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1  Introduction

Sentiment analysis is categorized under text analysis for studying feelings and opin-
ions of people on particular topics. Other points of view have to be considered while 
making a decision by people, and that contributes towards becoming an imperative 
procedure for organisations [1]. This method is beneficial for not only people but 
also for organisations who are keen in understanding the view of other persons. 
Commonly, to know about people’s opinions, we require various ways including 
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surveys or questionnaires or simply ask friends and family members [2]. Generally, 
aforementioned means are applied if organisations require feedback for services or 
products. Nevertheless, unpredictable advancement in number of websites and 
mobile applications result in exponential growth of sustainable content [3]. In recent 
times, it has become easy for people to share their opinions related to anything on 
blogs as well as social media.

Sentiment analysis is also considered as a way of collecting viewpoints for dis-
covering subjective text as well as extracting valuable information from particular 
textual data [2]. Text could be categorised into three categories: as negative or neu-
tral double, positive however, sometimes be neutral. Technology and methods are 
ways of getting reference information [4]. Statistical models could be used to com-
bine huge amount of textual data, which further supplies the information in support-
ing organizational decisions. The important mining tool is emotional analysis to 
offer aid to solve the problems and challenges such as web data analysis and collec-
tion of data systematically without any disruption. Further, this data can be disinte-
grated and distributed for interpretation and analysis [5]. Moreover, specific 
emotional tone can be achieved using Natural language processing (NLP) using 
different features such as operator, unit allocation and part explanation [3]. To 
implement this, there is need to do initial handiwork for law writing, which will help 
to attain required accuracy in terms of conceptual context [6].

1.1  Motivation and Our Contributions

There are many companies and individual researchers trying to achieve the best 
results and produce state-of-art models for sentiment/emotional analysis [7]. 
However, many of the researchers do not compare different types of machine learn-
ing algorithms [8] to find a suitable algorithm for a specific problem of sentiment 
analysis of tweets. There is a need to consider and compare different types of 
machine learning models and choose the best for a particular task as sentiment 
analysis is a wide topic [9].

The main contributions of this research work are:

 1. In this chapter, the two machine learning algorithms are compared to evaluate 
their performance based on F-1 score.

 2. This work has conducted machine-learning-based experimentation and identi-
fied the best algorithm for sentiment analysis of tweets.

 3. In experimentation, this work presented the data tokenization and stemming pro-
cess, conducted token stitching, shows positive and negative hashtags, applied 
feature engineering, and shows the word frequency tables, and applies regres-
sion model classification over tweets.

 4. Implementation and integration of Term Frequency-Inverse Document Frequency 
(TF-IDF) increases the F1-score which in turn increases the accuracy from 
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51.41% (with Decision Tree model) to 54.98%. To further increase the accuracy 
score, logistic model is used which shows accuracy of 57.72%.

 5. Further experimentation is performed to integrate logistic model with TF-IDF 
and this increased the accuracy to 58.62%. Thus, a comparative analysis of 
 different models in hash tag analysis is performed that identified the best 
approach in terms of F1-score.

1.2  Chapter Structure

The rest of the chapter is structured as follows: Section 2 presents the impact of 
social media. Section 3 presents the related work. Section 4 presents the model 
design. Section 5 describes the implementation and validation of experimental 
results. Section 6 presents conclusions. Section 7 presents the future work.

2  Impact of Social Media

The best growing region of Natural Language Processing (NLP) research is the 
sentiment analysis which is performed effortlessly with the usage of Python. The 
significance of social media, Twitter, microblogs, blogs, forums and emotional anal-
ysis has been increased by the growth of social media platforms that include web 
critique, which has skyrocketed the demand [10]. The accurate investigation of 
large amount of self-assertive data can help to make effective decisions for business 
[11]. Further, Artificial Neural Networks (ANN) can be used to perform real-time 
emotion classification [4]. To perform social media analytics, Twitter is one of the 
important platforms to collect data from famous celebrities, politicians and people; 
Twitter helps to create 15 billion API calls and 3 billion tweets everyday [12]. On 
the basis of many materials, Twitter has a good supply and demand [13]. Further, a 
number of applications are increasingly related to Twitter, which helps to increase 
the data collection. Further, this collected data can be used for surveillance systems 
for future predictions about natural disasters.

