
 
www.ijiarec.com 

 
Author for Correspondence: 
1PG Scholar, Department of CSE, Nandha Engineering college, Erode, India, Email: veeracse107@gmail.com 
2Assistant Professor, Department of CSE, Nandha Engineering college, Erode, India, Email: sksamymsc@gmail.com 

 

                                MAR-2015 

International Journal of Intellectual Advancements 

and Research in Engineering Computations 

IDENTIFYING SPECIALITY IN SENTIMENT ANALYSIS VIA 

INHERENT AND EXTERNAL DOMAIN RELEVANCE 
1
S.Veeramani, 

2
S.Karuppusamy 

 

ABSTRACT 

Opinion mining (also known as sentiment analysis) aims to analyze people’s opinions, sentiments, and 

attitudes facing entities such as products, services, and their attributes. Information retrieval is the process of 

extracting the information’s based on the occurrences of the terms in the document.  We discuss about the 

method to identify features from online reviews by extracting the difference opinion feature statistics across two 

different large numbers of documents namely domain specific corpus and domain independent corpus. Defining 

a set of syntactic dependence rules, we extract the list of candidate opinion features from the domain review 

corpus. For each extracted candidate feature, we estimate a Intrinsic domain relevance, which represents the 

statistical association of the candidate to the given domain corpus. The Extrinsic domain relevance, which 

reflects the statistical relevance of the candidate to the domain independent corpus. The candidates with IDR 

scores exceeding a predefined intrinsic relevance threshold and EDR scores less than another extrinsic relevance 

threshold are confirmed as valid opinion features. 

Keywords: Opinion mining, sentiment analysis, corpus selection, feature extraction, sentiment classification. 

 

INTRODUCTION 

Opinion mining (also known as sentiment 

analysis) aims to analyze people’s opinions, 

sentiments, and attitudes toward entities such 

as products, services, and their attributes [1]. 

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., cell phone or hotel) in a review 

document, but it does not associate opinions 

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

the entity. 

Savvy consumers are no longer satisfied 

with just the overall opinion rating of a 

product. They want to understand why it 

receives the rating, that is, which positive or 

negative attributes or aspects contribute to the 

final rating of the product. It is, thus, important 

to extract the specific opinionated features 

from text reviews and associate them to 

opinions. In opinion mining, an opinion 

feature, or feature in short, indicates an entity 

or an attribute of an entity on which users 

express their opinions. In this paper, we 

propose a novel approach to the identification 

of such features from unstructured textual 

reviews. A good many approaches have been 

proposed to extract opinion features in opinion 

mining. Supervised learning model may be 

tuned to work well in a given domain, but the 

model must be retrained if it is applied to 

different domains. Unsupervised natural 

language processing (NLP) approaches 

identify opinion features by defining domain-

independent syntactic templates or rules that 

capture the dependence roles and local context 

of the feature terms. However, rules do not 

work well on colloquial real-life reviews, 

which lack formal structure. Topic modeling 

approaches can mine coarse-grained and 

generic topics or aspects, which are actually 

semantic feature clusters or aspects of the 

specific features commented on explicitly in 
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reviews. Existing corpus statistics approaches 

try to extract opinion features by mining 

statistical patterns of feature terms only in the 

given review corpus, without considering their 

distributional characteristics in another 

different corpus. 

 

One key finding of our work is that the 

distributional structure of an opinion feature in 

a given domain dependent review corpus, for 

example, cell phone reviews, is different from 

that in a domain-independent corpus. For 

instance, the opinion feature “battery” tends to 

be mentioned quite frequently in the domain of 

cell phone reviews, but not as frequently in the 

domain-irrelevant Culture article collection. 

This leads us to propose a novel method to 

identify opinion features by exploiting their 

distribution disparities across different corpora. 

Specifically, we proposed and evaluated the 

domain relevance (DR) of an opinion feature 

across two corpora. The DR criterion measures 

how well a term is statistically associated with 

a corpus. 

 

Our method is summarized as follows: 

First, several syntactic dependence rules are 

used to generate a list of candidate features 

from the given domain review corpus, for 

example, cell phone or hotel reviews. Next, for 

each recognized feature candidate, its domain 

relevance score with respect to the domain-

specific and domain independent corpora is 

computed, which we termed the intrinsic-

domain relevance (IDR) score, and the 

extrinsic domain relevance (EDR) score, 

respectively. In the final step, candidate 

features with low IDR scores and high EDR 

scores are pruned. We, thus, call this interval 

thresholding the intrinsic and extrinsic domain 

relevance (IEDR) criterion. Evaluations 

conducted on two real-world review domains 

demonstrate the effectiveness of our proposed 

IEDR approach in identifying opinion features. 

