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Abstract— Sentiment analysis is the process widely used 

in all fields and it uses the statistical machine learning 

approach for text modeling. The primarily used approach is 

Bag-of-words (BOW). Though, this technique has some 

limitations in polarity shift problem. Thus, here we propose 

a new method called Dual sentiment analysis (DSA) which 

resolves the polarity shift problem. Proposed method 

involves two approaches such as dual training and dual 

prediction (DPDT). First, we propose a data expansion 

technique by creating a reversed review for training data. 

Second, dual training and dual prediction algorithm is 

developed for doing analysis on sentiment data. The dual 

training algorithm is used for learning a sentiment classifier 

and the dual prediction algorithm is developed for 

classifying the review by considering two sides of one 

review.   
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I. INTRODUCTION 

Sentiment analysis is an emerging area, which deals with 

extracting user feedbacks automatically. It plays a major 

role in human life and it revolutionized the way in which 

people communicate. In social media peoples are 

communicating through web-based technologies in the form 

of interactive dialogue. After retrieving, we can differentiate 

what is significant and what is insignificant. Data available 

from social networks is more advantage for analyzing the 

user opinion, for example measuring the lags and 

performance on a recently released product. Nowadays, the 

Internet plays a vital role and it has steadily infiltrated into 

every aspect of human beings because of its wide range of 

resources.  In general more people would like to spend their 

time on the Internet particularly in order to make different 

types of large social entertainment groups and then try to 

talk with each other as regularly as practicable to enable the 

connection between them to become closer. Hence, Social 

Network Analysis (SNA) has become an extensively applied 

method in research and business for searching into the web 

of relationships on the individual, organizational and 

societal level. With more and more computing power, the 

attractiveness of social networking websites such as Face 

book, Twitter, LinkedIn etc., and Big Data collection 

techniques, the demand for solid expertise in Social 

Network Analysis has recently exploded. Sentiment 

Analysis can be performed at following levels i.e. document 

level, sentence level and phrase level. A single review about 

a topic is considered in the document level sentiment 

analysis. The polarity of each and every sentence is 

calculated in the sentence level sentiment analysis. In phrase 

level sentiment analysis, for each phrases that contain some 

opinion words those words to be find and a phrase level 

classification is done here.  

The general practice in sentiment classification 

follows the techniques in traditional topic-based text 

classification, where the Bag-of words (BOW) model is 

typically used for text representation. This model focuses 

completely on the words, or sometimes a string of words, 

but usually pays no attention to the "context" so-to-speak. 

The bag of words model usually has a large list, probably 

better thought of as a sort of "dictionary," which are 

considered to be words that carry sentiment. These words 

each have their own "value" when found in text. The values 

are typically all added up and the result is a sentiment 

valuation. The equation to add and derive a number can 

vary, but this model mainly focuses on the words, and 

makes no attempt to actually understand language 

fundamentals. In the BOW model, a review text is 

represented by a vector of independent words. The statistical 

machine learning algorithms (naïve Bayes, and SVM) are 

then employed to train a sentiment classifier. 

In addition to that, due to the fundamental 

deficiencies in BOW, most of those efforts showed terribly 

slight effects in up the classification accuracy. Polarity shift 

may be a reasonably linguistic development that can reverse 

the sentiment polarity of the text. Negation is the most 

necessary sort of polarity shift. In addition to that, by adding 

a negation word ―don’t‖ to a positive text ―I like this book‖ 

before of the word ―like‖, the sentiment of the text are 

reversed from positive to negative. In this paper, we tend to 

propose an easy however economical model, called dual 

sentiment analysis (DSA), to deal with the polarity shift 

drawback in sentiment classification. Thereafter, we tend to 

propose a dual coaching (DT) formula and a dual prediction 

(DP) formula severally, to make use of the first and reversed 

samples in pairs for training a classifier and build 

predictions. We tend to any extend our DSA framework 

from polarity (positive vs. negative) classification to 3-class 

(positive vs. negative vs. neutral) sentiment classification, 

by taking the neutral reviews into thought in both dual 

training and dual prediction [16]. The organization of this 

paper is as follows. Section 2 reviews the related work. In 

Section 3, we present the proposed system architecture and 

Section 4 concludes the proposed framework. 

