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Abstract: A sentence's polarity can be reversed by the use of sarcasm. Despite the widespread usage of sentiment analysis
on social media, identifying and analyzing sentiments is still challenging, given the possibility of sarcasm. Even humans find
identifying sarcasm in any given text or sentence difficult. Because of this, sarcasm detection with the help of computers
becomes an even more significant and challenging task. Several types of research are done regarding sarcasm detection to
detect sarcasm in the given text. Unique words are primarily used in sarcasm, and finding the usage of how these individual
words are used in tweets or sentences can help detect sarcasm detection. Our research focuses mainly on detecting sarcasm
in the texts and creating state-of-the-art model, by combining two models Naive Bayes, and Decision Tree(entropy-based
approach). In our research, we try to combine the methods of the above two approaches to improve the accuracy of sarcasm
detection and create a state-of-the-art method for sarcasm detection in texts primarily tweets of the twitter.
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1. Introduction presidential election. To a surprise, 11% of the
Twitter users who participated in the discussion
related to this topic were found to use sarcasm in
either direct or indirect ways in their tweets. This
result demonstrates the usage of sarcasm on Twitter
only. Paper[3] performed quantitative analysis on
the topics where sarcasm is used and found that
sarcasm is little in topics like life, health, and food.
In contradiction to it, sarcasm is found frequently in
topics like politics and government. According to
researchers in [5], sarcasm transmits emotions to
have fun for humans.

Because of the openness social media platforms
provide to express their feelings, social media
platforms are gaining more and more popularity, and
their usage is increasing day by day in this era of
globalization. It is becoming a tool that people are
using to express their feelings openly. Out of many
social media platforms like Threads, Instagram, etc.,
Twitter is a social media platform that is regarded as
simple to use and very effective in terms of
showcasing feelings and opinions for people.
Because of its simplicity and effectiveness, people

use Twitter to express their feelings; Twitter has Sometimes, to be able to detect sarcasm is
become a hotspot not only for businesses but also for difficult for humans as well. Making a computer
researchers to research the enormous amount of data learn to see sarcasm in texts becomes a great task,
present in Twitter to perform sentiment analysis and which comes with great difficulty in making
detect sarcasm in the tweets that people post. computers detect sarcasm in texts. Machine

Learning based approaches have been increasingly
used by researchers in the domain of sentiment
analysis to detect sarcasm in the texts. NLP(Natural
Language Processing) is a new area of study that is
used to study and examine the data, similar to how
humans examine and understand the data.

The purpose of sentiment analysis is to identify
whether a text is positive or negative by conducting
a computer study on opinions, attitudes, and
emotions expressed through text. In his paper [2],
researchers surveyed tweets during the US
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This research proposes a method to recognize
sarcastic tweets with high accuracy. In our approach,
we consider two approaches and combine the Naive
Bayes method and the entropy-based Decision Tree
method to determine whether the tweet is sarcastic
or not. To improve sarcasm identification in
sentiment analysis and achieve more accuracy, we
propose an efficient machine-learning model and
showcase our results along with the results of two
methods for comparison in the later section of the
paper. In this work, we try to incorporate the
knowledge of the previously trained model as a
reference for training the second model by feeding
the weights of the first trained model as a starting
point to the second model for training to get rich and
diversified feature sets for detecting sarcasm in the
tweets. We have trained and tested our Approach on
the Twitter datasets published by Twitter, which is
considered a benchmark dataset for detecting
sarcasm in texts. The main contributions of this
paper are as follows:

To detect sarcasm in tweets, we try to enrich the
feature extraction process and training of the
machine learning model by trying to combine
features of two different machine learning models.
At the end of this paper, we show the results of our
model in comparison with the results of the Naive
Bayes approach and entropy-based Decision-tree
approach.

The rest of the paper is structured as follows:
Section 2 illustrates the literature survey done on
different methods proposed for sarcasm detection.
Section 3 explains our proposed methodology.
Section 4 tells about our experiments and results and
the dataset we have used, along with a comparison
with other methods. Finally, we conclude our
research in Section 5 with a conclusion.

