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Abstract—Opinion polling has been traditionally done via customer satisfaction studies in which questions are carefully designed to

gather customer opinions about target products or services. This paper studies aspect-based opinion polling from unlabeled free-form

textual customer reviews without requiring customers to answer any questions. First, a multi-aspect bootstrapping method is proposed

to learn aspect-related terms of each aspect that are used for aspect identification. Second, an aspect-based segmentation model is

proposed to segment a multi-aspect sentence into multiple single-aspect units as basic units for opinion polling. Finally, an aspect-

based opinion polling algorithm is presented in detail. Experiments on real Chinese restaurant reviews demonstrated that our approach

can achieve 75.5 percent accuracy in aspect-based opinion polling tasks. The proposed opinion polling method does not require

labeled training data. It is thus easy to implement and can be applicable to other languages (e.g., English) or other domains such as

product or movie reviews.

Index Terms—Opinion polling, sentiment analysis, opinion mining, aspect-based analysis.
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1 INTRODUCTION

WITH the increase of opinion-rich resources such as
product or movie reviews that have been publicly

available, one emerging research field is opinion analysis,
which relates to the study of people’s assessment on social
issues or products. Many recent studies on opinion analysis
aimed to analyze and extract opinions or sentiment
information from customer reviews and present them in
the form of sentiment-based or opinion-oriented summar-
ization [16], [17], [28], [44], [21]. In some applications, such
as the film industry, people may care more about public
ratings on their products, i.e., the proportion of people
expressing positive opinions. This is a representative
application of opinion polling, which gives quantitative
indications of user’s positive or negative opinions on
products or business.

The goal of opinion polling (customer survey) is to
discover customer satisfaction on a particular product,
service, or business. This is traditionally done by carefully
designing some questions for customers to answer. The
drawbacks of such a structured survey are the expense and
difficulty of question design and lack of participation

because many customers do not like to participate in a
question-based structured survey. To get around these
difficulties, this paper focuses on opinion polling from free-
form textual customer reviews, without requiring designing
a set of questions in the form of a survey.

Sometimes people express their positive and negative
opinions explicitly in terms of ratings, which can be easily
converted into an opinion poll. However, nowadays people
increasingly express their opinions in free-form textual
reviews without assigning any ratings. To analyze textual
reviews, some previous studies [26], [36], [32] attempted to
predict the polarities of these user reviews by using
supervised document classification algorithms. Some recent
work [34] has expanded polarity analysis on a multipoint
scale under ranking or ordinal regression frameworks in the
fashion of supervised learning.

However, several challenges exist for these aforemen-
tioned approaches. First, supervised machine learning
approaches are typically used and these approaches
generally require labeled training data. Whereas building
sufficient labeled data is often expensive and time consum-
ing, it is desirable to develop a learning algorithm that does
not require large amounts of labeled training data. Second,
traditional document-level classification techniques may
not always produce meaningful aspect-based opinion poll-
ing in many cases. For example, to investigate public
opinions on a restaurant review “The quality of food is so so,”
it is more important to identify some particular aspects such
as food than overall ratings. In fact, this exemplary review
expresses a negative opinion on the food aspect. Therefore,
aspect-based opinion analysis techniques [37] are needed.

One representative work of such techniques is feature-
based sentiment summarization [16], [17]. However, in
practice, there are some limitations to using this technique
for the aspect-based opinion polling addressed in this
paper. First, this technique is implemented on the sentence
level instead of the document level, and does not address
the polarity conflicting issue of document-level aspect-based
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�ðA� P jXÞ, �ða; pjXÞ, and �ða; pjxiÞ as �iðA� P Þ, �ða; pÞ,
and �iða; pÞ, respectively, for short in the following sections.

The key step in aspect-based opinion polling is to
calculate �iða; pÞ for each review xi. Since a real review xi
could simultaneously express multiple aspects such as food
and service, a natural solution is to first analyze each review
sentence in xi and identify multiple aspects and the polarity
of each aspect. Then, the overall polarity of review xi is
analyzed based on the resulting polarity of each sentence on
aspect a. However, there are some crucial challenges in
practice. First, casting aspect identification and polarity
analysis as an n-ary classification problem is a well-studied
area if sufficient labeled data are provided [26], [13], [36],
[32]. Whereas it is often expensive to build labeled training
data in practice, it is worthwhile studying learning
algorithms for aspect identification and polarity analysis
without requiring a large labeled training data set. Second,
as mentioned before, considering a multi-aspect sentence as
a single-aspect mention for opinion polling may not yield
satisfactory results. For example, the first review sentence in
Fig. 1 expresses differing opinions on three aspects, that is,
positive on the environment aspect and negative on the food
and charge aspects, respectively. A crucial issue then is how
to determine if a review sentence contains multiple aspects
and how to split a multi-aspect sentence into multiple
single-aspect units. The third challenge is the polarity
conflict problem, in which the same aspect may be
associated with more than one polarity within the same
review. For example, one sentence in a review represents
positive on the food aspect and another sentence in the same
review represents negative on the same aspect. Therefore,
solving polarity conflict problem is a necessary step in any
aspect-based opinion polling tasks.

