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ABSTRACT
Background: Twitter, Facebook, WordPress, etc. act as the major sources of information exchange in
today's world. The tweets on Twitter are mainly based on the public opinion on a product, event or topic
and thus contains large volumes of unprocessed data. Synthesis and Analysis of this data is very
important and difficult due to the size of the dataset. Sentiment analysis is chosen as the apt method to
analyse this data as this method does not go through all the tweets but rather relates to the sentiments of
these tweets in terms of positive, negative and neutral opinions. Sentiment Analysis is normally
performed in 3 ways namely Machine learning-based approach, Sentiment lexicon-based approach, and
Hybrid approach. The Machine learning based approach uses machine learning algorithms and deep
learning algorithms for analysing the data, whereas the sentiment lexicon-based approach uses lexicons
in analysing the data and they contain vocabulary of positive and negative words. The Hybrid approach
uses a combination of both Machine learning and sentiment lexicon approach for classification.
Objectives: The primary objectives of this research are: To identify the algorithms and metrics for
evaluating the performance of Machine Learning Classifiers. To compare the metrics from the identified
algorithms depending on the size of the dataset that affects the performance of the best-suited algorithm
for sentiment analysis.
Method: The method chosen to address the research questions is Experiment. Through which the
identified algorithms are evaluated with the selected metrics.
Results: The identified machine learning algorithms are Naïve Bayes, Random Forest, XGBoost and
the deep learning algorithm is CNN-LSTM. The algorithms are evaluated with respect to the metrics
namely precision, accuracy, F1 score, recall and compared. CNN-LSTM model is best suited for
sentiment analysis on twitter data with respect to the selected size of the dataset.
Conclusion: Through the analysis of results, the aim of this research is achieved in identifying the bestsuited algorithm for sentiment analysis on twitter data with respect to the selected dataset. CNN-LSTM
model results in having the highest accuracy of 88% among the selected algorithms for the sentiment
analysis of Twitter data with respect to the selected dataset.
Keywords: Machine Learning, Sentiment Analysis, Twitter data, Deep Learning, Naïve Bayes, Twitter
Sentiment Analysis
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INTRODUCTION
In today’s world microblogging sites such as Twitter, Facebook, Tumblr, etc. are not the
only sources of social relationships but also act as a valuable source of information. Among
these social blogs, Twitter is the most popular site for millions of users to exchange tweets and
interact daily [1]. Tweets determine the public opinion/sentiment on a product, topic, event,
governmental issues, etc. Monitoring and analyzing these tweets give valuable feedback to
individuals users, private and public sectors [1]. Due to the large size of this data, sentiment
analysis is chosen as a technique to analyze this data due to the ease in determining the usergenerated opinions without going through millions of tweets manually [2]. Sentiment Analysis
is one of the Natural Language Processing techniques which determines whether a piece of
writing is positive, negative or neutral. The sentiment is commonly used to discover how people
feel about a topic [3]. It also helps in deriving the opinion or attitude of a person and hence is
also known as opinion mining.
Sentiment Analysis is carried out in three ways, Machine learning-based approach,
Sentiment lexicon-based approach, and the Hybrid approach. Categorizing a tweet into either a
positive or a negative sentence is a natural process for human, but this manual procedure is not
enough to deal with huge amounts of data over the web. To overcome these issue machine
learning approaches are developed. Machine learning based approach (ML) uses machine
learning classifiers in classifying the data. In Sentiment lexicon-based approach
lexicons(dictionary) are used in analyzing the data and they contain vocabulary of positive and
negative words; this approach defines the polarity of the text document or text sentence. If the
text contains more positive words, it is given a positive score and if the text contains more
negative words a negative score is given. Lexicon based approach faces slight difficulties in the
sentimental analysis as in this case the approach depends upon the size of lexicon. Increase in
the size of the lexicon increases the complexity of analysis. The hybrid approach uses both
Machine learning and sentiment lexicon approach for classification [4].
In the case of Twitter, the most common tweet size is of 140 characters length, which
ranges from 13 to 15 words on an average [4]. These tweets contain misspellings, informal
language, different slang's, opinion about an entity and symbolic words that lead to numerous
challenges in processing and analyzing the data [5].
The web holds a voluminous amount of information therefore there emerges a dire need
by the organizations to analyze the available content. Most new companies have gone online,
making it easier for readers to convey their sentiments. This information is not only vital for the
companies but also to others which may include governmental issues, politicians and even
advertising companies. Considering the essence of sentiment analysis, it is, therefore, crucial to
find ways to automatically classify the user’s opinions. Most work on sentiment analysis
majorly focused on building an efficient machine learning model.

1.1

Research Problem
Initially, from the existing literature, we identified that there are various studies related
to sentimental analysis on twitter data set, and out of which Naive Bayes and Random Forest
are the popular algorithms in predicting the sentiment. Nowadays XGBoost and CNN-LSTM
are trending algorithms in machine learning; these algorithms are mainly helping in giving better
results using fewer computing resources in short iterations. In this search, it is identified that
there is no relevant study on predicting sentiment on twitter dataset using XGBoost and CNNLSTM. So, the performance of XG Boost and CNN-LSTM is evaluated with the suitable metrics
for the selected dataset and compared with Naive Bayes, Random Forest in order to find the

1

best-fit algorithm for sentiment analysis of Twitter data. The results of this research help in
improving the prediction performance, reducing the time complexity in predicting the data, and
improves computational complexity and explainability. This research is useful for organizations
to review the product with better prediction performance.

1.2

Aim and Objectives
The main aim of this research is to evaluate the performance of the machine learning
algorithms like Naïve Bayes, Random Forest, XGBoost and deep learning algorithm like CNNLSTM model on Twitter datasets depending on the size of the datasets.
Objectives:
• To identify the algorithms and metrics for evaluating the performance of Machine
Learning Classifiers.
• To compare the metrics obtained from different machine learning algorithms depending
on the size of datasets.
• To identify which algorithm is better suited for sentiment analysis.
An experiment is conducted to achieve the objectives of the study, for the identified algorithms
the performance metrics are evaluated, the comparison of metrics is done for the different
algorithms. From the results obtained, the best fit classification algorithm is identified for the
sentiment analysis of Twitter data.

1.3

Research Questions
Research Questions (RQ’s)
RQ1) What are the machine learning
algorithms used in analysing the
performance of sentiment analysis on
Twitter data?
RQ2) What is the best fit classification
algorithm in conducting the sentiment
analysis on Twitter data?

Motivation
RQ1 provides the algorithms that help in
evaluating the performance of sentiment
analysis on Twitter data.

RQ2 envisions the best-fit algorithm for
the selected dataset in conducting
sentiment analysis on Twitter data by
comparing
the
above-identified
algorithms with the selected metrics.
Table 1.1 Research Questions

1.4

Structure of the thesis
This thesis structure is divided into six different chapters. The first chapter consists of the
introduction to social media mining, scope, and introduction of the system. The second chapter
is all about the related works and background work where various methods to carry out
sentiment analysis is stated. The third chapter consists of methodology, how the experiment is
conducted. The fourth chapter consists of the results of the system implementation. The fifth
chapter is about the discussion of the results obtained from the experiment and answering
research questions. The sixth chapter consists of the conclusion and future scope of the system.
The last chapter includes the references for the work.
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BACKGROUND AND RELATED WORK
The fundamental understanding of subject related to sentiment analysis is explained in
this chapter. The study transitions improved understanding of basic data mining, text mining,
and related concepts. The study provides levels of sentiment analysis along with the approaches
to sentiment analysis. The various techniques that have been used to implement sentiment
analysis in this thesis are explained.

