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ABSTRACT 

Sentiment Analysis (SA) or opinion mining (OM) has recently become the focus of many researchers, because analysis of online 

text is beneficial and demanded for market research, scientific surveys from psychological and sociological perspective, political 

polls, business intelligence, enhancement of online shopping infrastructures, etc. Nowadays if one wants to buy a consumer 

product one prefer user reviews and discussion in public forums on web about the product. As a result opinion mining has gained 

importance. This online word-of-mouth represents new and measurable source of information with many applications, this process 

of identifying and extracting subjective information from raw data is known as sentiment analysis. This paper presents a survey on 

sentiment analysis or opinion mining. 
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1. INTRODUCTION 

An essential part of our information-gathering behavior has 

constantly been to discover ―what other people think. View 

of other people on a particular data set. With the continuously 

developing availability and admiration of opinion-rich 

resources such as online review sites, social networking‘s 

sites, social media and personal blogs, new opportunities and 

challenges arise as people now can, and do, actively use 

information technologies to seek out and understand the 

opinions of others.. 

Sentiment analysis and opinion mining are subfields of 

machine learning. They are very important in the current 

scenario because, lots of user opinionated texts are available in 

the web now. This is a hard problem to be solved because 

natural language is highly unstructured in nature. The 

interpretation of the meaning of a particular sentence by a 

machine is tiresome. But the usefulness of the sentiment 

analysis is increasing day by day. Machines must be made 

reliable and efficient in its ability to interpret and understand 

human emotions and feelings. Sentiment analysis and opinion 

mining are approaches to implement the same. The sentiment 

analysis problem can be solved to a satisfactory level by 

manual training. But a fully automated system for sentiment 

analysis which needs no manual intervention has not been 

introduced yet. This is mainly because of the challenges in this 

field. This paper aims at a literature survey on the problem of 

sentiment analysis and opinion mining. Many relevant studies 

have emerged in this field and this paper is a peep into some 

of them. 

 

2. DIFFERENT LEVELS OF SENTIMENT 

ANALYSIS 

2.1. Document Level Sentiment Analysis 

Basically information is a single document of opinionated text. 

A single review about a single topic is considered in this 

document level classification. But comparative sentences may 

appear in the case of forums or blogs. In forums and blogs 

sometimes document level analysis is not desirable when 

customer may compare one product with another that has 

similar characteristics. The challenge in the document level 

classification is that all the sentence in an entire document 

may not be relevant in expressing the opinion about an entity. 

So subjectivity/objectivity classification is very much 

important in this type of classification. For document level 

classification both supervised and unsupervised learning 
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methods can be used. Any supervised learning algorithm like 

naïve Bayesian, Support Vector Machine, can be used to train 

the system. The unsupervised learning can be done by 

extracting the opinion words inside a document. Thus the 

document level sentiment classification has its own 

advantages and disadvantages. Advantage is that we can get 

an overall polarity of opinion text about a particular entity 

from a document. Disadvantage is that the different emotions 

about different features of an entity could not be extracted 

separately. 
 

2.2. Sentence Level Sentiment Analysis 

The same document level classification methods can be 

applied to sentence level classification problem. In the 

sentence level sentiment analysis, the polarity of each 

sentence is calculated. Subjective and objective sentences 

must be found out. The subjective sentences contain opinion 

words which help to determine the sentiment about an entity. 

After which the polarity classification is done into positive 

and negative classes. In case of simple sentences, a single 

sentence contains a single opinion about an entity. But in case 

of complex sentence in the opinionated text sentence level 

sentiment classification is not done. Getting the information 

that sentence is positive or negative is of lesser use than 

knowing the polarity of a particular feature of a product. The 

advantage of sentence level analysis lies in the subjectivity/ 

objectivity classification. 

 

Fig.1. Systematic work flow of Sentiment Analysis 
 

2.3. Phrase Level Sentiment Analysis 

This classification is much more pinpointed approach to 

opinion mining. The phrases that contain opinion are found 

out and a phrase level classification is done. In some cases, the 

exact opinion about an entity can be correctly extracted. But in 

some cases negation of words can occur locally. In these 

cases, this level of sentiment analysis suffices. The words that 

appear very near to each other are considered to be in a phrase.  

 

3. SENTIMENT CLASSIFICATION 

Much research exists on sentiment analysis of user opinion 

data, which mainly judges the polarities of user reviews. In 

these studies, sentiment analysis is often conducted at one of 

the three levels: the document level, sentence level, or 

attribute level. In relation to sentiment analysis, the literature 

survey done indicates two types of techniques including 

machine learning and semantic orientation. In addition to that, 

the nature language processing techniques (NLP) is used in 

this area, especially in the document sentiment detection. 

Current-day sentiment detection is thus a discipline at the 

crossroads of NLP and Information retrieval, and as such it 

shares a number of characteristics with other tasks such as 

information extraction and text-mining, computational 

linguistics, psychology and predicative analysis. 
 