3 BOOTSTRAPPING ASPECT-RELATED TERMS FOR

ASPECT IDENTIFICATION

As discussed before, the first step toward calculating
�iða; pÞ is to identify the aspect expressed by each sentence
in review xi. Aspect identification has been well studied by
using supervised learning methods for document classifica-
tion or by using user-generated ontologies [13], [37]. In
practice, the human labor that is associated with building a
large labeled data set or domain ontologies for supervised
aspect identification is often tedious and expensive. Since
unlabeled data are generally publicly available and plenti-
ful, we are led to study learning algorithms that can use
unlabeled data. However, in our opinion polling task,
unlabeled data alone cannot be directly used by a learning
algorithm. Unlabeled data must be associated with some
information or knowledge about the target function for
learning tasks (i.e., aspect identification) before it can be
utilized. To avoid tedious human annotation, this target
information or knowledge can be given in various forms of
keywords or a small number of labeled samples for
training. Some researchers [33], [39], [41] have applied
bootstrapping techniques to learn subjective nouns and
sentiment patterns for opinionated sentence identification
(i.e., subjective or objective) and polarity analysis (positive
or negative). In this paper, we study the bootstrapping

framework [40] for aspect identification. Seed information is

used, in the form of a small number of keywords associated

with aspects, to learn aspect-related terms (ARTs) of each

aspect that are later used for aspect identification. This is

further described in detail in the remaining of this section.

3.1 Aspect-Related Terms

We consider two types of ARTs in this study. First, nouns,

verbs, adjectives, and adverbs are considered as the first type

of candidate ARTs. These are similar to word-type features

used in previous studies [14], [26], [33]. Second, some

previous studies [7], [32] reported that higher order

n-grams such as bigrams or trigrams in some sentiment

classification settings may outperform unigrams. This

motivates us to consider multiword terms as the second type

of candidate ARTs.
To extract meaningful multiword terms from unlabeled

reviews, we utilize C-value method [12]. Given a review set,

a list of multiword terms is produced and ranked in the

descending order of C-value score. C-value is a popular

method for multiword expression extraction [12], [20], [23].

The linguistic filter used by C-value method is described as

ðnounjverbjadjectivejadverbÞ�. The C-value score of a multi-

word term t can be calculated by:

1. If t is not contained by any other terms,

C-valueðtÞ ¼ logðjtjÞ � frqðtÞ:

2. Otherwise,

C-valueðtÞ ¼ logðjtjÞðfrqðtÞ � 1

nðSÞ
X
s2S

frqðsÞÞ;

where jtj denotes the number of words contained in t, frqðtÞ
indicates the frequency of occurrence of t in the corpus, S is

the set of multiword terms containing t, and nðSÞ denotes

the number of terms in S.

3.2 Multi-Aspect Bootstrapping

Here, we focus on how to learn an ART set for each aspect

using a bootstrapping algorithm that starts learning with a

small number of seeds with the help of unlabeled data.

Bootstrapping can be viewed as iterative clustering where,

in each learning cycle, the most valuable candidate is

chosen to augment the current seed set and the learning

procedure continues until the predefined stopping criterion

is satisfied. The key is how to measure the value score of

each candidate in each learning cycle. We score each

candidate ART t with the RlogF metric (Riloff, 1996),

defined as

RlogFðtÞ ¼ log frqðt; T Þ �Rðt; T Þ; ð2Þ

where T is the current seed set, frqðt; T Þ is the frequency of

co-occurrence of t and T within a given limited context (i.e.,

k words to left or right of t), frqðtÞ is the frequency of co-

occurrence of t in the corpus, and Rðt; T Þ ¼ frqðt; T Þ=frqðtÞ.
The proposed general bootstrapping framework for

aspect-related term learning consists of the following steps,

as shown in Fig. 2.
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Typically, we can apply this general bootstrapping
algorithm to learn an ART set for each aspect independently.
This technique is referred to as single-aspect bootstrapping
(SAB). To use these learned ARTs for aspect identification,
we need to assign to each learned ART an importance score
that indicates the ability in reflecting the corresponding
aspect. To estimate the indicative ability of each learned
ART, our first intuition is to use its corresponding RLogF
value. However, the RlogF value of each candidate ART, as
shown in (2), is estimated using the current seed set T that is
changing dynamically during the bootstrapping procedure.
Therefore, the RLogF values of two different ARTs learned at
different learning iterations are not comparable.

Let Si ¼ ftil; ti2; . . . ; tikg be an ART set for aspect ai
produced by SAB, and tij be learned at the jth learning
iteration. We refer to j as the rank of term tij for aspect ai.
Bootstrapping algorithms tend to learn the most valuable
ARTs for each aspect at earlier learning iterations. There-
fore, a lower rank indicates that a learned ART can be more
valuable for its corresponding aspect. Consequently, the
indicative ability of a learned ART can be calculated in
terms of its corresponding rank. In this paper, we assign a
rank-based score to each ART that is learned by SAB to
indicate the degree of its ability in reflecting the corre-
sponding aspect, which is defined as

�iðtÞ ¼ 1� riðtÞjSij
; ð3Þ

where Si ¼ fti1; ti2; . . . ; tikg is the ART set of aspect ai learned
by SAB. Notice that tij is learned in the jth iteration, jSij
indicates the number of ARTs in Si, and riðtÞ represents the
rank of t in Si, indicating in which iteration it was learned. A
higher �iðtÞ value indicates that t is a more valuable ART for
aspect ai from aspect identification point of view.

For each aspect, many learned ARTs from SAB belong to
more than one aspect, referred to as multi-aspect ARTs. For
example, A, as shown in Table 2, is a multi-aspect ART.

