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Recently, the acquisition and analysis of opinions from the web has attracted more and more attention. Most
research only focuses on how to classify the opinions into bipolar orientation i.e. either positive or negative
opinion. There are in fact many neutral expressions (e.g., sentences with greetings, wishes or requests) in
the opinion contents, especially in the Weblog. These expressions make the precision of opinion mining
lower. This paper proposes an original idea to extract and classify the neutral expressions from Weblog, at
both sentence and phrase level. Experiments show that the precision is improved 10% by introducing a
process of neutral expression to opinion mining,.
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1 Introduction

Nowadays, there are a lot of personal opinions
about different products and services on the Web,
e.g. customer reviews of products, forums, discus-
sion groups and blogs. Here, we use the term We-
blog for these sites. The enormous amount of this
kind of information is beneficial for both product
companies and users who are planning to purchase
and use the products. However, these opinion data
are actual and also mainly presented in textual
form. It is very hard and costly to collect and ana-
lyze them manually. As a result, the problem of
“opinion mining” has seen increasing attention
over the last four years from [1,2] and many oth-
ers.

Most related work has studied how to classify
opinions into bipolar orientation i.e. either positive
or negative opinions. These research results make
it possible for users to reduce the time spent on

reading threads of text and focusing more on ana-
lyzing summarized information. There are how-
ever also many neutral expressions (e.g., sentence
with greetings, wishes or requests) in the opinion
contents, especially in the Weblog. In our former
study about opinion mining, we found that neutral
expressions are one of the main causes that nega-
tively affect the precision of opinion classification.
Thus, dealing with neutral expressions is an im-
portant subtask in opinion mining.

This paper proposes a novel method for ex-
tracting and classifying neutral expressions from
the Weblog, at both sentence and phrase level. At
the sentence level, we present a method for de-
tecting neutral sentences using a similarity algo-
rithm, and determine an optimal similarity thresh-
old. Since some neutral phrases are very difficult
to detect at the sentence level, we propose a two
classifications for them at the phrase level after
structure parsing of Japanese language. These two



classifications are feature classification using a
supervised approach (Naive Bayes) and P/N (posi-
tive/negative) classification using an improved
unsupervised approach (SO-PMI: Semantic Ori-
entation Using Pointwise Mutual Information).

We review related work in Section 2, and then
explain a definition of neutral expressions in Sec-
tion 3. Section 4 presents the proposed method for
identifying neutral sentences. Section 5 describes
how to perform feature classification and P/N
classification in detail. In section 6, we evaluate
our method and discuss the experimental results.
Finally, section 7 gives concluding remarks.

2 Related Work

Much of the earlier research in automated opin-
ion detection has been performed by Wiebe and
colleagues [3,4,5], who proposed methods for dis-
criminating between subjective and objective text
at the document, sentence and phrase levels.
Wiebe et al [5] report on document-level subjec-
tivity classification, using a k-nearest neighbor
algorithm based on the total count of subjective
words and phrases within each document.

Turney [1] worked on opinion classification us-
ing a few semantically oriented words (namely,
“excellent” and “poor™) to label other phrases
co-occurring with them as positive or negative. He
then used the average semantic orientation of
these phrases to automatically separate positive
and negative movie and product reviews, with
accuracy of 66-84%.

Yu et al. [6] presented several models for an
opinion question answering system: distinguishing
between opinions and facts at the document level,
and classifying opinion sentences as positive,
negative, or neutral. Pant et al [7] adopted a more
direct approach, using supervised machine learn-
ing with words and n-grams as features to predict
orientation at the document level with up to 83%
precision.

3 What are Neutral Expressions?

Based on INUI and OUKUMURA’s survey [8],
we define Neutral Expressions at both the sen-

tence and phrase level as shown in Figure 1 (the
two dashed ellipses).
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Figure 1: Definition of Neutral Expressions

First, at the sentence level (A dashed ellipse in
Figure 1), a neutral expression means a sentence
that dose not include any opinions. This type of
sentence mainly includes greetings, wishes, ap-
preciation and similar things (Example [A]). Es-
pecially, there are many honorific expressions
used in Japanese.

For example [A]:
WXL ®HE LT ice to meet you)”
EIREINTFRNBRLHEZ TIEEN
(If there is anyone who has used it, please tell me)”
CTRAALRABORESTENELE
(Thank you for advice)”
“RERE - OB & FHCBHER
(The postage / COD mail fee is free of charge)”

As aresult of investigating five types of IC Dic-
tionaries and five types of MP3 players on the
Weblog, we found 218 such neutral sentences
manually among a total of 2,303 sentences, about
a 9% ratio. In Section 4, we propose a method for
identifying similar neutral sentences by using sev-
eral representative “seed sentences™ and a similar-
ity algorithm.

