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Abstract - Extracting opinion characteristics are based only on models of a single review corpus, ignoring nontrivial disparities in 

the characteristics of word distribution of the characteristics of opinion across different Corpus. In this article we propose a new 
method to identify the characteristics of the opinions of online journals by exploiting the difference in opinion statistics through two 
corpus, a specific corpus of the domain and an independent corpus of the domain the contrasted corpus. We grasp this disparity via 
a measure called domain relevance (DR), which characterizes the relevance of a term to a collection of texts. First we extract a list 
of the characteristics of the candidate's opinion of the domain review corpus by defining a set of syntactic dependency rules. For 
each extracted candidate feature, we then estimate the intrinsic domain (IDR) and extrinsic domain relevance (EDR) scores in the 
domain-dependent and independent corpus domain, respectively. Candidate characteristics that are less generic (EDR score below a 
threshold) and more specific for the domain (IDR score higher than another threshold) are confirmed as characteristics of the 

opinion. 
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1. Introduction 
 

ith the rapid growth of e-commerce people 

are more interested to buy product online 

and enthusiastic to know what other 

consumers think about the same product, The 

products on which the consumer express their views 

are opinions. Rather, then going through thousands of 

comment consumers and performing such time 

consuming task analysis of opinion is done To 

determine the polarity of opinions, whether the 

particular product in which user is interested has got 

positive rating or negative rating.  
 

Opinion mining has thus got great importance with 

rapid growth of web technology. Basically, opinion is 

the user expressed views on which analysis is done in 

order to determine the polarity. Nowadays consumers 

get attracted on what features, attributes of product 

distinguished it by other  Products. Researchers 

[2],[3] worked on aspect level analysis which aims to 

analyze entity on which user expresses opinion which 

is termed as opinion feature. So, it is noteworthy to 

find out consumers opinion about different feature 
rather than determining overall opinion about 

products. 

 

Opinion mining (also known as sentiment analysis) 

aims to analyze people’s opinions, sentiments, and 

attitudes toward entities such as products, services, 

and their attribute Sentiments or opinions expressed 

in textual reviews are typically analyzed at various 

resolutions. For example, document-level opinion 
mining identifies the overall subjectivity or sentiment 

expressed on an entity (e.g., cellphone or hotel) in a 

review document, but it does not associate opinions 

with specific aspects (e.g., display, battery) of the 

entity. This problem also happens, though to a lesser 

extent, in sentence-level opinion mining, as shown in  

 Example 1.1 “The battery is good, Memory is 

sufficient, Exterior is not so beautiful”  

 

Here, although the overall opinion about the product 

is positive but the opinion orientation for features 

such as “battery” and “Memory” is positive and that 
of Exterior is negative.  

 

Consumers thus take and want to take a wise 

Decision while purchasing the product. Fine-grained 

opinion mining thus help both consumers and the 

vendors what aspect of the product reviewers 

interested in and what not and made it to achieve 

such rating. Here, in this paper, we put forward a 

framework to compose a Intrinsic and Extrinsic 

W
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Domain Relevance system to identify opinion 

features [1], the system will first extract candidate 

features. The intrinsic domain resembles which is 

domain dependent (e.g., Mobile) and extrinsic 

domain resembles which is domain independent (e.g., 

Hotel).By the extracted candidate features we the 
compute domain relevance score and domain 

independent score. The score thus will be used by 

IEDR algorithm in order to identify valid opinion 

features. 

 

The primary focus of our work is to obtain opinion 

features is to obtain opinion features by considering 

their distribution disparities across variety of corpora. 

The domain relevance score of domain dependent 

and domain independent corpus is computed, domain 

relevance score thus implies how well a feature is 

related to particular domain. The features such as 
“battery” and “Memory” are the candidate features 

on which user expresses his opinion. The “battery” is 

mentioned frequently in domain dependent corpus 

but less frequently in domain independent corpus. By 

using domain relevance criteria across two corpora as 

“battery’’ will appear no of times in review 

collection of Mobile and less frequently in domain 

independent corpus of finance will lead to identify 

opinion features. 

