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Abstract. Classifying texts based on sentiments present in the text is called Sen-
timent Analysis. There are many Sentiment Analysis Techniques available. In this
paper, we have addressed the problem of sentiment analysis and compared many
different machine learning and deep learning algorithms to perform sentiment
analysis based on their accuracy. We extracted useful features to feed them in
our classifier to generate results. Also, we have used the majority vote ensemble
method to achieve more accurate results.
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1 Introduction

Sentiment Analysis is one of the functional problems used for quantifying the sentiments
and emotions from neutral texts. It refers to obtaining sentiment data from the source,
processing it using an algorithm, and generating positive, negative, and neutral senti-
ments [1]. Sentiment Analysis helps industries to analyze thousands of product reviews
in mere seconds. Sentiment Analysis involves four steps: Step 1 is Gathering data, which
involves gathering data to analyze and use, for Example, GitHub comment logs. Step
2 is Preparing data for processing, and here the data undergoes a few steps to make it
for processing. These steps involve Tokenisation, Lower Casing, Stemming, Removing
punctuation, and stop words. Step 3 is the significant step for Sentiment Analysis which
is Applying Classifier. We select a classifier that will classify the text into sentiments.
Step 4 is the Visualisation of results. In this step, we visualize the results to understand
the outcome of the analyzed data.

This paper has compared many machine learning algorithms used for Sentiment
Analysis. These algorithms are NLTK, Decision Trees, Random Forest, Support Vector
Machine (its kernels, i.e., Linear Kernel, Polynomial Kernel, Gaussian Radial Basis
(RBF) Kernel, Sigmoid Kernel), Convolutional Neural Network (CNN), Long Short
Term Memory (LSTM) and Ensemble Techniques.

The organization of the paper is as follows. Section 2 contains the discussion
about sentiment analysis and the various literature survey related to sentiment analysis.
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Section 3 presents the methodology, dataset creation, pre-processing, and tool selection.
Section 4 presented the result analysis and discussion. Section 5 presents the conclusions
and future work of the study.

2 Sentiment Analysis

Sentiment Analysis is the management of sentiments, subjective texts, and opinions. The
sentiments can be categorized into negative, positive, and neutral. Sentiment analysis
is used to determine the emotion of the user automatically. Sentiment analysis is an
important research area due to the massive number of daily posts on social media;
extracting people’s opinions is challenging. Sentiment Analysis allows us to sort large
data sets and automatically detect each text’s polarity, which saves time and resources
[2]. Some Examples of Sentiment Analysis are given in Table 1.

Table 1. Examples of sentiment analysis

Text Sentiments
I am very happy today Positive

I have to complete this Neutral
The weather is terrible Negative
Dataset is a mixture of words Neutral

2.1 Advantage of Sentiment Analysis

The advantage of Sentiment Analysis is that it can analyze vast amounts of data quickly,
which can be a hassle to do manually. Real-Time Analysis: Industries use it to monitor
real-time data and make changes or improvements wherever needed. Consistent Criteria:
Analysing sentiment is a subjective task that can be perceived differently when done by
two-member and results will probably be biased.

2.2 Related Work

Several authors have conducted several studies on sentiment analysis. An essential aspect
in approaching Sentiment analysis is presented in Feldman [3]. The author discussed the
techniques to perform sentiment analysis and the various sentiment analysis applications
that help us solve real-world problems. The author also discussed how sentiment analysis
techniques could solve complex problems that some industries face and simplify their
sentiment analysis problems.

Beigi et al. [4] discussed the application of sentiment analysis on disaster relief
and the overview of sentiment analysis in social media. The author talks about how
sentiment analysis is not limited to politics, business intelligence, and other issues.
The author studied the reaction of the local crowd and used such information to improve
disaster management. Dolianiti et al. [5] presented the applications of sentiment analysis
in education. The author discussed how recognition and emotions are involved in every
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learning process and how student profiles can enhance information regarding the effective
state. The author explored many different ways in which sentiment analysis can apply
in the educational domain.

