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Abstract — In this paper, we evaluated the performance of
four distinct models namely, Logistic Regression, Naive
Bayes, Random Forest, and Long Short-Term Memory
(LSTM), all trained on the same dataset. Notably, the LSTM
model outshone its counterparts, exhibiting remarkable
proficiency in figuring out the subtle feelings and moods in
the language. Its ability to grasp complex contextual
relationships surpassed traditional Machine Learning models
like Logistic Regression, Naive Bayes, and Random Forest.
This highlights the evolving landscape of sentiment analysis,
where the depth and sequential understanding offered by
Deep Learning models, especially LSTM, prove invaluable in
capturing the intricacies of human expression. These findings
prompt a revaluation of the balance between traditional and
advanced techniques, emphasizing the importance of
leveraging sophisticated models for tasks requiring a nuanced
comprehension of sentiment.
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I. INTRODUCTION

In our daily lives, people express their feelings through
words, and understanding these sentiments is crucial. Imagine
if a computer could grasp whether a message is happy, sad,
or something in between. That's where sentiment analysis
comes in. It helps computers understand emotions in text,
making it super useful for things like customer reviews or
social media posts. However, it's not as easy as it sounds. We
need to be careful because words can be tricky, and the same
words might mean different things in different situations. In
our research, we used two main types of computer
techniques: Machine Learning (ML) and Deep Learning
(DL). These are like the brains of our computer models. In
this paper, we're going to talk about why sentiment analysis
is important, what we need to watch out for, and how these
brainy ML and DL models performed in our experiments. It's
like a journey to find out which computer brain understands
human feelings the best.

Understanding how people feel by looking at what
they write is important because it helps us make sense of the
huge amount of text floating around on the internet. Think of
all the reviews, comments, and messages out there! Sentiment
analysis is like teaching computers to be emotionally savvy,
like understanding when someone is happy about a product
or not so thrilled about a service. However, it's tricky because
words can have different meanings in different situations. For
example, saying "I'm fine" might mean different things based
on the context. So, we must be careful and smart about how
we teach computers to read between the lines. In our
experiments, we used two types of computer smarts: Machine
Learning, which is like teaching the computer with examples,
and Deep Learning, which is like giving the computer a smart

brain to figure things out on its own. This paper takes you on
a journey through why sentiment analysis matters, what
challenges we face, and the exciting results we found in our
guest to make computers understand human feelings. It's like
teaching our machines to be emotion experts.

During our research exploration, we engaged with
sophisticated tools to enhance the emotional intelligence of
our computational models. Notable among these were
TensorFlow and Keras, revered entities in the domain of
Deep Learning, which served as the bedrock for empowering
our computational frameworks. The star of our show, the
intellectually adept Long Short-Term Memory (LSTM),
assumed the role of an emotion-discerning virtuoso, owing to
the capabilities awarded by these tools. Additionally, we
collaborated with the Natural Language Toolkit (NLTK), a
luminary in the field of Natural Language Processing, along
with other stalwart Machine Learning frameworks. This
consortium of computational aides was instrumental in our
pursuit to ascertain the optimal mechanism for sentiment
understanding. In essence, our research metamorphosed into
a journey, similar to wielding a sophisticated toolkit to impart
our computational entities with heightened acumen in the
domain of emotional comprehension.

Il. RELATED WORK

In[1] paper the authors proposed a study of sentimental
analysis of Twitter-based airline data, where deep learning
outperforms the machine learning techniques. paper [2] talks
about the use of a Deep learning framework in sentimental
analysis performing CNN-based experiments and achieving
outstanding outcomes.[3]-[4] Both papers are about the
survey based on the analysis. The paper [5] has a simple but
efficient study of the ML algorithm where K-mean and TF-
IDF approaches were used to do the sentimental analysis to
find the emotion of the phrases.

I1l. METHODOLOGY

In conducting this research, a critical first step was the
thorough preprocessing of the dataset. Due to imbalances
within the data, a strategic effort was made to balance its
representation, ensuring that each sentiment category
received fair consideration. Additionally, duplicate data was
systematically identified and removed to maintain the
dataset's integrity. Following this, an extensive data-cleaning
process was executed to eliminate inconsistencies, missing
values, and any anomalies that might impede the accuracy of
subsequent analyses. Simultaneously, Exploratory Data
Analysis (EDA) was conducted to glean insights into the
distribution of sentiments within the dataset, facilitating a
nuanced understanding of potential patterns and challenges.
To prepare the data for model training, various label encoding
techniques were applied. Among these, one-hot encoding was
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a prominent choice, transforming categorical sentiment labels
into numerical representations. This conversion ensured
compatibility with the machine learning models employed in
the subsequent phases of the research.

