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The supervised learning model can be set to work properly in
a given domain, but the model must be recycled if applied to
different domains. Unsupervised natural language (NLP)
[1][2] process approaches, determine domain-driven opinion
options, independent grammar models, or rules that capture
dependency roles and the native context of the terms of
functionality. However, the rules do not work well on
conversational conversations of real life that have no formal
structure. Theme modeling approaches will encompass
general and generic themes or aspects that are literally key
elements of linguistics or aspects of particular options
explicitly commented in journals. Current approaches to
corpus statistics attempt to extract the options of opinion
options by extracting applied mathematical models from
terms characterized only in the given corpus of assessment,
while not considering their characteristics of spatial
arrangement in another Corpus completely different.
Extraction of information at the document level gives the
overall feeling or subjectivity expressed on an entity of the
examination document, but does not associate the notice with
the revision document. The Document level opinion mining
[3] or sentiment analysis analyzes the review sample and
gives the result of that the review document is either positive
or negative sentiment. Most of the time, the consumers are not
satisfied with the product’s ratings. They are interested to
know the reasons why the products gets its ratings, positive
and negative characteristics that has effects on the final
ratings of the product. It is therefore essential to mine the
precise opinioned features from the reviews and they are to be
associated with the opinions. Opinion feature is simply the
indication of an entity or an attribute of the entity on which the
opinions are expressed by the users.

Abstract: Opinion feature extraction is the process of obtaining
candidate features from the existing set of features identified from
reviews and opinions. We study few techniques and propose a
novel method to identify candidate features using different pattern
mining approaches and extract relevant information using a set of
syntactic rules. Using Dependency Parsing (DP) we can extract
Parts of Speech (POS). The POS can be used to extract candidate
features using syntactic rules and thus obtain candidate features.
According to previous studies candidate features that are less
generic and more domain-specific are then confirmed as opinion
features. Previous experimental results on two real evaluation
domains show that this approach may surpass several other
well-established methods for identifying opinion characteristics.
Index Terms: opinion mining. Sentiment analysis, Intrinsic ,
Extrinsic, Domain Relevance, Stanford NLP..

I. INTRODUCTION

W

“
hat people think?” has always been one of the most
important question to every individual during the decision
making phase and in planning phase. Recommendations and
reviews are often considered in every aspect. It is therefore
very crucial for the companies and for the consumers to
understand more vividly. Companies would analyze the
feedbacks and reviews about their products, thus to make the
future decisions about it. Therefore, opinion mining or
sentimental analysis plays an important role in information
gathering and analyzing the sentiments, opinions and
subjectivity with respect to the product. The overall
subjectivity analysis is performed at the document level
retrieval. The synonyms of Opining mining that helps to
understand at a beginner’s level are Review mining,
Sentiment analysis [1], and Appraisal mining.
The analysis of feeling is the field of study that analyzes
people's opinions, feelings, assessments, assessments,
attitudes and emotions with respect to entities such as
products, services, organizations, Individuals, problems,
events, topics. The feelings or opinions expressed in the
textual comments are generally analyzed in different
resolutions. For example, document-level information
retrieval identifies the subjectivity or general feeling
expressed on an entity (eg a cell phone or hotel) in a revision
document, but does not associate opinions with Specific
aspects (eg display, battery) of the entity. This problem also
occurs, to a lesser extent, in the extraction of opinion at the
sentence level. Many approaches have been proposed to
extract the characteristics of opinion in the mines of opinion.

