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Abstract: Social media dataset are unstructured in
nature and provide various challenges and
opportunities for researchers across different domains.
The rich source of information available in social
media has inclined businesses. Various analysis are
carried out to derive valuable insight from social media
dataset. Whether it is researchers finding new
algorithm or industries increasing their profit,
Sentiment analysis is the fastest growing field. There
are numerous applications in performing sentiment
analysis. This paper provides an overview of different
techniques used to perform sentiment analysis and how
it will be more effective when the analysis is
semantically interpreted. The limitations and the future
challenges to the researchers is also discussed.
Keywords: Social media; sentiment analysis; machine
learning;

I.INTRODUCTION
Text mining is a specialized domain that applies
data mining techniques over text.Some of the early
works on text mining were extraction,
classification, cleaning and analyzing [1].Sentiment
Analysis (SA) aims to identify and extract
opinions, moods and attitudes of individuals and
communities. Authors in the paper [2] provided a
technical survey and early work on sentiment
analysis. Sentiment analysis or opinion mining is
the field of research that started much early in
1990. It was first introduced in the year 2003
[3][4]. Social media has become a platform for
users to share their views, ideas, emotions,
comments. They offer their feedback and critiques
by posting their comments online. They can also
post reviews and opinions about a product,
services, policies, celebrities or current news
through personal blogs and social networks. There
are numerous social media platforms such as
Twitter, Facebook and Google+ available in the
market today [5] [6] [7]. Analyzing Twitter data is
considered much more complex in comparison to
the general sentiment analysis task as it offers
many challenges like size limit of 140 characters
on tweets, usage of informal language, slangs, and
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emoticons to express opinions. Studies on Twitter
data have demonstrated that aggregating millions
of messages can provide valuable insights into a
population [8].
II.APPLICATIONS OF SENTIMENT ANALYSIS
Since there are variety of dataset available in social
media, the applications or the insight acquired is
also vast. Applications of sentiment analysis
include crime surveillance [9].Sentiment analysis
of social media data has also been applied for
tracking disease outbreaks; the authors of [10]
described a method for extracting tweets for early
warning and outbreak detection during a Swine Flu
pandemic demonstrating a strong contribution for
alerting relevant stake holders for prompt action.
The authors of [11] applied text mining techniques
to investigate consumer attitudes towards global
brands, they also reported that Twitter can be used
as a reliable method in analyzing attitudes towards
global brands.
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IV.TECHNIQUES IN SENTIMENT ANALYSIS
Sentiment analysis is not a single step
method,there are various steps in the process of
analysing. The web document initially may contain
raw and noisy data. Further this has to be tokenized
into basic words. This phase is called preprocessing. Various tools are used for this purpose.
Lexicon-based, Machine learning based algorithms
are used upon these data to finally categorize the
opinions.Lexicon based techniques are also called
as Knowledge based technique. Machine learning
algorithms may be supervised or semisupervised.This is shown in figure 1.
IV LEVELS OF SENTIMENT ANALYSIS
Though there are different datasets available in
social media, we consider only text based data for
our survey. Basically there are three different levels
of sentiment analysis is carried out for textual data.
A. Document Level
The document level sentiment analysis aims at
classifying the entire document as positive or
negative [2][12]. In this type of analysis, For
example, given a product review, the system
determines whether the review expresses an overall
positive or negative opinion about the product. This
level of analysis assumes that each document
expresses opinions on a single entity. Thus, it is not
applicable to documents which evaluate or
compare multiple entities.
B. Sentence level
The task at this level goes to the sentences and
determine whether each sentence expressed a
positive, negative, or neutral opinion. Neutral
usually means no opinion. This level of analysis is
called subjectivity classification[13][14], in this
level of analysis it distinguishes the sentences
(called objective sentences) that express factual
information from the sentences (called subjective
sentences) that express subjective views and
opinions. This is clearly given in the paper [15].
C. Entity and aspect level
In this level, the lexicon or words are considered as
entity. The entity level granular analysis takes into
consideration of each opinion expressed in the
content. The opinions on the reports, entities and/or
their various aspects, blog, and the trial are
considered for positive and negative sentiment
[16].

