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Abstract—Deep Learning is being explored as a prominent tool
in machine learning in the current era by researchers to a great
extent. A lot of work being done in this area is opening avenues for
consumers. Utilization and growth of Artificial Intelligence have
leveraged the power of deep learning for its applicability. Since its
inception, a lot of algorithms have been proposed and implemented
in the area of deep learning. In this paper, BERT (Bidirectional
Encoder Representations from Transformers) a model of Google,
LSTM, DistilBERT and CNN models have been discussed. Deep
learning models have a major challenge of low performance, which
restricts their use in real-time applications. In this work, BERT,
LSTM, DistilBERT and CNN have been implemented separately
using the same dataset of Twitter to perform sentiment analysis and
compared their performance and accuracies as a first step to make a
new model that will not only provide good accuracy but will also
have better accuracy in future.

Keywords—Deep Learning, BERT, LSTM, DistilBERT, CNN,
Machine Learning, Sentiment Analysis.

I.  INTRODUCTION

Sentiment Analysis has become a necessity for the human
community these days and the availability of data through
social media platforms has made it more important. Users
around the world are expressing their sentiments, thoughts and
views through various media, viz. text, images, audio, video,
animations, etc., which have been found to be very
informative to understand the inclination of users to achieve
various advantages. For analysis, the availability of
technology in hardware, software and algorithmic ways have
made it suitable for researchers to go ahead and achieve more
and more accuracies in results with high performance and
security. To process the huge amount of data, machine
learning and a step ahead deep learning algorithms have been
proven to be a boon.

Pre-processing is needed for raw data before applying any
algorithms, which has imposed the requirements of data
cleaning, stop words removal and formatting of data-related
algorithms. This work is focused on comparing and using the
various models available for data pre-processing and decision-
making steps. Also, machine learning requires training and
testing data for preparing the environments for conclusive
systems.

This paper is organized to elaborate on Sentiment Analysis
in the second section, and about Natural Language Processing
in the third section. Fourth, fifth, sixth and seventh sections
provide the details of the chosen models BERT, LSTM,
DistiBERT and CNN. The eighth section provides the
existing works separately literate by the various researchers in
the recent past. A brief description of the proposed system,
data set used, results obtained, conclusion, and future
possibilities have been iterated in subsequent sections. Papers
used for this work have been enlisted at the end.

Il.  SENTIMENT ANALYSIS

Sentiment Analysis is a way of predicting the inner tone of
expressions through text messages, whether it is positive,
negative or neutral. Sentiment Analysis has been proven to be

a great help in different areas of human society, e.g. health,
marketing, behavioural, security and protection of the senders.
There are different sources of the collection of message data
in different media formats available in the current era. Media
formats such as text, images, audio, video, animation etc. are
available through emails, social media platforms, customer
support chats, reviews and many other repositories. The
messages are cut into chunks and analysed to get useful
information from them in Sentiment Analysis. For analysis,
there are several different algorithms available, and new ones
are created that are not only more and more accurate but are
efficient as well. Sentiment Analysis is becoming a most
important tool for companies to keep their objectives intact,
improve the quality of their products and services, and provide
real-time solutions to their customers. By the proper use of
Sentiment Analysis, companies further can improve their
brand monitoring, perform market research, track campaign
performances, and improve customer service.
1. NATURAL LANGUAGE PROCESSING

Computers can now understand, analyze, and alter human
language thanks to a machine learning technique called
natural language processing. Big amounts of text and speech
data are available to organizations today from a variety of
communication channels, including emails, text messages,
social media newsfeeds, audio, video, and more. Natural
language processing software is used to automatically assess
this data, evaluate the message's sentiment or intent, and react
to human conversation in real time.

Analysing text and speech data thoroughly and effectively
requires natural language processing. It can resolve dialectal
discrepancies, slang, and grammatical errors that are common
in casual talks.

Among the many automated tasks that businesses utilize it
for are: processing, analysing, and archiving huge documents;
analysing call centre records or customer feedback; and
implementing chatbots for automated customer support;
responding to the who, what, when, and where inquiries; and
identifying and extracting text.