II. RELATED WORK
A. Literature Survey
Opinions expressed in the textual form of the reviews are
analyzed at phrase, sentence and document levels.
Hatzivassiloglou and Wiebe [3] have studied the effects of the
Semantically oriented adjectives, Dynamic adjectives and
Gradable adjectives. This is done to predict subjectivity.
Therefore they have proposed a supervised classification
method to predict the subjectivity of the sentence. Pang [4] et
al proposed the three machine learning method and they are
Naïve bayes, Maximum entropy and Support vector machines
(SVM) [9].
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The standard machine learning techniques gave good results
when compared to the human generated baselines. To prevent
the errors of the sentiment classifier to consider wrongful or
rather misleading texts, Pang and Lee proposed a study to first
employ and perform the subjectivity detector at the sentence
level that further identifies whether the sentence is either an
objective sentence or a subjective sentence and thus pruning
the objective sentences. They are then forwarded to the
sentiment classifier for the subjectivity extraction.
Mcdonald [5] et al investigated to predict the sentiments
(opinions) at many different levels of granularity in a textual
form of the review with the help of global structured model.
This therefore gives an advantage to classify the decisions
from one level which can influence the decisions of the other
level. Since sentiments are often expressed differently in
different kind of domains.
Bollegala [6] et al proposed an unsupervised learning
method, a cross-domain sentiment classifier, that reviews the
documents as positive (thumbs up) or negative (thumbs down)
and thus the sentiments of each review document is analyzed
by the average sentiment orientations in the documented
review. It’s dependency on the search engine was one of the
limitations.
Maas [7] et al approach uses a mixture of supervised and
unsupervised techniques to classify the sentiments at the
sentence level and document level to learn the word vectors
by capturing the meaning or the semantics of the term
document and the sentiment content as well.
Whenever sentiments analysis is performed at the words
level, it mainly checks for its positive or negative opinions
(polarities). The opinion of the word (phrase) matters as it is
generally context dependent or domain-specific and hence the
polarity gives us an opinion over the phrase. Wilson et al
presented an approach of predicating of these
context-sentiments at the phrase (word) level [10] with the
help of machine learning techniques on the various candidate
feature factors.
A compositional matrix-space model at the phrase level
sentiment analysis was presented by Yessenalina and Carie
[8]. The advantage of this approach is that the model can
handle the unseen bigrams provided the component unigram
is learnt.
Back in 1940s Machine translation was the first natural
language related computer based application. Weaver and
Booth proposed a project which was based on computer
translations subjecting to breaking the enemy codes during
the world war two. Thus Weaver originated the ideas for
cryptography in the language processing.
Natural language processing (NLP) is the field that focuses
on the computer understanding and the manipulation of the
human language. It covers the interaction between them. NLP
is basically a way from which the computers understand,
analyze and derive the semantics and meaning of the human
language in the smartest and in a very useful way. Many tasks
such as translation, Named entity recognition, sentiment
analysis, and Speech recognition are performed using NLP.
NLP thus allows the machine to understand how humans
speak. NLP plays a key component on Artificial Intelligence
(AI) and is depended on the machine learning. Chomsky [14]
published the Syntactic Structures leading to better insights in

the linguistics and introducing the idea of generative
grammar. It further emerged to the speech recognition.
Chomsky further introduced the transformational model
which had the semantic concerns as the transformational
generative grammars were syntactically oriented.
The semantic networks of Quillian [11], conceptual
dependencies theory of Schank [12] and case grammar of
Fillmore explained the syntactic anomalies and gave semantic
representations. Wood’s [13] augmented transition networks
grew the power of phrase structure by including programming
language mechanisms such as LISP.
B. System Architecture
The Text Document or the review document includes both
the positive as well as the negative aspect of particular object
and an entity in respect with the user’s views. Generally,
object’s overall sentiments may hold both the polarity aspects
(positive aspects and negative aspects). Therefore to find the
complete aspects about the entity, strong feature-level
analysis is require. It therefore requires three major steps:
1. Identifying the object features
2. Determining the opinion orientations
3. Grouping the synonyms
The Rules which are in an improper structure are not able to
work well in colloquial or ordinary (familiar) real-life
reviews. By applying the approaches of the topic modeling,
we can extract the generic topics and the coarse-grained
topics which are actually the semantic feature clusters of the
precise features which are commented on explicitly in the
review documents.
Therefore the proposed method is stated as the following:
1. A number of syntactic dependence set of laws are used
to produce a list of candidate features from the
domain review corpus.
2. For each candidate with documented functionality for
domain- and domain-specific body bodies, we
compute the relevance score. Intrinsic-domain
relevance (IDR) is known as the domain relevance
score on the domain-specific corpora and
extrinsic-domain relevance score (EDR) is known as
the domain relevance score of the domain
independent corpora.
3. Finally, all the candidate features with high EDR and
low IDR are removed or discarded. And thus, we call
this as interval thresholding the intrinsic and the
extrinsic domain relevance criterion (IEDR).
As such, the frequency of the domain-specific opinion
features will be more than the domain-independent corpus for
a given domain corpus of reviews.
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Firstly, in a given review corpus, we need to recognize or
identify the syntactic organization of each statement.
Dependence parsing (DP) is employed.
The proposed candidate feature extraction method is
language reliant. The three syntactic rules (from the table
given above) are later applied to the recognized dependence
structures. When a rule is fired or implemented, the
corresponding nouns or noun phrase are mined as a set of
candidate features.
Domain relevance: The way in which a term is related to a
particular domain is based on two types of the statistics which
are dispersion and deviation. This is described by the domain
relevance. Dispersion gives us the frequency or counts the
number of times a particular term is referred across the
documents by computing the distributional importance of that
term across many different documents in the entire domain.
This is generally known as the horizontal significance.

