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Abstract - People use online platforms such as Facebook, Twitter, etc. for social networking and share their opinions, feelings or beliefs
with others. Sharing is done by posts on these platforms. Sentiment analysis or opinion mining of these posts using machine learning
techniques is of great significance. The analysis is generally carried out with sentiment, subjectivity analysis or polarity calculations. In
this study, we performed a sentiment analysis of text messages using supervised machine learning techniques. They are mainly online
product reviews, general tweets in Tweeter and movie reviews. Messages are pre-processed and then used three different machine
learning techniques, namely Naive Bayes, Decision Tree and Support Vector Machine (SVM) for sentiment analysis.
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1. Introduction

n an online micro-blogging platform like Twitter,

millions of tweets on various topics are created every

day. These tweets are very important for understanding
the trending themes. Classification of Twitter messages is
one of the most important fields of research related to
tweets. It is important and appropriate to identify these
topics in different categories with high accuracy for better
information retrieval. Sentiment analysis is a method to
determine the polarity of a piece of writing as positive,
negative or neutral. A text sentiment analysis program
incorporates natural language processing (NLP) and
machine learning techniques to assign weighted sentiment
scores to persons, subjects, themes and categories within a
sentence or expression.

Machine learning techniques which are generally used for
sentiment analysis, one is unsupervised and the other is
supervised. Unsupervised learning does not consist of a
category and they do not provide with the correct targets at
all and therefore conduct clustering. Supervised learning is
based on labeled dataset and thus the labels are provided to
the model during the process.

In this study, we focused on supervised machine learning
algorithms where the labeled datasets are used to train and
check to generate appropriate outputs when encountered
during decision-making. The rest of the paper proceeds as

103

follows; in Section 2, we discuss about related work in this
area. Section 3 is about the proposed system of our
approach towards sentiment analysis in opinions and
tweets. Section 4 discusses about machine learning
techniques followed by implementation in Section 5 and
finally we conclude with future prospects.

2. Related Work

Several studies have been conducted in the field of
sentiment analysis and it can be concluded that sentiment
analysis of text messages can be carried out in a variety of
ways. The work [1] shows the types and techniques of
sentiment analysis used to extract sentiments from tweets
and have taken a comparative study of the different
techniques and approaches of sentiment analysis using
twitter as data. Various supervised learning methods on
pre-processing and information extraction of tweets from
twitter have also been explored [2]. The author concludes
that Support Vector Machine (SVM) for text
categorization can be used to detect the polarity of a text
tweet. It was inferred that SVM recognizes some text
properties such as High Dimensional Feature Space, few
irrelevant features, and a sparse instance vector. The
performance of SVM can be evaluated using precision and
recall. Different results show that SVM delivers strong
text categorization efficiency compared to artificial neural
network (ANN).
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Table 1. Summary of some of the attempts made by authors in sentiment analysis of text data