Natural language processing can also be used in programs
that interact with customers to improve customer service. A
chatbot, for instance, can automatically answer frequently
asked questions and route more complicated ones to customer
service after analysing and classifying user inquiries. In
addition to saving agents time on pointless inquiries, this
automation lowers expenses and raises customer satisfaction.

IV. BERT MODEL

BERT stands for Bi-directional Encoder Representation
for Transformers, which was introduced by Google for
performing algorithms related to natural language processing.
It is mainly designed and developed for computer systems to
reveal the context of the messages using the surrounding
words and sentences. BERT Model works is bi-directional,
meaning it considers forward and backwards words, unlike
other models, which only work in one direction. The speciality
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of the BERT model is that it works on the transformer model

of Google, which allows for bi-directionality. BERT, with its

specialities, is applicable for large data processing, Sentiment

Analysis, Text Classification, finding ambiguities arising due

to multiple meanings of the words, labelling of roles based on

semantics, natural language processing and many others.

BERT leverages its power through pre-training with

unsupervised learning methods from unlabelled text data.
Since BERT is open source, many other companies are

contributing towards its applications in different areas of
supervised learning, machine learning and artificial
intelligence. With this, application-specific BERT variations
have been developed e.g. DocBERT, BioBERT, PatentBERT,

VideoBERT etc.

BERT has many aspects associated with it for its
advantages:

A. Pre-training: Bert uses plain text which is unlabelled
corpus to learn and applies feedback using unsupervised
learning methods which are useful in mechanism such as
search engine optimization.

B. Transformers: Transformer processes in bi-directions in
such a way that it sets the relationship of eacch word with
all other words in the text and hence it better understands
the context of the sentence. It contrasted with all other
traditional approches by applying vector mapping of the
word with other words in the sentences.

C. Masked Language Modeling: In BERT every word is
defined by other words in its surrounding than the
prefixed identity of itself unlike other languages and
hence it is provides better accuracies in contextual
decisions.

D. Self-attention mechanism: BERT uses bi-directionality to
include the augmentation effect of the other words in
sentence to fix the meaning of any single word, which
changes with the inclusion of more and more words. It
never leads to a fixed meaning in forward only direction.

In this paper, Plain BERT is applied for Sentiment
Analysis and is compared with the old model CNN. Further,
BERT will be used in hybrid mode in future to test for better
accuracy and performance.

V. LSTM MoDEL

LSTM — Long Short-Term Memory, is a deep learning
algorithm that works on sequential data. It also maintains the
memory efficiently with the least usage in respect to other
algorithms. LSTM has a variation named Bi-LSTM, which
can work on bidirectional processing of sequential data to
handle vital information in both directions. LSTM has various
cells which work as memory elements and gates to handle the
relevant information retained and used, or irrelevant
information is removed. This way, LSTM reduces the
memory requirements for large data. There are three different
types of gates, viz. Input Gate, Forget Gate, and Output Gate.
The input gate sends the useful information to the cells to
remember it until it is used. Forget Gate applies a weighted
mechanism to evaluate the non-useful information from the
cells and removes them if they become worthless. Output Gate
takes the information from the cell and forwards the same to
output after removing it from the cell.
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VI. DISTILBERT MODEL

DistilBERT applies a distillation process for reducing the
size of the model to make it a cheap, faster, and smaller
implementation of BERT. It is approximately 40% size of the
original BERT and still have 97% of the understanding
capability of BERT. It is approximately 60% faster than the
original BERT model. It performs the knowledge distillation
process during the pre-training stage from any already pre-
trained larger model of BERT.

VII. CNN MODEL

CNN — Convolution Neural Network is an algorithm for
processing visual data, mainly images. It is an artificial neural
network, which is also a deep learning model made by
mapping the way human eyes process images. Convolution

Neural Network works using different layers, where each

layer carries a different responsibility. Each intermediate layer

till output layers takes its input from the previous layer
whereas the first layer takes input data, which is a labelled and
cleaned dataset. Therefore, Convolution Neural Network is
termed as forward only. Main layers of the Convolution

Neural Network are:

A. Convolution Layers: These layers take the responsibility
of retriving data (features) from the input data. They apply
filtering for feature extraction. Extracted features are
supplied to next set of layers for further processing.