Table 2 depicts an example of multi-aspect ART A with
respect to aspects a1, a2, and a3. A has a lower rank than B,
indicating it is more valuable for aspect a1. However, since
A is also a strong indicator for other two aspects a2 and a3, it

actually has a weak discriminative ability for distinguishing
aspect a1 from other two aspects a2 and a3. We prefer
single-aspect ARTs (e.g., B) to multi-aspect ARTs (e.g., A)
for aspect identification because multi-aspect ARTs can be
ambiguous and their importance scores should therefore be
penalized. As shown in Table 2, A has a lower rank (a
higher �1ðAÞ value) than that of B for aspect a1. Since A is a
multi-aspect ART, its importance score should be penalized
for each aspect, whereas the importance score of B for each
aspect should be increased.

To address this penalty issue, we assess the ambiguity

degree of each ART with respect to aspects. The ambiguity

degree ’ðtÞ of a multi-aspect ART t can be measured by

means of an entropy-like function of ranks of t with respect

to aspects, defined as

’ðtÞ ¼
�
Pm

i¼1
riðtÞP

1�j�m rjðtÞ
log riðtÞP

1�j�m rjðtÞ

logm
; ð4Þ

where S ¼ fS1; S2; . . . ; Smg represents ART sets for

m aspects generated by SAB. The denominator logðmÞ is

used for normalization. A higher ’ðtÞ value indicates that

the ART t is more ambiguous with respect to aspects.
In this paper, we present a new bootstrapping algorithm,

referred to as multi-aspect bootstrapping, which uses an
ambiguity degree factor to adjust the rank-based impor-
tance score of each multi-aspect ART. Our MAB algorithm
favors the ART with a high �ðtÞ score and a low ’ðtÞ value
for learning, in which the importance score assigned to an
ART t for aspect ai can be calculated by

scoreiðtÞ ¼ �iðtÞ � ð1� ’ðtÞÞ: ð5Þ

SAB is a special case of MAB when the ’ðtÞ value for each

ART t is set to zero. The MAB algorithm can be summarized

as shown in Fig. 3.

3.3 ART-Based Aspect Identification

Without loss of generality, in the aspect identification task,

we are given a sentenceC ¼ t1t2 . . . tn that consists ofn terms,

and ART sets S ¼ fS1; S2; . . . ; Smg form aspects. Each ART is

associated with a score vector fscore1; score2; . . . ; scoremg in

which scorei is its importance score for aspect ai, defined by

(5). In ART-based aspect identification, the most likely

aspect a� of sentence C is given by
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Fig. 2. The general bootstrapping framework for aspect-related term
learning.

TABLE 2
A Multi-Aspect ART A

with Respect to Three Aspects fa1; a2; a3g



a� ¼ arg max
i2½1;m�

scorei ðCÞ

¼ arg max
i2½1;m�

X

t2C

scorei ðtÞ:
ð6Þ

In an aspect-based opinion polling task, if the review
sentence C does not contain any ARTs, we consider the
most likely aspect a� as NULL.

4 ASPECT-BASED SENTENCE SEGMENTATION

For a review sentence that contains multiple aspects, one of
the key issues for aspect-based opinion polling is to split
such a multi-aspect sentence into multiple single-aspect
units as the basis for aspect-based opinion polling. To tackle
this problem, we propose a multi-aspect segmentation(MAS)
model that takes a multi-aspect sentence as input and
produces multiple single-aspect segments. A segment
might be a subsentence,1 or a combination of some
consecutive subsentences. LetC ¼ c1c2 . . . cn be a sentence
consisting of n subsentences, and U ¼ u1u2 . . . uk be its
segmentation consisting of k segments. Our goal is to find
the most likely segmentation U� of the input sentence C by
determining aspect changes between subsentences. Each
segment expresses a particular aspect, while contiguous
segments exhibit different aspects. For example, in an
aspect-based sentence segmentation task, the first review
sentence shown in Fig. 1 can be segmented into three single-
aspect units, as shown in Fig. 4.

Our first intuition is to treat multi-aspect segmentation as
a problem of traditional linear text segmentation by
assuming that a sentence is a text and an aspect is a subject.
While state-of-the-art linear text segmentation techniques
such as dotplotting [5], [30], C99 [4], and the Fragkou method
[11] exist, practically, there are two challenges for applying
these techniques to multi-aspect segmentation. First, pre-
vious studies [30], [4], [11] reported that linear text
segmentation methods can work well at document level
rather than sentence level because a single sentence cannot
provide sufficient context to determine topic changes.
Second, linear text segmentation techniques consider topic
changes occurring in input text, whereas multi-aspect
segmentation models deal with aspect changes occurring
in the same review sentence.

It seems that an appealing solution is to incorporate
aspect information of each subsentence into the design of

multi-aspect segmentation models. Along this line of
thinking, we formulate a multi-aspect segmentation model
by introducing a criterion function Jð:Þthat aims to evaluate
each candidate segmentation U of sentenceC, that is,

U� ¼
def

arg max
U

JðC; UÞ: ð7Þ

The goal of this model is to find the most likely
segmentation U� with maximum Jð:Þscore. The key is how
to design an appropriate criterion function Jð:Þby incorpor-
ating aspect information of each subsentence. In the most
likely segmentation U� , two adjacent segments should
express two different aspects with each segment having
only one aspect. To design an appropriate criterion function
JðC; UÞfor scoring, we can utilize two types of information
from segmentation U: 1) what the aspect of each candidate
segment is and 2) whether the aspects of any two adjacent
candidate segments are the same. It is straightforward to
answer the first question, which is related to the problem of
aspect identification on each segment. To determine whether
two adjacent segments express the same aspect, we adopt an
indicator function � ðui ; uj Þwhose value is 1 if two segments
ui and uj are labeled as two different aspects, and 0,
otherwise. Based on ART-based aspect identification tech-
niques, the criterion function JðC; UÞcan be formulated as

JðC; UÞ ¼
X

1� i � k

½� ðui � 1; ui Þ � scorea� ðui Þ�

¼
X

1� i � k

� ðui � 1; ui Þ �
X

t2ui

scorea� ðtÞ

" #

;
ð8Þ

where a� is the most likely aspect of segment ui and � ðu0; u1Þ
is set to 1.