3  Related Work

In the literature, various emotional search engines are developed, which use classi-
cal queries to find results on any topic [14]. The main use of these engines is to find 
out the polarity of text documents and classify the retrieved data in three different 
classes such as neutral, negative or positive. Further, inappropriate languages or 
nuances can be searched using monitor online forums-based programs [15]. 
Moreover, other works such as Yue et al. [15] inspected the character of emotions in 
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online communication, which can be helpful to study the emergence and perspec-
tives of psychology [16]. The use of Naive Bayesian Classification (NBC)-based 
guided learning models (Andy Bromberg) can increase the training speed for future 
search [17]. NBC is domain-specific, which can be used on trained domain for data 
distribution, and it achieves classification accuracy less than 70% [18]. Furthermore, 
Yoo et al. [3] also verified whether the emotional vocabulary is used to find out the 
tweets which contain negative or positive words. Islam and Zibran [19] used 
SentiStrength algorithm to develop a database to allocate definite text at double 
polarity (negative or positive), and SentiStrength marked 298 positive and 465 nega-
tive terms. Palominoe et al. [11] identified that SentiStrength produces better results 
as compares to machine learning-based MySpace model in terms of classification of 
negative emotions. Pagolu et al. [20] proposed a new algorithm for the support of 
SentiStrength which increases the search of emotional words from 693 to 2310. 
Nguyen and Shirai [2] compared various machine learning algorithms for tweet 
data and found that Logistic Regression is better than SentiStrength. Ceron et al. 
[21] studied the minds of Twitter users and their actions based on hierarchical party 
ranking technique. Further, these studies have classified the Twitter data in three 
categories such as positive, negative or neutral [22–24].

Shaukat et al. [5] have conducted opinion mining from movie reviews, and it has 
been observed that the use of neural network on the “movie review database” has 
shown long lists of positive and negative words. These lists can be used to rate the 
likeness of movies. The proposed system has managed to achieve a very high accu-
racy (91%), which is found to be a remarkable performance in this area. Additionally, 
the proposed system has performed quantitative and qualitative insights on different 
facets of movie parameters. In consideration of these parameters, the proposed sys-
tem is able to find the negative connotations in positive words. Mathapati et al. [7] 
has proposed a semi-supervised domain adaptive dual sentiment analysis. This is a 
trained classifier with labelled data. It has been observed that the accuracy of results 
can be improved with long-term dependency analysis between the words. Further, a 
collaborative deep learning approach has been integrated for dual sentimental anal-
ysis which in turn is used for sequence prediction and classification of reviews. The 
use of long short-term memory recurrent neural network has resulted in the reduc-
tion of training time and improved the proposed system results. Haselmayer et al. 
[8] proposed a procedure for fine-grained sentiment score-based analysis. Here, 
negative and positive sentiment dictionary analysis is performed with resource- 
intensive hand coding. The experimental results analysis shows that the proposed 
crowd-based dictionary provides efficient and valid performance measurements. 
This illustrates the use of tonality of party statements and presents the media reports. 
The negative sentiment dictionary procedure includes sampling sentences, senti-
ment strength analysis, tonality score measurements, and discriminating the impor-
tant and unimportant words. Eldefrawi et  al. [9] proposed sentiment analysis of 
Arabic opinions and performed comparative analysis. This work has proposed sen-
timent analysis techniques with three elements. These elements include the type of 
comparative keywords, opinion feature analysis, and entity’s position. Here, the 
proposed technique has considered the limits of human interference to preparing the 
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lexicons, and collecting and categorizing comparative keywords. This work has 
considered the elements and techniques that do not consider features as well. Results 
have shown 96.5% F-measure for correctly identified sentiment analysis. Thus, the 
proposed sentiment-based technique is useful in finding negative and positive 
opinions.

3.1  Critical Analysis

Table 1 shows the comparison of proposed work with existing works [25, 26]. All 
the research work have presented sentiment analysis of Twitter data using a single 
prepossessing step and machine learning technique [25, 26]. There is a need to com-
pare different types of machine learning algorithms to achieve optimal result [12]. 
As every technique has its own advantages and disadvantages, our proposed work 
addresses these issues by applying different data pre-processing steps and using dif-
ferent machine learning approaches to sentiment analysis.