2.1

Data Mining
The evolution in information technology has been acquainted with evolution in data
management. Data has grown beyond the level of databases and data warehouses with the
increase of data on the web. This brings the concept of data mining, which is the extraction of
knowledge from large amounts of data by discovering the patterns in the data. The future trends
and behaviours which allow the businesses to make proactive, knowledge-driven decisions are
predicted using the data mining tools. The prospective analyses offered by data mining is
automated and move beyond the analyses of past events provided by the retrospective tools of
decision support systems. Data mining tools help us to answer the business questions that were
traditionally time-consuming to resolve. Most companies collect and refine massive quantities
of data forehand [6].

2.2

Text Mining
Text mining is a variation from data mining which discovers the unknown information
which is a bit different from regular data mining. Text mining involves the extraction of such
patterns from natural language text [6].

2.3

Introduction to Sentiment Analysis
Sentiment analysis is also known as opinion mining which is a subfield of text mining. It
can be defined as a way of predicting people’s feelings or emotions towards an entity or a
subject. The analysis can be done from different directions, some of them include Natural
Language Processing methods, application of lexicons with annotated word polarities, along
with some machine learning-based approaches [7]. The proliferation of user-generated content
on the web had probably resulted in active research on sentiment analysis from around the year
2000 [7].
Considering the accessibility of such voluminous information on the web, it becomes
difficult and error-prone for a human to manually analyse the data. Therefore, there is a need
for ways to automatically analyse the content. This can be achieved using sentiment analysis.
Consumers don’t need to ask other people about the quality of a product as the answers are
easily available for them. Sentiment analysis not only finds its applications in product reviews
but also on social media and news articles. The results obtained during the sentiment analysis
are also helpful in market research and in making political/government decisions. In this work,
we will determine the sentiment of Twitter data for this we have taken Apple-iPhone review
tweets as the dataset which we need to predict the sentiment.
Decision-making process of various entities mainly depends on the opinions of the users.
It also improves the quality of service and deliverable enhancement. There are various sources
of data available which include, review sites, blogs, microblogs (Twitter), and other datasets.
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2.3.1

Levels of Sentiment Analysis
Generally, Sentiment analysis is carried in three different levels- document level,
sentence level and feature level (Entity/Aspect level). In the sentiment analysis of Twitter data,
sentence level analysis is done due to the length constraint of the tweet.

2.3.1.1

Document Level sentiment analysis
During sentiment analysis in the Document level, findings are based on sentiments found
in the overall document. The major task would be to find out whether the document bears
positive or negative sentiment. Generally, the basic assumption in document-level sentiment
analysis is that the opinion holder expresses an opinion on only one target at a time. This type
of classification may not be suitable and valid for some data sets. It is not true that we can always
have one opinion target [7].

2.3.1.2

Sentence Level Sentiment Analysis
In Sentence level of the sentiment analysis, each sentence is classified into positive,
negative or neutral class. In this type of analysis, the sentences are assigned a polarity.
Generally, the sentences are assigned as positive or negative while the neutral sentences are
assumed to have no polarity [7].

2.3.1.3

Feature Level
In Feature level of the sentiment analysis, there are possibilities of one sentence
containing sentiments about different entities. For example, let us consider the following
statement, “I like this movie, but the music is bad!” From this statement, it can be noted that the
sentiment on the movie is positive but negative on the music. Movie and music are the two
entities/aspects included in the sentiment. From this case, we can consider that aspect-based
sentiment analysis for finer sentiment analysis [7], [8].

2.4

Approaches to Sentiment Analysis
Lexicon-based approach and machine learning approach are the two main approaches to
sentiment analysis. These two approaches are summarized in [9] as shown in Figure 2.1
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Figure 2.1 Sentiment Analysis Approach

2.4.1

Lexicon-based Approach
This approach utilizes lexicon or dictionaries. In this step semantic orientation or polarity
of words or phrases in the document are used in calculating the orientation for a document
[6][10]. The lexicon-based approach does not require the storage of a large corpus of data, as
required in a machine learning approach. It utilizes lexicon or dictionaries to calculate the
orientation of a document. Semantic Orientation (SO) is the measure of subjectivity and opinion
in the text and it captures polarity and strength of words or phrases [6]. All these words
determine the overall sentiment orientation of the document [11].
Opinion lexicon can either be manually or automatically created. The manual approach
to creating the opinion lexicon can be time-consuming hence there is a need to embed it with
other automatic methods [12]. This describes two categories of manual lexicons - common
lexicon and category specific lexicon. The common lexicon is made up of default sentiment
words which have the same sentiment value, split words, negation and blind negation words.

2.4.1.1

Dictionary-based approach
In the dictionary approach, a small set of words with known orientations are manually
collected and then increased by searching well-known corpora for their synonyms and antonyms
5

[13]. WordNet and thesaurus are examples of well-known corpora. These newly found words
are then added to the initial list until no new words are found. The drawback of this method is
that it is unable to find opinion words with domain and context specific orientations.
2.4.1.2

Corpus-based approach
The Corpus-based approach endeavours in finding the opinion words which have the
context-specific orientations. It depends on syntactic patterns that occur together along with a
seed list of opinion words to find other opinion words in a large corpus. This method was used
in [14], in which they started with a small set of opinion adjectives as a seed list, and then used
them along with a set of linguistic constraints to identify additional adjective opinion words and
their orientations [9]. The corpus-based approach is ineffective compared to a dictionary-based
approach as it is difficult to come up with a large corpus consisting of all English words.

2.4.2

Machine Learning Approach
“Machine learning methods are generally classified under supervised and unsupervised
learning. Unsupervised learning methods do not use training data set for classification while
classification using supervised learning algorithms involves two major phases which are a
training phase and a test phase used for validation” [15].

2.4.2.1

Supervised Learning
Supervised learning requires a well-labelled corpus to train a classifier. There are several
algorithms that can be used in supervised learning. The main challenge with supervised learning
methods is that we need to have well defined labelled data otherwise the training and testing is
difficult to perform. Supervised learning can be classified as two types which are regression and
classification. In regression, the labelled data sets are provided which are trained and with the
solutions available they try to predict and try to improve the model by performing iteratively.
Classification attempts to help us find the appropriate class labels which can be used to predict
the positive, negative and neutral sentiments. In supervised learning, a machine learning model
is developed which uses the labelled data to train and classify the tweets and tries to predict the
sentiments of the tweets. The algorithms present in supervised learning are logical regressions,
neural networks, support vector machines (SVM), decision trees, random forests, and Naïve
Bayes classifiers [16].

2.4.2.2

Unsupervised Learning
Unsupervised methods can either be based on machine learning or lexicon. The
requirement of the labelled corpus is not always required in unsupervised learning. Using this
method, only the input data-set is provided to the machine, the model does not require labelling.
Unsupervised learning can also be described as pattern discovery. An example of unsupervised
learning is clustering. An unsupervised approach to sentiment analysis is generally based on a
Sentiment Lexicon [17], [18]. Text classification has been done using the semantic orientation
approach where various algorithms extract phrases which contain adjectives or adverbs to
estimate a phrase’s semantic orientation. Semantic orientation is then used to classify the
reviews.

2.4.2.3

Semi-Supervised learning
Semi-supervised learning acts as a middle ground between supervised learning and
unsupervised learning models. In semi-supervised learning model, a series of labelled and
unlabelled data is taken, the goal of the semi-supervised learning is to classify some of the
unlabelled data using labelled information set. In predicting the sentiment of Twitter datasets
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there are few challenges like the size of the unlabelled dataset should be bigger than labelled
data, input-output proximity symmetry, relatively simple labelling, the low dimension of the
problem. This model is most prevalent in stock trend and not helpful in sentiment analysis of
datasets [19].