Let us revisit the first example sentence C in Fig. 1, which
consists of four subsentences (separated by the comma),
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Fig. 4. The best segmentation of the first review sentence in Fig. 1.

Fig. 3. The multi-aspect bootstrapping algorithm for ART learning.

1. The separation mark between two adjacent subsentences is defined as
a comma or a semicolon. Fig. 5. Results of multi-aspect segmentation on the first sentence in Fig. 1.



denoted by C ¼ c1c2c3c4 for notational convenience. The
segmentation process on C is shown in Fig. 5.

In practice, the computation cost of our multi-aspect
segmentation model is related to the total number of
subsentences in an input sentence, namely, Oð2nÞ, where
n is the number of subsentences. Each subsentence can be a
possible segment. From a computational cost stand point, it
would be unrealistic to find the best segmentation by
enumerating and evaluating all possible segmentations. To
effectively find the most likely segmentation U� with
maximum Jð:Þ score, we can utilize the grid search
algorithm2 with a reasonable computational complexity
Oð2nÞ. The implementation of our multi-aspect segmenta-
tion algorithm can be summarized in Fig. 6.

5 OPINION POLLING GENERATION

An aspect-based opinion poll � can be summarized as a two-
dimensional form filled with 3m (aspect, polarity) pairs and
their voting scores, involving m aspects and three polarities
(i.e., positive, negative, and neutral). For each (aspect,
polarity) pair, its associated voting score indicates how many
customer reviews have expressed it. For example,
�ðfood; positiveÞ ¼ 0:65 indicates that 65 percent of customer
reviews express positive opinions on the food aspect. An
aspect-based opinion poll � withm aspects looks as shown in
Table 3. The implementation of our aspect-based opinion
polling algorithm is summarized in Fig. 7.

In this paper, for polarity analysis on each single-aspect
textual unit, we use a readily available Chinese sentiment
lexicon3 released by Hownet [9] that has been widely used
for polarity analysis [38]. This sentiment lexicon contains
3,730 positive words and 3,116 negative words. Thirteen
negation words such as “ not” are used to handle the
negation issue. A semantic orientation value of a textual
unit is computed by summing the polarity values of all

sentiment words occurring in the unit. If a sentiment word
w is negated, it is converted into a new token “NOT-w”
associated with an opposite polarity. The polarity value is
empirically set to þ1 for a positive word and �1 for a
negative word. The resulting semantic orientation value of a
textual unit indicates its corresponding polarity, that is, > 0
for positive, < 0 for negative, and equal to 0 for neutral. In
an aspect-based opinion polling task, if one aspect is not
exactly expressed in the review, its corresponding polarity
is considered to be neutral.

As mentioned earlier in this paper, two conflicting
polarities may exist for the same aspect in the same review.
To solve the polarity conflict problem, we adopt a method
that determines the predominant polarity based on the
majority (e.g., > 50 percent) of polarities among competing
pairs expressed in the same review, as in [41]. For example,
if the number of segments expressing the pair (service,
positive) is greater than that of the pair (service, negative) in
the same review, the predominant polarity of service aspect
is considered to be positive.

The goal of opinion polling is to give quantitative
indications of user’s positive or negative opinions about
products or business. To achieve this goal, the crucial step is
to identify the polarity of each aspect expressed in each
review. Our technique used to address the polarity conflict
problem seems to be a little problematic in some real-world
opinion polling applications because multiple possible
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Fig. 6. Multi-aspect segmentation algorithm.

TABLE 3
An Aspect-Based Opinion Poll with m Aspects

2. Our grid search algorithm treats multi-aspect sentence segmentation
as a multidimensional optimization problem, in which one dimension is
optimized at each round. In practice, other dynamic programming
techniques such as Viterbi algorithm can also be utilized.

3. http://www.keenage.com/html/c_index.html.

Fig. 7. Aspect-based opinion polling algorithm. “+”, “-”, and “*” denote the
polarities of positive, negative, and neutral, respectively.



polarities can be expressed by a real review. To further
address this polarity conflict issue, an alternative “ soft”
approach is to study a probabilistic framework under which
a nonzero probability can be assigned to each possible
polarity of an aspect. In this case, � ða; pjxi Þin (1) should be
redefined as a real-value function that indicates a real-value
voting score of pair ( a,p) expressed by review xi . In this
work, we consider a simple case of using a binary function
� ða; pjxi Þ defined in (1). It is noteworthy that our aspect-
based opinion polling algorithm can be implemented based
on a real-value function � ða; pjxi Þ. In our future work, we
will further study such soft solution to address the polarity
conflict issue.