Figure 1. System Architecture

B. Opinion feature Identification

Fig 1 explains the flow of the proposed method. With the
help of the manually stated syntactic rules, we first mine the
list of the candidate features from the given review corpus.
Later, the IDR and the EDR is computed. The IDR gives the
statistical association of the candidate feature to the given
domain corpus whereas, the EDR replicates the statistical
relevance of the candidate feature to the domain-independent
corpus. Valid opinion features are extracted as the candidate
features with IDR gains (high score of IDR) greater than the
predefined intrinsic relevance threshold and EDR scores (low
EDR score) less than the extrinsic relevance threshold.

Intrinsic and extrinsic domain relevance: The domain
relevance of particular opinion feature calculated on the given
domain specific review corpus is known an Intrinsic Domain
Relevance (IDR). The domain relevance of particular opinion
feature calculated on the given domain-independent review
corpus is known an Extrinsic Domain Relevance (EDR). The
IDR gives the statistical association of the candidate feature to
the given domain corpus and the EDR illustrates the
statistical association of the candidate feature to the
domain-independent corpus, as the candidate features are
related to either one corpus or the other but never related to
both the corpora at the same time. Therefore in such a case,
the EDR also gives the irrelevance of the candidate feature to
the given review corpus. Also, there are some common terms
that are used everywhere and also used in the review corpus as
candidate features.

A. Candidate feature extraction
The opinion features are made up of noun phrases or nouns
which generally emerge as the subject or the object of the
review statement.
The subject opinion feature has a syntactic relationship of
type subject verb (SBV) with the statement predicate and the
object opinion feature has a dependence relationship of
verb-object (VOB) on the predicate. This is in the cases of
dependence grammar. In further addition to it, it also has a
dependence relationship of the preposition object (POB) on
the prepositional word in the statement. Therefore we present
the three syntactic rules based on the above dependence
relations i.e. SBV, VOB, and POB. They are as follows:

C. Proposed Architecture
Number citations consecutively in square brackets [1]. The
sentence punctuation follows the brackets [2]. Multiple
references [2], [3] are each numbered with separate brackets
[1]–[3]. When citing a section in a book, please give the
relevant page numbers [2]. In sentences, refer simply to the
reference number, as in [3]. Do not use “Ref. [3]” or
“reference [3]” except at the beginning of a sentence:
“Reference [3] shows ... .” Number footnotes separately in
superscripts (Insert | Footnote).1 Place the actual footnote at
the bottom of the column in which it is cited; do not put
footnotes in the reference list (endnotes). Use letters for table
footnotes (see Table I).

Table 1 Syntactic Rules
Rules
NN+SBV

NN+VOB

NN+POB

Interpretation
Identify NN as CF,
CF If NN has a SBV
dependency relation.
Identify NN as CF,
CF If NN has a VOB
dependency relation.
Identify NN as CF,
CF If NN has a POB
dependency relation.

D. POS patterns and candidate generation
In this model, we extract the combination of nouns and noun
phrases and adjectives from the review sentences since
according to the observations the aspects are the nouns. We
1
It is recommended that footnotes be avoided (except for the unnumbered
footnote with the receipt date on the first page). Instead, try to integrate the
footnote information into the text.