2.4.3

Hybrid Approach
The Hybrid approach includes the machine learning and lexicon-based method which
contains manually written linguistic rules. Classifiers present in this approach are used in a
cascade manner so when one of the classifiers fails the next one classifies, and so on until the
document/text is categorized [20].

2.4.4

Deep Learning
Deep learning is a class of machine learning methods which is based on artificial
intelligence where it uses multiple layers to progressively extract high features [21]. Deep
Learning is an efficient learning method which makes use of neural networks to perform
required tasks. Neural Networks are analogues that represent the functioning of biological
neurons in the human brain. The artificial neural networks consist of three layers: an input layer,
an output layer, and an optional hidden layer.
Neural networks are fully connected graphs which associate each node with an input
value and each edge with a weight, which are initially random values and a bias added which is
always set. The functioning of a neural network is carried out by calculating the weighted sum.
weighted sum = ∑wixi+b ----(1)
The weighted sum is applied as a special function to optimize the output. Such special
functions are called Activation Functions which can be used to make the output non-linear so
that classification is made possible.
Relu is rectified linear unit which is used to obtain only positive values and zeros.
Relu = max(0, x)
The sigmoid function is a special S-shaped curve which limits the values between 0 and 1.
sigmoid = 1/(1+e-x) ----(2)
In deep learning model, the training dataset is the set of examples which are used to train
the neural network. As the solutions to the input are already known, the neural network learns
from these examples so that it could give the expected outputs. The ratio of the number of
correctly classified examples and the total number of examples used as training data gives out
the training accuracy.
In deep learning, the testing dataset is that set of examples which are used to test the
neural network and check how well the neural network learned to classify from the training
dataset. As the solutions to these inputs are already known, the neural network is tested on these
examples to check if it’s giving out the desired predictions while it has been tested on new data
which is different from the training dataset. The ratio of, number of correctly classified examples
and the total number of examples used as testing data gives out the testing accuracy. In
supervised learning, the data feuded to the algorithm include desired solutions call labels. In
unsupervised learning, training data is unlabelled. The deep learning model tries to learn without
any supervision [21].

2.4.4.1

Convolutional neural networks

Convolutional neural networks have been designed to process data through multiple
layers of arrays. CNN is mainly used for pattern recognition. The main difference between the
CNN and other ordinary neural network is that it takes the input in the form of a twodimensional array and perform analysis as it does not perform feature extraction. Local
respective fields, Convolution, Pooling are the three basic ideas of a CNN. Concurrent layers in
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the neural network are connected to the input neurons. The connection of the layers learns the
weight of the hidden neuron with an associated connection with movement from one layer to
another layer. The mapping of these connections from the input layer to the hidden layer is
defined as shared weights. CNN use pooling layers which help in creating layers with neurons
of previous level [21].
2.4.4.2

Long-Short Term Memory

LSTM networks are one of the Recurrent Neural Network architectures that are designed
to remember the history of positive values for a short time span. It consists of three gates which
are input gate to read in the input, output gate to write out the output to the next layers and forget
gate decides which data to be remembered and which data to forget. Several features are given
to fine-grained control over memory using LSTM; these aspects help us to control how the
present input matters for forming the new memory and how the prior memories matter in
designing the new memory along with what parts of the memory are essential is producing the
output [21].

2.5

Sentiment Analysis using Machine Learning Algorithms
A classification is a form of data analysis which can be used to extract models describing
important data classes. Classification provides us with a better understanding of the large data.
“Many classification and prediction methods have been proposed by researchers in machine
learning, pattern recognition, and statistics” [10]. Data classification can be understood as a twostep process in which the first step is the learning phase (or training phase), where a
classification algorithm builds the classifier by learning from a training set made up of database
tuples and their associated class labels. The class label is a discrete value where each value
serves as a class or category. The second step is to use the model for classification where
initially, the predictive accuracy of the classifier is estimated. In order to measure classifier
accuracy, a test set which is made up of test tuples and their associated class labels is used. The
tuples are randomly selected from the general data set and are independent of the training tuples
[10]. Classifier accuracy for a test set is the percentage of test set tuples the at are correctly
classified by the classifier. The associated class label of each test tuple is compared with the
learned classifier’s class prediction for that tuple [10].

2.5.1

Algorithms
There are several algorithms that can be used for text classification. The following
algorithms are selected below which are used for classification.

2.5.1.1

Naïve Bayes

In the paper [22], the author concludes that the Naive Bayes algorithm gives better results
when compared with K-NN based on the experiment results. The experiment is conducted on
movie reviews dataset using two supervised algorithms (NB and K-NN). NB approach
outperforms K-NN giving 80% accuracy. Since the accuracy of Naïve Bayes algorithm is high
in giving better results for movie reviews dataset, it is considered to use in this research to know
whether it performs the same on the selected dataset of Twitter data.
Bayesian classification finds its roots in statistical mathematics; thus, its properties are
mathematically provable [23]. It is based on Bayes theorem of the posterior probability. Text
classification is assigned to a given document d to the class c* = arg maxc P (c|d). To derive the
Naive Bayes (NB) classifier there is a need to first observe by Bayes’ rule [24],
𝑃(𝑐|𝑑) = 𝑃(𝑐)𝑃(𝑑|𝑐) /𝑃(𝑑) ----- (3)
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Where P (d) plays no role in selecting c*. The classifier supplies relative probabilities
along with the class labels, which expresses the confidence of a decision. Considering a training
set and the associated class labels, each tuple is represented by an n-dimensional attribute vector,
the classifier determines that the attribute vector belongs to a class with the highest posterior
probability [10].
There are two different ways Naïve Bayes can be set up, Multinomial model and
Bernoulli model. In the multinomial model, the documents are the classes which are treated in
the estimation as a separate “language”. BernoulliNB (Bernoulli Naïve Bayes) is suitable for
discrete data and it is designed for Boolean/binary features and works with occurrence counts.
2.5.1.2

Random Forest

In the paper [25], the author proposed the Random Forest method, for movie reviews data
set in predicting the sentiment. The model when compared with Support Vector Machine
(SVM), Hybrid SVM, Max Entropy, NB. By comparing the accuracy, the author found that
Random forest is giving a better accuracy of 90% when compared to other algorithms. Since
the accuracy of the Random Forest algorithm is high in giving better results for movie reviews
dataset, it is used in this research to know whether it performs the same on the selected dataset
of Twitter data.
Random forest algorithm is a supervised ensemble learning algorithm. Random forest
tree considers a bunch of weak learners and combines them to work together and form a stronger
classification predictor. In other words, it is a combination of decision trees (weak learners) to
form a random forest (strong predictor). The main goal of the random forest tree is to combine
several base level predictors using a learning algorithm which forms an effective and robust
single predictor. While implementing the random forest tree the forest classifiers are fitted with
two arrays, one with training data and the other with the target values of the testing data.
2.5.1.3

