)

(a) dependency tree

dérin-no chizu-ga koku-te | oishii I
darling-of | (cake-NOM) | cheeze-NOM rich delicious

(b) representation of input tree @

Fig. 2 Representation of input data

e Context-independent statistical clues: For exam-
ple, the statistics of aspect-aspect and aspect-
evaluation co-occurrences which are extracted to
be useful clues. We obtain such statistical clue
automatically from a large document collection.

We use a machine-learning technique also to learn
how to combine these different kinds of clues.

§1 Supervised learning of contextual clues

We use supervised learning to obtain useful syntac-
tic patterns. There are various methods of incorpo-
rating syntactic patterns into machine learning mod-
els, such as dependency kernels, tree kernels and so
on. We have so far examined the boosting-based al-
gorithm proposed by [Kudo 04]. This algorithm (im-
plemented as the package BACT) outputs a list of
decision stumps from training examples represented
as labeled ordered trees. The score is calculated by
the sum of the score of the subtrees included in the
input instance. In what follows, we explain how to

represent an example as a labeled ordered tree.

First, we use a dependency parser to obtain depen-
dency parse trees (Figure 2 (a), in which “kéki” and
“oishii” are an aspect—evaluation pair). Next, we ex-
tract the path from an evaluation to its aspect, and
extract their daughter nodes as shown in Figure 2
(b). In the example, the path between the evalua-
tion “oishii’ and the aspect “kéki” includes the node
“koku-te” on the path as well as the daughter node
of the aspect, i.e. “darin-no”. We delete the con-
tent words included in the nodes while function words
are remained. For example, in the node “kéki-wa” in
Figure 2 (b), the content word “kéki” is removed, and

a functional word “wa”

is remained. Besides those
functional words, we add the features summarized in
Table 2, for the aspect or the evaluation node shown

as F' in Figure 2.

ooOooooDooo 220 20 a02007 00

§2 TUnsupervised learning of context-independent

statistical clues

We consider four kinds of statistical clues:

e Aspect-evaluation co-occurrences

e Aspect-aspect co-occurrences

e Aspect-hood of candidate aspects

e Statistical inference of aspect-aspect relation classes
i. Aspect-evaluation/aspect-aspect
co-occurrences Among various ways to estimate
co-occurrence (e.g. the number of hits returned from
a search engine), in the experiments we report be-
low, we counted aspect-aspect and aspect-evaluation
co-occurrences in 1.7 million weblog posts using the
patterns

e “(aspect) ga/wa/mo (evaluation)

((aspect) is (evaluation))”
e “(aspect_A) no (aspect_B) ga/wa”
((aspect_B) of (aspect_A) is)”

To avoid the data sparseness problem, we use the
Probabilistic Latent Semantic Indexing (PLSI) [Hof-
mann 99]. We can calculate the joint probability
P(A,B) even if A and B do not directly co-occur,
since PLST assumes a set of latent class of co-occurrence:

P(A,B) =) P(A|z)P(B|2)P(2)
z€Z

where Z denotes a set of latent class of co-occurrence.
We can calculate pointwise mutual information, con-
ditional probabilities, etc. from the estimated distri-
bution P(A, B).

ii. Aspect-hood of candidate aspects Aspect-
hood is an index of the degree to which the term is
used as an aspect within a given domain. First, we
extract the expression X which appear in the form
“subject mo X”, and then extract the expression Y
which appear in the form “X no Y”. We calculate
the aspect-hood of the expressions X and Y based on
pointwise mutual information [Manning 99].

