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Abstract:Sentiment is usually defined as a thought, 

view, or attitude, based mainly on emotions instead of 

reasons. The analysis includes Natural Language 

processing, some kind of Computational Techniques 

and cognitive science to automate the extraction of 

emotion from an huge amount of unstructured Text. 

From social media lots of useful information could be 

extracted based on categories such as Marketing, 

politics, social etc.This paper compares the existing 

machine learning methods applied to sentiment analysis 

of data collected from the twitter, social media site. The 

classification methods used in the experiment include 

Naive Bayes, Support vector Machine, Multinomial 

Naive Bayes,Random forest etc.Better performance 

was achieved by SVM and Multinomial Naive Bayes 

where the accuracy measures about 70 to 80%. based 

on the dataset extract from Twitter. 

Keywords:Sentiment Analysis, Machine Learning, 

naive Bayes, support vector machine, Decision tree, 

Random forest. 

1. Introduction 

In today's interconnected world,people tend get 

themselves connected to each other by sending 

messages in short text, sharing thoughts and interest 

and opinion about other people. Sentiment analysis 

otherwise known as Opinion mining systematically 

identifies, quantifies and extracts subjective 

information with the usage of natural language 

processing, text analyzer, computational   Linguistic 

etc. Generally, sentiment analysis tries to identity the 

attitudes of the writer, speaker with respect to 

topicmodeling, contextual polarity, emotional reaction 

etc. Sentiment analysis aims at getting related 

information from documents on the web especially 

from Blogs, user comments, Review websites and 

community websites. The Blogosphere is formed   

mainly by bloggers who get connected by people by 

blogs, blog rolls meme trackers ieChecking citationsby 

moving around to track how a ‘meme’ is moving 

around the blogosphere. The survey statistics  

states about the size of the blogosphere named   

Technorati tracks over 112.8 million blogs (excluding 

72.82 million blogs in Chinese as counted by a 

corresponding Chinese Center). Almost 12000 created 

each day and roughly a weblog created every 7.4 

seconds. Sentiment analysis incorporates features 

ofwords(Unigrams), Phrases(n-grams), sentences and 

to interpret features, Bag of words, Annotated lexicon, 

syntactic pattern, paragraph structure etc 

Existing sentiment analysis techniques originate 

from the fields of Natural Language processing, text 

mining, computational linguistics and from machine 

learning methods. Recently, many researchers deal with 

the determinationof sentiment of people in various data 

collected from social media.  

The most prominent difference between the types of 

sentiment is the granularity of analysis. Sentiment 

analysis is performed on multiple linguistic levels. At 

the document the level, the task is to classify whether a 

whole opinionated document has a positive, negative or 

neutral sentiment. At the sentence level, the task is to 

classify whether an individual sentence has a positive, 

negative or neutral sentiment. At the aspect level (the 

entity level), the task is to classify the sentiments.  

They have usedwell-known machine learning 

techniques for classification and clustering data. The 

most popular classification methods used in text 

classification include Naive Bayes, Support vector 

Machine, Multinomial Naive Bayes, Decisiontree, 

Random forest etc. The following paper is structured 

such that   section-II deals with Related Works and 

section-III discusses the machine learning approaches 

that is dealt forText classification of social media. The 

section-IV deals with Experimental setup and result 

analysis andsection V deals with 

theconclusionsummary and future Works. 

2. Related works 

Diakapolous and Shamma [1] used manual 

annotations to characterizeintosentimentreactions in a 

debate betweenJohn McCain and Barack Obama during 

the US Presidential election 2008.Findings in this paper 
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states that sentiment was used as a measure to identify 

controversial moments in the debate. In these 

similarstudies, Twitter proved to be anextended source 

foridentifyingandextracting important topic of 

discussion in associated public relation.Shamma et al. 