2. Related Work

Many researchers and organizations have become
interested in sentimental analysis and, increasingly,
in sarcasm detection. More and more researchers
have discovered that even though more efficient
models are being developed, many factors need to be
taken care of because these factors can make
analyzing the result of sarcasm detection less
accurate.

According to researchers in the paper [1], one
factor that is challenging in sarcasm detection is the
delivery of opinion using sarcasm. They did research
on this factor and recorded that almost 11% of users

using Twitter use sarcasm while giving views.
Researchers of [2] categorized sarcasm usage in
Twitter tweets into three categories: (i) Sarcasm
when a person asks a particular question and does
not want to give the correct answer. (ii) Sarcasm is
used to entertain others. (iii) Sarcasm to express
feelings to others. A sarcasm detection technique
was proposed by Shubhodip Saha, Prabhat Ranjan,
and Jainath Yadav in [3] and employed the Text
Blob package from NLTK for preprocessing. The
stages involved in  preprocessing include
tokenization, removing stop words, and parsing.
Rapid mining is used to determine tweet subjectivity
and polarity. The accuracy of tweets is determined
using the Weka tool using Nave Bayes and SVM
classifiers. SVM and Neural Networks are used for
sarcasm identification in online review texts [4],
employing lexical, pragmatic, linguistic, and
situational incongruity features. The paper discusses
the performance and comparison of SVM and neural
networks.  Additionally, cross-domain  sarcasm
detection is taken into account. The findings of the
investigation show that the technique is reliable.

By including the history of tweets and author
details, the authors David B. and Noah A. S. [5]
improved the classification approach and aided in
the classification procedure. The article offers
accuracy for several scenarios ranging from 70%
and higher. Authors of [6] used the gradient Boost
method. It showed the best results out of all the
classification algorithms. Researchers [7] used
substantial linguistic study and lexical elements,
including adjectives, adverbs, and interjections, and
showed that they significantly impact the ability to
recognize sarcasm [7].

This paper not only drives motivation from the
previous works of the researchers, but we in this
paper also showcase our proposed methodology
along with results and comparison with other
research as well.

3. Proposed Methodology

In our research, our main aim is to identify the
sarcasm in texts and output whether the text has use
of sarcastic language or not with high accuracy. In
our work, we try to use the knowledge of previously
trained models as a reference and perform tuning of
the previously trained model into the new
architecture to get better accuracy, rather than
training the model entirely from the scratch in less
time and with fewer resources.
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Our model architecture consists of a total of two (1) Positive: Meaning that the tweet is sarcastic in

models that we have used it to the accuracy of

architecture,
model[9].

indicates

nature.

identifying and detecting sarcasm in texts like tweets (2) Negative: Meaning that the tweet is non-sarcastic in
on Twitter. The first model we have used in our nature.
model architecture is a Naive Bayes model [8], and (3) Neutral: Meaning that the tweet is neutral in nature.
the second mzde;,n thsntfrlcr:al g; 223' :jnecc.):.gnm?::; The weights of each neuron and the weights of the
: Py 15! neurons for the forward layers are initialized
randomly at the start of the training.
For the fIrSt_ models training purpose, the Naive We use the Stochastic Gradient Descent training
Bayes method is used to calculate the polarity of the . .
i . for back propagating the models errors during the
tweet, whether the tweet is a sarcastic tweet or not. . . -
o training phase and the weights are modified
The last activation layer of the model has three : . .
.. accordingly. A total of 80 iterations are performed
neurons in it, where each of the three neurons . . .
for training, where the learning rate is reduced after
the first 30 iterations.
One class among the polarity of the class labels
respectively. The Class labels of the last activation
layer are as follows:
Training Phase
Testing
Phase
Data Preprocessing Training Model

Split for
testing

Remove numbers
punctuations, URLS
emoji

using hybrid method

Naive Bayes Model

tweets preprocess

Split for

trainin,
TweetsT 2

——>»Feature Extraction—>|

Remove stop words

Training phase Model

l

Tokenization of words

Entropy Based
Descision-tree Method

Sarcastic or
non-Sarcastic
tweets

Output
Gulput Trained Model 2

Figure 1. Architecture of proposed method

However, the weights of the second model are
initialized with the weights of the first model, which
has been trained instead of initializing randomly like
the first model. The weights that have been
initialized are retrained again and are fine-tuned
based on the entropy-based decision tree method[9].
The second model is entropy-based; the generated
feature maps are more likely to be robust against
changes in the words in the sentence. The
architecture of our proposed model is shown in
Figure 1: Proposed method's architecture

Data preprocessing and Feature Extraction are two
main components of our proposed method's
architecture.