B. Pooling Layers: Extracted features taken as input from
convolution layers are too many and therefore they are be
reduced by applying the weights and weight adjustment.
This is also known as reducing the spatial dimensions of
the features.

C. Fully Connected Layers: These are mainly used for
connecting filtered and reduced feature set with the output
layers.

Due to weighing and weight adjustments Convolution
Neural Network manages to show spatial invariance resulting
in correct recognition of objects, this is not affected by the
position or orientation of the objects. As Convolution Neural
Network is forward only and therefore rely on hierarchical
arrangements of the features from low level to high level,
which makes it suitable for achieving the impressive results.
For better results and accuracies Convolution Neural Network
required labelled and cleaned data set of vast dataset and
hence needs very high power processing environment.

For processing of the text data, Convolution Neural
Network applies a numerical value to the words and creates
numerical matrix for the same. After creation of numerical
matrix, different layers viz. convolution, pooling, and fully
connected, are used to process the large set of data to generate
the weighted outputs. Due to use to large input dataset
Convolution Neural Network provides better accuracies then
the other different classifiers such as SVM and Naive Bayes.

VIIl. RELTED WORKS

The text classification task, which is utilized in a variety
of fields, including academia, social media, and medicine, is
one of the subjects that receives the most research among
studies on text mining. Sentiment analysis has been
extensively studied as a subproblem of text classification to
classify  frequently opinion-based textual elements.
Particularly, sentiment analysis efforts have relied on product
or service user reviews and experiential feedback as
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fundamental data sources. Since the beginning of the 2000s,
social media platforms like Twitter, Facebook, and Reddit
have emerged as essential platforms for the exchange of
opinions. In this way, in this work, we create a variety of
machine-learning models to solve the problem of sentiment
analysis on the Reddit comments dataset. Within intervals of
73-76 percent, the experimental models we constructed
achieve F1 scores. As a result, we compare and contrast
performance scores available from conventional machine
learning models and deep learning models. [1]

Businesses and individuals incur annual losses in the
millions of dollars caused by unsolicited emails such as
phishing and spam. There have been a number of models and
methods developed to detect spam emails automatically, but
none of them have demonstrated 100% predictive accuracy.
All others models that were proposed by many researchers are
outperformed by the Machine learning and deep learning
algorithms. The accuracy of the models was enhanced by
natural language processing. Word embedding's efficacy in
classification of spam emails is discussed in this work. The
task of distinguishing non-spam emails and spam emails is
carried out by fine-tuning the pre-trained transformer model
Bidirectional Encoder Representations from Transformers.
BERT puts the text's context into perspective by employing
attention layers. A baseline DNN model with two stacked
Dense layers and a BiLSTM (bidirectional Long Short Term
Memory) layer is used to compare the findings to the baseline
model. In addition, the results are compared to a set of
traditional classifiers, including NB (Naive Bayes) and k-NN
(k-nearest neighbors). The model is trained using one of two
open-source data sets, and its persistence and robustness
against unknown data are tested using the other. The proposed
method had the highest F1 score and accuracy of 98.66%. [2]

Sentiment analysis using natural language processing is a
difficult task, especially for social media texts that are too
much informal, brief, and noisy. A comparative study of
sentiment analysis of social media texts using deep learning
models is presented in this paper. Based on deep neural
networks, following three models have been developed: a
CNN with layers of long short-term memory (CNN-LSTM),
and a bidirectional LSTM with CNN layers (BiLSTM-CNN).
As vector representations of words, we make use of the word
embeddings GloVe and Word2vec. On two datasets, we assess
how well the models work: IMDb Film Surveys and Twitter
Opinion 140. As a baseline, we also compare the outcomes
with a logistic regression classifier. On the IMDb dataset, the
experimental results show that the BiLSTM-CNN model has
the highest accuracy of 82.1%, while the CNN model has the
highest accuracy of 90.1%. The proposed models are suitable
for use in sentiment analysis of social media texts and are
comparable to current models. [3]