Das et al. [6] discussed real-time stock prediction by analysing the sentiment of
Twitter streaming data in their study. The author attempts to make decisions related to
finance, such as stock market prediction, to predict a company’s stock prices. To perform
this task, Twitter streaming data has been considered for scoring the impression carried
for a particular firm.

3 Methodology

This study performs a comparative study on different sentiment analysis algorithms.
The overall methodology adopted for sentiment analysis is divided into three different
parts. First, the data is collected from the dataset used. Second, the sentiment analysis is
conducted on the artefacts. Finally, the tool is selected for performing sentiment analysis.

3.1 Dataset

We have used sentiment140! dataset. Graduate students of Stanford University create
Sentiment140. It contains 1,600,000 pre-classified tweets extracted using Twitter APL
The tweets have predefined sentiments (0 = negative, 4 = positive) that have been used
for sentiment analysis. It contains six fields target and that is: it is the predefined polarity
of the tweet, ids: it is an id assigned to a tweet, date: the date on which tweet is written,
flag: query of the tweet, user: the user who has written the tweet, text: Textual content of
the tweet. Many other datasets can be used for Sentiment Analysis, but this is the most
common dataset.

3.2 Sentiment Analysis

Sentiment analysis contains six different steps: Tokenisation, Lower casing, removing
punctuation, removing stop words, stemming, and word embedding. These steps are
explained in Fig. 1, and details about these steps are given below.

1) Tokenisation.

Tokenisation is converting a piece of text into tokens. It is the task of converting sen-
timents into words, called tokens. Tokens are the building blocks of the Natural Lan-
guage. The common ways of processing raw text happen at the token level. We have
used functions of the list to tokenise the text [7].

2) Lower Casing.

The lower casing is converting the tokens into lower case letters. We converted all texts
into lowercase so that the processing algorithm does not recognise capital letters and
lowercase letters separately. We have used the lower method of string in python for lower
casing the text [8].

1 http://help.sentiment140.com.
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Original Text —> Tokenization —>| Lower Casing Removing Punctuation’s
I'm filing this as a bug because i’ filing’this fm’"filing’ "this s, im"fling", this
v don’t because","I","real because”,"T","real ause”,"l","real
I really don't think this error is i i Fistttnit et IS
thrown intentionally. If it is. think","this","error think™,"this", error_.. S thi this","error”,"is",
apolo \es! intentionally. L "intentionally.”,"if","it","is,” “intentionally”,"if","it","is"
polog "apologies.” "apologies.” "apologies’
Word E i i R ing Stop Words
"0001....","0000...." "file","bug”. filing”,"bug”,
"0010....","0001..","0011...", "because”,"really”,"donot" "because”,"re
"0001....","1000....","0001....", "think”,"error”,"throw", “think","error”,"t
"0100....","0000....", “intentional”,"if", "intentionally |
"0000...." "apology” "apologies”

Fig. 1. Steps of data pre-processing for sentiment analysis

3) Removing punctuation.

It helps us optimise text so that the processing algorithm works more efficiently because
punctuation does not add more value to sentiment data. We have removed punctuation
from the text using a punctuation variable from the string in python [8].

4) Removing Stop Words.

Stop words are words that do not contribute to sentiment analysis. These stop words are
a set of commonly used words that carry very little information. Stop words such as: I,
am, the, etc. We have used nltk.corpus2 library to remove stop words from text [8].

5) Stemming.

Itis a process of gaining the root word of a word by removing affixes and suffixes. Some
examples of stemming are like for word ‘confirmed’ the stemmed word is ‘confirm’. We
have used WordNetLemmatizer from nltk.stem? library to perform word-stemming [8].

6) Word Embedding.

It represents words in the form of a vector that encodes the value of the word. Word2Vec
[9] for Word Embedding allows us to represent each word in unique vectors and represent
the relationship between them. We have used Word Embedding for Machine Learning
Algorithms such as SVM, CNN and LSTM.