[2] examined a variety of aspects of debate modeling 

using Twitter, and annotated corpus of 3,269 tweets 

posted during the presidential debate on 2008 between 

Barack Obama and John McCain. Thelwallet al. [3] 

assume that the emotions expressed by commenters 

react their feelings or invoke any surface emotions in 

readers, hence may be selected for their socialrole, for 

example, as part of a performance, informal ritual, or 

exchange. Khanaferov et al. [4] have chosen healthcare 

informatics to demonstrate theimportance of data for 

the medical domain. The main objective of their work 

was to mine on the information relevant to health and 

obesity form public Twitter data. Khanaferov et alcame 

up with a practical and computational approach 

framework for mining useful patterns from publicdata 

related to health domain. Due to the random nature of 

raw data and the exclusion of a training set of data, it 

was decided touse clustering since the learning process 

was unsupervised.Lipizzi et al. [5] presented a 

methodology combining social network and semantic 

analysis to extract the data from Twitter site. The 

method discussed in [5] collects and interprets the data 

from social site and with the support of available 

analytical toolsit tries to visualize the concept of social 

maps taking into consideration the   semantic and 

topological metrics. The paper [15] clearly suggests 

various   machine learning techniques   suited for social 

media datasets. The survey progressed in the   work 

deals with possible analytics for larger volume of 

datasets[15]. 

3. Machine learning Approaches 

Machine Learning is an method that automatically 

analysis the data by creating models. In regard with 

classification of text, it involves training of models on 

specific collection of documents that exploits pattern in 

vector representations of natural Language text. For 

collections of documents or datasets the class label 

attribute values for the dataset are known in advance. 

This data is called training data. To evaluate the 

performance of the model after training is finished, one 

applies it to a different set of data, known as test data. 

Sometimes, people also use part of the whole dataset as 

validation dataset for model selection. 

Machine Learning algorithms are categorized into 

clustering, classification, regression etc. The different 

types of   text classification on social media datasets are 

narrated below. 

3.1 Naive Bayes 

The Bayesian Classification represents a 

simplestatistical method as well as an supervised 

learning method for classification. 

(statisticalclassifier).It predicts class membership 

probability that a given tuple belongs to a particular 

class. The classification provides practical learning 

algorithms and uses prior knowledge and calculates 

explicit probabilities for hypothesis.The Bayes theorem 

states as  

 

P(H/X) =    P(X\H)P(H)    

   (3.1) 

                       P(X) 

 

P(H/X)- the probability that the hypothesis H holds 

given the evidence or tuple X.(or) Posteriori probability 

P(X\H)-Probability of X conditioned on H. 

P(X) and P(H) are prior prob. 

On the basis of Bayes theorem,  

 

P(yi |X) = P(X|yi)P(yi)               (3.2)           

 

P(X)       

P(X) isremainsconstant and since it is independent of 

yi, we can ignore the term in the Equation 3.2. The 

Naive Bayes Classifier takes into an assumption of 

class conditional independence to make the calculations 

simpler, i.e, given the class attribute value, all other 

feature attributes become conditionally independent of 

each other. 

Park et.al carried a major working in the field of 

sentiment analysis and found that the ensemble of two 

classifier of Naive Bayes classifier, one trained with 

involvement of unigrams and the second 

classifierusedPOS tagging [8].  In combination of the 

two classifier an accuracy of 74% was obtained as per 

their work. 

 

3.2 Multinomial Naive Bayes 

Multinomial Naive Bayes is a specialized type of Naive 

Bayes classifier that is designed mainly for text 

classification, Whereas Naive Bayes classifier would 

model a document with its presence and absence of 

particular words. 

Multinomial Naive Bayes computes the class 

probabilities foran given document. Let us assume Cto 

be the set of classes. Let N denotethe 

Vocabularysize..The classifierassigns ti, test document 

which has highest probability  Pr��|���that is given by: 

Pr��|��� =

����
� ���|��


� ����
 , c ϵ C   

  (1) 

The Class Prior probability(c), can be calculated by 

dividing the no of documents which is belonging to 

class C by the total available no of 

documents.Pr���|��iscalculated as 

Pr���|���� = �∑ ����! ∏

����|�����

���!��       (2) 

Where f niis the count of words n in test documentti 

and������|��is the probability of word n given in class 
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c. The Probability is estimated   based on 

document as 

������|��=
� !�"

# ∑ !$"
%
$&'

,     

whereFXC is the count of word x in all training 

documents belonging to class c. The normalization

factor Pr(ti) can be computed using 

Pr ���� = ∑ Pr�(� Pr ���|(�
|�|
)*�    

 The terms  �∑ ����!�  and  ∏ ���!�   in Equation (2) 

be deleted and Equation (2) can be written as 

Pr���|�� = + ∏ Pr���|�����
�    

whereα is a constant and can be removed due

normalization step 

3.3 Support Vector Machine 

Support Vector machine is an learning algorithm used 

to analyze the data   which works very efficiently 

classification and regression analysis. The SVM model 

is nothing but the exact representation of points 

mapped in space under separate regionsdivided by a 

clear gap as shown in Figure.1.SVM Model enables 

prediction by mapping the examples into the space 

belonging to the category based on the side of the gap 

they fall. 