 

RELATED WORKS 

In this section, Sentiment Analysis via 

Inherent and External domain relevance provides 

Candidate feature extraction, Domain relevance 

score and Opinion features. 

 

SENTIMENT ANALYSIS AND OPINION 

MINING 

Sentiment analysis or opinion mining is 

the computational study of people's opinions, 

appraisals, attitudes, and emotions toward entities, 

individuals, issues, events, topics and their 

attributes. The task is technically challenging and 

practically very useful. With the explosive growth 

of social media (i.e., reviews, forum discussions, 

blogs and social networks) on the Web, individuals 

and organizations are increasingly using public 

opinions in these media for their decision making. 

However finding and monitoring opinion sites on 

the Web and distilling the information contained in 

them remains a formidable task because of the 

proliferation of diverse sites. The average human 

reader will have difficulty identifying relevant sites 

and accurately summarizing the information and 

opinions contained in them. Results when the 

amount of information to be processed is large. 

Automated opinion mining and summarization 

systems are thus needed, as subjective biases and 

mental limitations can be overcome with an 

objective sentiment analysis system. 

A NOVEL LEXICALIZED HMM-BASED 

LEARNING FRAMEWORK FOR WEB 

OPINION MINING 

Merchants selling products on the Web 

often ask their customers to share their opinions 

and hands-on experiences on products they have 

purchased. As e-commerce is becoming more and 

more popular, the number of customer reviews a 

product receives grows rapidly. This makes it 

difficult for a potential customer to read them to 

make an informed decision on whether to purchase 

the product. In this research, we aim to mine 

customer reviews of a product and extract highly 

specific product related entities on which reviewers 

express their opinions. Opinion expressions and 

sentences are also identified and opinion 

orientations for each recognized product entity are 

classified as positive or negative. Different from 

previous approaches that have mostly relied on 

natural language processing techniques or statistic 

information, we propose a novel machine learning 

framework using lexicalized HMMs. The approach 

naturally integrates linguistic features, such as part-
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of-speech and surrounding contextual clues of 

words into automatic learning. The demonstrate the 

effectiveness of the proposed approach in web 

opinion mining and extraction from product 

reviews. 

SENTIMENT CLASSIFICATION AND 

OPINION MINING 

The model problem as an information 

extraction task, which we address based on 

Conditional Random Fields (CRF). We evaluate the 

algorithms comprehensively on datasets from four 

different domains annotated with individual 

opinion target instances on a sentence level. 

Furthermore, we investigate the performance of our 

CRF-based approach and the baseline in a single 

and cross-domain opinion target extraction setting. 

Our CRF-based approach improves the 

performance by 0.077, 0.126, 0.071 and 0.178 

regarding F-Measure in the single-domain 

extraction in the four domains. In the cross domain 

setting our approach improves the performance by 

0.409, 0.242, 0.294 and 0.343 regarding F-Measure 

over the baseline. 

Our goal in this work is to extract opinion 

targets from user-generated discourse, a discourse 

type which is quite frequently encountered today, 

due to the explosive growth of Web 2.0 community 

websites. 

INCORPORATE THE SYNTACTIC 

KNOWLEDGE IN OPINION MINING IN 

USER-GENERATED CONTENT 

User-generated Content (UGC), such a 

kind of novel media content produced by end-users, 

has taken off in past few years with the revolution 

of Web 2.0 and its flourish is especially impressive 

in China. The adoption of UGC has been proven to 

be beneficial to numbers of traditional tasks. 

However, the dramatic increase in the volume of 

such data prevents users from utilizing in a manual 

way and thus automatic mining approaches are 

demanded. Opinion mining, a recent data mining 

technique at the crossroad of information retrieval 

and computational linguistics, is pretty suitable for 

this kind of information processing. The main two 

subtasks of opinion mining: topic extraction and 

sentiment classification. We propose approaches to 

these two issues respectively for Chinese based on 

the consideration of syntactic knowledge. 