6 EXPERIMENTAL EVALUATION

6.1 Data Set Setup
We evaluate various aspect-based opinion polling methods
on a corpus of real Chinese restaurant reviews collected
from the DianPing.com. The data set contains 13,358 reviews
(54,747 sentences in total) for 100 restaurants. This data set
only contains textual reviews without explicit user-provided
aspect ratings. In the preprocessing step, we utilized the
NEUCSP4 tool to implement Chinese word segmentation
and POS tagging. We randomly selected 1,000 sentences to
investigate the distribution of different types of sentences,
including multi-aspect, single-aspect, and NULL-aspect
sentences. Table 4 depicts that 23.5 percent of sentences
express more than one aspect, namely, multi-aspect sen-
tences. Therefore, multi-aspect segmentation is a very
important practical issue for aspect-based opinion polling.

We designed some experiments to evaluate the effec-
tiveness of various aspect-based opinion polling methods.
A subset containing 3,325 randomly chosen reviews is used
for this evaluation. 5 To form the gold standard, two human
judges were asked to build an opinion poll table (the same
as shown in Table 1) for each review which contains a set of
five aspects covering environment, discount policy, food,
charge, and service, and was manually labeled with respect
to polarities (i.e., positive, negative, or neutral). The inter-
annotator agreement between the two human annotators is
96 percent. In case of disagreements, a third human judge is
asked to act as an adjudicator. The rest of the reviews in the
data set (41,641 sentences in total) were used as unlabeled
data for bootstrapping-based ART learning.

6.2 Bootstrapping Aspect-Related Terms for Aspect
Identification

In ART learning experiments, we considered bigrams,
trigrams, and 4-gramsto be candidate multiword terms. We
first extracted nouns, verbs, adjectives, and adverbs from
unlabeled data, and used the C-value method to select top-
40,000 multiword terms (ranked in the descending order of
C-value score) to form the candidate ART set. The k value of
the limited context (used in (2)) was empirically set to 5.

Selecting an appropriate number of good seeds for
bootstrapping is an important step, and how to select the
best seeds for bootstrapping in real-world applications is still
an open question. In our solution, 500 frequently used nouns,
verbs, and adjectives were first automatically extracted for
manual selection of seeds. We have experimented with
different numbers of seeds (i.e., 5, 10, 15, and 20) for
bootstrapping, and found that the learned results are very
similar after 100 iterations. Therefore, to minimize human
efforts, in each bootstrapping-based ART learning algo-
rithm, five seeds were manually chosen for each aspect, as
shown in Table 5, for they appear frequently in the unlabeled
corpus. In each bootstrapping algorithm, the stopping
criterion is defined as when 2,000 ARTs have been learned.

To evaluate the bootstrapping results, all learned ARTs for
each aspect are ranked in descending order of their
importance scores. We manually checked up6 to top-500
ARTs for each aspect produced by MAB, and reported the
precision performance for each aspect as shown in Fig. 8. As
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TABLE 4
Distribution Analysis of Three Types of Review Sentences

TABLE 5
Initial Aspect Seed Sets for Bootstrapping

Fig. 8. Precision performance of the top-500 ARTs for each aspect
learned by MAB.

4. NEUCSP is a Chinese word segmentation and POS tagging tool at
(http://www.nlplab.com/chinese/source.htm).

5. http://www.nlplab.com/aspect-based-opinion-poll.rar.

6. Three annotators were asked to manually check these learned ARTs
for each aspect. The same judgment decision made by at least two
annotators is accepted.



can be shown, the precisions of the top-300 learned ARTs of
all aspects are above 80 percent. Also, the bootstrapping
algorithm works best for the food aspect and worst for the
discount policy aspect. This is because, generally, more food-
related terms (e.g., menu items) are mentioned in restaurant
reviews, as compared to the discount policy aspect. From
further examination of our experimental results, we found
that the most valuable ARTs for the discount policy aspect have
been learned before the 300th learning iteration, and many of
those terms after the 300th iteration are noisy terms. Table 6

depicts some learned ARTs and their importance scores
produced by MAB.

We further designed some experiments to investigate the
effectiveness of applying these learned ARTs for aspect
identification, as compared to supervised learning methods.
For experimental comparison, the supervised learning
method was designed based on Maximum Entropy classifier
(MaxEnt) [2], a state-of-the-art classification model. The
Information Gain (IG) method [19] was used for feature
selection. In these experiments, 1,000 single-aspect review
sentences were randomly chosen for human annotation on
five aspects. We tested our ART-based aspect identification
techniques and MaxEnt-based method on these sentences in
terms of accuracy. A fivefold cross validation was performed,

and the average accuracy of five trials for each method is
shown in Table 7. Note that for MaxEnt-based classifier, the
best accuracy was achieved by using 3,000 features.

Supervised learning methods such as MaxEnt model can
achieve good performance (86 percent accuracy in our
experiment) if the labeled training data are available. In
general, the performance of a supervised learning method
depends on the size of labeled training corpus. As illustrated
in Table 7, the method based on ARTs as proposed in this
paper does not use explicitly labeled aspect data, yet its
performance is only 5 percent lower than that of the
supervised learning method. Further, the MAB-based
method outperforms the SAB-based method. In MAB,

multi-aspect ARTs are penalized for their importance scores.
This yields a positive effect on the performance of aspect
identification.