Re(f\?g(;r;;:es Data Techniques Approaches
. The effectiveness of applying Naive Bayes and Support
[8] IMDB dataset | Naive Bayes, Vector Machine are explored to classify sentiments based
(2002) SVM on the reviews made in movies.
Proposed a system based on SVM and Fuzzy domain
[9] Online hotel Fuzzy ontology ontplogy fpr opinion mining based on the collection of
(2016) reviews with SVM onlmg reviews about hotels. The system computes the
polarity term of each feature.
) ) The main approach followed here is to summarize and
[10] Online product Semi-supervised | classify online user reviews of products in order to guide
(2013) reviews Iearnl_ng consumers in making decisions while making online
technique purchases.
Proposed a three-stage cascade model to address the
Multi-domain polarity shift problem in the context of document-level
[11] sentiment data | Rulebasedand | sentiment classification Three classification algorithms
(2016) extracted from | Statistical were also evaluated; SVM, logistic regression and Naive
Amazon.com method Bayes.
Proposed a model based on the original ontology-based
techniques for efficient analysis of Twitter posts
[12] ) Domain sentiments. The Twitter posts are not simply characterized
(2013) Twitter dataset | o100y by a sentiment score but sentiment grade is assigned to
each distinct notion available in the post.
Sentiment classification techniques were applied to movie
reviews and comparison of three supervised machine
[13] _ _ SVM, Naive learning techniques has been made namely, SVM, Naive
(2013) Movie reviews Bayes and KNN | Bayes, and kNN for classifying the sentiments.
Opinion mining approach has been used to summarize user
reviews, which are mainly unstructured and non-
[14] Online product grammatical. The author attempts to perform the
(2012) reviews SVM classification of features and polarity for each class of
features.
Proposed a framework that automatically prepares training
and testing datasets for sentiment mining in order to
[15] _ Naive Bayes analyze the online reviews made by hotel customers of
(2018) Hotel reviews | 1 itinomial their services.
The authorsattemptto doa  sentiment analysis of
] comments from people on Oman tourism on social media.
[16] Tourism Domain specific | The sentiment analysis is performed using a domain
(2019) Feviews In ontology specific ontology and a POS tagger.
social media
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In the works [3, 6, 7], authors find keywords in tweet and
predict whether they have positive or negative weights by
applying machine-leaning algorithms. Multi-classification
algorithms such as SVM, Naive Bayes, Logistic
Regression for classification, KNN and Decision Tree
have been used for trend analysis prediction. In another
work [4], the authors discuss methods for the automatic
extraction of sentiments or opinions of the text unit. The
proposed model deals with mining emotions of tweets
about Indian politicians using Support Vector Machine.

They have used unigram and TF-IDF as feature vectors
measured the performance of the proposed system in terms
of classification accuracy, and F-measure. Y. Luo et. al [5]
has made a comparison of positive and negative sentences.
Their proposed model extracts information from the web
and manually labels a word set that requires a lot of effort.
The main focus of the sentiment analysis is to categorize

people's opinions by analyzing their views on social media.

Table 1 provides a summary of the works done by
different authors in the area of sentiment analysis or
opinion mining available in the literature.

3. Proposed System

We present a framework where there are multiple layers
for sentiment analysis (see Fig.1). The first layer is the
initialization layer where the data collection and pre-
processing of messages is performed. The second layer is
the learning layer where the pre-processed data will be
split into training (70% data) and test dataset (30% data).
The training dataset will be used to develop three different
models using supervised machine learning techniques
namely Naive Bayes, Decision Tree and Support Vector
Machine.

Again, the run-time behavior of three trained models using
model-based testing techniques will be used to check the
model's predictions. Finally, in the third layer, comparison
of the performance of the models will be made on the
basis of the evaluative metrics , i.e. precision, recall,
macro average F1-score, polarity classification accuracy to
determine how the effects of the statistical analysis can be
generalized to an independent dataset.

The task of sentiment classification can usually be seen as
a two-class classification problem. This type of work
mainly involves sentiment analysis as a text classification
problem, where feature selection has significant effect on
the performance of developed classifier models.
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Fig. 1 Proposed framework for sentiment analysis
3.1. Data Collection

For sentiment analysis on Twitter, varieties of benchmark
datasets have been released over the last few years and are
available online. We choose to select five different
datasets that have been widely used in Twitter sentiment
analysis studies in literature. Table 2 provides a brief
overview of the datasets used in this paper.
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Table 2. Brief description of the datasets

No. of No. of Total no of | Average
Dataset Positive | Negative Messages no. of
Message | Message words
IMDB 25,000 25000 50,000 255
Sentiment 140 | 800,000 | 800,000 1,600,000 15
SemEval-2013 2315 861 3176 23
SemEval-2014 2509 932 3441 22
STS-Gold 632 1402 2034 16
The datasets used in this paper consist of

messages/reviews made in English on products, movies
and general tweets made in Twitter. Tweets are extracted
using Tweeter APl and manually annotated by polarity
(Positive, Negative, and Neutral).

The IMDB dataset is a large movie review dataset used for
binary sentiment collection. It consists of 50,000 polarized
movie review posts.