4  Design and Methodology

This section explains the design and methodology followed in experimentation. 
Attitude analysis is the next step after getting access to huge number of sources of 
data [23]. In this work, we consider only words which are written in English lan-
guage only. Natural Language Toolkit (NLTK) is used in this work to develop 
Python programs to play with human data, and it helps to interpret the emotional 
data. Further, we used two machine learning methods (Linear Regression and 
Decision Trees) for performance comparison to find out the best technique for the 
classification of unknown emotions, and the probabilities of negative and positive 
tweets are distributed [24].

Figure 1 describes the steps for process followed for sentiment analysis. In the 
proposed steps, machine learning approach is applied where data is passed through 
pre-processing stages including tokenisation, and stemming which in turn make the 
data ready to apply multiple machine learning approach with and without use of 
TF-IDF.  Thereafter, the results are compared to identify the best approach and 

Table 1 Comparative feature analysis of proposed work with state of the art

Work

Model description Performance parameter
Data pre-processing steps Machine learning algorithms

F-1 scoreTokenisation Stemming Logistic Regression
Decision
Trees

[25] ✓ ✓
[26] ✓
This work ✓ ✓ ✓ ✓ ✓
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extend it with tweets analysis. The detailed steps involved in the proposed work are 
explained as follows:

4.1  Dataset

The dataset used in this experiment is available at Kaggle [27]. The training set 
consists of sample tweets which are associated with labels. Label “0” denotes the 
tweet is not racist/sexist and label “1” denotes the tweet is racist/sexist. More details 
about dataset is presented in Sect. 5.2.

Fig. 1 Flow diagram of proposed method applied in regression-based sentiment analysis
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4.2  Feature Extraction Techniques

This subsection explains briefly the feature extraction and machine learning tech-
niques applied in tweets analysis and statistics generation of this work.

4.2.1  Bag of Words

Text data can also contain sentiments with inherent feeling or emotions. Bag of 
Words (BoW) was introduced to recognise the consequence of polarization on dis-
tinct words. This will help to check vocabulary and create measures for the exis-
tence of entered text in these words. BoW analyses the connection between the 
attributes and relates the tags within the text data, but local context or simulation is 
not considered in BoW. Basically, it removes all the words existing in the exercise 
set but our proposed work does not remove stop words before exercise. Further, it 
can remove the words used frequently if the entry is missing regularly. Furthermore, 
it also considers the entry of those words which occur rarely. The occurrence of 
words is called word frequency, and rare occurrence of words is called conver-
sion rate.

4.2.2  TF-IDF

Term Frequency and Inverse Document Frequency (TF-IDF) is defined as the esti-
mation metric to evaluate the meaning of words for documents or collections statis-
tically. Due to the increase in number of items of the word within the document, it 
increases the importance, but it is augmented by the occurrence of the word that 
exists in the text. The formula for TF (Term Frequency) is given in Eq. 1.

 
TF =

( )Number of timesaword term appears ina document

Total number of wwords in thedocument  
(1)

The formula for IDF (Inverse Document Frequency) is given in Eq. 2.

 
IDF =









log

.

.

TotalNo of documents

No of documentswithword in it  
(2)

4.3  Machine Learning Models

This section explains the machine learning approaches that are applied in experi-
mentation for comparative analysis [12].
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4.3.1  Logistic Regression

This is supervised machine learning model and used to solve problems of binary 
classification. Further, this model helps to forecast the chances of instance related to 
specific class. Moreover, reviews can be negative or positive, and then this model 
could be represented as occurrence of positive words.

4.3.2  Decision Tree

It is a tree like machine learning model to perform both classification and regres-
sion. In tree-like mode, there are two main entities named as nodes and leaves. 
Leaves are the places where decisions are made or final outcomes are measured. On 
the other hand, nodes are places where logical split is made to continue with experi-
mentation and concrete result’s observations.

4.4  Performance Evaluation Metric

The proposed implementation uses F1-score in statistics analysis. F1-score is a har-
monic mean of Precision and Recall, shown in Eq. 3 below.

 
F Score

Precision Recall

Precision Recall
1 2= ∗

∗
+  

(3)

5  Performance Evaluation

This section discusses experimental setup, implementation details and experimental 
results. More details are presented as follows.

