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Abstract— A innovative method for extracting Opinion target and Opinion Words by using word alignment
model. Mining opinion targets and opinion words from online analyses are main tasks for fine-grained
opinion mining, the main component of which involves identifying opinion relations among words . A graphbased co-ranking algorithm is exploited to evaluate confidence of each candidate. Finally, candidates with
higher confidence are extracted as opinion targets or opinion words. Related to previous methods built on the
nearest-neighbour rules, our model captures opinion relations more exactly, particularly for long-span
relations. Equated to syntax-based methods, our word alignment model effectively improves the negative
effects of parsing mistakes when dealing with informal online texts. In specific, compared to the traditional
unsupervised alignment model.
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I. INTRODUCTION
Interest in Opinion Mining has been growing steadily in the last mainly because of its great number of
applications and the scientific challenge it poses. Accordingly, the resources and techniques to help tackle the
problem are many, and most of the latest work fuses them at some stage executed. In opinion mining, extracting
opinion targets and opinion words are two fundamental subtasks. Opinion targets are objects about which users’
opinions are expressed, and opinion words are words which indicate opinions’ polarities. In terms of considering
semantic relations among words, our method is related with several approaches based on topic model (Zhao et
al., 2010; Moghaddam and Ester, 2011; Moghad- dam and Ester, 2012a; Moghaddam and Ester, 2012b;
Mukherjee and Liu, 2012). The main goals of these methods weren’t to extract opinion targets/words, but to
categorize all given aspect terms and sentiment words. Although these models could be used for our task
according to the associations between candidates and topics, solely employing semantic relations is still onesided and insufﬁcient to obtain expected performance.
Furthermore, there is little work which considered these two types of relations globally (Su et al., 2008; Hai et
al., 2012; Bross and Ehrig, 2013). They usually captured different relations using co- occurrence information.
That was too coarse to obtain expected results (Liu et al., 2012). In addition, (Hai et al., 2012) extracted opinion
tar- gets/words in a bootstrapping process, which had an error propagation problem. In contrast, we perform
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extraction with a global graph co-ranking process, where error propagation can be effectively alleviated. (Su et
al., 2008) used heterogeneous relations to ﬁnd implicit sentiment associations among words. Their aim was only
to per- form aspect terms categorization but not to extract opinion targets/words. They extracted opinion targets/words in advanced through simple phrase detection. Thus, the extraction performance is far from
expectation. The Proposed Method In this section, we propose our method in detail. We formulate opinion
targets/words extraction as a co-ranking task. All nouns/noun phrases are regarded as opinion target candidates,
and all adjectives/verbs are regarded as opinion word candidates, which are widely adopted by pervious
methods (Hu and Liu, 2004a; Qiu et al., 2011; Wang and Wang, 2008; Liu et al., 2012). Then each candidate
will be assigned a conﬁdence and ranked, and the candidates with higher conﬁdence than a threshold will be
extracted as the results.
II. RELATED WORK
Opinion target and opinion word mining are not new tasks in opinion mining. There is signiﬁcant work focused
on these tasks [1], [6], [12], [13], [14]. They can be divided into two categories: sentence-level extraction and
corpus level extraction according to their extraction aims. In sentence-level extraction, the task of opinion target/
word extraction is to recognize the opinion target mentions or opinion expressions in sentences. Thus, these
tasks are usually regarded as sequence-labeling problems [13], [14], [15], [16]. Intuitively, contextual words are
selected as the features to indicate opinion targets/words in sentences. Additionally, classical sequence labeling
models are used to build the extractor, such as CRFs [13] and HMM [17]. Jin and Huang [17] proposed a
lexicalized HMM model to perform opinion mining. Both [13] and [15] used CRFs to extract opinion targets
from reviews. However, these methods always need the labeled data to train the model. If the labeled training
data are insufﬁcient or come from the different domains than the current texts, they would have unsatisﬁed
extraction performance.
III. THE OVERVIEW OF OUR METHOD
Model of Opinion Mining
In general, opinions can be expressed on anything, e.g., a product, a service, a topic, an individual, an
organization, or an event. The general term object is used to denote the entity that has been commented on. An
object has a set of components(or parts) and a set of attributes. Each component may also have its subcomponents and its set of attributes, and so on. Thus, the object can be hierarchically decomposed based on the
part-of relationship. Definition(object) :An object O is an entity which can be a product, topic, person, event,
or organization. It is associated with a pair, O: (T, A),
where T is a hierarchy or taxonomy of components(or parts) and sub-components of O, and A is a set of
attributes of O. Each component has its own set of sub-components and attributes. In this hierarchy or tree, the
root is the object itself. Each non-root node is a component or sub- component of the object. Each link is a partof relationship. Each node is associated with a set of attributes. An opinion can be expressed on any node and
any attribute of the node. However, for an ordinary user, it is probably too complex to use a hierarchical
representation. To simplify it, the tree is flattened. The word “features” is used to represent both components
and attributes. Using features for objects (especially products) is quite common in practice. Note that in this
definition the object itself is also a feature, which is the root of the tree. Let an evaluative document be d, which
can be a product review, a forum post or a blog that evaluates a particular object O.
Obtaining Word Preference
Obtaining Word Preference. The co-ranking algorithm in Eq.4 is based on a standard random walking algorithm,
which randomly selects a link according to the association matrix M and M oo to, or jumps to a random node
with prior conﬁdence value. However, it generates a global ranking over all candidates without taking the node
preference (word preference) into account. As mentioned in the ﬁrst section, each opinion target/word has its
preferred collocations, it’s reasonable that the conﬁdence of an opinion target (opinion word) candidate should
be preferentially determined by its preferences, rather than all of its neighbors with opinion relations
Only Considering Semantic Relations
To estimate candidates’ conﬁdences by only considering semantic relations among words, we make two
separately random walks on the subgraphs of G, G = (V, E) and G = (V, E). The basic assumption is as follows:
Assumption 2: If a word is likely to be an opinion target (opinion word), the words which it has strong semantic
relation with will have higher conﬁdence to be opinion targets (opinion words). In this way, the conﬁdence of
the candidate is determined only by its homogeneous neighbours. There is no mutual reinforcement between
opinion targets and opinion words.
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Fig. Example Calculating word Preference

IV. EXPECTED OUTPUT
Below is the complete expected output with frequent result with their Dataset comparisons shows the output
of Different methods verifying with their entity.

Fig.1 Results of Opinion Targets Extraction on Customer review DataSet

Fig.2 Result of opinion target extraction on large data set

V. CONCLUSIONS
This paper presents an innovative method with graph co-ranking to co-extract opinion targets/words. We model
extracting opinion targets/words as a co-ranking process, where multiple heterogeneous relations are modeled in
a uniﬁed model to make cooperative belongings on the extraction. In addition, we mainly consider word
preference in co-ranking process to perform more precise extraction. Compared to the state-of-the-art methods,
experimental results prove the effectiveness of our method. This paper only gives the idea of Extraction and
literature survey on opinion extraction and their methods for evaluation.
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