6.3 Aspect-Based Sentence Segmentation

We randomly select 1,000 review sentences for evaluating the
effectiveness of various aspect-based sentence segmentation
algorithms. To form the gold standard, two human judges
were asked to segment each review sentence in terms of
aspect change (i.e., environment, discount policy, food, charge,
and service aspects) and polarity change (i.e., positive and
negative). That is, each multi-aspect or single-aspect and
multipolarity sentence was manually segmented into multi-
ple single-aspect and single-polarity segments, and a single-
aspect and single-polarity sentence is considered as a single
segment. The test set was annotated separately to verify the
interannotator agreement and to verify whether the task is
well defined. For disagreements between judges, a third
human judge acted as an adjudicator.

The classical precision, recall, and F1 metrics are used to
evaluate the effectiveness of each automatic segmentation
methods. However, the shortcoming of precision and recall
for segmentation is that every inaccurately estimated
segment boundary is penalized equally whether it is near
or far from a true segment boundary. In the following
experiments, we also adopt the WindowDiff metric [27] which
has been widely used in text segmentation research. The
WindowDiff metric is defined by Pevzner and Hearst [27]

WindowDiffðref; hypÞ

¼ 1

N � k
XN�k
i¼1

ðjbðrefi; refiþkÞ � bðhypi; hypiþkÞj > 0Þ;

where ref and hyp represent the reference segmentation and
a hypothesized segment. bði; jÞ denotes the number of
segmented boundaries between positions i and j in the
sentence, and N denotes the number of subsentences in that
sentence. The k value used in the WindowDiff metric is set
to 3, which is the average number of subsentences per
segment in the gold standard.

In our experiment, we constructed two simple baseline
methods. The first baseline method is to segment a sentence
by comma, named the comma-based method. That is, each
subsentence is viewed as a single segment. The second
baseline method is to simply consider the whole sentence as a
single single-aspect segment named the full-stop-based
method. In addition, we also evaluate the effectiveness of a
state-of-the-art linear text segmentation method Dotplotting
[30] and our proposed segmentation model (MAS). We used
the package developed by Choi to implement the Dotplotting
algorithm (www.lingware.co.uk/homepage/freddy.choi/
index.htm).

The smaller the WindowDiff value, the better the
segmentation performance. Among these four segmentation
methods, the comma-based method is the worst. As
mentioned in Table 4, only 23.5 percent of review sentences
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TABLE 7
Results of Different Methods for Aspect Identification

TABLE 6
Some ART Examples for Each Aspect Learned by MAB

Terms with “*” indicate multi-aspect ARTs.



in the restaurant reviews are multi-aspect cases. The
comma-based method often makes wrong segmentation
decisions on sentences containing one or more commas.

The dotplotting method obtains unsatisfactory perfor-
mances, and its performance is very close to that of the
comma-based method. The dotplotting method adopts local
(i.e., between adjacent subsentences) similarity measures
based on word repetitions [30]. From segmentation results,
we find that many single-aspect and single-polarity
sentences have been mistakenly segmented by dotplotting.
In most review sentences, there are a few common words
occurring in two adjacent subsentences. In such a case, the
dotplotting tends to split individual sentences at commas.
Experimental results show that the dotplotting method fails
to identify most true segments consisting of multiple
consecutive subsentences.

As shown in Tables 8 and 9, our segmentation model
achieves the best performance in terms of all evaluation
metrics. There are two possible reasons why our segmenta-
tion method outperforms the state-of-the-art linear text
segmentation method. First, as mentioned above, for aspect-
based sentence segmentation, one sentence cannot provide
sufficient context for traditional linear text segmentation
techniques to determine topic changes occurring in the
input sentence. Second, our model explicitly utilizes aspect
knowledge such as ARTs in sentence segmentation whereas
linear text segmentation methods do not consider any
aspect and polarity information expressed in a sentence.

6.4 Aspect-Based Opinion Polling

In the following experiments, a fivefold cross validation
was performed, and the average accuracy of five trials for
each process is shown in Table 10. Since the linear text
segmentation method obtains unsatisfactory performance
on aspect-based sentence segmentation, it was not included
in this experiment for aspect-based opinion polling. We
tested five different methods for aspect-based opinion
polling as follows:

1. SABþMAS method adopts SAB for ART learning,
and MAS for aspect-based sentence segmentation.

2. SABþ Full-Stop method adopts SAB for ART
learning, and does not implement aspect-based
sentence segmentation.

3. MABþMAS method adopts MAB for ART learn-
ing, and MAS model for aspect-based sentence
segmentation.

4. MABþ Full-Stop method adopts MAB for ART
learning and does not implement aspect-based
sentence segmentation.

5. PRanking [6] is an ordinal regression model and was
used for content-based rating inference in the
restaurant review domain [34]. In this baseline
method, we utilize the PRanking algorithm to
implement aspect-based opinion polling by consid-
ering it as a rating inference problem. Along this
line, to train the PRanking model, for each aspect we
consider negative, neutral, and positive polarities as
rating 1, 2, and 3, respectively. After the removal of
stop words, each review in the data set is repre-
sented as a vector of unigram lexical features and is
accompanied by a set of five aspects. For each aspect,
each review is rated using a three-point scale.
Following the previous work [34], the number of
training iterations for PRanking algorithm is set to 4.