The Sentiment 140 dataset consists of 1.6 million Twitter
messages collected using a distant supervision approach
[17]. The general tweets in the dataset have been annotated
(0 = negative, 4 = positive) and the large collection of data
in this dataset is very useful for the development of
machine learning models to be used to detect sentiment.
The SemEval-2013 dataset consists of comments taken
from a variety of topics discussed on Twitter; a number of
entities, items and events.

The SemEval-2014 dataset [18] deals with product
reviews made by consumers on two entities or domains.
They’re laptops and restaurants. Both SemEval datasets
are not publicly accessible but can be downloaded from
the source first.

The Stanford Twitter Sentiment Gold dataset (STS-Gold)
[19] is a subset of tweets from the Stanford Twitter
Sentiment Corpus. In the dataset, tweets and targets
(entities) are annotated separately and therefore different
sentiment labels may be used to help the evaluation of
sentiment classification models at both the entity and the
tweet level.

3.2. Pre-processing of Data

Pre-processing is needed when building machine learning
systems based on tweet data. All tweets are normalized
during pre-processing. This included the following steps:
All targets (@username) are removed from the
data.
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All URLs and special characters are removed
from the datasets.

Uppercase letters are converted into lowercase.
Stop words like articles, prepositions,
conjunctions, and pronouns are filtered. Stop
words provide little or no information.

Stemming is done where the inflected words are
reduced to their own word stem that affixes to
suffixes and prefixes.

Many of the texts are broken down into tokens. It
is a method called tokenization. It is mainly used
to eliminate the delimiters from the messages. For
example, Tweets datasets are rich data sources is
broken into individual tokens such as Tweets,
datasets, are, rich, sources, of, data. A token is
detected on encountering a space.

3.3. Feature Extraction

Feature extraction is the most important tasks in
classification functions. It includes removing meaningless
words or terms that do not convey any emotions. Unigram
(n=1) and term frequency and inverse document frequency
(TF-IDF) are the features extracted from the preprocessed
datasets. The unigram features represents individual,
distinct words. TF-IDF assigns a score for each term. The
term-frequency is determined by counting the number of
times the word or phrase appears in the document and the
inverse frequency of the document is measured by
dividing the total number of documents by the number of
documents containing the phrase.

4. Machine Learning Algorithm

4.1. Naive Bayes Algorithm

The Bayesian Classification is a supervised learning
system as well as a statistical classification method. It
assumes the underlying probabilistic model and allows us
to capture uncertainty about the model in a principled
manner by determining the probabilities of outcomes.
Bayesian classification offers functional learning
algorithms and prior knowledge and data can be mixed.
Bayesian Classification provides a valuable viewpoint for
recognizing and testing a variety of learning algorithms. It
calculates explicit probabilities for hypotheses and is
resilient to noise in input data. Naive Bayes conditional
independence assumption can be shown in equation 1.

length(doc)

P(doc|Vj) = 1_[ =1P(ai =WilV) 1)

i
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Where, P(ai = w | vj) is probability that word in position i
IS Wk, given vj . One more assumption: P(ai = wi | vj) =
P(am =Wk vj) Vi, m.

4.2. Support Vector Machine

A Support Vector Machine (SVM) is a classifier that
discriminates the data in numerous planes. For a given
supervised learning instance the SVM gives an optimal
hyper plane as output to categorize new data records. The
SVM algorithms are implemented using a kernel. The
kernel is responsible for translating input data to the
correct type. The SVM kernel takes input data of small
dimensions and transforms it into data space of higher
dimensions, thereby increasing data separability. This
strategy is called kernel tricks. We used the linear kernel
of the SVM, as it is mainly used to manage text data
because it includes many features and is usually linearly
separable.

4.3. Decision Tree

Decision Tree is a classification techniques in which the
divide-n-conquer process operates. The essential aspect of
the decision tree is that it breaks down the complicated
decision-making process into a series of simpler decisions.
In a tree where the root and the inner node are labeled with
a query, and a leaf node is a prediction of an answer. We
used an ID3 algorithm. It is a precursor to the C4.5
algorithm and is generally used in the area of machine
learning and natural language processing.  For
classification of messages, information gain (see Equation
2) has been used as a split criterion.