3.1. Machine Learning 

The machine learning approach applicable to sentiment 

analysis mostly belongs to supervised classification in general 

and text classification techniques in particular. Thus, it is 

called „„supervised learning”. In a machine learning based 

classification, two sets of documents are required: training and 

a test set. A training set is used by an automatic classifier to 

learn the differentiating characteristics of documents, and a 

test set is used to validate the performance of the automatic 

classifier. A number of machine learning techniques have been 

adopted to classify the reviews. Machine learning techniques 

like Naive Bayes (NB), maximum entropy (ME), and support 

vector machines (SVM) have achieved great success in text 

categorization. 
 

3.1.1. Naive Bayes Classification  

It is an approach to text classification that assigns the class 

 c* = argmaxc P(c | d), to a given document d. A naive Bayes 

classifier is a simple probabilistic classifier based on Bayes' 

theorem and is particularly suited when the dimensionality of 

the inputs are high. Its underlying probability model can be 

described as an "independent feature model". The Naive 

Bayes (NB) classifier uses the Bayes’ rule Eq. (1),  
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Where, P (d) plays no role in selecting c*. To estimate the 

term P(d|c), Naive Bayes decomposes it by assuming the fi’s 

are conditionally independent given d’s class as in Eq.(2), 
 

  

Where, m is the no of features and fi is the feature vector. 

Consider a training method consisting of a relative-frequency 

estimation P(c) and P (fi | c). Despite its simplicity and the fact 

that its conditional independence assumption clearly does not 

hold in real-world situations, Naive Bayes-based text 

categorization still tends to perform surprisingly well; indeed, 

Naive Bayes is optimal for certain problem classes with highly 

dependent features. 
  

3.1.2. Maximum Entropy  

Maximum Entropy (ME) classification is yet another 

technique, which has proven effective in a number of natural 

language processing applications. Sometimes, it outperforms 

Naive Bayes at standard text classification. Its estimate Of 

 P(c | d) takes the exponential form as in Eq. (3), 

 

 

 

Where, Z (d) is a normalization function. Fi, c is a 

feature/class function for feature fi and class c, as in Eq. (4),  

 

For instance, a particular feature/class function might fire if 

and only if the bigram “still hate” appears and the document’s 

sentiment is hypothesized to be negative. Importantly, unlike 

Naive Bayes, Maximum Entropy makes no assumptions about 

the relationships between features and so might potentially 

perform better when conditional independence assumptions 

are not met.  
 

3.1.3.  Support Vector Machines  

Support vector machines (SVMs) have been shown to be 

highly effective at traditional text categorization, generally 

outperforming Naive Bayes. They are large-margin, rather 

than probabilistic, classifiers, in contrast to Naive Bayes and 

Maximum Entropy. In the two-category case, the basic idea 

behind the training procedure is to find a maximum margin 

hyperplane, represented by vector w, that not only separates 

the document vectors in one class from those in the other, but 

for which the separation, or margin, is as large as possible. 

This corresponds to a constrained optimization problem; 

letting cj Ԑ {1, −1} (corresponding to positive and negative) be 

the correct class of document dj, the solution can be written as 

in Eq. (5) , 

 

 

 Where, the αj’s are obtained by solving a dual optimization 

problem. That dj such that αj is greater than zero are called 

support vectors, since they are the only document vectors 

contributing to w. Classification of test instances consists 

simply of determining which side of w’s hyper plane they fall 

on.  Support Vector Machines (SVMs) are supervised learning 

methods used for classification. In this project, SVM is used 

for sentiment classification. First module is sentiment analysis 

and Support vector machines perform sentiment classification 

task on review data. The goal of a Support Vector Machine 

(SVM) classifier is to find a linear hyper plane (decision 

boundary) that separates the data in such a way that the margin 

is maximized. Look at a two class separation problem in two 

dimensions like the one illustrated in fig 2 , observe that there 

are many possible boundary lines to separate the two classes. 

Each boundary has an associated margin. The rationale behind 

SVM’s is that if we choose the one that maximizes the margin 

we are less likely to misclassify unknown item in the future. 

Fig 2: Different Boundary Decisions Are Possible to 

Separate Two Classes in Two Dimensions. Each Boundary 

has an Associated Margin 

4. MAJOR CHALLENGES INVOLVED IN 

SENTIMENT ANALYSIS 
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There are several challenges that are to be faced to implement 

sentiment analysis. Some of them are listed below. 

 

4.1. Named Entity Extraction 

Named entities are definite noun phrases that refer to specific 

types of individuals, such as organizations, persons, dates, and 

so on. The goal of named entity extraction is to identify all 

textual mentions of the named entities in a text piece. Named 

entity recognition is a task that is well suited to the type of 

classifier-based approach like sentiment analysis. Consider the 

following example, 
 

EXAMPLE 1: 

 (i) The Canon Power Shot is a great camera for beginners. 

 (ii) It is easy to use and it is very good Quality. 