XGBoost (extreme Gradient Boosting)
In the paper [26], the author addressed the problem for annotating labels for unlabeled
Telugu data using limited dataset. To handle this hybrid approach is proposed by combining
different query selection strategy framework to increase more accurate training data instances
with smaller datasets. For this, the author used SVM, XG boost, Gradient boosted trees (GBT).
XG boost shows better performance compared to the selected algorithms with a precision of
79%. Since the precision of XGBoost algorithm is high in giving better results for the unlabeled
dataset, it is considered to use in this research to know whether it performs the same on the
selected dataset of Twitter data and to know its accuracy value.
XGBoost stands for eXtreme Gradient Boosting. “The name XGBoost, though, actually
refers to the engineering goal to push the limit of computations resources for boosted tree
algorithms. Which is the reason why XGBoost is used” [54]. It is a decision tree-based ensemble
machine learning algorithm which implements the gradient boosting framework. The XGBoost
implements the gradient boosting decision tree algorithm. Boosting is a technique in which new
models are added to the errors made by existing models, these models are added sequentially
till no further improvements can be made. Gradient boosting is an approach where new models
are created that predict the residuals or errors of prior models and then added together to make
the final prediction. It is called gradient boosting because it uses a gradient descent algorithm
to minimize the loss when adding new models. This approach supports both regression and
classification predictive modelling problems [27].
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2.5.1.4

CNN-LSTM

In the paper [28], the author proposed about CNN+LSTM model on IMDB dataset where
the author found that the model was able to predict the sentiment polarity of the reviews with
an accuracy of 89.5%. And in future work author states that the efficiency of the model can be
improved by word embedding and other pre-processing techniques.
In the paper [29], the author has introduced a model by combining one-layer of CNN
with two-layer LSTMs for sentiment representation. The convolution layer and pooling layer in
CNN make it easy to automatically extract local features and reduce the computation
complexity. Besides this LSTM is introduced to learn syntax features of linguistics. The results
show that the proposed CNN-LSTM model outperformed CNN and SVM with an accuracy of
87.2%. Since the accuracy of CNN-LSTM algorithm is high in giving better results for IMDB
dataset, it is used in this research to know whether it performs the same on the selected dataset
of Twitter data.
The CNN Long Short-term Memory Network (CNN-LSTM) is a combination of
Convolutional Neural Network and Long Short-term Memory. In this model, CNN receives the
embedded words as input initially and output is fed to LSTM. In order to learn about the ordering
of the input’s text, the convolution layer extracts the local features and then the ordering of the
said features is done by LSTM layer.

2.5.2

Classifier Performance Measures
Evaluation of the classifiers can be done in many ways by gathering performance
measures to understand the accuracy of the model. One of the best methods is cross-validation.
Cross-validation splits the training data into a certain number of training folds (e.g., 75%
training data) and the same number of testing folds (remaining 25%). These training folds are
used to train the classifiers and test against the testing folds to obtain the metrics. The same
process is repeated multiple times and an average for each of metrics is calculated. Crossvalidation helps to prevent overfitting problem, means if the testing is always the same then we
are overfitting the testing set which means that while adjusting the analysis to a given set that
we might fail to analyse on a different set.
After the classifier is trained, we need to estimate how accurately the classifier can predict
previously unseen data. There is no consensus on which classifier performance metrics are better
to use when compared to others. Performance is measured based on the Confusion Matrix,
Accuracy, Precision, and Recall. The section below outlines several metrics that are used to
determine the performance of the classifier.

2.5.2.1

Measures based on Confusion Matrix
A confusion matrix is a useful tool for analysing how well a classifier can recognize
tuples of different classes. It contains information about actual and predicted classifications
done by a classification system. Performance of such systems is commonly evaluated using the
data in the matrix. Below is a confusion matrix for two classes adapted from [30]:
• a is the number of correct predictions that an instance is negative
• b is the number of incorrect predictions that an instance is positive
• c is the number of incorrect predictions that an instance negative, and
• d is the number of correct predictions that an instance is positive
Actual
Predicted
Predicted
Positive
Negative
Positive
a
b
Negative
c
d
Table 2.1 Confusion Matrix
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2.5.2.1.1

Accuracy

Accuracy helps us to measures how many tweets were predicted correctly out of all the
tweets in the datasets. Classifier accuracy of a test set is the percentage of the test set that is
correctly classified by the classifier. In the pattern recognition literature, this is also referred to
as the overall recognition rate of the classifier. Using training data to estimate the accuracy of a
learned model can result in overfitting of the learning algorithm. Instead, accuracy is better
measured on a test set consisting of class-labelled tuples that were not used to train the model
[10],[30]. Based on the matrix above where, classifier accuracy, is calculated as shown below:
Accuracy = (a + b) / (a + b + c + d) ---- (4)
2.5.2.1.2

Recall

Recall helps us to measure how many tweets were predicted correctly as belonging to a
given category out of all the tweets that should have been predicted as belonging to the category.
The recall also known as the true positive rate (TP) is the proportion of positive cases that were
correctly identified, as calculated using the equation below [7,55],[30].
Recall=TP = d / (d + c) ---- (5)
2.5.2.1.3

Precision

Precision metric helps us to measure how many tweets were predicted correctly
belonging to a certain category out of all the texts that are predicted either correctly or
incorrectly. Precision (P) is the proportion of the predicted positive cases that were correct, as
calculated using the equation [30]:
Precision = d / (d + p) ---- (6)
2.5.2.1.4

F1 score

F1 score also called as F-Score or F-measure. F1 score is the measure of calculating the
weighted average of precision and recall. F1 score ranges from 0 to 1 and F1 score is considered
perfect when it is 1 which means that the model as low false positives and low false negatives
[30].
F1= 2 *(Precision*Recall) / (Precision + Recall) ----(7)

2.6

Features Selection in Sentiment Analysis
Sentiment analysis is considered as one of the classification problems. One of the tasks
in sentiment analysis is selecting the features. The feature selection process is the removal of
terms in the training documents which are statistically not related to the class labels. Feature
selection helps in reducing the set of terms that are to be used in classification, which helps in
improving efficiency and accuracy [31]. Some of the sentiment classification features used are
stated below.

2.6.1

Features in Sentiment Analysis
There are different types of features that can be used for sentiment analysis. These
features have been introduced in building the model for this thesis. Some of the features in
sentiment classification are stated below

2.6.1.1

Terms presence and frequency
It refers to the number of times the words appear in the documents which is also called
n-gram feature. It either gives the words a binary weighting or uses term frequency weights to
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indicate the relative importance of features [15]. Term Frequency, which measures how
frequently a term occurs in a document. Since every document is different in length, it is possible
that a term would appear much more times in long documents than shorter ones. Thus, the term
frequency is often divided by the document length (aka. the total number of terms in the
document) as a way of normalization.
TF(t) = (Number of times term t appears in a document) / (Total number of terms in the
document)
2.6.1.2

Document Frequency
Document Frequency is the number of times the features appear in all texts. After
computing the Document Frequency value of every feature, appropriate features are selected
through the threshold. If the value of frequency is small, the feature is unrepresentative; if the
value of frequency is large, the feature is not sensitive. This feature is used to remove
interferential features [15].

2.6.1.3

Term Frequency-Inverse Document Frequency (TF-IDF)
➢ The TF-IDF weight is used in information retrieval and text mining. This weight is a
statistical measure which is used to evaluate how important a word is to a document in a
collection or a corpus.
➢ The importance increases proportionally to the number of times a word appears in the
document but is offset by the frequency of the word in the corpus. Variations of the TF-IDF
weighting scheme are often used by search engines as a central tool in scoring and ranking
a document's relevance given a user query.
➢ The TF-IDF weight is composed of two terms: the first computes the normalized Term
Frequency (TF), where the number of times a word appears in a document is divided by the
total number of words in that document; the second term is the Inverse Document Frequency
(IDF), computed as the logarithm of the number of the documents in the corpus divided by
the number of documents where the specific term appears.
➢ Inverse Document Frequency (IDF) measures how important a term is. While computing
TF, all terms are considered equally important. However, it is known that certain terms,
such as "is", "of", and "that", may appear a lot of times but have little importance. Thus, we
need to weigh down the frequent terms while scaling up the rare ones, by computing the
following:
IDF(t) = loge (Total number of documents / Number of documents with term t in it).
In this study, TF-IDF is extracted by vector space method and positive or negative states of texts
with the longest and most common words in the dataset are added and the frequency of each
term is stated.