5.1  Configuration Settings

To implement the sentimental analysis, Python version 3.8.5 is used, and experi-
ments are conducted on a system with an Intel®Core™i9-9880HProcessor (16M 
Cache, 2.3 GHz), 16 GB RAM and 512 GB of SSD running on Mac OS.
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5.2  Dataset Overview

The process starts by reading and making a backup copy of the train.csv (training 
dataset) and test.csv (test dataset) files. An overview of these files is in Figs. 2 and 
3. Figure 2 shows that the parameters considered in training dataset include pro-
cesses identification, label, tweet details and associated processes identification. 
The training dataset includes 31,962 entities. As training dataset has three attributes 
id, label and tweet, the label gives us the information whether the tweet is positive 
or negative. As shown in Fig. 2, if the label is “1” it indicates that the corresponding 
tweet is of negative sentiment and if the label shows “0” the tweet is of positive 
sentiment.

Figure 3 shows test dataset. This dataset has two attributes id and tweets. The 
dataset is unlabelled because as we use this dataset for the final model. The total 
number of records in this dataset is 17,197. As it can be clearly seen, the entities in 
this dataset are totally different, and it does not contain any tokenization in its raw 
state. The tokenization and other processing techniques are performed in pre- 
processing stages.

5.3  Data Pre-Processing

To prepare dataset for training on the machine learning model, both train and test 
datasets should be combined. This is done using a function called “dataframe.
append” from “pandaspackage”. Figure 4 shows the combined results of train and 
test datasets. In combined results, tweets are combined as well. The test dataset does 
not contain the label column, and hence the new cells in label column are assigned 
a “NaN” value as shown in Fig. 4.

Fig. 2 An overview of training dataset 
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The next step in data pre-processing includes removing twitter handles “@User” 
shown in Fig. 5 as this does not contribute anything that helps the model to improve 
the accuracy of classification.

The third step includes removal of all the numbers, special characters and punc-
tuation, a sample of dataset after removing all these can be seen in Fig. 6. Like the 
twitter handles these also do not contribute the model performance.

The next step is removal of short words. This process is critical as the length of 
the words to remove affects our model performance. In this experiment, the length 

Fig. 3 An overview of test dataset

Fig. 4 An overview of combined train and test datasets

L. K. R. Vanga et al.



283

of stop words is 3. This length is randomly selected. The experimentation is easy to 
be modified with other length parameters. Figure 7 shows the sample dataset after 
all the three-letter words are removed.

Figure 8 describes the last step of data pre-processing: tokenisation and stem-
ming. Tokenisation helps to convert the tweets into individual tokens for the next 
step stemming. NLTK package is used for stemming which helps to remove the 
suffixes for words, that is, all the “ing”, “ly”, “es”, “s”. Now, the refined data is 
almost ready for further experimentation, as can be easily understood from Fig. 8.

Finally, the tokens are put back together for training our model as shown in Fig. 9.

Fig. 5 Dataset after removing twitter handles

Fig. 6 Dataset after removing all numbers, special characters and punctuation
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5.4  Data Visualisation

This is one of the most important steps in machine learning projects as it helps us to 
get an idea about the dataset. In this experiment, a visualisation technique called 
WordCloud is used to visualise the most frequent words proportional to the size, as 
shown in Fig. 10 and Fig. 11. The importance of this experimentation is to clearly 
reflect the importance of words. Larger the size of words means more frequently it 
occurs in the dataset. Thus, the importance of those words increases accordingly.

All the hashtags are extracted from the tweets. These include hashtags from posi-
tive tweets and negative tweets. Further, these hashtags are represented in a fre-
quency scale. This helps to visualise how many numbers of times a hashtag is used. 

Fig. 7 Dataset after removing all the stop words

Fig. 8 Dataset after tokenisation and stemming
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Figures 12 and 13 show the 17 most used hash tags for both positive and nega-
tive tweets.

5.5  Feature Engineering

This subsection explains more feature-based analysis of results. More details are 
presented as follows.