The dataset was then split into two segments—
namely, a training set and a testing set. This partition
allocated 80% of the data for model training, while the
remaining 20% served as a robust evaluation set, allowing for
an effective assessment of each model's generalization
capabilities. The aim of our research lies in the
implementation of multiple models mentioned in the abstract.
TensorFlow and Keras were harnessed for the deployment of
deep learning models, with particular emphasis on the Long
Short-Term  Memory (LSTM) model. Simultaneously,
traditional machine learning models, including Logistic
Regression, Naive Bayes, and Random Forest, were
implemented using sci-kit-learn, leveraging their respective
strengths. After model implementation, an extensive training
phase ensued, wherein each model was exposed to the
intricacies of the training dataset, enabling them to discern
and internalize the underlying patterns of sentiment.
Following this, the models were rigorously evaluated using
the testing dataset, employing established performance
metrics such as accuracy, precision, recall, and F1 score. This
comprehensive methodology was crafted to ensure the
robustness-and reliability of our experiments in the realm of
sentiment analysis.

n=n:

LASP.

ChatGPT https

Flg 1: Word cloud before Data cleanlng

sponse

chatgpt alcha nrl

asked: chatgpt
chatgptwwork

e thlnkp

Fig. 2: Word cloud after Data cleaning

A. Machine Learning

In this research, experiments were done on a bunch of
Machine Learning buddies—Logistic Regression, the straight
shooter; Naive Bayes, the simple yet effective one; and
Random Forest, a group of decision-making pals. These
models, like clever teammates, learned to understand
sentiments in our text data. Logistic Regression is like a
reliable guide, Naive Bayes simplifies things, and Random

Forest works as a team. Together, they form a strong crew,
adding their skills to figure out the language of sentiments.

B. Deep Learning

In our exploration of sentiment analysis, we harnessed the
power of Long Short-Term Memory (LSTM), a specialized
type of Recurrent Neural Network (RNN). Tailored for
handling sequential data like text, speech, and time series,
LSTM excels in capturing long-term dependencies. Think of
it as the brain within our models, adept at understanding
complex language patterns. This makes LSTM ideal for tasks
like language translation, speech recognition, and,
importantly for us, discerning the nuances of sentiments in
text. It's like having a language-savvy companion with an
exceptional memory.

IV. EXPERIMENT RESULT

A. Accuracy

As mentioned before after setting up the experiments and
training the models on the dataset the following are the result

Model Accuracy | Precision | Recall
LSTM 0.89266 | 0.89267 | 0.89266
LR 0.83367 | 0.72853 | 0.83246
Naive Bayes 0.78249 | 0.73257 | 0.79462
Random Forest | 0.85167 | 0.83894 | 0.81353

Table 1: Classification Report
Table 1 shows the classification report of all the
models, the table displays the Accuracy, Precision, and Recall
of all the models, calculated using the test data that was split
at the beginning of the experiment
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Fig. 3: Accuracy
B. ROC Curve
The ROC curve, short for the Receiver Operating

Characteristic curve, serves as a visual representation of a
classification model's  performance across various
classification thresholds. This graph illuminates two key
parameters: the True Positive Rate (TPR) and the False
Positive Rate (FPR). As the classification threshold is
adjusted, the ROC curve maps out the trade-off between
correctly identified positive instances and erroneously
identified negative instances. Essentially, it provides a
comprehensive view of how well the model discriminates
between classes, showcasing the impact of threshold
adjustments on both True Positives and False Positives. In
simpler terms, it's a powerful tool for evaluating the
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effectiveness of a classification model across a spectrum of
decision thresholds.

Receiver Operating Characteristic (ROC) Curve
1.0 4
,//
= /
0.8 1 - /’/4’
’
’/
U e
5 oGl
a -
, 0.6 -
¢ ”
£
% os
0.2
: = ROC curve (area = 0.64)
ROC curve {area = 0.65)
y/ — ROC curve {area = 0.53)
0.0 v :
0.0 02 0.4 06 0.8 10
False Positive Rate
Fig. 4: ROC curve of LR model
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Fig. 5: ROC curve of Naive Bayes model
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Fig. 6: ROC curve of Random Forest model

V. FUTURE WORK

As the field of sentiment analysis continues to evolve,
avenues for hybrid models and novel architectures beckon
exploration. Future research could explore amalgamating the
strengths of both Machine Learning and Deep Learning to
create models that deliver unparalleled accuracy across
diverse sentiment analysis tasks.

VI. CONCLUSION

In conclusion, our exploration into sentiment analysis
unfolded as a dynamic journey, pitting traditional Machine
Learning models against the prowess of Deep Learning,
particularly the Long Short-Term Memory (LSTM) model.
Through meticulous experimentation and evaluation, we
observed that while Machine Learning models like Logistic
Regression, Naive Bayes, and Random Forest showcased
commendable accuracy in straightforward sentiment
classification, the LSTM model demonstrated exceptional
proficiency in capturing nuanced sentiment and contextual
intricacies. This nuanced understanding positions LSTM as a
valuable asset in the realm of sentiment analysis, especially
when dealing with the complexities of human expression. Our
findings emphasize the importance of selecting models
tailored to the nature of the sentiment analysis task, with
LSTM standing out as a robust contender for tasks demanding
a fine-grained comprehension of language nuances and
sentiment subtleties. As we navigate the ever-evolving
landscape of sentiment analysis, our research underscores the
significance of leveraging both traditional and advanced
techniques, fostering a harmonious synergy between the
strengths of Machine Learning and the nuanced capabilities
of Deep Learning models.
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