At the phrase level (B dashed ellipse in Figure
1), neutral expressions are the portions of opinion
sentences that dose not include polarity i.e. either
positive or negative opinion.

For example [B]:
“TOWMOLVE =2 —% RTBA LD, L THEN
HOOTHRo Y TY,
(I purchased it since seeing a review of this column,

but I was very disappointed because it was hard to use.)”



The underlined part of this sentence (Example
[B]) only depicts some facts, and does not include
any opinions. However, it is very difficult to deal
with this case at the sentence level. Therefore, we
decided to extract these kinds of neutral expres-
sions at the phrase level after the structure analy-
sis.

4 Identifying Neutral Sentences

4.1 Similarity Algorithm

We used a simple O(ND) time and space algo-
rithm [9] to calculate the SED (Shortest Edit Dis-
tance) of two strings. Let String 4 = al,a2... aN
and String B = b1,b2...bM be sequences of length
N and M respectively. N of O(ND) is the sum of
the lengths of String 4 and B. D of O(ND) is the
size of the minimum edit script for String 4 and B.
The algorithm for calculating the SED of String 4
and String B is shown in detail in Figure 2.

Constant MAX € [0,M+N]
Var V: Array [-MAX .. MAX] of Integer
V[1]«0
For D ¢ 0 to MAX Do
For k <~ -D to D in steps of 2 Do
Ifk=-Dork Dand V[k- 1} <V[k + 1] Then
x <« V[k+1]
Else
X ¢« V[k - 1]+1
yex-k
Whilex<Nandy<Mandax+1=by+ 1 Do
()  (HLyH)
10. V[k] ¢ x

A e Al o

11. Ifx 2 Nandy 2 M Then
12. Length of an SES is D
13. Stop

14.  Length of an SES is greater than MAX

Figure 2: O(ND) algorithm

The Similarity Algorithm gives a similarity value
for two strings between “0” and “1”. “0” means
that String 4 and B are entirely different strings.
“1” means that String 4 and B are the same string.

4.2 Choosing Similarity Threshold

We propose a distinction method to identify
similar neutral sentences by using several repre-
sentative “seed sentences” (Example [C]) and the
similarity algorithm.

For example [C]:

[Seed Sentence]: #x T 72XV (Please tell me)
[Similar Sentences]: #x Th. HALTTFE\. #Hx
THE LV, (Tell me. Please tell me. I want you to tell me.)

The identification method calculates the SV
(similarity value) between a sentence and a “seed
sentence”. If the SV exceeds a threshold, the sen-
tence is considered to be a neutral sentence.
Therefore, a threshold (between “0” and “17)
should be determined.

We chose 20 representative "seed sentences” of
the type presented in Section 3. As a test corpus,
we selected the 150 neutral sentences which were
most similar to the “seed sentences” from the We-
blog manually. Our identification method calcu-
lated every SV between the neutral sentences and
the “seed sentences”, and then achieved the recall,
precision and F-measure curves shown in Figure 3.
If a sentence in test corpus is taken as appropriate
“seed sentence”, it would be one of sentences cor-
rectly extracted as neutral sentence.
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Figure 3: Experiment of Similarity Threshold

It is obvious that the identification method
achieves the best performance and the highest
F-measure when the threshold is “0.65”. Hence we
decided to set “0.65” as the similarity threshold.
Using this similarity threshold, we separated the
neutral sentences from real opinion contents in the
Weblog and gained positive results, which are
presented in Section 6.2.

5 Classifying Neutral Phrases



There are many of neutral expressions (such as
statements of facts) in the opinion sentences. It is
hard to extract them at the sentence level. There-
fore, we used a well known structure analyzer for
Japanese called Cabocha [13] to analyze the We-
blog content, and then classified neutral expres-
sions and opinions at the phrase level.

Based on the syntactic analysis of Japanese and
the results in related works [11, 12], we separated
opinion phrases into attribute expressions (nouns)
and reputation expressions (adjectives or verbs)
using the POS (part-of-speech) of the words. Then
two kinds of classification, feature classification
and P/N classification are performed. The purpose
of feature classification is to know what an opin-
ion evaluates based on the attribute of the opinion.
P/N (positive or negative) classification aims to
understand what the opinion expresses about the
feature. In the next section, we present how to
process neutral expressions at the phrase level in
these two classifications.

5.1 Feature Classification

Feature classification aims to classify attribute
expressions into feature categories (e.g. price, de-
sign, function, software, battery and neutral) so we
can know what an opinion evaluates.