Fig. 9 Dataset after putting stitching the tokens

Fig. 10 Visual representation of words with label “0” 
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Fig. 11 Visual representation of words with label “1”

Fig. 12 17 Most used 
positive hashtags 
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5.5.1  Bag of Words

As the name says “bag of words”, a large set of words are analysed in this experi-
mentation that lies in one package. With the help of these features, this work has 
created a frequency table of all the words as shown in Fig. 14. Figure 14 shows that 
there are 49,159 rows in the table, and frequency table has 49,158 entities repre-
sented with identification numbers. The column values corresponding to entities 
represent frequencies.

5.5.2  TF-IDF

The next process applies TF-IDF. With the help of this feature on the dataset, this 
work obtained the TF-IDF table of the whole dataset, as shown in Fig. 15.

Fig. 13 17 most used 
negative hashtags 
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6  Experimental Results and Performance Comparison

In first experimentation, this work has used Logistic Regression model. First, Bag- 
of- Words feature is applied and probability of the tweet being positive or negative is 
calculated. Then, resulting value is converted into F1-score. F1-score of logistic 
model using Bag-of-Words feature is 0.572135. This means the model can predict 
with an accuracy of 57.72%.

Next, the same logistic model is trained with TF-IDF feature.
This gave an F1-score of 0.586206. This model has an accuracy of 58.62%.Now, 

Decision Tree is used for second model. Like Logistic Regression this work used 
Bag-of-Words and TF-IDF for this model. It gave a score of 0.514177 and 0.549882, 
respectively; this means Decision Tree model that has used Bag-of-Words feature 

Fig. 14 Frequency table of all the words in the dataset

Fig. 15 TF-IDF table for the dataset
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predicts with 51.41% accuracy and the one that used TF-IDF predicts with 54.98% 
accuracy.

We comparing both Logistic Regression and Decision Trees models with their 
F1-scores. Table 2 shows the F1-scores of the both models with Bag-of-Words as 
feature. Results shows that Logistic Regression approach is having better F1-score 
compared to Decision Tree.

Table 3 shows the F1-scores of both models with TF-IDF as feature. According 
to this comparative analysis, Logistic Regression approach is better than Decision 
Tree approach for a given set of data.

After comparative analysis of outputs of the models (taken in experimentation), 
it has been decided to continue further experimentation with the use of Logistic 
Regression model with TF-IDF as feature on the test dataset, as shown in Fig. 16.

After analysing the results shown in Fig. 16, tweet predictions followed by label-
ling can be easily observed. For example, Id corresponds to a particular tweet and 
label “0” tells us if the tweet is positive and label “1” denotes negative tweet.

7  Conclusions

This work compared two machine learning techniques for sentiment analysis of 
tweets. The main aim is to analyse large amount of pre-labelled twitter dataset using 
different data pre-processing steps, features extraction techniques and machine 
learning algorithms to help predict the sentiment behind the tweets. Logistic 
Regression model that was subjected to TF-IDF feature gave an accuracy rate of 
58.62% over Decision Tree which gave an accuracy of 54.98%. Therefore, this 
model is considered to classify the tweets.

7.1  Future Directions

Apart from the models discussed, it has been observed that there are many other 
machine learning models that can be used for sentiment/emotional analysis. These 
models go beyond positive-negative classification.

Our future challenge includes exploration of different machine learning models 
to predict discrete emotion like happiness, sadness etc. the proposed work can be 
compared with similar machine learning models such as Support Vector Machine 
(SVM), K-Nearest Neighbours (KNN), Naive Bayes, Random Forest and Ensemble 

Table 2 F1-scores of models using Bag-of-Words as feature

Performance
parameter

Machine Learning Model
Logistic Regression Decision Trees

F1-score 0.572135 0.514178
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Voting, and Bidirectional Encoder Representations from Transformers (BERT) 
model and graph machine learning model using different performance parameters 
such as Precision and Recall, Specificity and Sensitivity.

Further, data collected using various sensors in IoT network is found to be help-
ful because this will meet the requirements of futuristic applications. Thus, senti-
mental analysis in IoT application needs to be explored in future [12]. There is a 
possibility of implementing sentiment analysis using deep learning strategy and 
natural language processing. Such strategies can be integrated with distributed 
ensemble models in Edge and Fog computing environments [12]. Furthermore, such 
algorithms can also be used to do real-time large-scale mental health analysis which 
is crucial for keeping population in check in extreme circumstances like in 
COVID-19 pandemic [28, 29].
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