OPINION WORD EXPANSION AND 

TARGET EXTRACTION THROUGH 

DOUBLE PROPAGATION 

Analysis of opinions, known as opinion 

mining or sentiment analysis, has attracted a great 

deal of attention recently due to many practical 

applications and challenging research problems. In 

this article, we study two important problems, 

namely, opinion lexicon expansion and opinion 

target extraction. Opinion targets (targets, for short) 

are entities and their attributes on which opinions 

have been expressed. To perform the tasks, we 

found that there are several syntactic relations that 

link opinion words and targets. These relations can 

be identified using a dependency parser and then 

utilized to expand the initial opinion lexicon and to 

extract targets. This proposed method is based on 

bootstrapping. We call it double propagation as it 

propagates information between opinion words and 

targets. A key advantage of the proposed method is 

that it only needs an initial opinion lexicon to start 

the bootstrapping process. Thus, the method is 

semi-supervised due to the use of opinion word 

 seeds. It is based on the observation that 

there are natural relations between opinion words 

and targets due to the fact that opinion words are 

used to modify targets. Furthermore, we find that 

opinion words and targets themselves have 

relations in opinionated expressions  too. 

 

PROPLEM FORMULATION 

The domain relevance of an opinion 

feature, which is computed on a domain-specific 

review corpus, is called intrinsic-domain relevance. 

Likewise, the domain relevance of the same 

opinion feature computed on a domain-independent 

corpus is called extrinsic-domain relevance. IDR 

reflects the specificity of the feature to the domain 

review corpus (e.g., cellphone reviews), while EDR 

characterizes the statistical association of the 

feature to the domain-independent or generic 

corpus. Intuitively, a candidate term is relevant to 

either one or the other, but not both. As such, EDR 

also characterizes the irrelevance of a feature to the 

given domain review corpus. 

The procedure for computing the domain 

relevance is the same regardless of the 

corpus.When the procedure is applied to the 

domain-specific review corpus, the scores are 

called IDR, otherwise they are called EDR. 
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Candidate features with overly high EDR scores or 

miserably low IDR scores are pruned using the 

intercorpus criterion of IEDR. Algorithm 2 

summarizes the proposed IEDR approach, where 

the minimum IDR threshold ith and maximum 

EDR threshold eth can be determined. 

PROPOSED SYSTEM 

In the proposed system, we are 

implementing two methods they are domain 

dependent specific and domain independent text 

documents. For Example: An opinion feature such 

as “screen” in cell phone reviews is typically 

domain specific. That is, the feature appears 

frequently in the given review domain, and rarely 

outside the domain such as in a domain 

independent corpus about Culture. 

Supervised learning model may be tuned 

to work well in given domain, but the model must 

be retrained if it is applied to different domains. 

Unsupervised natural language processing identify 

opinion features by defining domain independent 

syntactic templates or rules that capture the 

dependence rules and local context of the feature 

terms. 

From the above domain and domain 

independent corpus, first extract a list of candidate 

features from the review corpus via manually 

defined syntactic rules. By using, IEDR method we 

can opinion features that are domain specific and at 

the same time not overly generic (domain 

independent) via the intercorpus method. 

ADVANTAGES OF PROPOSED SYSTEM 

 We can easily extract the features in long and 

complicated corpus data by using IEDR.  

 Though the proposed IEDR approach has 

resulted in improved performance compared to 

several existing main-stream methods. 

 IEDR identifies candidate features that are 

specific to the given review domain and not 

overly generic. 

 We found a good opinion feature extraction 

results. 

 We also evaluate the IEDR approach on 

reviews in other languages.  

 

USER TRAINING 

Implementation  of  software  refers  to  

the  final  installation  of  the  package  in  its real 

environment, to the satisfaction of the intended 

users and the operation of the system. The people 

are not sure that the software is meant to make their 

job easier.  

 The active user must be aware of the benefits 

of using the system 

 Their confidence in the software built up 

 Proper guidance is impaired to the user so that 

he is comfortable in using the application 

Before going ahead and viewing the 

system, the user must know that for viewing the 

result, the server program should be running n the 

server. If the server object is not running on the 

server, the actual processes will not take place. 

To achieve the objectives and benefits 

expected from the proposed system it is essential 

for the people who will be involved to be confident 

of their role in the new system. As system becomes 

more complex, the need for education and training 

is more and more important. 

Education is complementary to training. It 

brings life to formal training by explaining the 

background to the resources for them. Education 

involves creating the right atmosphere and 

motivating user staff. Education information can 

make training more interesting and more 

understandable.  

TRAINING ON THE APPLICATION 

SOFTWARE 

After providing the necessary basic 

training on the computer awareness, the users will 

have to be trained on the new application software. 