3.3 Tool Selection

After pre-processing data and making it fit our sentiment analysis algorithm, we use
different classifiers and algorithms to classify our text into sentiments [10—12]. We used
different Sentiment Analysis Algorithms.

1) Natural Language Toolkit (NLTK).

The central concept behind NLP is that we must analyse the dataset by accepting the
dataset and reading the data. We read the data and compare it with the dictionary of

2 https://www.nltk.org/api/nltk.corpus.html.
3 https://www.nltk.org/api/nltk.stem.html.


https://www.nltk.org/api/nltk.corpus.html
https://www.nltk.org/api/nltk.stem.html

Comparative Evaluation on Sentiment Analysis Algorithms 123

words to check whether the word is already defined in the dictionary or not. NLP has
two main approaches [13].

e Rule-Based Approach—We use a supervised learning algorithm based on a dictionary
of words and rules.

e Machine Learning-Based Approach—We use unsupervised data. In this, we use
training data as trained data to generate our model.

We are using a Rule-based approach for sentiment analysis. We are using Sentiment
Intensity Analyser of nltk.sentiment.vader* library. The sentiment IntensityAnalyzer
assigns a sentiment score to each token which determines the polarity of the word. Then
we take the overall sum of each tweet; if the sum is positive, it is assigned as a positive
tweet, but if the sum is zero, then the tweet is assigned as a neutral tweet, or else it is
assigned as a negative tweet. The process of sentiment analysis is given in Fig. 2.

Tokenized Words

SentimentintensityAnalyzer

polarity_scores()

False
True

score[neg’] score[neg’] False
> <

l score['pos’] score['pos’]

“Negative” "Neutral”

"Positive”

Fig. 2. Process of Natural Language ToolKit (NLTK)

2) Decision Tree.

It is a classifier model in a tree where each node represents a feature, and every child
node represents an outcome. It uses labels to form a decision tree. The data division is
done until the leaf node contains specific minimum numbers of recursion records used
for classification [14]. We use categorical variable decision trees as sentiment is divided
into three classes positive, neutral and negative. First features are extracted from the text,
which acts as nodes in a decision tree. Then the data is fed to a DecisionTreeClassifier
from sklearn® library, which gives us the polarity of the text. The process is given in
Fig. 3.

3) Random Forest.

4 https://www.nltk.org/api/nltk.sentiment.html.
5 https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html.
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Embedded Text Extracting DecisionTreeClassifier
Features

Fig. 3. Process of decision tree

It is an ensemble technique that can use for classification problems. It is a Bagging
Problem. It includes Bootstrapping and Aggregation. Bootstrapping is selecting random
samples and creating Decision Trees.

Aggregation is the voting of the classifier by checking each Decision Tree and noting
the maximum frequency result [14]. We are creating many different decision trees and
applying a voting classifier to the predictions of all the trees. The process of applying

random forest is given in Fig. 4.
Decision Tree 1
I_I

Fig. 4. Process of random forest

Extracting

Embedded Text—>|  Features Voting —>  Prediction

4) Support Vector Machine.

SVM is a linear classifier that gives non-probabilistic binary values. It is sparse, so it is
ideally suited for text classification. In SVM, for a training set of points, we want to find
a maximum-margin hyper-plane. The equation of hyper-plane is

wlx+b=0 (D

where x, w e R*,b € R
we need to maximise the margin [14]

I
. 1
miny, p & EWTW +) & 2

i=1

Subject to,

yiwlxi+b) > 1=§ 3)

£§>0,i=1,2,3,....,1
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Here [ is the number of training point
Our approach has experimented with four different kernels used in SVM [14, 15].
The formula for all these kernels are given below:

e Linear Kernal
K(xi, xj) = xiij “4)
e Polynomial Kernal
K(xi,x) = (% + D9 (5)
e Gaussian Radial Basis Kernal (RBF)
K (xi, ) = exp(—y |l — x11%) (6)
e Sigmoid Kernal
K (x,y) = tanh(ax”y + ¢) @)
We have first extracted all the embedded text features and then applied an svm

classifier from sklearn library. In the classifier, we have used different kernels of SVM
to get more accurate results. The process of applying SVM is given in Fig. 5.