The main idea behind SVM deals with choosing 

parameters suchas Max-margin classifier, 

Multipliers, Kernel and complexity on the number

training examples. 

Figure 1.Support vector Machine

 

Researchers Ritterman et al.used Twitter data to 

ascertain public sentiment and came 

prediction model. Their approach implements

based algorithm to analyze micro blogcontents about

particulartopic of interest to forecast public 

sentiments.[10]. The method was applied on 

messages for influenza pandemic and their 

compared with prediction of market data from 

repository source. 

3.4 Decision Tree 

Decision trees is a support tool that uses a tree like 

graph or model of decision as shown in Figure .2

graph uses branching method to illustrate every 

possible outcome of a decision. It is an non

based on the training 

 (3) 

in all training 

The normalization 

 (4) 

in Equation (2) can 

be deleted and Equation (2) can be written as  

 (5) 

removed due to 

 

Support Vector machine is an learning algorithm used 

which works very efficiently for 

analysis. The SVM model 

is nothing but the exact representation of points 

divided by a 

.SVM Model enables 

the examples into the space 

belonging to the category based on the side of the gap 

with choosing 

margin classifier, Lagrangian 

the number of 

 
Support vector Machine 

Researchers Ritterman et al.used Twitter data to 

 up with an 

approach implements a SVM-

micro blogcontents about a 

o forecast public 

[10]. The method was applied on micro blog 

ir work were 

market data from an 

a support tool that uses a tree like 

Figure .2. The 

graph uses branching method to illustrate every 

possible outcome of a decision. It is an non-parametric 

supervised method and recursive partitioning algorithm 

used for classification and regression.  Itclearly 

identifies all possible solutions for a given decision 

which is successful for any classification [11]. 

the paper discusses accessing the creditability of tweets 

tweeted onTwittersite and also discussion

challenges in sentiment analysis. 

implemented decisiontree using 

classify sentiment on the twitter dataset.

implementations and variations of the decision tree 

algorithm,such as Random Forest, J48 method which is 

a Java implementation of the C4.5 algorithm

The random forest is an algorithm

method which was introduced by Breimanb [14], it is 

asimpletechniqueor  analgorithm but it can prod

high performance in terms of classi

 

Figure 2.Simplified Random forest

 

4. Experiments and Results

The dataset contains more than 100000 training 

tweets extracted from Stanford Twitter Sentiment 

Corpus. The tweets contains both positive and negative 

emotions.Since the datasets contains more than 100000 

tweets,we consider two random datasets of 4000

14000 tweets.To preprocess the 

removed non-English word,stop words and replaced the 

links and URL on tokens "http” 

Dataset-I of 4000 tweets are split into 

positive and 1958 tweets negative and Dataset

14000 tweets are split into 7121

6879 tweets Negative. Vector model 

data such as Bag of words and Bag of N

Bigram) are used to train the classifier. 

is used in order to build vector models of unigram 

(Bag-of-Words)and bigram features for all datasets

each dataset, the total number of extracted unigram

Bigram features used for training classification are

For Dataset-I the Unigram features are 1004 and 

Bigram features are 1222 and for Dataset 

Unigram features are 966 and Bigram features are 1000

We split the dataset into 60 % and 4

and testing subsets for large data

respectively. We used four classification methods that 

are commonly used for sentiment analysis such as 

supervised method and recursive partitioning algorithm 

or classification and regression.  Itclearly 

identifies all possible solutions for a given decision 

which is successful for any classification [11]. In [12] 

e creditability of tweets 

also discussion on the 

analysis.  The paper 

 the J48 algorithm to 

the twitter dataset. Different 

implementations and variations of the decision tree 

as Random Forest, J48 method which is 

a Java implementation of the C4.5 algorithm 

algorithm of an ensemble 

method which was introduced by Breimanb [14], it is 

algorithm but it can produce 

classification. 