Through analyzing various product review in-
formation on the Weblog, we discovered the fol-
lowing facts. Firstly, more than 90 percent of at-
tribute expressions are nouns. Secondly, different
categories of products have similar attributes
(such as “cost”, “’size” etc.) and similar neutral
expressions (such as “sale date”, “delivery” etc.).
Thirdly, the number of these kinds of expressions
is limited. A sample of attribute expressions is
shown in Table 1.

Table 1 : Sample of product attributes expression

Feature | Attribute expression

Price BB (price), fit&{cost), $+&(charge), ZlE(low price) -
Designh | ¥4/ Z(size), 7F 1> (design), {@(width), F—(key) -
Function | B4 (play), #E(dictionary), ¥ (pronunciation), ##E(function) +-

Software | ¥/ 7 Nsoft), £H87 Mattached software), »3/=2/(PC) -+

Battery | £ #FFHi(charge time), Tt 2CH#i(battery exchange), /37 U(battery) -+

Neutral | %5¢ B (sale date), E2iE(delivery), 1 h(site), Frar(case) '+

This investigation indicated that it would be
easy to create a training corpus. Creating a classi-
fier would not take much time and reasonably ac-
curate classification results could be expected.
Concretely, the training time was about 3 second,
Precision was about 65% in our preliminary ex-
periment. Therefore, we decide to use a supervised
approach (Naive Bayes) to perform this classifica-
tion. The training corpus and experimental results
are shown in Section 6.3.

5.2 P/N Classification

P/N Classification here means classifying
phrases into positive or negative meanings using
SO (Semantic Orientation) values for understand-
ing what the opinion expresses.

We modified the SO-PMI approach [1] as for-
mula (1), (2) and (3) below to adapt it to Japanese
semantic orientation. The SO-PMI approach can
be used to estimate the semantic orientation of a
phrase by measuring co-occurrences with seman-
tically oriented words or phrases.

SO(phrase) =log, [A] +threshold (1)

_ hits(phrase AND" good _ basic")* hits("bad _basic")
hits(phrase AND" bad _basic")* hits(" good _basic")

2

hits(bad _basic)

Threshold= 1o, *(-0.8 3
resho gzl:hits(good_basic):l o8y G

“good_basic” = “\ | X | B | &S | K
FE& | HRLW | BLy [ ELY | @AV | |
Bhok | B | 8bLAWL | B2 | ZELW |
Sl | Xwv | s LYY

(v, B, BRro e, Luy, BUY: good | #FZ: like |
BT charm | AAFZ: favorite | #FLU>: want | EL v
delightful | #8L vy, S0 : happy | BTE, 6 L5
UV interesting | FE: lovely | /2 satisfaction | F
LV, 7435 LV wonderful)

“bad_basic” = “bEV | HAED | B | 8 |
T | | TR e | EF | BL | 2Fe
| L | fEp | 20 | =0 | B | TR | &

=
(HFEV, BAFE Y not good | B, B, TR, 7 bad
] BEL L, ZF: hard | B #V: dislike | & worry [/
L fearful | i dissatisfaction | /888 risk | 7
& useless | ZEL V! sad | L. painful | T
dissatisfaction | ZZ: worst )

74‘7



The reference words “good basic” and
“bad_basic” are used, and then SO is positive
when a phrase is more strongly associated with
“good_basic” and negative when a phrase is more
strongly associated with “bad_basic”. In a former
study [10], we determined good sets of reference
words (“good_basic” and “bad_basic”). These are
basic semantically oriented words for positive and
negative opinions in Japanese, and all have a
comparatively steady occurrence ratio as the most
common opinion words in the Weblog.

Given the SO value, how can we determine the
orientation (P: positive or N: negative or U: neu-
tral) of a phrase? We use the following Threshold
Rules to perform this classification. The threshold
values for 7a, th and ¢ are obtained from a small,
hand-labeled subset of phrases. The phrase will be
U if it is strongly or faintly associated with both
“good_basic” and “bad_basic”. This means that
this phrase has an ambiguous connection with
both “good basic” and “bad_basic”. Therefore, it
is considered a neutral phrase.

Threshold Rules:

If ( hits( phrase AND good basic) > ta AND
hits( phrase AND bad_basic) > ta) phrase is U

elsif ( hits( phrase AND good_basic) < th AND

hits( phrase AND bad_basic) < Ib) phrase is U
elsif (| hits( phrase AND good_basic) —

hits( phrase AND bad_basic) | < tc ) phrase is U
elsif (SO( phrase ) = 0 ) phrase is U
elsif (SO( phrase ) > 0 ) phrase is P
elsif (SO( phrase ) < 0 ) phrase is N

6 Experimental Performance Evaluation

6.1 Test Data

Table 2 shows the five types of IC Dictionaries
and five types of MP3 players that were used in
the experiments. These products were popular
types from the ranking of kakaku.com on
2006/10/19." We extracted the opinion informa-
tion of these products from the Japanese Weblog
by the following steps [10]:

[Information Search]: Using the Google Search
Engine to collect all the relevant information on

! Kakaku.com: Hitp://www.kakaku.com/

the Internet. The search range is restricted by URL
type (e.g. blog, bbs, and review)

[Weblog Content Extraction]: Extracting the
Weblog content from each of the collected pages
according to the URL type.