2.6.1.4

Parts of speech (POS)
POS tagging is the process of marking the words in the corpus corresponding to a part of
speech, based on its definition and context. A Text consists of various parts of speech such as
adverbs, adjectives, nouns, verbs, and pronouns. Adjectives are considered as important
indicators of opinions and predicting the sentiment of a tweet [32].

2.6.1.5

Opinion words and phrases
Opinion words are the words which help us to express the opinion. Examples like hate,
love. There exist some phrases which do not explicitly express opinions [33].
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2.6.1.6

Negations
The occurrence of words or phrases with negation normally reverse the opinion expressed
in that sentence. Therefore, negation rules, but-clause rules, increasing and decreasing rules
must be considered while performing sentiment analysis. Increasing and Decreasing rules say
that increasing or decreasing the quantities associated with some opinionated items may change
the sentiment orientation [34][35].

2.6.2

Methods for Feature Selection
Feature Selection is categorized as either lexicon-based or statistical-based. The feature
selection techniques treat the documents as either group of words (Bag of Words (BOW)), or as
a string that retains the sequence of words in the document. BOW is used for the classification
process because of its simplicity. Removal of stop-words and stemming are the most common
feature selection steps [9].

2.6.2.1

Bag of Words
Bag of Words (BOW) or a string which retains the sequence of words in the document is
treated as the Statistical approaches to feature selection. BOW is used because of its simplicity
for the classification process. Removal of stop-words and stemming are the most common
feature selection steps[36][37].

2.6.2.2

Word Embedding and Word2Vec
Word Embedding is a vector representation of a word. Word2Vec is one of the popular
methods to learn word embedding. The word2vec allows transforming words into vectors of
numbers. Word vectors represent abstract features which describe the word similarities and
relationships. Word2Vec is introduced because of its operations on the vectors approximately
keep the characteristics of the words so that joining vectors from the words from sentence
produce vector that is likely to represent the general topic of the sentence [38].

2.7

Related Work
In the paper [39] the author focuses on exploring the efficiency of multiple machine
learning algorithms (SVM, NB and ME) to classify online reviews using supervised learning
methods. The reviews of the products are divided into positive, negative and neutral which helps
not only the consumers to purchase but also to know the public reaction on the specific products
by the companies. The author extracted reviews on Amazon using Amazon API. In the process
of training the algorithm, the author used weighted unigrams and unigrams.
In the paper [40] the author clearly explained the key differences between Random Forest
(RF), Support Vector Machine (SVM) and Random Forest Support Vector Machine algorithms
(RFSVM) which are efficient in producing suitable rules for Classification technique. The
results from this experiment conclude that Random Forest Support Vector Machine algorithms
(RFSVM) algorithm is the best algorithm for classification of Amazon Product reviews (dataset
is provided by Amazon). The reason behind better results in hybrid classification is, it uses all
the classification methods of SVM and RF.
In the paper [17], the author introduced a better-automated way is introduced for
classifying the sentiment of Twitter messages using Distant Supervision. The sentiment of
Twitter messages is classified into positive or negative according to the query. The dataset used
for the classification of Twitter messages consists of emoticons, which are considered as noisy
labels. This training data is sufficiently available. When this emoticon data trained with Naive
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Bayes, Maximum Entropy, and SVM the accuracy is greater than 80%. This paper clearly
explains the pre-processing steps recommended to get high accuracy.
In this paper [18], the author explained about, Twitter data is unstructured, heterogeneous
and the tweets may be positive, negative or neutral. To classify the sentiment analysis of Twitter
data Naive Bayes, Max Entropy, and Support Vector Machine are used and their challenges are
clearly described in this paper.
In the research article [41] it states that a hybrid technique has been assessed based on
the data collected from movie reviews, then it classifies the diminished data by NB and GA.
Then, hybrid NB, GA and NB-GA models are designed as base classifiers. Author purposed a
hybrid system which gives the best performance and optimal use of base classifiers and hybrid
approach. When compared to the base classifiers the hybrid NB-GA model provides a higher
percentage of classification of accuracy and due to a reduction in dimensions of the data, the
testing time is enhanced.
In this paper [19], classifier ensembles and lexicons are used in the automatic
classification of the sentiment of tweets. In concern to the query, the tweets are classified as
positive or negative. Sentiment analysis can be used by the companies who monitor the public
sentiment of their products, consumers who search their products and more. Using classifier
ensembles and lexicons the sentiment analysis in microblogging services like Twitter has not
been done in the literature. Classifier ensembles formed by the models like SVM, Logistic
Regression, Multinomial Naïve Bayes, Random Forest improves the classification accuracy on
the sentiment datasets of the public tweets are shown by their experiment.
In the paper [42], the Majority Vote principle of various classification methods along
with Bayesian Network, Random Forest, C4.5 Decision Tree, Naïve Bayes, SVM models is the
base for the application of Ensemble Sentiment Classification. For the dataset of 12864 tweets,
the proposed Ensemble Sentiment Classification and the six individual classification models are
trained and tested to validate the classifiers using 10-fold evaluation. For the selected Twitter
dataset of airline service, the proposed Ensemble Sentiment Classification approach
outperforms the individual classifiers. This approach also improves the overall accuracy of the
sentiment classification of Twitter for other services.
In the paper [43] the author proposed a CNN-LSTM model that consists of both CNN
and LSTM which helps in predicting Valence arousal (VA) rating texts. The conventional CNN
takes the whole text as the input for the model. In this model each individual sentence is taken
as a region, that divides the input into multiple regions which help in extracting and weighing
the affective information that contributes to the VA prediction. The author combines both
regional CNN and LSTM and shows that the proposed model surpasses Lexicon-based,
Regression-based and NN based methods that are proposed in the previous studies.
In this paper [44] for the sentiment analysis of the short texts, a joint CNN and RNN
architecture is described which comprises of long-distance dependencies learned through RNN
and coarse-grained local features produced by CNN. The three-benchmark corpora, SST1,
SST2, MR results with 51.50%, 89.95%, 82.28% accuracy with the improvement on the stateof-art which are extracted from experiment results.
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3

METHODOLOGY
The research method chosen to answer the research questions in this thesis is the
Experiment. As the study deals with quantitative data the best approach is experiment compared
to descriptive methods like Survey and Case Study [45].

3.1

Experiment

3.1.1

Setting up Software Environment
Python is a high level, interpreted, interactive and object-oriented scripting language.
Python is designed to be highly readable and has fewer syntactical constructions than other
languages. Python is used in the development of this model.
In this experiment, the following python libraries are used to develop the machine
learning models:
• NLTK: It is a python package which works with human language data and provides an
easy-to-use interface to different lexical resources like WordNet and text processing
libraries. These lexical resources are used for classification, tokenization, stemming,
tagging, parsing, and semantic reasoning [23].
•

Pandas: It is a python package which acts as a data analysis tool and deals with data
structures. Pandas carry out entire data analysis workflow in Python without having to
switch to a more domain specific language like R [46].