 

Random forest 

Experiments and Results 

more than 100000 training 

anford Twitter Sentiment 

Corpus. The tweets contains both positive and negative 

the datasets contains more than 100000 

tweets,we consider two random datasets of 4000 and 

.To preprocess the datasets, we have 

English word,stop words and replaced the 

I of 4000 tweets are split into 2042 tweets 

tweets negative and Dataset-II of 

7121 tweets positive and 

tweets Negative. Vector model representation of 

such as Bag of words and Bag of N-grams(only 

are used to train the classifier. Wekaplatform 

used in order to build vector models of unigram 

Words)and bigram features for all datasets. For 

extracted unigram and 

classification are 

I the Unigram features are 1004 and 

Bigram features are 1222 and for Dataset - II the 

Unigram features are 966 and Bigram features are 1000 

into 60 % and 40% as training 

for large dataset such as Dataset-II 

classification methods that 

are commonly used for sentiment analysis such as 
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Naive Bayes classifier, Support 

machine,Multinomial Naive Bayes classifier, 

andRandomForest. We used WEKA implementations 

of Naive Bayes,Support Vector Machines, 

Naive Bayes and Random Forest, with their default 

settings [13].As experiments showed; choosing of the 

kernel function for SVMinfluencesthe model 

performance of the dataset. Also when SVM

 

Classifier Dataset Features 
Count of 

attributes

Naïve 

Bayes 

Data-I 

Unigram 1004

Bigram 1222

Data-II 

Unigram 966

Bigram 1000

Multinomial  

Naïve 

Bayes 

Data-I 

Unigram 1004

Bigram 1222

Data-II 

Unigram 966

Bigram 1000

SVM 

Data-I 

Unigram 1004

Bigram 1222

Data-II 

Unigram 966

Bigram 1000

Random 

Forest Data-I 

Unigram 1004

Bigram 1222

 

 

From Table.1  itclearly shows that SVM method and 

Multinomial Naive Bayes method shows a higher 

classification accuracy when compared to other 

methods. On account, Random forest produces good 

results on dataset of small sample size and as data 

increases the time taken to create a model also 

consumes more time.So, for the experiment Data

considered because of its larger sample size. 

and Figure .2 clearly explains the obtained F

score obtained by various classifiers based on positive 

and negative tweets. 

 

Table 2. F-score  for various classifier based on the 

negative and positive Tweets 

 

 

Classifier Dataset Features 

Negative 

Tweets

Naïve 

Bayes 

Data-I 
Unigram 0.5

Bigram 0.62

Data-II 
Unigram 0.38

Bigram 0.16

Multinomial 

Naïve 

Bayes 

Data-I 
Unigram 0.62

Bigram 0.58

Data-II Unigram 0.47

Support Vector 

Bayes classifier, 

implementations 

,Support Vector Machines, Multinomial  

Random Forest, with their default 

choosing of the 

kernel function for SVMinfluencesthe model 

. Also when SVM with linear 

kernel was applied,we obtained results much better 

than results of SVM with other kernels. 

performance of a classifier, the performance measure 

such as, precision, Recall, F-measure and accuracy

measured. 

Table 1. Performance of classifiers based on precision, 

recall, F-measure

 

Count of 

attributes 

Negative Positive 

P R F P R F 

1004 0.3 0.56 0.5 0.72 0.51 0.60

1222 0.34 0.26 0.62 0.66 0.72 0.69

966 0.56 0.58 0.38 0.53 0.51 0.52

1000 0.47 0.83 0.16 0.64 0.11 0.19

1004 0.39 0.57 0.62 0.75 0.63 0.68

1222 0.33 0.44 0.58 0.7 0.62 0.66

966 0.61 0.66 0.47 0.61 0.56 0.58

1000 0.52 0.64 0.3 0.52 0.39 0.45

1004 0.37 0.5 0.6 0.72 0.63 0.67

1222 0.35 0.53 0.57 0.73 0.59 0.65

966 0.65 0.62 0.5 0.6 0.62 0.61

1000 0.6 0.43 0.43 0.48 0.64 0.55

1004 0.39 0.57 0.62 0.75 0.63 0.68

1222 0.33 0.44 0.58 0.7 0.62 0.66

shows that SVM method and 

Multinomial Naive Bayes method shows a higher 

classification accuracy when compared to other 

Random forest produces good 

results on dataset of small sample size and as data 

increases the time taken to create a model also 

for the experiment Data-II was 

considered because of its larger sample size. Table .2 

rly explains the obtained F-measure 

based on positive 

score  for various classifier based on the 

 