This will give the underlying philosophy of the use 

of the new system such as the screen flow, screen 

design, type of help on the screen, type of errors 

while entering the data, the corresponding 

validation check at each entry and the ways to 

correct the data entered. This training may be 

different across different user groups and across 

different levels of hierarchy. 

OPERATIONAL DOCUMENTATION 

Once the implementation plan is decided, it is 

essential that the user of the system is made 

familiar and comfortable with the environment. A 

documentation providing the whole operations of 

the system is being developed. Useful tips and 

guidance is given inside the application itself to the 

user. The system is developed user friendly so that 
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the user can work the system from the tips given in 

the application itself. 

SYSTEM IMPLEMENTATION 

MODULES 

• POS tagging process 

• Feature Extraction Process 

• Opinion Calculation 

• Xml construction 

• Product ranking process 

 

Fig 1 Dataflow Diagram 

POS TAGGING PROCESS 

In this module we first collect the product reviews 

from online. After collecting the reviews we have 

to load the information and preprocess the 

information by removing the tags present in it. 

After preprocessing , we show the information 

which the contents without any characters or tags. 

To identify the noun ,adjective , adverb from the 

reviews here we using the POS tagger. Using the 

POS tagger we tag the noun, adjective and adverb 

and split the noun, adverb and adjective etc. 

Part of Speech (PoS) tagging using a combination 

of Hidden Markov Model and error driven learning. 

For the NLPAI joint task, we also implement a 

chunker using. Part of Speech tagging is an 

important preprocess- ing step in many natural 

language processing applications and the first step 

in the syntactic analysis of a language. We propose 

a combination of statistical and rule based 

technique for Part of Speech tagging of Indian 

languages and demon- strate its performance on a 

Chinese dataset. Shallow parsing or chunking is the 

task of segmenting text into chunks of syntactically 

related word groups. Conditional Random Fields 

(CRFs). 

FEATURE EXTRACTION PROCESS 

In this module, we extract the information from the 

product reviews. These information are extracted 

from the preprocessed results. In the preprocessed 

results , We split the features of the products based 

on the information present in the product reviews. 

After that we can individually identify the each and 

every feature from the each and every product 

which is helpful to provide the ranking to the 

products. This relation is very useful for feature 

extraction, because if we know one object is part of 

a product class, this object should be a feature. “no” 

pattern is another extraction pattern. Its basic form 

is the word “no” followed by a noun/noun phrase, 

for instance, “no noise”. People often express their 

short comments or opinions on features using this 

pattern. 

OPINION CALCULATION 

In this module , we are going to calculate the 

opinion values. At first we calculate word count , 

term frequencies from the extracted features. After 

frequency evaluation we are going to evaluate the 

polarities value. Before this evaluation we are 

going to calculate the opinion strength. For opinion 

strength evaluation we have to calculate the 

positive set, negative set etc. Finally it calculates 

the polarity value.  

XML CONSTRUCTION 

After we calculate all the results, we are going to 

build the xml file. The xml file consists of three 

parts, product information ,review information and 

polarity information. After receiving the three types 

of information we are going to build the xml file. 

We are going to define the tags and values in the 

xml file. Finally we build and view the xml file. 

PRODUCT RANKING PROCESS 

After xml construction we are going to evaluate the 

ranking for the product. In the ranking calculation , 

first we calculate the average polarity values. For 

average polarity estimation , we have to calculate 

HF value etc. Finally we calculate the polarity 
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values we ranked the process. Based the ranked 

result the final result will be displayed. Product 

Ranking and Filtering works by breaking down 

overall risk into risk components and evaluating 

those components and their individual contributions 

to overall risk. This document presents some 

guiding principles in the execution of product 

Ranking and Filtering. Successful application of 

any risk management model requires that tools are 

used in concert with the quality risk management 

process. 

CONCLUSION 

The proposed inter corpus statistics 

approach to opinion feature extraction based on the 

IEDR feature-filtering criterion, which utilizes the 

disparities in distributional characteristics of 

features across two corpora, one domain-specific 

and one domain-independent. IEDR identifies 

candidate features that are specific to the given 

review domain. A good quality domain 

independent corpus is quite important for the 

proposed approach, we evaluated the influence of 

corpus size and topic selection on feature extraction 

performance is high. Using a domain independent 

corpus of a similar size but different from the given 

review domain will yield good opinion feature 

extraction results. 
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