Extractin Support Vector
Embedded Text Fontirs Machine
eatures Classifier
Linear Kernel Polynomial RBF Kernel Sigmoid Kernel
Kernel
Prediction 1 Prediction 2 Prediction 3 Prediction 4

Fig. 5. Process of Support Vector Machine

5) Convolutional Neural Network.

CNN is a Deep Learning algorithm that can take input in the form of matrices and can
differentiate one from another by assigning importance to various factors. To extract
specific features from the data convolutional layers have many filters known as kernels.
As we want to analyse sequential data, we are using temporal convolution. We have
used Keras with Tensorflow to implement the CNN model. From Word Embedding,
we received the vocabulary of the top 90,000 tweets represented by a 200-dimensional
vector. We have trained 2 CNN based models [16-18].
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e 3 Layer Convolutional Neural Network—First Layer is a Dropout Layer with param-
eter 0.4, which drops out 40% of the data from the Word Embedding Layer. Then we
have used a CNN Layer with 600 filters of kernel size 3 with zero paddings with a
relu activation function. After the Convolutional layer, we have applied a max pool
layer. Similarly, two more CNN Layers with 300 and 150 filters, respectively. Then
we have used Flatten Layer to flatten the vectors. Then we have used a dense layer
with parameter 600, which have a dropout layer with parameter 0.5, which drops out
50% of the output. Then we have used a dense layer with a sigmoid activation function
to get the model’s output. The process of the 3-Layer Convolutional model is shown
in Fig. 6.

e 4 Layer Convolutional Neural Network—First Layer is a Dropout Layer with param-
eter 0.4, which drops out 40% of the data from the Word Embedding Layer. Then we
have used a CNN Layer with 600 filters of kernel size 3 with zero paddings with a relu
activation function. After the Convolutional layer, we have applied a max pool layer.
Similarly, three more CNN Layers with 300, 150 and 75 filters, respectively. Then we
have used Flatten Layer to flatten the vectors. Then we have used a dense layer with
parameter 600, which have a dropout layer with parameter 0.5, which drops out 50%
of the output. Then we have used a dense layer with a sigmoid activation function to
get the model’s output. The process of the 4-Layer Convolution model is shown in
Fig. 7.

Kernel Size 3
No Padding

! 1
Embedded 1 i 1 ‘
Text
A D“(’)P:“t Convolutional Convolutional
Max Length 40 § onvolutional onvolutional
Layer Layer

(600 Filters) (300 Filters)

]

Kernel Size 3
No Padding

Max Pool

Kernel Size 3
No Padding Max Pool

Max Pool —

{

Output | Dropout Dense

) 05 [ (eoo) | Flatten

Convolutional
Layer
(150 Filters)

Fig. 6. Process of Convolution 3 Layer Model

6) Long Short Term Memory (LSTM).

LSTM is based on RNN architecture used in the deep learning field, and it has feedback
connections. It can also process an entire sequence of data points. The core concept of
LSTM’s is the cell states and their various gates. Information is passed through various
gates, which are composed of point-wise multiplication operation and sigmoid layer.
The gates can learn what information to keep and forget during training [19-21].
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Kernel Size 3 Kernel Size 3
Max Pool No Padding Max Pool No Padding
1

Embedded
Text

Dropout
04

200)
Max Length 40

Convolutional
Layer
(150 Filters)

Convolutional
Layer
(300 Filters)

Kernel Size 3 yax pool Kernel Size 3
No Padding No Padding
—_—
Output Dropout Dense e |

o o5 Flatten

(600) ‘ Convolutional

Convolutional
Layer
(600 Filters)

Layer
= (150 Filters)