Data preprocessing: Its task is to process the raw
data, which comes in the form of tweets, and make it
suitable for feeding it into the machine learning
model in the format that machine learning accepts.

Feature Extraction: Its main task is to take the
raw data as an input and process it to transform this
raw data into numerical features without making any
changes to the original data. It is used to get better
accuracy for the input data because of uniformity in
the data, which is not visible in raw data.

3.1 Data Preprocessing

Data preprocessing is done on the tweets, which will
be fed to our model for higher accuracy.

3.1.1 Text Cleaning

(1) Removing URLs: (Uniform Resource
Locators) in the tweet do not add any information in
the tweets. They prompt the user to visit the URL for
further information. Hence, URLs are removed in
data preprocessing.

(2) Removing emoji’s: Similar to URLs,
emoji’s do not add any information or value to the
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tweet in terms of sarcasm. So, we remove emoji’s
from the tweets.

(3) Removing HTML tags: HTML tags such as
<html>, <head>, <body>, etc. are removed from the
tweets, as they are added to make the tweet more
pretty, but actually, these HTML tags do not add any
value or information in the tweet. So, we remove
html tags from the tweets as well.

(4) Removing punctuation: Punctuations such
as#, 3, %, &, !, ? etc., are removed from the tweets
as they do not add any information in tweets.

(5) Removing quotes: We are eliminating
single and double quotes from the tweets as they do
not have any information or value in the tweets.
3.1.2 Text Processing

(1) Tokenizing: It is the process of asking an
entire sentence as input and splitting it into a list of
words called tokens. The token can be words, whole
sentences, or even clauses.

(2) Converting to lowercase: We convert all the
words of the sentence in lowercase letters to
maintain uniformity for all the words and sentences

fed into the model for learning and testing purposes
because a model can be case-sensitive and produce
different results for lower and upper-case words.

(3) Removing stop words: Stop words such as
a, an, the, in, to, so, on, etc. are removed from the
tweets because they significantly do not have any
value or information in the tweet. So, we removed
the stop words from the tweets.

(4) Part-of-speech  tagging: This method
matches a word to its related class, which is then
used in the learning process of the model. Part-of-
speech taggers take a series of words as input and
produce a list of tuples as output, where every word
is connected with the relevant tag.

(5) Lemmatization: In this step, we remove the
unnecessary tenses or extra words from the actual
word and convert the word into its root form, which
is the actual word.

Table 1: shows some examples of the twitter
dataset. Where the left column shows the original
raw tweet and the right column shows the text after
the processing is done.

Table 1. Twitter dataset sample.

Original tweet

Processed tweet

Flight has not arrived yet

Flight not arrived

Thanks for the response.

We are hopeful!

Thanks response

hope

Corona is on world tour,

it will come to your door very soon

corona world tour

door soon

Feature Extracting

Extraction of the interjection features and unigram
features is done in this feature extraction step.

(1) Unigram feature extraction: Unigram
feature extraction extracts single words from the text
and returns a collection of single words from the
given sentence. It is done when text is to be
classified as a sarcastic text or not.

(2) Interjection feature extraction: Interjection
feature extraction not only extracts the words from
the given sentence but also extracts the intentions or
the feelings of the person along with the words.
According to the research conducted by the
researchers in the [10], the use of word interjection
is one of the main characteristics for detecting
sarcasm in texts.

4. Dataset, Results And Analysis

In this section, we show the results of our
proposed  methodology and compare our
development with the results of the base models -
the Naive Bayes model and the Entropy-based
Decision tree model, which we took as reference
models.