Paper Technique Features Data set Type 

[1] 

SVM, 

Naive 

Bayes 

Unigram, 

Bi-grams, 

Trigrams 

Restaurant 

Review 
Supervised 

[2] 

SVM, 

Naive 

Bayes, 

Maximum 

Entropy 

Unigram, 

Bi-grams, 

Adjective, 

position of 

words 

Movie 

Review 
Supervised 

[3] 

SVM, 

Naïve 

Bayes, 

character 

based N-

gram 

model 

Unigram 

Frequency 

Review to 

travel 

destination 

Supervised 
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[4] 

SVM, 

Rule-

based-

Classifier 

POS tag, 

N-grams 

Movie 

reviews, 

Product 

reviews, 

Myspace 

comments 

Supervised 

Learning and 

Rule-based-

classification 

[5] SVM 

Unigram, 

Bi-grams 

and 

extraction 

pattern 

feature 

Movie 

review, 

MPQA 

dataset 

Supervised 

[6] SVM 

Adjective 

word 

frequency, 

percentage 

of 

appraisal 

groups 

Movie 

review 
Supervised 

[7] PMI-IR 

Adjectives 

and 

adverbs 

Automobile 

bank, 

movie, 

travel 

reviews 

Unsupervised 

[8] 
Association 

rule 

Adjectives 

and 

adverbs 

Movie 

review 
Unsupervised 

[9] 

Dictionary 

based 

approach 

Adjectives, 

Nouns, 

Verbs, 

Adverbs, 

Intensifier, 

Negation 

Movie 

review, 

Camera 

review, 

Opinions 

Unsupervised 

Table I: Recent sentiment analysis techniques 

II. RELATED WORK 

Recently more number of works on sentiment analysis has 

been done at the document level, for example distinguishing 

positive reviews from negative reviews. 

Hearst has proposed a metaphoric model to 

determine the directionality of texts to classify the online 

reviews [1]. This approach needs a lexicon that can be 

constructed manually to derive such directionality 

information. 

Machine learning methods are also plays a vital 

role in sentiment analysis, for example multi-step opinion 

mining system is proposed for pre-processing the document, 

a rule-based system is proposed to extract features and a 

scoring mechanism is proposed to tag their polarity. This 

proposed system can be used for binary as well as fine-

grained sentiment classification of user reviews [10]. 

Turney's [5] has used unsupervised learning 

technique classification approach for opinion mining. This 

learning algorithm computes the mutual information 

between two document phrases and the words ―excellent‖ 

and ―poor‖, where the mutual information is found using 

statistics collected by a search engine. Bo Pang [12] has 

explored numerous supervised machine learning techniques 

to semantically classify movie reviews. Dzogang et al. [11] 

investigates the usefulness of fuzzy set theory and vectorial 

representation to describe affective states as complex or 

imprecise entities. Cakmak et al. [13] has used Type-2 fuzzy 

logic based linguistic variable to investigate Turkish 

Emotion Words from the online reviews. In addition to that, 

identifying the semantic orientation of any word by 

analyzing its relations to other words can be done with the 

help of semi-supervised and weakly supervised learning 

techniques [6]. 

III. PROPOSED FRAMEWORK 

Social network analysis widely used for mining the 

customer reviews on products and services. In this paper, we 

propose a novel sentiment analysis model based on dual 

training and dual prediction technique. Our proposed 

framework contains data source phase, data expansion 

phase, training phase, classification phase and prediction 

phase. Facebook, Twitter and LinkedIn are used as sources 

for our proposed framework. In data expansion phase corpus 

based dictionary is used to create reversed reviews that are 

sentiment-opposite to the original reviews, and make use of 

the original and reversed reviews in pairs to train a 

sentiment classifier and make predictions. Logistic 

regression based model and posterior probability model is 

used in the classification and prediction phase respectively. 

A. Data Source Phase 

1) Facebook 

Performing Sentiment Analysis on Facebook does not differ 

significantly to what we discussed in the past. In a nutshell, 

we need to fetch the Facebook posts and extract their 

content and then we tokenize them in order to extract their 

keyword combinations. Afterwards we perform feature 

selection to keep only the n-grams that are important for the 

classification problem and we train our classifier to identify 

the positive, negative and neutral posts. In order to build the 

Facebook Sentiment Analysis tool you require two things: 

To use Facebook API in order to fetch the public posts and 

to evaluate the polarity of the posts based on their keywords. 

2) Twitter 

 
Fig. 1: Sentiment Analysis Architecture 
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Performing Sentiment Analysis on Twitter is trickier than 

doing it for large reviews. This is because the tweets are 

very short (only about 140 characters) and usually contain 

slangs, emoticons, hash tags and other twitter specific 

jargon. In order to build the Sentiment Analysis tool we will 

need 2 things: First of all be able to connect on Twitter and 

search for tweets that contain a particular keyword. Second 

evaluate the polarity (positive, negative or neutral) of the 

tweets based on their words.  