Negative 

Tweets 

Positive 

Tweets 

F F 

0.5 0.60 

0.62 0.69 

0.38 0.52 

0.16 0.19 

0.62 0.68 

0.58 0.66 

0.47 0.58 

Bigram

SVM 

Data-I 
Unigram

Bigram

Data-II 
Unigram

Bigram

Random 

Forest 
Data- 

Unigram

Bigra

 

Figure 3.  F-measure obtained from various classifier

 

Table 3. Comparison of accuracy of classifiers

 

 

Featu

res 

Count 

of 

attrib

NB 
Multino

mial NB

kernel was applied,we obtained results much better 

than results of SVM with other kernels. To evaluate the 

performance of a classifier, the performance measure 

measure and accuracy was 

Performance of classifiers based on precision, 

measure 

Accuracy 

0.60 60.35 

0.69 66.65 

0.52 62.45 

0.19 57.17 

0.68 68.9 

0.66 64.7 

0.58 69.18 

0.45 59.92 

0.67 67.1 

0.65 64.8 

0.61 70.18 

0.55 60.78 

0.68 68.9 

0.66 64.7 

Bigram 0.3 0.45 

Unigram 0.6 0.67 

Bigram 0.57 0.65 

Unigram 0.5 0.61 

Bigram 0.43 0.55 

Unigram 0.62 0.68 

Bigra 0.58 0.6 

 
measure obtained from various classifier 

Comparison of accuracy of classifiers 

Multino

mial NB 

SV

M 

Rand

om 

Fores
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utes 

Data

-I 

Unigr

am 1004 

60.

35 68.9 

Bigra

m 1222 

66.

65 64.7 

Data

-II 

Unigr

am 966 

62.

45 69.18 

Bigra

m 1000 

57.

17 59.92 

 

From Table .3 it clearly states that Multinomial 

Naive Bayes method produces a 

classification accuracy when compared to Naïve Bayes. 

Naive Bayes method simulates a document as the 

availability and unavailability of particular words in 

tweet whereas, the classifier Multinomial Naive Bayes 

explicitlytakes into account the count of words 

the below calculations. 

 

 

Figure 4. Comparison of various classifers based on 

accuracy 

 

From Figure .3 while comparing the results obtained 

by the classifier it can be found that SVM method and 

Multinomial Naive Bayes method shows a higher 

classification accuracy when compared to other 

methods. The method Random Forest produces good 

result. 

For comparing the performance of diff

methods, the Accuracy measure was chosen as a main 

metric,because Accuracyistheconvenientmeasure for

multiclass classification tasks to accountfor imbalanced 

test data. 

 

5.Conclusion And Future Works
 

The main goal of the proposed work was to 

the performance of the various machine 

classifiers for sentiment analysis on social media 

datasets and to identify the best suited method 

furthersentiment classification on messages from social 

network.Themeasures such as precision, recall and F

measure metrics evaluate the quality of algorithms 

separately for each class (e. g. positive or 

t 

67.

1 68.9 

64.

8 64.7 

70.

18 NA 

60.

78 NA 

it clearly states that Multinomial 

Naive Bayes method produces a more high 

classification accuracy when compared to Naïve Bayes. 

Naive Bayes method simulates a document as the 

of particular words in 

Multinomial Naive Bayes 

tlytakes into account the count of words to adjust 

 

Comparison of various classifers based on 

omparing the results obtained 

be found that SVM method and 

Multinomial Naive Bayes method shows a higher 

classification accuracy when compared to other 

Random Forest produces good 

the performance of different 

chosen as a main 

theconvenientmeasure for 

cation tasks to accountfor imbalanced 

Conclusion And Future Works 

The main goal of the proposed work was to compare 

performance of the various machine learning 

classifiers for sentiment analysis on social media 

datasets and to identify the best suited method for 

sentiment classification on messages from social 

as precision, recall and F-

measure metrics evaluate the quality of algorithms 

separately for each class (e. g. positive or 

negative).Future work could progress by combining 

machine learning techniques with Lexicon based 

approach which would yield better perspective.
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