Twitter is a vast archive and a treasure trove of human
thoughts that convey a person's immediate emotions. A
person's feelings can be better understood by looking back at
tweets they posted during the COVID-19 pandemic. It is
difficult to train a model to understand the exact feeling with
a large amount of data. The field of deep learning has seen
numerous advancements that point the way forward.
Convolutional Neural Networks, attention-based
Bidirectional LSTM, and Google BERT are all used to
compare tweet sentiment classification. The embeddings are
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once more fine-tuned before the final models are trained on
the Twitter dataset SemEval-2016. In contrast to machine
learning methods, these models proved to be extremely
effective and accurate in the study of emotions. [4]

Numerous natural language processing tasks rely on
sentiment analysis of text content. Particularly in light of the
growth of social media, sentiment analysis is essential for
extracting meaningful information from Internet big data. We
are interested in using deep learning models to handle the task
of sentiment analysis because of the successes of deep
learning. A framework we call word2vec + Convolutional
Neural Network is what we propose in this paper. To begin,
we will calculate vector representations of words using the
Google-proposed word2vec, which will serve as the CNN's
input. word2vec is used to get a vector representation of a
word and to show how far apart words are. That will result in
CNN initializing the parameters at a favorable point, which
can effectively enhance the nets' performance in this issue.
Second, we create a CNN architecture that is appropriate for
the task of sentiment analysis. This architecture makes use of
pooling layers and three pairs of convolutional layers.
Word2vec and CNN are used for the first time to apply a 7-
layer architecture model to sentiment analysis of sentences,
according to our knowledge. In addition, we use
Normalization, Dropout, and the Parametric Rectified Linear
Unit (PReLU) to increase our model's generalizability and
accuracy. In a public dataset, which is the corpus of movie
review excerpts with fives labels, we test our framework:
neural, negative, somewhat negative, positive, and negative in
this dataset, our network outperforms other neural network
models like the Recursive Neural Network and the Matrix-
Vector Recursive Neural Network (MV-RNN) in terms of test
accuracy. [5]

Spread of phony news on Twitter is a quickly developing
issue, generally because of the rising number of bots. As a
result, research into automatic bot detection is growing in
importance. The BERT-based bot detection model and
exploratory data analysis of tweets written by humans and bots
are both presented in this work. We statistically demonstrate
that contextualized embeddings and additional features
improve model performance. In addition, we compare the
difficulty of the two tasks and create a gender prediction
model using derived features. Last but not least, we show that
on both tasks, Logistic Regression outperforms Deep Neural
Network. [6]

One of the most difficult issues in automated language
understanding is emotion detection. Text without facial
expression is considered difficult to comprehend human
emotions. The machine learning community has been
motivated recently by the development of a machine that can
differentiate between emotions and comprehend the context of
sentences. Using techniques from deep learning, we propose
a method for identifying emotions. GloVe word embeddings,
BERT Embeddings, and a collection of psycholinguistic
features (such as those from the AffectiveTweets Weka-
package) constitute the system's primary input. The proposed
system, EmoDet2, combines a BiLSTM neural network with
a neural network architecture with fully connected is used to
achieve performance results that significantly outperform the
baseline model provided by Semeval-2019 / Task-3
organizers (F1-score 0.58). [7]
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Sentiment analysis using natural language processing is a
method for recognizing and classifying viewpoints expressed
in written or spoken language. A significant amount of
emphasis has been placed on sentiment analysis from Twitter's
Tweet data as a result of the widespread use of Twitter as a
medium for the expression of opinions and feelings. A
preexisting deep learning model known as BERT has
demonstrated exceptional proficiency in tasks related to
Natural Language Processing, such as sentiment analysis. The
purpose of this investigation is to compare how well three
distinct BERT models, namely RoBERTa, RoBERT, and
fine-tuned BERT-base-multilingual-uncased, perform Twitter
data sentiment analysis. Using a manually annotated dataset
of 1,578,627 tweets, the models were graded based on their
F1-score, recall, accuracy, and precision. With an accuracy
score of 83.23%, the experimental results show that the
RoBERTUuito model performs better than the other two
models. The findings aid academics and professionals in
selecting the best BERT model for their sentiment analysis
task and provide valuable perspectives on the efficacy of
BERT models when analyzing Twitter data based on how
people feel. The study emphasizes that the evaluation metric
of interest should dictate the choice of the BERT model for
Twitter data sentiment analysis. This research sheds light on
the suitability of BERT models for sentiment analysis of
Twitter data for use in social media monitoring and analysis.
(8l