N x count(X,Y)
count(Y) x count(X)

where count(X,Y") is the number of times X occurred

PMI(X,Y) = logs

in Y, and N is the total number of times all pairs oc-

curred in the form “X no Y. count(X) (or count(Y"))

is the number of X (or Y) occurred.

iii. Statistical inference of aspect-aspect rela-

tion classes Aspect-aspect co-occurrences are good

clues for extracting aspect-of relations. However, many
other types of relations can hold between two nouns

which appear in “A no B” form. It is not clear whether
the two nouns have aspect-of relation or not. For ex-

ample, “watashi no kuruma (my car)” and “kuro no
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seifuku (the black uniform)” appear in the form of “A
no B”, however, there are no aspect-of relations since
the former relation indicates possession and the latter
represents a property (color) of the uniform. There-
fore, it is important to estimate the relation classes
between two expressions.

For this problem, we create the model to estimate
the aspect-of relation using the maximum entropy
model*2. We created labeled data, which consists of
pair of nouns, annotated with ’aspect-of’ and ’other’
relation tags, and learned the model with the features:
verbs or adjectives co-occurred with A or B and the
semantic classes of A or B derived from the Japanese
thesaurus “Nihongo Goi Taikei” [Ikehara 97]. The
size of the labeled data is nearly 5,300, half of the
data is “aspect-of” and the remains is “other”.

34 Extraction of aspect-evaluation relations

Syntactic patterns can only apply if the aspect and
evaluation both appear in the same sentence. We
therefore build separate components for intra-sentential
and inter-sentential extraction tasks:

1) Intra-sentential aspect identification: For a given
evaluation, select the most likely candidate as-
pect ¢ within the evaluation sentence using the
intra-sentential model. When we learn this model,
we encode the above co-occurrence informations
as the features. If the identifier decide that none
of the candidates are not aspect, search for the
aspect to preceding sentences.

2) Inter-sentential aspect identification: For a given
evaluation, select the most likely candidate as-
pect from the sentences preceding the evaluation
using the inter-sentential model. This task can
be recast as a zero-anaphora resolution problem.
For this purpose, we employ the supervised learn-
ing model for zero-anaphora resolution proposed
by [lida 03]. When we learn this model, we also
use the above co-occurrence informations as the
features.

The specific features we used in the experiments are
summarized in Table 2.

315 Opinion-hood determination

Evaluation phrases does not always express opin-
ion holders’ evaluation. Consider an example from
the digital camera domain, “The weather was good,
so I went to the park to take some pictures of roses”.

%2  We use a package MaxEnt
http://maxent.sourceforge.net/

The evaluation phrase “good” expresses the evaluation
for “the weather”, but “the weather” is not an aspect
of digital cameras. Therefore, “the weather—good” is
not an opinion which we aim to extract. We can con-
sider that the task of judging whether the obtained
opinion unit is a real opinion or not in a given do-
main is a binary classification task. We introduce the
opinion-hood determination model learned by Sup-
port Vector machines. The specific features we used
in the experiments are summarized in Table 3.

316 Extraction of aspect-of relations

We also approach the aspect-of relation extraction
by decomposing it into two subtasks (explained in
Section 314), and build a separate component pro-
posed in aspect-evaluation pair extraction problem.

4. Experiments

We conducted experiments with our Japanese opinion-
tagged corpus in the restaurant domain to empiri-
cally evaluate the performance of our approach. In
these experiments, we evaluated the models of aspect-
evaluation relation extraction, opinion-hood determi-
nation, and aspect-of relation extraction, separately.
Evaluating the performance of the entire task is our

future work.

411 Common settings
§1 Training/Evaluation corpus

We chose 395 weblog posts in the restaurant do-
main from our opinion-tagged corpus we described
in Section Z]2. As preprocessing, we analyzed the
opinion-tagged corpus using the Japanese morpholog-
ical analyzer ChaSen*3 and the Japanese dependency
structure analyzer CaboCha**.
§2 Classifier

We used BACT* for the the intra-sentential mod-
els, and Support Vector Machines with 2nd order
polynomial kernel for the inter-sentential, and opinion-
hood determination models.
83 Features

We summarize the features used for train and test
the models in Table 2. We used these features to
intra-sentential and inter-sentential models for both
aspect-evaluation and aspect-of cases. For the aspect-
of relation extraction, we used the result of the statis-