Table 2: Product List for the test

Product Category | Product Type

T1: CASIO XD-ST6200

T2: CASIO XD-GT6800

T3: SHARP Papyrus PW-V8100
T4: SHARP Papyrus PW-A8410
T5: SEIKO SR-E10000

T6: SONY NW-E005

T7: SONY NW-A1000

T8: APPLE iPod MAGO2J/A

T9: APPLE iPod nano MAOOSJ/A
T10: PANASONIC D-Snap Andio SV-SD750V-A

IC Dictionary

MP3 Player

6.2 Sentence Level Experiment

As mentioned above, Weblog content about IC
Dictionaries and MP3 players was extracted. Then
all the sentences were separated by end of sen-
tence punctuation mark (such as “?7, «” <, «I”
etc). This resulted in 2,303 Weblog sentences. We
found 218 neutral sentences manually among
these sentences as illustrated in Section 3. We
used 20 seed sentences and a similarity threshold
as was demonstrated in Section 4 to do the identi-
fication of neutral sentences. Table 3 shows the
experimental results.

Table 3: Sentence Level Experiment

Value |Notes

Seed Sentence 20 Representative Neutral Sentence

Weblog Sentence 2303 |Neutral Sentence: 218
Similarity Threshold | 0.65
Precision 90%

Recall 74%

Demonstrated in Section 4
161/178
1617218

Using the opinion information from the Weblog,
we achieved the 90% precision and 74% recall.
The precision was similar and the recall was better
than in the preliminary experiments which we
used to decide the similarity threshold. Thus, it is



feasible to identify neutral sentences using our
method.

6.3 Phrase Level Experiment

We used a supervised approach (Naive Bayes)
to perform feature classification. For a supervised
approach, the most important thing is to train the
classifier on an appropriate corpus. We built the
training corpus manually using the Weblog con-
tent on the products T1, T2, T3, T4, T6, T7, T8
and T9 shown in Table 2. T5 and T10 are used for
testing.

In our previous experiments on feature classifi-
cation, we found that almost 80 percent of all
opinions were of the “Function” class. Therefore,
here we used only the “Function” feature category
to evaluate the classification precision when de-
tecting neutral expressions. For P/N Classification,
the classification precision of positive phrases and
negative phrases we achieved are shown in the
Table 4. “Preliminary experiment” means that the
neutral expressions were not detected. “After Im-
provement” is the results when our method for
dealing with neutral expressions is used.

Table 4: Phrase Level Experiment

Preliminary After
Experiment (%) | Improvement (%)
Feature Classification | FP 70 79
P/N Classification PP 67 73
NP 65 74

FP: The precision for Function feature

PP: Positive Precision  NP: Negative Precision

After improving the classification method by
taking neutral expressions into account, FP (the
precision for Function Feature) and NP (Negative
Precision) improved about 9%. PP (Positive Pre-
cision) improved only about 5%. This is because a
lot of neutral expressions were classified into the
negative category in the preliminary experiment.

We also compared the results between IC Dic-
tionaries and the MP3 players. Since there are
similar neutral expressions in the Weblog content
for these products, we obtained similar classifica-
tion results at both the sentence and phrase level.

7 Conclusions

We proposed an original idea for extracting and
classifying neutral expressions from the Weblog
to improve opinion mining. Our method works
both on the sentence and phrase levels. First, we
presented an identification method using a simi-
larity algorithm to detect neutral expressions on
the sentence level. At the phrase level, we im-
proved feature classification by adding a neutral
feature category and also improved P/N classifica-
tion by using some threshold rules to identify neu-
tral phrases.

The experimental results showed that this pro-
posal improved the performance in opinion min-
ing. The classification precisions were improved
from 60% to 70%. Obviously, it was useful to ex-
tract neutral sentences in advance. Experimental
results also show that the proposal for extracting
and classifying neutral expressions form the We-
blog in this paper has definite generality and
effectiveness. It could be applied to mining
opinions of various products from Weblog.

In the future, we will continue to improve our
opinion mining system in mainly two directions.
First, for the feature classification, we will study
how to build a better training corpus to classify
features more effectively. Secondly, for complet-
ing our opinion mining system, we will create a
module that compares the mining results for sev-
eral products of the some category and then rec-
ommend the one that seems most suitable to the
user.
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