In this study, an integrated sentiment analysis system
specialized  for  movie reviews is  developed.
The proposed implementation utilizes LSTM-based sentiment
analysis and simplifies model training using a pre-trained
LSTM model, resulting in robust sentiment prediction
capabilities. The architecture emphasizes abstraction,
separates front-end and back-end components, optimizes data
flow with JSON format and pickle files, and provides a user-
friendly interface. This study reveals the successful synergy of
DL techniques, architectural design, and abstraction principles
by highlighting the role of abstraction in improving user
experience and system performance. The LSTM model
achieved a test accuracy of 87.53%. [9]

To improve customer experience of a product, analyzing
customer reviews is the best solution as it can identify the
positive and negative opinions of customers. In our study, we
developed two different supervised models for natural
language tasks using (1) a deep neural long short-term
memory model and (2) the advanced pre-trained Distil
Bidirectional Encoder Representations from Transformers. In
the first model, we analyzed how individual words in a
sentence contribute to the sentiment of that sentence by
training LSTM on the 50,000 Amazon review corpus publicly
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available on the Amazon website. In the second model, we
explored how positional embeddings of words in a sentence
and multi-head self-attention contribute to faster and better
sentence representations for sentiment analysis by fine-tuning
DistilBERT, which contains 66 million parameters and 6
encoder layers. The main contributions of our study include
(1) a comparative analysis of the effectiveness of the above
models, where the Transformer-based model outperforms the
LSTM model in all evaluation metrics. (2) DistilBERT, a
model for developing a faster and lighter sentiment analyzer.
[10]
IX. PROPOSED SYSTEM

In this work, a comparative study of BERT, LSTM,
DistilBERT and CNN is being done by applying them for
sentiment analysis of the same dataset [11]. The work is
intending to evaluate the accuracy and performance of the
algorithms with the same environment. This will lead to apply
the BERT, LSTM, DistilBERT and CNN[12] together to
achieve better accuracy and performance in next step.
Application of BERT, LSTM, DistilBERT and CNN will be
evaluated using various parameters and adjustment of
attributes such as training and testing split, block size, iteration
count etc. of algorithms. The complete process is done in four
steps:

1. BERT Processing

2. LSTM Processing

3. DistilBERT Processing

4. CNN Processing

From the proposed work and same input dataset, both the
models shall be used to generate the results viz. accuracy and
performance. These will be compared and shall be used to
decide the weight of their application in next step.

X. DATASET

For implementation and testing of the proposed a dataset
of twitter has been used taken from internet which contains
1,600,000 tweets extracted using the twitter api . The tweets
have been annotated (0 = negative, 2 = neutral, 4 = positive)
and they can be used to detect sentiment.

It contains target as polarity of the tweet, tweet id, date of
tweet, a flag value, sender of the tweet and tweet message.

The dataset has been prepared at Stanford University by a
team of researchers who iterated about the dataset: [11]
"Our approach was unique because our training data was
automatically created, as opposed to having humans manually
annotate tweets. In our approach, we assume that any tweet
with positive emoticons, like :), was positive, and tweets with
negative emotions, like :(, were negative. We used the Twitter
Search API to collect these tweets by using keyword search"

(3]
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Figure 1: Flow Chart of the Proposed Models

XI. RESULTS OBTAINED

Dataset as specified above [11] has been used to test the
implementation of BERT, LSTM, DistilBERT, and CNN
Models. The parameters have been set similarly for executing
all of the algorithms and have been executed in the same
environment so that accuracy, recall, precision, loss and F1-
measure of algorithms can be evaluated. The reading obtained
from the execution of the algorithms have been listed in Table
1 and shown in graphs in Figures 2 and 3 below.