*3  http://chasen.naist.jp/
x4 http://chasen.org/ taku/software/cabocha/
*5  http://chasen.org/ taku/software/bact/
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Features: ¢ denotes the target (evaluation or aspect) and ¢ denotes the candidate

Feature type

Description

Contextual clues

Distance between ¢ and ¢

Existence of a direct dependency relation between ¢ and ¢
Position of ¢t and ¢ in the sentence

Whether ¢ precedes ¢ or not

Part-of-speech of ¢ and ¢

Whether ¢ appears in the quoted text

Context-independent

Whether the candidate is directly co-occur with the subject

The score of the aspect-hood of ¢

Rank of the P(c|t) indices of ¢ in the candidate set

The label and the score of the relation between ¢ and ¢ mentioned in Section 3.2 (for
aspect-of)

Suffix of ¢ (e.g., -sei,-sa(-ty,-ity))

Character type of t and ¢ (e.g., katakana, English alphabet)

Semantic class of ¢ derived from Nihongo Goi Taikei[Ikehara 97]

Table 3 Feat

ures for opinion-hood determination: e denotes the evaluation and ¢ denotes the extracted
candidate

Feature type

Description

Context-independent

Whether the candidate is directly co-occur with the subject
The score of the aspect-hood of ¢

Suffix of ¢ (e.g., -sei,-sa(-ty,-ity))

Character type of t and ¢ (e.g., katakana, English alphabet)
Semantic class of ¢ derived from Nihongo Goi Taikei[lkehara 97]

tical inference of aspect-aspect relation classes men-
tioned in Section 313.

For opinion-hood determination, we used the some
kind of features shown in Table 3, in addition to the
contextual clues described in Table 2

412 Models
The results are summarized in Table 4, where five
models are compared for each of the two subtasks:
aspect-evaluation relation extraction and aspect-of re-
lation extraction. The following is a summary of each
model for the former subtask:
Baseline A-E model simulates the algorithm pro-
posed by [Tateishi 04]:
1. If there are any candidate aspects which match
the following extraction patterns:
-(Aspect) ga/wa/mo/no/ni/wo/de (Evaluation)
-(Evaluation) syntactically depends (Aspect)
choose the nearest one as the aspect of the
evaluation
2. Otherwise, choose the candidate aspect with
the highest aspect-evaluation co-occurrence
score.
Context-only A-E model: uses contextual pattern-
based clues (3.2.1) but not statistical clues (3.2.2)
and works in the manner as described in 3.3.
Proposed A-E model:

statistical clues together by encoding the aspect-

uses both contextual and

evaluation co-occurrence score and the aspect-
hood score (3.2.2.1) as a set of additional features
to the tree-representation (Fig. 2) of a given in-
put.

Proposed-MI A-E model:
the proposed A-E model except that it uses point-

uses the same clues as

wise mutual information as the aspect-evaluation
co-occurrence score instead of the conditional prob-
abilities of aspect-evaluation co-occurrence, which
is used in the proposed model.

Proposed-dic A-E model:

expression dictionary in the Proposed A-E model

incorporates an aspect

instead of automatically calculated aspect-hood
scores. The aspect expression dictionary was man-
ually created for the restaurant domain contain-
ing 6,129 expressions.

Comparing the Baseline model with the Context-
only model shows the effects of the supervised learn-
ing of contextual pattern features, while a comparison
of the Context-only and Proposed models shows the
joint effects of combining contextual and statistical
clues. The performance of the Proposed-dic model
provides an estimation of the upper-bound of the im-
provements that could be gained by accurate estima-
tion of the aspect-hood of each candidate aspect.

The Baseline model (the Baseline Aspect-of model)
we implemented for aspect-of relation extraction re-

lies only on the aspect-aspect co-occurrence score,
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which simulates the method for bridging reference res-
olution proposed by [Bunescu 03]:

1. Select the expression which has highest scores of
pointwise mutual information, if there are any
candidate in the sentence which the aspect ap-
pear.