 

2. Literature Survey 
 

Hatzivassiloglou and Wiebe [12] studied the effects 

of dynamic adjectives, semantically oriented 

adjectives and adjectives on the prediction of 

subjectivity. They proposed a supervised 

classification method to predict the subjectivity of the 

sentence.  
 

Pang et al. [13] proposed three methods of automatic 

learning, naive bayes, maximal entropy, and vector 

support machines, to classify revisions of entire films 

into positive or negative feelings.  In order to avoid a 

sentiment classifier from considering text as 

irrelevant or even potentially misleading, Pang and 

Lee [14] proposed using a sentence-level subjectivity 

detector first to identify sentences in a document as 

subjective or objective and then reject objectives.  

 
Mcdonald et al. [15] studied the use of a global 

structured model that learns to predict feelings at 

different levels of granularity for textual review. The 

main advantage of the proposed model is that it 

allows decisions to classify one level in the text to 

influence decisions to another. We have proposed a 

regression method based on the bag of-opinions 

model to evaluate prediction scoring from scattered 

text models [16]. Bollegala et al. [17] proposed a 

sentiment classifier between domains using a 

sentiment thesaurus extracted automatically. 

 

An unsupervised learning method has been proposed 
to classify the review papers as positive (positive) or 

negative (negative) into [18]. Zhang et al. [19] 

proposed a method of semantic analysis based on 

rules to classify feelings for revisions of the text. In 

addition, Maas et al. [20] introduced a document-

level approach and feeling-level judgments of task 

classification using a mixture of unsupervised and 

supervised techniques to learn word vectors by 

capturing semantic information and enriched 

documents. 

 

3. Overall Framework 
 

3.1 Candidate Feature Extraction 
 

The characteristics of opinion are names or names, 
which generally appear as the object or object of an 

evaluation judgment. In the case of dependency 

grammar, the subject's opinion function has a 

syntactic relation of the subject-type verb (SBV) with 

the sentence predicate. The object view characteristic 

has an object-verb dependency relation (VOB) in the 

predicate. Moreover, it also has an object-object 

dependency relation (POB) on the prepositional word 

in the sentence. 

 

3.2 Bootstrap Method 
 

The bootstrap is a procedure of approximation of the 

sampling distributions when the theory can not tell us 

their shape. The basic idea is to treat our sample as if 

it were the population. We take a lot of samples, 

which is called a new sampling. We calculate the 

sample mean for each new sampling. Thus, 

individual observation in the initial sample may 

occur several times in the new sampling. 

 
3.3 Intrinsic and Extrinsic Domain Relevance 
 

IDRs reproduce the precise content of the 

functionality for the domain review corpus. 
 

Relevance of the extrinsic domain is measured by the 

relevance of the domain of a particular piece of 

opinion on a domain independent corpus. EDR 

illustrates the statistical association of the 

characteristic with the domain-independent corpus. 
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The candidate terms are linked to one corpus or 

another. They never spoke of both at once. In this 

case, EDR also illustrates the lack of relevance of a 

feature for the given domain review corpus. There 

are some relatively common terms that are used 

everywhere and also in a corpus review as features. 

 

4. Conclusion 
 

In this article, we propose an efficient criterion for 

the technique of intrinsic and extrinsic domain 

relevance for the extraction of characteristics. We 

have used additional dependencies in English 

grammar to extract features. The weight equation is 

given to work with real-life reviews. Experimental 

results showed that the proposed approach yields a 

much better result than the traditional approach. It is 

essential that a good independent corpus of the 

domain is selected. Since this technique relies 

heavily on disparities in the characteristics of 
distribution characteristics of opinion, two best 

thresholds should be selected according to the corpus 

to improve performance. 
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