The effectiveness of each polling method is measured by

the accuracy, i.e., the fraction of automatically identified

(aspect, polarity) pairs that are correct.
Tables 10 and 11 shows the effectiveness of various

automatic methods for aspect-based opinion poll genera-

tion. All methods except the PRanking algorithm work in an

unsupervised learning fashion without requiring labeled

training data. In the PRanking algorithm, aspect-based

opinion polling is treated as rating inference using a three-

point scale instead of polarity. The PRanking algorithm

performs the worst on four out of five aspects except for the

discount policy aspect, and is the worst among all methods

in terms of average accuracy. As mentioned before, in
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TABLE 8
Precision (P), Recall (R), and F1 Performances of

Each Method for Aspect-Based Sentence Segmentation

The bold number denotes the best performance.

TABLE 9
WindowDiff Values of Different Methods

for Aspect-Based Sentence Segmentation

The bold number denotes the best performance.

TABLE 10
Results of Various Automatic Aspect-Based

Opinion Polling Methods

The number with a symbol (*) indicates the best accuracy performance.



aspect-based opinion polling, the polarity neutral indicates

no comment on some aspect. In such a case, the PRanking

algorithm obtains unsatisfactory performance on predicting

correct neutral on some aspect of no comment. For example,

a test review is associated with true neutral for food aspect

and positive for the rest. In this case, the Pranking

algorithm tends to predict incorrect positive on food aspect

because of positive for other four aspects.
Table 10 further depicts that MABþMAS achieves the

highest accuracy of 75.5 percent by averaging all five

aspects, followed by SABþMAS. Therefore, methods that

involve MAS achieve high accuracies than those without

MAS. This is anticipated, as more than 23 percent of review

sentences express multiple aspects, as shown in Table 4. The

MABþMAS method also works the best among other

methods on four out of five aspects, with the exception of

the discount policy aspect. This is because most of the

sentences involving the discount policy aspect are single-

aspect sentences. It is further observed from real restaurant

reviews that most of multi-aspect review sentences gen-

erally involve environment, food, and service aspects. Conse-

quently, as shown in Table 10, our segmentation techniques

(MAS) contribute to better performance on environment,

food, and service aspects than their corresponding counter-

parts Full-Stop techniques.
When using the same segmentation method, the MAB

algorithm outperforms the SAB algorithm. This is because

the MAB algorithm prefers single-aspect ARTs to multi-

aspect ARTs, and penalizes the importance scores of multi-

aspect ARTs. Single-aspect ARTs have more discriminating

power than multi-aspect ARTs, which result in a better

performance in aspect identification as shown in Table 7.

MAB can provide more help to aspect-based opinion

polling than SAB.
Table 10 also depicts that the SABþMAS method achieves

better average accuracy performance than the MABþ
full-stop method. As mentioned before, the MAB-based

aspect identification method outperforms the SAB-based

method. However, in comparison to MAS, the full-stop-based

method can result in negative effect on aspect-based opinion

polling performance due to multi-aspect sentences fre-

quently occurring in real customer reviews.

7 RELATED WORK

Recent work of aspect-based opinion analysis has generally
focused on product reviews [28], [18], [13], [22], [29], [16], [17],
[8]. The most related work is feature-based sentiment summar-
ization [16], [17], which aimed at producing a summary
expressing the aggregated sentiment for each feature of a
product and supporting textual evidence. Their system FBS
performs in three main steps, including mining product
features, identifying opinion sentences and deciding the
semantic orientation of each opinion sentence, and summar-
izing the results. Their experiments demonstrated that this
simple method performed well on customer reviews of five
types of products such as digital cameras, players, cellular
phones, routers, and software. Ding et al. [8] further proposed
a holistic lexicon-based approach to improve the method of
Hu and Liu [17] by addressing two issues: 1) opinion words
that are content dependent,and 2) aggregating multiple
opinion words in the same review sentence. However, their
techniques are not adequate in dealing with aspect-based
opinion polling focused in this paper.

First, implicit aspects frequently occur in restaurant
reviews due to the informal writing style for online
comments. For example, two frequent Chinese reviewing
sentences “ too expensive” and “ too noisy” are
implicit negative aspects for charge and environment, respec-
tively. Hu and Liu [16], [17] only focused on mining features
that explicitly appear as nouns or noun phrases in the
product reviews and cannot effectively deal with the implicit
feature expression problem. Second, Hu and Liu [16], [17]
assumed that product features and opinion words explicitly
appear as noun phrases and adjectives, respectively. Their
technique cannot handle the problem that an opinion word
(e.g., adjective expensive) can not only explicitly indicate a
sentiment polarity, but also implicitly express an aspect
(feature) simultaneously. For example, the word “ too
noisy” explicitly indicates negative and implicitly indicates
environment aspect. Third, Hu and Liu [16], [17] used
stemming and fuzzy matching techniques to deal with the
problem of word variants and misspellings for feature
generalization. For example, “picture,” “pictures,” and “pic-
ture”7 all indicate the same digital camera feature. However,
their techniques cannot effectively tackle the problem that
various words (nouns, verbs, adjectives, and adverbs) and
multiword terms can be aspect-related terms of the same
aspect in restaurant reviews, e.g., three environment aspect
terms “noisy,” “luxury,” and “decoration.” Fourth, their FBS
system performs on the sentence level, while aspect-based
opinion polling is implemented on the document level. In
such a case, their technique could not deal with the
document-level polarity conflict problem that is one of the
crucial issues of aspect-based opinion polling. Besides, it is
common in real restaurant reviews that many review
sentences express more than one aspect and are difficult to
express in an aggregated sentiment. Aspect-based sentence
segmentation seems to be a feasible solution to address this
challenge, which is seldom addressed by Hu and Liu, or in
other previous studies [13], [44]. Here, we propose an MAS
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7. It is a misspelling of “picture.”