•

Tweepy: It is used in accessing the Twitter API by establishing the connection and to gather
tweets from Twitter [24]. This module is used to stream live tweets directly from Twitter in
real-time.

•

Numpy: NumPy is the fundamental package for computing with Python. It is used to add
support to multi-dimensional arrays and matrices, with a large collection of high-level
mathematical functions [47].

•

scikit-learn: It is a simple and efficient tool for data mining and data analysis [47].

•

matplotlib python library which generates plots, histograms, power spectra, bar charts, etc.
In this work matplotlib.pyplot module is used to plot the metrics [47].

•

Gensim It is used to automatically extract semantic topics from documents, as efficiently
as possible. Gensim is designed to process raw, unstructured text data. The algorithms in
Gensim, such as Word2Vec where it automatically discovers the semantic structure of
phrase by examining statistical co-occurrence patterns within a corpus of training
documents. These algorithms are unsupervised. Once these statistical patterns are found,
any plain text documents can be succinctly expressed in the new, semantic representation
and queried for topical similarity against other documents [48].

•

Keras: Keras is a high-level neural networks API, written in Python and capable of running
on top of TensorFlow, CNTK, or Theano. It was developed with a focus on enabling fast
experimentation. Being able to go from idea to result with the least possible delay is key to
doing good research [49].
The algorithms used in this experiment are imported from sklearn, in which we can directly
take the classifiers, train and test it on the datasets. The following sklearn tools are used:
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•
•
•

3.1.2

Naïve Bayes Classifier
Random forest Classifier
XGBoost Classifier

Dataset
Twitter consists of two APIs, REST API and Search API. The REST API allows users to
access core Twitter data which includes updated timelines, status data, and user info. The Search
API allows users to interact with twitter search and trends data. For accessing both the API user
must search by using a keyword about that data which the user wants to retrieve for the analysis.
Firstly, a Twitter application (https://developer.twitter.com/en/apps) is created to do so
we need to have a twitter account. After creating the application, keys are collected from the
application, there are mainly 4 keys: Access token, Access token secret, Consumer API key,
Consumer API secret key. These keys are unique for each twitter account handler. Tweepy
which is a Python module lays a connection with the application to stream tweets in real time
by using hashtags, keywords with the help of keys.
In this experiment, the REST API is used to gather the tweets. Any type of search string
can be used, for this thesis work 50000 tweets of iPhone product reviews are taken where the
search string is “#iphone”. And a dataset of 50000 labelled tweets is collected these tweets are
of iPhone reviews which are collected from Kaggle which an open source where there is already
pre-labelled dataset which is used in training and testing the performance of the machine
learning techniques. And for the collected iPhone reviews predictions are given. While
gathering the tweets we must make sure to not have any retweets.
The labelled dataset is visualized by using the matplotlib library. The training set has the
following distribution.

DISTRIBUTION IN DATASET
ACCORDING TO THE SENTIMENT
number of tweets

30000

25100

25000
20000

16900

15000
10000

8000

5000
0
neagtive tweets

neutral tweets

positive tweets

types of tweets

Figure 3.1 Labelled Dataset Distribution
In Figure 3.1 we can see that, there are 50000 tweets out of which 25100 are positive
tweets, 8000 are negative tweets and 16900 are neutral tweets.

3.1.3

Data Pre-processing
Before starting the data pre-processing, data must not have any duplicate and null values
for this drop functionality from pandas is used for training data sets which removes null values
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from the dataset. The following pre-processing steps are used in creating a Bag-of-Words
representation of the data.
3.1.3.1 Cleansing
In cleansing the training datasets, we need to do the following:
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Remove Unicode strings from the tweets
Remove URL address
Remove hashtag in front of a word
Remove integers
Remove HTML special entities (e.g. &amp)
Remove tickers
Remove hyperlinks
Remove Punctuation and split (´s, ´t, ´ve) with space for filter
Remove words with 2 or fewer letters
Remove whitespaces
Remove single space remaining at the front of the tweet
Remove characters beyond the basic multilingual plane of tweets
Remove usernames
Remove special characters
Removal of stop words

The loaded tweets are now cleaned, and further processing is done.
3.1.3.2

Text Processing

The cleaned tweets are now subjected to text processing where tokenization and
stemming are done to the tweets.
➢ Tokenization is the process of converting tweet text into tokens before transforming into
vectors. It is easier to filter unnecessary tokens.
➢ Stemming is the processing of converting words to their word stem or root form. E.g., fishes,
fishing, Fisher is converted to stem fish.
The tweets are tokenized using the nltk library and stemming is done using PorterStemmer.
3.1.3.3

Building Wordlist

After the text processing, the wordlist is built where the count of occurrences of every
unique word across all the training dataset is calculated. The most common words which occur
are generally the stop words which doesn’t affect the sentiment of the tweet. These stop words
are filtered out and some words like “not” and “don't” can say about the polarity of the tweet,
so these kinds of words are whitelisted. The lower bound for the occurring of the words are set
to 3. This wordlist is saved so that the same words can be used for the testing set.
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Figure 3.2 Wordlist
In the above figure, the top 10 words present in the wordlist are visualized.
3.1.3.4

Bag-of-Words

The data is ready to transform to bag-of-words representation. In this representation,
some of the common words show the high distinction between classes like ‘go’ and ‘see’ and
other occurring in similar amount for every class.

Figure 3.3 Sentiment related to the word
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Figure 3.3 shows how tweets from a given category were dominating on similar words.
Although words don’t separate the sentiments themselves, the difference in addition parameters
helps the classification process i.e. when a tweet has the highest value of good similarity its
more likely for it to be classified to have a positive sentiment.

3.1.4

Feature Extraction
Special characters like exclamation marks and the casing might be imported in the task
of determining the sentiment. So, features are added to the data model which describe the
dataset:
Feature Name
Explanation
Number of positive Emoticons
Positive emoji occurrence in positive tweets
Number of Negative Emoticons
Negative emoji occurrence in negative tweets
Number of exclamation marks
Exclamation is likely to increase the polarity of a
tweet
Number of hashtags
Might affect the sentiment of tweets
Number of question marks
This might distinguish about neutral tweets
Table 3.1 Feature Extraction
The reason for introducing these features is that we can separate the data set well for
classification. In this feature extraction, emoticons directory is also created which contains a list
of positive and negative emoticons which are used. The following Table 3.2 gives the idea of
how the tabulated features from Table 3.1 affect the training datasets in sentiment analysis.
Positive- tweets Negative Tweets
Neutral Tweets
Effect of positive emoticons
79
4
17
Effect of negative emoticons
3
13
5
Effect of exclamation marks
710
99
170
Effect of hashtags
505
98
298
Effect of question marks
270
110
293
Table 3.2 Features that effects the tweets
Along with the above features, the additional features which are stated in section 2.6 are also
introduced in building the model.

3.1.5

Word2Vec
Words are converted to vectors and word2vec allows finding similarity between words
which means it can find a similarity to the specific emotion-representing words. The first step
was to compute the whole tweet with words from labels predicting the sentiment. The purpose
was to find the sentiment, so expressive words like good and bad similarity are found out.
Word2Vec is built by computing mean similarity of the whole tweet to give word and the mean
values are normalized to [0,1] which deals with different word count across tweets.
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Figure 3.4 Words Similarity
A final model with feature extraction, bag-of-words, and word2vec is built and this model is
further implemented on machine learning classifiers and performance is evaluated.