2. Otherwise, choose the nearest one which co-occur
with the aspect.

The other four models for aspect-of relation extrac-
tion were created analogously to the above A-E mod-
els. The Proposed Aspect-of model uses the informa-
tion of the statistically estimated aspect-aspect re-
lation class for each candidate aspect in addition to
the aspect-aspect co-occurrence score and the aspect-
hood score.

413 FEwvaluation
We conducted 5 fold cross validation using all the
data, and evaluated the results by recall R and pre-

cision P defined as follows
correctly extracted relations

total number of relations
correctly extracted relations

total number of relations found by the system ’

414 Results and discussions

Table 4 shows the result of aspect-evaluation and
aspect-of relation extraction tasks, and opinion-hood
determination. In both aspect-evaluation and aspect-
of relation extraction tasks, we can see that our mod-
els outperform the baseline models in both recall and
precision.

As for the aspect-evaluation relation extraction, no

significant improvement was observed among four non-

baseline models. However, concerning the inter-sentential

cases, we can see constant improvement according to
the quantity of information used in the models, show-
ing that the context-independent information of the
candidate and co-occurrence statistics are important
clues for finding the aspect expressions appearing be-
yond sentence boundaries.

For the aspect-of relation extraction, our models
achieve more than 10% improvement in precision, and
20% improvement in recall over the baseline model.
Also, there is significant improvement in the Pro-
posed model compared with the Context-only model.
As far as the experiments show, the point-wise mu-
tual information score does not give better perfor-
mance than that the conditional probability score for
co-occurrence measurement. Although there is still

much room for improvement, the notable difference

between the Proposed and Proposed-dic models shows
that accurate estimation of the aspect-hood of candi-
date aspect expressions has a potential effect.

One of the reasons of low performance of aspect-
of relation extraction is that the evaluation criteria
is a bit too strict. The extracted aspect-aspect and
subject-aspect relations are evaluated against the hu-
man annotated gold-standard in a strict manner. For
example, when the gold-standard data includes the
chain of aspect-of relations A-B and B-C, and the sys-
tem extracts aspect-of relation A-C, it is evaluated as
incorrect. In some application domains this kind of
skipping aspect-of relation may not raise a severe is-
sue. If we assume that A-C is correct, the precision
and the recall in our Proposed aspect-of model in-
crease to 0.45. While the Proposed-dic model achieve
nearly 10% improvement in both recall and precision.

Table 5 compares the difference in the cases where

the candidate expressions in aspect-evaluation or aspect-

of relation are syntactically dependent. In the table,
the column “with dependency” means that the pair of
expressions have direct modification relation, and the
column “no dependency” means that they are syn-
tactically non-dependent. While it is quite natural
that the precision is much higher when they are syn-
tactically dependent each other, our models achieves
about 40 % precision in the cases where the candi-
dates have no syntactic relation with the other.

Opinion-hood determination also posts a challeng-
ing problem. For example, sentence (1) includes the
writer’s evaluation on the shrimps served at a par-
ticular restaurant. In contrast, very similar sentence
(2) does not express evaluation since it is a generic
description of the writer’s taste. The wording is,
however, so similar that our models have difficulty
in learning the difference.

(1) watashi-wa konomise-no ebi-ga suki-desu
I the restaurant shrimp like

(I like the shrimps of the restaurant.)
(2) watashi-wa ebi-ga suki-desu
I shrimp like
(I like shrimp.)
Thus we need to conduct further investigation in or-
der to resolve this kind of problems.