TABLE 11
Paired t-Tests between the Various Methods in Terms of

Average Accuracy, Involving SABþ Full-Stop ðSþ FÞ,
SABþMAS ðSþMÞ, MABþ Full-Stop ðMþ FÞ,

MABþMAS ðMþMÞ,
and the Method of Snyder and Barzilay (2007) (PRanking)

Given p-value > 0:05, the notions of A (row) “� ” B (column), “� ” and
“	 ” indicate A is better, worse, and not significantly different than/from B
on performance comparison, respectively.



model to segment a multi-aspect sentence into multiple
single-aspect units for aspect-based opinion polling. Unlike
our aspect-based sentence segmentation, the method of Hu
and Liu [16], [17] identified one or more features expressed
by a reviewing sentence, but still used the whole sentence
(instead of segments) for feature-based summarization
generation.

Titov and McDonald [37] used the aspect ratings
manually provided by users for the purpose of sentiment
analysis, whereas in our work, the aspect-based opinion
poll is generated automatically from unlabeled reviews
without the user deliberately entering aspect ratings. In
related areas of opinion extraction from user reviews, some
previous efforts have focused on the extraction of opinion
topics [16], [28] that is limited to extracting the mentions of
product names and their features. Kim and Hovy [21]
presented a technique for extracting opinion topics based
on semantic frames, and provided a limited evaluation.
However, these previous efforts did not address the issue of
segmentation of multi-aspect sentences for aspect mention
extraction or opinion topic extraction.

Some researchers [33], [39], [41] have applied boot-
strapping frameworks for learning subjective words or
sentiment patterns, in the same fashion as our single-aspect
bootstrapping method. We propose a new multi-aspect
bootstrapping framework for learning aspect-related terms
for each aspect from unlabeled customer reviews.

Another related work was done by Thomas et al. [36]. In
their work, the support/oppose sentiment classification
problem was solved using a supervised SVM-based
classifier. In more recent work [24], [34], polarity analysis
has been expanded to a multipoint scale under a ranking or
ordinal regression framework. Although these may be the
most similar work to ours, they focused on supervised or
semi-supervised learning techniques for sentiment analysis
which need labeled data for training. However, in our
work, no explicitly labeled data are needed for training.

Text segmentation is an important problem in informa-
tion retrieval. Previous studies [30], [4], [11], [15] focused on
text segmentation at the document level instead of the
sentence level. In our comparison experiments, we evalu-
ated a state-of-the-art linear text segmentation technique for
aspect-based sentence segmentation. Results showed that
the linear text segmentation technique yielded unsatisfac-
tory performance in the aspect-based sentence segmenta-
tion task because a single sentence cannot provide sufficient
context to determine topic changes for segmentation.

8 DISCUSSION AND FUTURE WORK

There are two key modules used in our aspect-based
opinion polling algorithms: bootstrapping-based ART
learning and multi-aspect sentence segmentation. A prac-
tical issue of bootstrapping learning is how to predefine
some appropriate ART seeds manually in advance. This is a
hard problem in practice. In this study, we manually
selected five seeds per aspect from 500 frequent used nouns,
verbs, and adjectives. It is worthy studying an effective
technique to automatically or semi-automatically acquire
some seeds for bootstrapping learning.

In some cases where a sentence contains multi-aspect

subsentences, our aspect-based sentence segmentation

model would fail. This is because our model works on the

subsentence level, in which a subsentence is viewed as the

basic unit (i.e., single-aspect unit) for aspect-based sentence

segmentation. To solve this problem, it is worthwhile to

further study the aspect-based segmentation model on the

word level instead of the subsentence level.
From the experimental results, we found a mixed opinion

problem that the number of segments expressing positive

sentiments toward an aspect is approximately equal to the

number of segments expressing negative sentiments in the

same review. In such a case, the predominant polarity of

this aspect cannot be simply considered as positive or

negative. One of the alternative ways is to assign a degree

score to each possible polarity of the same aspect expressed

in such a review.
Domain adaptation is also important for sentiment

analysis and opinion mining [1], [7]. Since most readily

available sentiment lexicons are general-purpose knowl-

edge bases, it is worth studying how to automatically adapt

a general-purpose sentiment lexicon to a domain sentiment

lexicon to achieve better performance. In approaching this,

there are at least three crucial issues to be considered. First,

the same sentiment term might indicate different polarities

in different domains. Second, the difference in sentiment

vocabularies across different domains should be consid-

ered. The third issue is how to assign a strength marker to

each sentiment word.

9 CONCLUSION

This paper proposes an automatic method of aspect-based

opinion polling from unlabeled textual customer reviews. A

multi-aspect bootstrapping method is proposed to learn

aspect-related terms of each aspect to be used for aspect

identification. A multi-aspect segmentation model is pro-

posed to handle multi-aspect sentences. Finally, an aspect-

based opinion polling algorithm is presented in detail.

Some evaluation experiments are designed to run on real

Chinese restaurant reviews. Our approaches can be easily

applied to aspect-based English language opinion analysis

or in other review domains if one of the English sentiment

lexicons such as SentiWordNet8 is readily available for

sentiment classification (polarity analysis). In our future

work, we will focus on sentiment lexicon domain adapta-

tion for sentiment analysis, and investigate effective

content-based rating inference techniques for aspect-based

opinion polling.
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