Fig. 7. Process of Convolution 4 Layer Model

We have used Keras with Tensorflow to implement the LSTM model. From Word
Embedding, we received the vocabulary of the top 90,000 tweets represented to be a
200-dimensional vector. First Layer is a Dropout Layer with parameter 0.4, which drops
out 40% of the data from the Word Embedding Layer. Then we have used an LSTM
layer with parameter 128 with relu activation function. Then we have used Flatten Layer
to flatten the vectors. Then we have used a dense layer with parameter 600, which have
a dropout layer with parameter 0.5, which drops out 50% of the output. Then we have
used a dense layer with a sigmoid activation function to get the model’s output. The
process of the LSTM model is shown in Fig. 8. At the same time, essential components
of the LSTM network model are given in Fig. 9.

Embedded
Text
( 200)
Max Length 40

Dropout Output
0.5 (1)

Dropout
0.4

Fig. 8. Process of LSTM Model

Sigmoid—It is the activation function that gives values ranging from O to

Forget gate—It decides whether to keep the information or forget the formation based
on the output of a sigmoid function.

Input gate—It is used to update cell state. It generates values between 0 and 1 and
provides the importance of data.

Cell State—we can calculate cell state by multiplying cell state by forgetting vector.
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Input

Output

Fig. 9. An essential component of the LSTM Model

e Output gate—It determines the next hidden state for prediction.

7) Ensemble Technique.

In the quest to improve accuracy, we have developed a simple ensemble model. We
have developed several models and used those models with a Majority vote Ensemble to
get the result favoured by most models. We have developed three models for ensemble
techniques. They are as follows [22].

e LSTM
e 3-Layer Convolutional Neural Network
e 4-Layer Convolutional Neural Network

we have used a majority vote ensemble to get the final sentimental score. In the
Majority vote, we can choose the option coming from a maximum number of models.
For example, if we have 3 model ensemble techniques in which two models are giving
True, and one model is giving False. So we choose True as a majority of the models are
giving True as an answer. The ensemble model is given in Fig. 10.

LST™M Predictions
3 Convolution Neural . Majority
Network Predictions Vote —> Output
4 Convolution Neural Predictions
Network

Fig. 10. Process of ensemble model

4 Result Analysis and Discussion

The dataset’s data contains some emoticons, URLS, user mentions, symbols, and hash-
tags, so we need to pre-process the data before using sentiment analysis algorithms. We
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have implemented several machine learning and deep learning algorithms. Our dataset
contains 800,000 negative and 800,000 positive tweets in text format. So for machine
learning algorithms, we have converted them in suitable format by using Word2Vec as
a Word Embedding Technique [5]. Figure 11, shows a comparison of different machine
learning algorithms for sentiment analysis. From Fig. 11, one can be observed that NLTK
has a minimum accuracy of 61.2%, whereas the ensemble model has the highest accuracy
of 83.88%. Also, in SVM, RBF Kernel has the most accuracy among all the Kernels, as
shown in Fig. 11.

Accuracy

55

N

e

> » & R
& &
&9 & <
Diffrent Machine Learning Kernel used in Sentiment Analysis

Fig. 11. Comparison of sentiment analysis algorithms

5 Conclusions and Future Work

The Research deals with the different sentiment analysis algorithms we can use and
compare their results to get the most accurate results. From our results, we can say that
Recurrent Neural Networks like LSTM works best for text classification. We have also
created an ensemble model that gives the best results using the majority vote ensemble
on three models. For our future work, we can extend the application of our sentiment
analysis algorithms. For example, we can use sentiment analysis algorithms to gain
knowledge about reviews from Twitter.

For future work, we can extend the application of our sentiment analysis algorithms,
for example, sentiment analysis algorithms, to gain knowledge about reviews from Twit-
ter. We can also use it for research purposes like developing a project that can get any
topic from twitter and review the topic. For example, in COVID-19, we can gain knowl-
edge about the world’s sentiment by analysing tweets. We can also implement Sentiment
Analysis algorithms so that they can work with different languages.
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