3.1.6

k-Fold Cross-Validation
Cross-validation is introduced to define a dataset which tests the model in training phase
to limit problems like overfitting, underfitting and get to know about how the model will
generalize to an independent dataset. This validation model helps in selecting the model which
works better on unseen data. Underfitting means, not capturing enough patterns in data and the
model performs poorly because of it. Overfitting, it refers to capturing noise and patterns which
do not generalize well on unseen data this model well on the training set but poor on the test set.
In cross-validation data is split into two sets, test, and train set where the sets don’t overlap.
However, Cross-validation is not often used for evaluating deep learning models because of the
greater computational expense to the model.

3.2

Implementation

3.2.1

Machine Learning Model
The implementation of the machine learning model is visualized below,
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Figure 3.5 Implementation of Machine Learning Model
•
•

3.2.2

Performed the validation with Naïve Bayes, Random Forest, and XGBoost classifiers. The
performance metrics for this is tabulated. Initially, the training and testing datasets are split
in a 7:3 ratio. This is done to check if the model is built correctly.
Performed 8-fold cross validation with Naive Bayes, Random forest, and XGBoost on the
data set and the performance metrics are tabulated.

Deep Learning Model
Firstly, the inputs are to be fed to the neural network which is in the English language.
The labelled data set which underwent cleansing in a machine learning model is taken here as
well for the classification. As neural networks don’t understand the English language, the
statements undergo word-to-vector representation where each word is represented by its rank
which is given according to the number of the frequently repeated word among the other words
in the dataset. The input finally obtained is in vector format. This input vector is trained to two
consecutive types of neural networks namely, convolutional neural network and long short-term
memory network.
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Figure 3.6 Implementation of Deep Learning model
A convolutional neural network which is a layered neural network. The first layer is the
embedding layer which embeds the words into low-dimensional vectors. The second layer is
the convolutional layer, in this layer multiplication of the input vector and the weight vector is
calculated to find the weighted sum. The third layer is the max pooling layer. Here a filter is
used to reduce the dimension of input to this layer by replacing values with the maximum among
considered values. The fourth layer is the Gaussian Dropout layer, this layer is useful in
mitigating overfitting and is only active at training time.
The next type of neural network attached to the model is long short-term memory
(LSTM), where there are three gates, these gates are sigmoid associated gates. Finally, a single
node dense layer is used to obtain the output of the classification. Meanwhile, the neural network
adjusts its network to predict the outcome with at most accuracy. Backpropagation is introduced
to calculate the loss and propagate the error back in the network and update the weights
accordingly.
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4

RESULTS
After completing the training process, Naïve Bayes, Random Forest, and XGBoost and
CNN-LSTM algorithms are evaluated on the twitter dataset which contains 50000 unlabeled
iPhone tweets and prediction of sentiment analysis is done. The results obtained from these
algorithms after the classification is presented in this section.

4.1

Machine Learning Algorithm Results

4.1.1

Naïve Bayes Results
Naïve Bayes algorithm is implemented on the test data and the following results are
obtained:
Figure 4.1 presents the impact of performance metrics on the Naïve Bayes algorithm
when implemented on the test data. On implementing the Naïve Bayes algorithm on the dataset,
it is identified to predict with an accuracy of 57%. The metric values are presented in figure 4.2.

Figure 4.1 Naive Bayes classifier predictions
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Figure 4.2 Naive Bayes classifier metrics

4.1.2

Random Forest Results
The Random Forest classifier model is implemented on the dataset and the accuracy of
prediction of sentiment analysis on the dataset is found to be 56.7%. The Metric values obtained
from the experiment are presented in Figure 4.4.

Figure 4.3 Random Forest classifier predictions
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Figure 4.4 Random Forest Classifier metrics

4.1.3

XGBoost Results
The third algorithm implemented on the dataset is XGBoost Classifier. On implementing
this algorithm on the dataset, an accuracy of 60.35% is obtained in conducting the sentiment
analysis on Twitter data.

Figure 4.5 XGBoost predictions
The metric values obtained on implementing the XGBoost classifier on the sample dataset are
presented in Figure 4.6.
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Figure 4.6 XGBoost classifier metrics

4.2

Deep Learning Algorithm Result

4.2.1

CNN-LSTM Results
Using CNN-LSTM, the training of the dataset has been performed and the following predictions
were made by the model as shown in Figure 4.7. The model built obtained a training accuracy
of 96.5 % and a testing accuracy of 88.1%.

Figure 4.7 CNN-LSTM training and metrics
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The classification loss, which states the price paid for the algorithm for incorrect predictions
and accuracy is plotted. As shown in Figure 4.8 below

Figure 4.8 Data Visualization of loss and Accuracy
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Figure 4.9 CNN-LSTM predictions

4.3

Results Comparison
Based on the experiment results, the findings of the classifiers are tabulated based on its
performance metrics.

Model name
Naïve Bayes
Random Forest
XGBoost
CNN-LSTM

Accuracy
58%
56.7%
60%
88%

Precision
53%
52%
56.3%
86%

F1 score
51%
47%
52.3%
88%

Recall
51.3%
46.3%
51.3%
91%

Table 4.1 Comparison of the Classifiers using the metrics obtained.
CNN-LSTM model gives the best accuracy of 88% compared to all the classifiers. Figure
4.10 gives an understanding of the performance effect.
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Figure 4.10 Comparison of Accuracy results on classifiers
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5

ANALYSIS AND DISCUSSION
The main aim of this research was achieved by evaluating the performance of each
algorithm namely Naïve Bayes, Random Forest, XGBoost, CNN-LSTM with the chosen
performance metrics accuracy, recall, precision, f-measure by conducting an experiment. The
results of the performance of the algorithms are mentioned in Section 4. From the obtained
results, a comparison between the models is done and the model that is best fit for classifying
the twitter data is identified. The objectives of the study are achieved by answering the research
questions in Section 5.1.