415 Domain-portability of the model

To investigate portability of the proposed model, we
applied the model learned in the restaurant domain
to the cellular phone domain, and vice versa. We used

290 weblog posts in the cellular phone domain from
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Table 4 The results of aspect-evaluation (A-E) relation, aspect-of relation and opinion-hood determi-
nation
intra-sentential inter-sentential total
Baseline | precision | 0.56  (432/774) | 0.08 (20/235) | 0.45 (452/1009)
recall 0.53  (432/809) | 0.07 (20/274) | 0.42 (452/1083)
Context-only | precision | 0.70 (504/723) | 0.13  (46/360) 0.51  (550/1083)
recall 0.62  (504/809) | 0.17 (46/274) | 0.51  (550,/1083)
A-E Proposed | precision | 0.72 (502/694) | 0.14 (53/389) 0.51 (555/1083)
recall 0.62  (502/809) | 0.19 (53/274) | 0.51 (555/1083)
Proposed-MI | precision | 0.70 (505/682) | 0.14  (55/401) 0.51 (560/1083)
recall 0.62  (505/809) | 0.20 (55/274) | 0.51  (560,/1083)
Proposed-dic | precision | 0.80 (482/600) | 0.17  (83/477) 0.52 (565/1083)
recall 0.60 (482/809) | 0.30 (83/274) | 0.52 (565/1083)
Baseline | precision | 0.25 (79/312) | 0.21 (79/370) 0.23 (158/682)
recall 0.34  (79/234) | 010 (79/814) | 0.15 (158/1048)
Context-only | precision | 0.41 (122/297) | 0.30 (222/748) | 0.33  (344/1045)
recall 052 (122/234) | 0.27 (222/814) | 0.33  (344/1048)
aspect-of Proposed | precision | 0.43 (139/321) | 0.34 (247/814) | 0.37 (386/1045)
recall 0.59  (139/234) | 0.30 (247/814) | 0.37  (386,/1048)
Proposed-MI | precision | 0.38 (147/387) | 0.33 (222/660) | 0.35 (369,/1047)
recall 0.62 (147/234) | 0.27 (222/814) | 0.35 (369,/1048)
Proposed-dic | precision | 0.52 (145/281) | 0.42 (319/761) | 0.45 (464/1042)
recall 0.62 (145/234) | 0.39 (319/814) | 0.44  (464/1048)
opinion-hood determination | precision 0.51  (488/949)
recall 0.45 (488/1083)
Table 5 Results of Intra-sentential cases

with dependency no dependency

Context-only A-E | 0.78 (391/501) | 0.37 (113/308)

Proposed A-E | 0.77  (385/501) | 0.38 (117/308)

Context-only aspect-of | 0.69 (68/98) 04  (54/136)
Proposed aspect-of | 0.71  (70/98) 0.51 (69/136)

our opinion-tagged corpus.

Tables 6 and 7 show the results of the experiment.
Comparing with the baseline model, we can see that
our proposed method gets better precision without
losing the recall, even when the training data is taken
from different domain from the test data. This indi-
cates that the contextual clues learned in a domain
are effective to another domain, showing the porta-
bility of our proposed model.

On the other hand, in the inter-sentential case, the
performance drops by nearly 10%. The reason could
be attributed to poor performance in the aspect-hood
estimation. One of the important key techniques we
need to investigate is an effective way of estimating
the aspect-hood of terms.

5. Conclusion

In this paper, we discussed the task of structuring
opinions, and introduced the opinion units consist-
ing of four constituents: opinion holder, subject, as-
pect (part or attribute), evaluation. We identified the

task of opinion extraction as the relation extraction
tasks and proposed a machine learning-based method
which does not use any domain-specific aspect dictio-
nary. Though our experimental results indicate the
difficulty of the opinion extraction task, our models
outperform the baseline models in both recall and pre-
cision. We also showed the contextual clues learned
in a domain are effective to another domain.

One of future work is to find the useful informa-
tion to improve our extraction model. Another task
is to identify subject expressions. This is a subclass
of named entity recognition, which has been actively
studied for a decade. We are planning to incorporate
state-of-the-art techniques for named entity recogni-
tion in the overall opinion extraction system we are

currently developing.
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