3) LinkedIn 

We can extract variety of information from LinkedIn with 

the help of LinkedIn scraper or web scraper tools.  In 

addition to that, we can extract information from different 

business groups and connections on LinkedIn. It pulls out all 

different profile information, their following details, 

network and much more. 

B. Data Expansion Phase 

Based on an antonym dictionary, for each original review, 

the reversed review is created according to the following 

rules: 

1) Text Reversion 

If there is a negation, we first detect the scope of negation. 

All sentiment words out of the scope of negation are 

reversed to their antonyms. In the scope of negation, 

negation words (e.g., ―no‖, ―not‖, ―don’t‖, etc.) are 

removed, but the sentiment words are not reversed;  

2) Label Reversion 

For each of the training review, the class label is also 

reversed to its opposite (i.e., positive to negative, or vice 

versa), as the class label of the reversed review. 

1) Example1: 

Original Review: I don’t like this dress. It is ugly.  

  (Negative). 

Reversed Review: I like this dress. It is beautiful. 

   (Positive) 

2) Example2: 

Original Review: The dress looks pretty. But it is costly.  

   features. (Neutral) 

Reversed Review: The dress looks less attractive. But it is  

    cheap. (Neutral) 

Book Domain Electronics Domain 

Positive Negative Positive Negative 

Beautifully weak great unacceptable 

Straight dull excellent unreliable 

Vivid whatsoever crisp back 

Gorgeous boring easy terrible 

Universal mediocre vivid sadly 

Visual respective highly painful 

Wonderful credible best fatal 

Excellent vague good blank 

Easy bad perfect repeatedly 

Great instead terrific broken 

Table 2: The top 10 pairs of pseudo-antonym words learnt 

from the book domain and the electronics domain. 

3) Corpus based Dictionary 

In information theory, the mutual information (MI) of two 

random variables is a quantity that measures the mutual 

dependence of the two random variables. MI is widely used 

as a feature selection method in text categorization and 

sentiment classification. 

First, we choose all adjectives, adverbs and verbs 

in the training corpus as candidate features, and use the MI 

metric to calculate the relevance of each candidate feature to 

the Positive (+) and Negative (¡) class, respectively. Then, 

we rank two groups of features in a decreasing order. 

Specifically, a positive-relevant word and a negative-

relevant word that have the same ranking positions are 

matched as a pair of antonym words. In this paper we used 

Corpus based dictionary for data expansion phase. 

C. Training Phase 

In the training stage, all of the original training samples are 

reversed to their opposites. We refer to them as ―original 

training set‖ and ―reversed training set‖ respectively. 

Notation Description 

X The original sample 

 ̃ The reversed sample 

y   {0,1} The class label of the original sample 

 ̃ = 1 – y The class label of the reversed sample 

D = 

            
  

The original training set 

 ̃ = 

   ̃   ̃      
  

The reversed training set 

W Weights of features in a linear model 

J(w) Log-likelihood function 

P (.|x) Prediction for the original sample 

P (.| ̃) Prediction for the reversed sample 

P (.|x,  ̃) 
Dual prediction based on a pair of 

samples 

D. Classification Phase 

Logistic regression is a popular and widely-used statistical 

model for the binary classification problem. Logistic 

regression uses the logistic function to predict the 

probability of a feature vector x belonging to the positive 

class, it is defined by [16]. 

P(y = 1/x) = h(x) = 
 

        
 

Where w is the weight of features remaining to be 

learnt. In standard logistic regression, the cost function is 

known as the log-likelihood of the training data, it is defined 

by 

               ∑            

 

   

 

                      ∑              

 

   

                

E. Prediction Phase 

In the prediction stage, for each test sample x, we create a 

reversed test sample ̃. Note that our aim is not to predict the 

class of ̃. But instead, we use  ̃ to assist the prediction of x. 

This process is called dual prediction (DP).  

 When we want to measure how positive a test review x 

is, we not only consider how positive the original test 

review is, but also consider how negative the reversed 

test review is; 

 Conversely, when we measure how negative a test 

review x is, we consider the probability of x being 

negative, as well as the probability of  ̃ being positive. 

The final prediction is therefore defined as [16] 
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IV. CONCLUSIONS 

In this paper, we propose a sentiment analysis technique for 

analyzing the user reviews. Our proposed framework 

contains data source phase, data expansion phase, training 

phase, classification phase and prediction phase. Facebook, 

Twitter and LinkedIn are used as sources for our proposed 

framework. In data expansion phase corpus based dictionary 

is used to create reversed reviews, and make use of the 

original and reversed reviews in pairs to train a sentiment 

classifier and make prediction. Logistic regression model 

and posterior probability model are used in the classification 

and prediction phase respectively. 
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