 (iii) The graphics are great and it takes the picture quickly. 

 (iv) It has a wonderful face identification feature which 

makes the picture even better than it was before.  

(v) After you take the picture you can also do a red eye 

correction!  

(vi) Audio is pretty good but the HD quality is less than 

desirable. 

 Here the mention about the brand of camera, ’Canon Power 

shot’ is a named entity. For effective sentiment analysis such 

mentions should be sorted out. 
 

4.2. Information Extraction 

 Information comes in many shapes and sizes. The complexity 

of natural language can make it very difficult to access the 

information in the opinion text. The tools in NLP are still not 

fully capable to build general purpose representations of 

meaning from unrestricted text. 

Regarding information available, one important form is 

structured data, where there is a regular and predictable 

organization of entities and relationships. Another is 

unstructured data which can be found in the Internet in large 

volume. Information Extraction has many applications, 

including business intelligence, media analysis, sentiment 

detection, patent search, and email scanning. In the sentiment 

analysis application, the information that is to be extracted are 

the opinions and the corresponding polarity values. 
 

4.3. Sentiment Determination 

The sentiment determination is a task that assigns a sentiment 

polarity to a word, a sentence or a document. A traditional 

way for sentiment polarity assignment is to use the sentiment 

lexicon. The adjectives of a sentence are given importance in 

opinion mining because they have more probability to carry 

information while sentiment analysis problem is considered. 

The presence of any of the words in the opinion lexicon can be 

helpful while finding the sentiment polarity. There are 

approaches like dictionary based approach and Corpus based 

approaches to build up the opinion lexicon. 

 

4.4. Co-reference Resolution 

Co-reference resolution is to be done in aspect level and entity 

level. In the case of opinionated text, we can see comparative 

texts. These comparative texts may contain co-references. 

These references must be effectively resolved for producing 

correct results. For example, consider the following 

opinionated text, 

 

EXAMPLE 2: Comparing Nikon’s Coolpix to its main 

competitor the Canon, it takes excellent photos and is quite 

compact. 

Here two named entities are mentioned and they are Nikon 

and Canon. The pronoun ’it’ in the text refers to ’Nikon’s 

Coolpix’. When the co-referring words are not found out, 

effective sentiment analysis cannot be carried out. The 

importance of co-reference resolution lies in the fact that it 

helps in providing more information in the Information 

retrieval tasks. There are several anaphora resolution factors 

that help in the task. Constraints and preferences are 

considered while carrying out this task. The scope of the 

resolution task is also to be defined. The scope can be 

sentences, nearby sentences or a document etc. The co-

reference resolution is important to the sentiment analysis 

problem and very complex task in itself. The resolution 

problem itself is not solved yet in NLP. 

 

4.5. Relation Extraction 

Relation extraction is the task of finding the syntactic relation 

between words in a sentence. The semantics of a sentence can 

be found out by extracting relations between words and this 

can be done by knowing the word dependencies. This is also a 

major research area in NLP and serious researches are going 
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on to solve this problem. Textual analysis like POS tagging, 

shallow parsing, dependency parsing is a pre-requisite for 

relation extraction. These steps are prone to errors. Many of 

the problems in NLP are not fully solved because of the 

unstructured nature of text. Relation extraction also belongs to 

the group of challenging problems. The place of relation 

extraction in sentiment analysis is very high and thus this 

challenge is to be met and solved. 
 

4.6. Domain Dependency 

A sentiment classifier that is trained to classify opinion 

polarities in a domain may produce miserable results when the 

same classifier is used in another domain. Sentiment is 

expressed differently in different domains. For instance, 

consider two domains, digital camera and car. The way in 

which customers express their thoughts, views and prospective 

about digital camera will be different from those of cars. But 

some similarities may also be present. So Sentiment analysis 

is a problem which has high domain dependency. Therefore 

cross domain sentiment analysis is a challenging problem that 

has to be unfolded. 
 

5. LITERATURE SURVEY 

 

Fig 3. Sentiment Analysis on User Generated Content 

 

 

6. CONCLUSION 

Sentiment analysis and opinion mining  has a wide variety of 

applications in information systems, including classifying 

reviews, summarizing review, challenging issues and other 

real time applications. There are likely to be many other 

applications that is not discussed. It is found that sentiment 

classifiers are severely dependent on domains or topics. It is 

also found that different types of features and classification 

algorithms are combined in an efficient way in order to 

overcome their individual drawbacks and benefit from each 

other’s merits, and finally enhance the sentiment classification 

performance. In future, more work is needed on further 

improving the performance measures. Sentiment analysis can 

be applied for new applications. Although the techniques and 

algorithms used for sentiment analysis are advancing fast, 

however, a lot of problems in this field of study remain 

unsolved. The main challenging aspects exist in use of other 

languages, dealing with negation expressions; produce a 

summary of opinions based on product features/attributes, 

complexity of sentence/ document, handling of implicit 

product features, etc. More future research could be dedicated 

to these challenges. 
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