5.1

Answering the Research Questions
RQ1) What are the algorithms used in analysing the performance of machine learning
classifiers for conducting sentiment analysis on Twitter data?
Through the identified literature related to the research, the algorithms namely, Naïve
Bayes, Random Forest, XGBoost, CNN-LSTM are found to classify the sentiment analysis of
the Twitter dataset. The detailed description of these algorithms is given in Section 2.5.1. For
the chosen algorithms the performance metrics are evaluated, and the results are extracted. The
clear description of the chosen metrics namely accuracy, precision, F1score, recall is mentioned
in Section 2.5.2. By conducting an experiment, the results obtained for the performance metrics
of the algorithms individually are described below:
Naïve Bayes model is built by using Bag of words representation with 7:3 training data
split, and the result was found to be in predicting the sentiment with an accuracy of 58%. This
performance may not hold for the final testing set. In order to see how the Naïve Bayes performs
in more general cases, 8-fold cross validation is done to reduce the overfitting problem. By
cross-validation, it is found that Naïve Bayes shows an average accuracy of 57.9% for the 8fold split.
In the Random Forest model, the model is built by using Random Forest classifier in
which training dataset is split in the ratio of 7:3. The time taken for learning and predicting the
data using Random forest is higher compared to that of NB and classification are done using
Random forest classifier is found to be 56.7% accurate and from the results it is observed that
recall value is lower for the classifier in evaluating training data this might be caused by
overfitting problem to check for that 8-fold cross validation is done, from the results it is
observed that low recall level is due to data skewness. To overcome this genism python library
is used where words are converted to vectors where proper weights are given to the words
accordingly to the occurrence and the mean values were normalized in the range 0 to 1 to deal
with different counts across the tweets. The result obtained after cross-validation is observed
that random forest is not giving better results in predicting the f1 score, recall, precision and
accuracy for the tweets when compared to that of Naïve Bayes.
In XGBoost model, the model is built using XGBoost classifier in the same way as of the
previous two classifiers with 7:3 split of training data to check if the model is built properly.
XgBoost classifier is giving an accuracy of 60% for training dataset evaluation. This
performance might not hold so for final testing and to overcome the overfitting problem 8-fold
cross validation is implemented and the average accuracy is found to be 60% and the metrics
are shown in figure 4.6.
In CNN-LSTM model, the results are influenced by various parameters, like the epoch,
which is a measure of a number of times all of the training inputs are used once to update the
weights and the batch size, the number of training inputs in one forward or backward pass. It is
observed that the performance degraded upon increasing the epoch and batch sizes. This
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suggests that optimization of these two parameters is crucial to the good performance of CNNLSTM model. An accuracy of 88% is found for CNN-LSTM model which is the highest among
the other three selected algorithms. Gaussian Droupout also improves the performance of the
model.
Hence, by conducting an experiment, the results are retrieved based on the performance
metrics chosen for all the identified algorithms namely, Random Forest, Naïve Bayes, XGBoost,
CNN-LSTM. The results are compared in the following research question.
RQ2) What is the best fit classification algorithm among the above-identified in
conducting the sentiment analysis on Twitter data?
From the results obtained by addressing the research question 1 the three machine
learning models namely, Naïve Bayes, Random Forest, XGBoost are compared and identified
XGBoost as the efficient model with good accuracy, recall, precision, f1 score. The comparison
of the three algorithms is done in Section 4.3 in Table 4.1: Comparison of classifiers using
metrics obtained. The metrics values of each algorithm are categorized and sorted and have a
clear view of drawing a conclusion in which algorithm is better over the other. From which it is
concluded that XGBoost is better over the two algorithms.
Now, here comes the conclusion of the thesis stating that which algorithm is best suitable
for the classification of sentiment analysis of the Twitter dataset. Next, the retrieved machine
learning model from the above paragraph i.e. XGBoost was compared with the deep learning
model, CNN-LSTM algorithm to identify the efficient model that classifies the sentiment
analysis of Twitter data. Where conclusions are drawn from the result that CNN-LSTM is the
best model that classifies the sentiment analysis of Twitter data.
Model Name
XGBoost
CNN-LSTM

Accuracy
Precision
F1 Score
60%
56.3%
52.3%
88%
86%
88%
Table 5.1 Comparison of CNN-LSTM with XGBoost

Recall
51.3%
91%

As per the obtained results from the experiment, the accuracy values for CNN-LSTM is
88%, whereas for the XGBoost is 60% and precision values for CNN-LSTM is 86%, whereas
for XGBoost is 56.3% and F1 Score for CNN-LSTM is 88%, whereas for XGBoost is 52.3%
and recall values for CNN-LSTM is 91%, whereas for XGBoost is 51.3%. Among all the
compared values of the metrics for these algorithms, CNN-LSTM stands out in giving high
values for all the metrics. Through which it can be stated that CNN-LSTM algorithm is better
over XGBoost algorithm. The overview of the results obtained regarding the accuracy of the
classifiers is presented in Fig.4.10.
For the selected size of the dataset of 50,000 tweets, the results of accuracy of the selected
algorithms namely Naïve Bayes is 58%, Random Forest is 56.7%, XGBoost is 60%, CNNLSTM is 88%. When compared to the selected algorithms, CNN-LSTM performs better in
minimum time. The size of the memory (resource) used for the selected dataset for conducting
this research varies when conducted with different datasets (computational complexity). Using
different datasets gives different results. Increase in size of the dataset may increase the
performance of machine learning algorithms. Hence, from the results of the experiment, I would
like to conclude that CNN-LSTM model is the best fit for classifying the sentiment analysis of
Twitter data for the selected dataset.

5.2

Contribution
The research contributes to the study implies the best-fit algorithm among the chosen
Naïve Bayes, XGBoost, Random Forest, CNN-LSTM algorithms to evaluate the sentiment
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analysis of the twitter data. With the findings of the data from this research, the researcher
concludes that CNN-LSTM model helps in improving the prediction performance, reducing the
time complexity in predicting the data, and improves computational complexity and
explainability. This research is useful for better prediction performance of the organizations to
review the product and provides valuable feedback to the organizations.

5.3

Threats to validity
Construct Validity:
Construct validity is defined as identifying the concerns in the research process until we
get the observations of the study. The threat arises in the data gathering step, where the re-tweets
are generated, which results in an increase in size which does not weigh to the results. The threat
can be addressed by using filter commands which filters the data.
Internal Validity:
This threat arises if the selection of algorithms goes wrong. As this is the first step of the
research, this area is to be concentrated so that there wouldn’t be a chance of misplacing an
algorithm with others. The algorithms chosen should classify the sentiment analysis of twitter
dataset.
External Validity:
The extent to which the generalization of results from an experiment is achieved
discusses this validity threat [50]. For training and testing the chosen machine learning
algorithms, real-world data is used to address this threat.
Conclusion Validity:
This validity threat concerns in achieving accurate results. When performing an
experiment, while building a model and its implementation, overfitting is the problem faced. In
order to overcome this, cross-validation is to be done to check whether the dataset distribution
is appropriate or not.
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6

CONCLUSION AND FUTURE WORK

6.1

Conclusion
To address the problem of the research, the research questions are framed and answered
following a suitable research method for the study. Initially, the algorithms related to this
research were collected from the literature. The identified machine learning models through the
existing literature are Naïve Bayes, Random Forest, XGBoost, whereas the deep learning model
was CNN-LSTM. The experiment was conducted to identify the best-fit algorithm that classifies
the sentiment analysis of the Twitter dataset. All the algorithms are subjected to perform an
experiment and then the results are drawn with the performance metrics chosen to address them.
The metrics chosen were Accuracy, precision, F1 measure, recall. The detailed description of
the algorithms identified; metrics chosen are described in Section 2. The procedures followed
in performing an experiment is also described clearly in Section 3.
From the experiment, all the algorithms identified are evaluated with the performance
metrics chosen, and the results obtained are noted. The results of all the three machine learning
models are compared and the better one is chosen from them which classifies the sentiment
analysis. Through the results obtained from the comparison of machine learning models, the
CNN-LSTM model was compared with XGBoost and through the strong evidence from results
obtained, it can be concluded that CNN-LSTM model classifies the sentiment analysis of the
selected Twitter dataset with the highest accuracy.
The implications of the results are discussed with the strong evidence stating that the
results obtained are accurate. The threats to validity are also addressed based on the seriousness
of the issue and how it can overcome them. The research contribution is to identify the best-fit
algorithm for the selected dataset by which the sentiment analysis of Twitter data can be
classified. Through the findings of the research, monitoring and analysing the tweets are
supported and valuable feedback for the organizations are provided. By using this algorithm,
the opinion/sentiment of a user can be identified. This algorithm provides better prediction
performance, reduces time complexity in predicting the data and improves the computational
complexity of the selected dataset.

6.2

Future Work
The identified algorithms are implemented on a specified size of test data and the
obtained results are subjective only to the used dataset. Thus, presenting scope for future
research of validating the above-stated models with different sizes of the dataset and evaluating
the results. Additionally, this can also pave a way for future research on analysing the impact of
the size of the dataset on the performance of the machine learning algorithms.

.

The above study predicted the text data more accurately when compared to emoji data
detection. In this study, labelled data is positive, negative and neutral. In future work,
consideration of emoji label and collecting of a better and large number of emoji datasets along
with proper labelling may help to improve the results.
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