Text based sentiment analysis can be classified
from different point of views. The technique used
for analysing, the view of text, the required level of
detail of text analysis and the rating level. But from
a technical point of view, we can classify as below
A. Knowledge Based
This is also known as lexicon-based approach. In
this approach, the overall sentiment of a document
is calculated as the average aggregate of the
semantic orientations (polarity) of its words and
phrases[12]. This approach requires construction of
dictionary of words i.e. lexicon annotated with the
words polarity that tells whether a word belongs to
negative or positive class. The semantic orientation
of the words in the lexicon is calculated prior to the
sentiment analysis work[17]. The sentiment lexicon
can either be created manually or expanding
automatically from seed of words[18][19]. There
are also open lexicons available to support
sentiment analysis task, for example WordNet,
SentiWordNet[20][21]. Lexicon-based methods are
commonly used techniques, but the performance of
such systems are limited by semantic
ambiguity[22]. For instance, Rao et al. developed
an algorithm with three pruning strategies to
automatically build a word-level emotional
dictionary for social emotion detection[23][24].
B. Machine Learning
This techniques treats the problem of sentiment
analysis as text classification task[2], and different
machine learning methods are used to build
classifiers and train them on the available datasets
using various extracted features like term presence,
term frequency, unigrams, bigrams, n-grams and
Part Of Speech-POS tags, micro blogging features
etc.[25]. 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) are few to mention. Although
Machine-learning algorithms can outperform
simple lexicon-based methods[26][27], they require
large training databases to be effective[26][28]. For
most real world social media contexts which
involve huge datasets, it is difficult to obtain the
effective size of a sufficient training dataset
because the diversity of the social discussion is
often not known a priori. Rui and Whinston trained
a support vector machine (SVM) with a training
dataset and the precision for detecting positive,
negative, and neutral tweets are 75%, 65% and
75%, respectively [29]. Feldman noted that many
of the commercial sentiment analysis systems
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continue to use simplistic techniques and
their performance leaves a lot to be
desired[30]. Although there are reports of hybrid
methods, which combined rule based classification,
supervised learning and machine learning[31], they
suffer from the same limitations as machine
learning methods, including the issue on
insufficient training data to be effective. Three
machine learning based classifiers, Naive-Bayes,
Maximum Entropy and Support Vector Machines
and a hybrid technique, label propagation, were
investigated in [32] and a number of issues that
need to be addressed before using thesetechniques
for sentiment classification were outlined.

5.

6.

V. SEMANTICS AND SENTIMENT
Sentiment analysis rely on scoring sentiment words
based on their polarity i.e. their position on a scale
between positive and negative. But accurate
sentiment analysis should not be limited at only
keywords or individual words, whereas the
semantics or context of analysis should also be
considered. This is called as semantic sentiment
analysis. Semantics is the study of relation of
words, phrases, signs and their denotation.Semantic
sentiment analysis is the level that allows for
semantic interpretation.Users can search and
navigate by semantic roles, exploring sentences and
documents by the functional role played by each
concept[33].
VI. CHALLENGES IN SENTIMENT ANALYSIS
1.

2.

3.

4.

The majority of existing methods are tested
using limited annotated corpus. Such datasets
can be a cleaned sample that consists of either
positive or negative text, or manually filtered
and annotated. This is different from realworld sentiment classification task (e.g., on
tweets), which may also contain spam,
advertisement, and bipolar texts.
Existing methods have to deal with the
requirements
of
topic
domain-specific
adaptation and training database. It is
important to develop high accuracy domainspecific adaptation methods that can function
without the need of customized training
datasets.
There is a lack of sentiment analytics for nonEnglish languages. This research gap is
evident and hence multilingual sentiment
analysis is to be considered very importantly.
Detection of spam and fake reviews: The web
contains both authentic and spam contents. For
effective Sentiment classification, this spam
content should be eliminated before
processing. This can be done by identifying

7.

duplicates, by detecting outliers and by
considering reputation of reviewer[39].
Sarcastic sentences,text may have sarcastic and
ironic sentences. For example, “What a great
car, it stopped working in the second day.” In
such case, positive words can have negative
sense of meaning. Sarcastic or ironic sentences
can be hard to identify which can lead to
erroneous sentiment analysis.
Requirement of Universal Knowledge about
text, facts, events, people are often required to
correctly classify the text.Consider the
following example, “Casablanca and a lunch
comprising of rice and fish: a good Sunday”
The system without world knowledge
classifies above sentence as positive due to the
word “good”, but it is an objective sentence
because Casablanca is the name of the famous
movie.
Often people use abbreviations, lack of
capitals, poor spelling, poor punctuation, poor
grammar and icons. Example Time – tym,
Come – cme, ☺ - happy

VII. CONCLUSION
Social media has become the platform for users to
share their knowledge, view, opinion, comment or
criticism. They post their comments and opinion
about anything, whether it is product or a celebrity
or a crisis. They even share their emotions, which
reflects their attitude and behaviour. This rich set of
data paved the way for industries and researchers to
bring the insight on sentiment analysis. In this
paper, we have presented the different techniques
of sentiment analysis and their limitations.In future,
we plan to refine the sentiment analysisthrough
semantic way of interpretation.
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