6(,y) = H®) = Sicvaren e HOD ()

Where, H(x) is the entropy of the training set x with its
attribute y.

5. Experimental Results

The performance of sentiment classification can be
evaluated by using the following metrics.

1)
AcCuTaCy - (TP+TN+FP+FN) (3)
Precision = - @
(TP+FP)
TP
Recall = (TP+FN) ©
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(Precision xRecall)

F1 — Score =2 X (6)

(Precision+Recall)
Where, TP, FN, FP and TN refer respectively to the
number of true positive instances, the number of false
negative instances, the number of false positive instances
and the number of true negative instances. For sentiment
analysis on a tweet, high accuracy ensures that the
emotions of most messages in a dataset are evaluated and
correctly predicted. The F1-score is a common metric for
both precision and recall. A receiver operating
characteristic (ROC) curve is a graphical plot that shows
the diagnostic capability of a binary classifier model as its
discrimination threshold is varied. The ROC curve is
developed by plotting the true positive rate (TPR) against
the false positive rate (FPR) at different threshold settings
Built classifier models are evaluated on the basis of
accuracy, macro-averaged F1-Scores of each model in five
separate datasets (split as 70 percent training dataset and
30 percent testing dataset), and the ROC curves. The
results obtained are shown in Tables 3 and 4.

Table 3. Classification accuracy (in %) of the models using the datasets

Dataset Naive Bayes SVM ID3
IMDB 75.43 72.5 82.7
Sentiment 140 73.18 75.5 81.94
SemEval-2013 83.56 84.93 82.23
SemEval-2014 75.12 78.25 69.56
STS-Gold 87.78 84.34 73.6
Table 4. Macro-Averaged F1-Score of the classifier models using the
datasets
Dataset Naive Bayes SVM ID3
IMDB 0.75 0.75 0.73
Sentiment 140 0.73 0.76 0.82
SemEval-2013 0.85 0.862 0.72
SemEval-2014 0.76 0.78 0.63
STS-Gold 0.862 0.827 0.682

The plotted ROC curves of the three different classifier
models developed using the Sentiment 140 dataset are
shown (see Figures 2, 3, and 4). The reason for showing
the ROC curve only for Sentiment 140 dataset is because
of its large size which really helps in developing better
classifier models. Figures 2, 3, 4 reflect ROC curves of the
Naive Bayes classifier model, SVM and decision tree
model using ID3 algorithm respectively.

The results shows a close competion between SVM and
ID3, as they are found to be better than Naive Bayes
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classifaction algorithm. However, Naive Bayes performs
better with the STS-Gold dataset. In case of SemEval-
2014, the best accuracy achieved is 78.25% which is quite

low.
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6. Conclusion and Future Works

In this paper, text data from product reviews, general
tweets and movie reviews are taken into account to assess
the polarity (positive or negative) of messages or tweets.
We used the classification algorithms namely SVM, Naive
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Bayes and decision tree. We evaluated our models on the
basis of metrics; classification accuracy, precision, recall,
F1-score, and ROC curve. After evaluating the developed
classifiers, we find that the results obtained from the
Decision Tree and SVM have a lower mean square error or
a higher accuracy with most of the datasets and are
considered to be good classifiers. We find our work to be
unique, as we have attempted in our study to provide an
overview of the various methods used in the sentiment
analysis of text data. We have also built and compared
three different classifiers using machine learning
techniques to five different datasets of varying sizes
and domains.

Future prospects in this area include the development of
techniques for aspect-based sentiment analysis, which will
take into account the various aspects of the text. Social
networking data can be accessible in various languages,
making it an obstacle to sentiment analysis. The
development of a multilingual approach to sentiment
analysis is therefore a major challenge. Also, the main
drawback of using a machine learning approach to opinion
mining is that each opinion is treated as a single uniform
statement and assigns a sentiment score to the post as a
whole. Efficient methods must therefore be developed to
identify the subjects discussed in the message and to
convert each message into subject-level aspects.
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