Table 1: Readings of the various metrics obtained from execution of
the BERT, LSTM, DistilBERT and CNN Deep Learning Models using
the same dataset

MODEL | ACCURACY | LOSS | RECALL | F1-SCORE | PRECISION
BERT 0.590 0.684 | 0.580 0.580 0.595
LSTM 0.668 0.622| 0.670 0.670 0.665
DistilBERT 0.500 1.420| 0.500 0.366 0.522
CNN 0.645 0.621| 0.640 0.630 0.650

Figure 2: Graph showing the values of the various metric results obtained using BERT, LSTM, DistilBERT and CNN Deep Learning Models

Various Parameters Values for each Models
B BERT LSTM DistilBERT CNN
0.800
0.700
0.600
£ 0.500
T 0.400
= 0.300
0.200
0.100
0.000
ACCURACY LOSS RECALL F1-SCORE PRECISION
W BERT 0.590 0.684 0.580 0.580 0.595
LST™M 0.668 0.622 0.670 0.670 0.665
DistilBERT 0.500 0.710 0.500 0.660 0.522
CNN 0.645 0.621 0.640 0.630 0.650
Metrics
From the tables and graphs shown above, it is clear that in MODEL ACCURACY
the same environment, LSTM out performs all other models BERT 0.590
in respect of accuracy, F1-score, precision, recall, and has LSTM 0.668
comparatively less validation loss values. CNN provides least DistilBERT 0.500
validation loss and stands second in accuracy, recall and CNN 0.645

precision. BERT has least values in most of the metrics but
have slightly better in respect of validation loss. CNN and
DistilBERT performs moderately Overall, all of the models
are competitive in their performances and shows better values
for different metrics. From the results obtained, it can be
concluded that all of the models have comparative values and
can be applied together to overcome the deficiency of others.
This conclusion leads us to our next step of combining them
for same dataset to generate quick and better results in the
given situation.

Table 2: Graph showing the better accuracy of results obtained using
BERT, LSTM, DistilBERT and CNN.
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ACCURACY OF THE VARIOUS MODELS
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Figure 3: Graph showing the values of the various metric results
obtained using BERT, LSTM, DistilBERT and CNN Deep Learning
Models

The above figure depicts that accuracy of the LSTM is higher
than the other models used in the case study. Although the
DistilBERT is showing least accuracy the variation between the
accuracies of all the models is not drastically varied. Hence all of the
models can be used together to generate better results in our next
research.

From the above two diagrams it can be concluded that when
multiple models are applied in the similar situation on similar dataset
the variation of metric values do not vary too much and as per their
characteristics respectively. This leads and allows us to use these
models in combination to generate the results which will be better
and will provide high performance in future.

XIl.  ConcLusioN

In this work, the focus is on evaluating and comparing the models
for finding the possibilities of applying them together in future work.
Out of the many different choices available, BERT LSTM,
DistilBERT and CNN models have been chosen. Selection of BERT
is based on its bi-directionality, LSMT due to its least memory
utilization, DistillBERT due to its cheap and faster processing,
whereas CNN has been chosen for its simplicity. The models are
compared for their accuracies, recalls, precisions, F1-scores and
validation losses on the same dataset of Twitter available online using
the same hardware and software environments. The parameters of all
have been kept the same (viz. training and testing ratio, block size,
optimizer etc.) for making it more acceptable and technically
comparable. The results obtained are explicit as all of them have
moderate metric values and can work together to adjust deficiency of
others. The performance of the models shall be leveraged in future
work. Validation losses in all the models are almost similar, and
hence they are acceptable in the given situations.

XIIl.  FuTurRE WORK

This work is intended to find a set of matching models for
sentiment analysis, which requires majorly to achieve high accuracy.
The goal is to apply them together in future if they have comparable
accuracies and performances in similar environments. The output of
this work will be leveraged in future to use all the models together to
achieve better accuracies with high performance. Other models can
also be tested in future to include in collective functionalities.
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