.
The procedural mechanism of the candidate feature extraction
is as the following:
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introduce the heuristics combinations in the table which are
the experimentally extracted POS patterns. The first row
gives the heuristic combinations selects the candidate aspects
from the noun phrase patterns like "NN", "NNS", "NN NN" ,
etc. The second row uses patterns like "JJ NN", "JJ NNS", "JJ
NN NN", etc. The third row selects candidates based on the
pattern ‘‘DT JJ", etc. The last row uses heuristic patterns like
‘‘DT VBG’’, ‘‘VBG NN’’ and ‘‘NN VBG NN’’.

any semantic weight. For instance, pattern ‘‘JJ NN’’ from
Table 2 can extract some incorrect aspect candidates like
‘‘other cellphone’’. According to Rule #2 this ‘‘other
cellphone’’ should be removed for the set of candidate
aspects. These heuristic rules turned out to improve the
performance of aspect detection model. Through these
performed experiments.

Table 2 Heuristic Rules

In this section we focus on identifying the implicit aspects.
We therefore consider that an implicit aspect should satisfy
the following criteria:
1. In the review sentence, the related aspect word does
not occur explicitly.
2. In the review sentence, the aspect can be discovered
by the opinion words or its surrounding words.

Heuristic
generation

combination

Description
Nouns
Nouns and adjectives
Determiners and
adjectives
Nouns and verb
gerunds

POS

patterns

for

E. Identification of implicit aspects

candidate

Pattern
Unigram to four-gram of NN
and NNS
Bigram to four-gram of JJ, NN
and NNS

Table 2 Penn Diagram
POS Tag
CD
FW
UH
LS
NN, NNS, NNP, NNPS
PRP
MD
PB, RBR, RBS

Bigram of DT and JJ
Bigram to trigram of DT, NN,
NNS and VBG

Once we find the candidate features, we move to the next
level of aspect identification.
We therefore start with the heuristics and the experimentally
extracted rules. The two rules in the aspect detection model
are:
Rule #1: The aspects for which there are no opinion words
within the sentence are removed.
Rule #2: The aspects that contain stop words are removed.

Expression
CARDINAL
FOREIGNWORD
INTERJECTION
LISTMARKER
NOUN
INTERJECTION
MODAL
ADVERBS

Table 3 Review Aspects
Examples of implicit aspects in review sentences for Nokia
6610.
Implicit
Review sentence
aspects

Figure 2 Proposed Architecture
The purpose of extracting the aspects is to construct a
sentimental analysis system. The aspect is not very valuable if
there are no opinion words that appear with it. Hence, we
employ Rule #1 mentioned above. Opinion words are words
that help us understand if the people have given a positive or
negative opinion. In this study we check adjective phrases for
opinion words in Rule #1 as most of the opinion words are
adjectives in the sentence and therefore we extract adjective
phrases from review sentences to construct a polarity lexicon.
We will demonstrate the working to the review sentences
‘‘Signal strength will affect the battery life.’’ and ‘‘Battery
life is very good, I use it every day and I have to charge it
every 4 or 5 days or so.’’ Both of these sentences talk about
the aspect ‘‘battery life’’. The first sentence is not an
opinionated sentence and states a fact about battery life,
whereas, the second sentence expresses an opinion or
sentiment about ‘‘battery life’’. On applying Rule #1 we
ignore sentences without opinions like the first sentence for
candidate aspect extraction.
By using the Rule #2 candidate aspects that contain stop
words are removed as they are considered not to contribute

It is small

Size

I like my phone to be small so I can fit it
in my pockets

Size

This is a very light phone

Weight

In the above given table there are three examples of implicit
aspects in review sentences for Nokia 6610 from
www.amazon.com. For identifying implicit aspects in the
reviews, we propose a graph-based approach. We draw a
graph for aspects and opinion words by utilizing a list of
predefined aspects, and a polarity lexicon. From the polarity
lexicon, the graph uses an opinion word as a node. It maps this
node to the set of the aspects nodes. In the graph, if a pair of
nodes co-occurs together in a review sentence, we set an edge
to it and we assign initial weight w to the edge as the number
of their co-occurrence.
We use extracted aspects and opinion words from the
previous sections in this proposed approach. Since using only
the co-occurrence of aspect and opinion word for identifying
implicit aspects are not enough we therefore define a function
to measure the aspect association and opinion word as:

Retrieval Number: K10390641117/2017©BEIESP

14

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

International Journal of Innovative Science and Modern Engineering (IJISME)
ISSN: 2319-6386, Volume-4 Issue-11, June 2017
F. Key Index Parameters for Result Classification
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