4.1 Dataset

We have trained our model on the Twitter dataset,
considered a benchmark dataset in the sarcasm
detection domain. The Twitter dataset consists of 1.6
million rows in the dataset, where each row in the
dataset is a unique tweet. The Twitter dataset
consists of various tweets in different domains
ranging from food, health, lifestyle, politics, and
many others. The Twitter dataset is a pre-labeled
dataset where every tweet is labeled as sarcastic,
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neutral, or non-sarcastic. The Twitter dataset is
openly available from the kaggle website.

We evaluate our approach on the Twitter dataset
for testing purposes. Along with calculating the
accuracy for the correctly classified labels, we also
4.2 Results

4.2.1 Naive Bayes Model

calculate the misclassified labels for the tweets as a
comparison parameter to show the robustness of our
proposed methodology with other models.

Confusion Matrix

2315

non sarcastic
'

True labels
neutral
!
-
)
Paf

495

sarcastic
|

'
non sarcastic

neutral
Predicted labels

5000

794

4000

- 3000

- 2000

- 1000

sarcastic

Figure 2. Confusion-Matrix for Naive Bayes

Figure 2, shows the confusion matrix for the
Naive Bayes model. The confusion matrix shows the
number of tweets which has been classified. The
labels on which the tweets have been classified are
as follows:

Negative: A negative title for a tweet means that the
tweet is non-sarcastic.

Neutral: Neutral label for a tweet means that the
tweet is neutral is nature.

Positive: A positive label for a tweet means that the
tweet is sarcastic.

From Figure 2 we can see that the Naive Bayes
model is correctly able to detect the tweets, and the
results are as follows:

Correct Non-Sarcastic: 2319
Correct Neutral: 4951
Correct sarcastic: 5768

Naive Bayes, along with correctly identifying the
tweets as sarcastic, non-sarcastic, and natural tweets,
also has misclassified tweets and the results are as
follows:

(8] False non-sarcastic but were neutral: 477
2 False non-sarcastic but were sarcastic: 794
3 False neutral but were non-sarcastic: 177
4) False neutral but were sarcastic: 399

(5) False sarcastic but were non-sarcastic: 495
(6) False sarcastic but were actually neutral:
917

4.2.2 Entropy-based Decision Tree Model

The figure 3 shows the confusion matrix for the
entropy based decision model. The confusion matrix
shows the number of tweets which has been
classified. The labels on which the tweets have been
classified are the same, as described in the naive
bayes section.
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Figure 3. Confusion-Matrix for entropy-based decision Tree

From Figure 3, we can see that the entropy-based
decision tree model is correctly able to detect the
tweets, and the results are as follows:

Correct non-sarcastic tweets: 1912
Correct neutral tweets: 9514
Correct sarcastic tweets: 9039

Entropy-based decision tree, along with correctly
identifying the tweets as sarcastic, non-sarcastic, and
neutral tweets, also has misclassified tweets, and the
results are as follows:

False non-sarcastic but were neutral: 3099
False non-Sarcastic but were sarcastic: 2141
False neutral but were non-sarcastic: 58
False neutral but were sarcastic: 1495

False sarcastic but were non-sarcastic: 570
False sarcastic but neutral: 4766

Confusion Matrix

2932

non sarcastic
'

True labels
neutral

sarcastic

non sarcastic

782

347 1188

neutral
Predicted labels

From the above Figure 2 and Figure 3, we can see
that Naive Bayes out performs the entropy-based
decision tree model because the Naive Bayes model
is a probabilistic model that is more robust in
generating feature maps compared to the decision
tree model, which is formed by a grouping of weight
assessments which are performed individually on
every feature.

4.2.3 Our Proposed Methodology

The Figure 4 shows the confusion matrix for our
proposed methodology model. The confusion matrix
shows the number of tweets which has been
classified. The labels on which the tweets have been
classified are the same, which has been described in
the naive bayes section.

12000
10000
8000
- 6000
- 4000

12840 - 2000

sarcastic

Figure 4. Confusion-Matrix our proposed methodology
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From the Figure 4 we can see that our proposed
methodology model is correctly able to detect the
tweets, and the results are as follows:

(1) Correct non-sarcastic: 2932
(2) Correct neutral: 6937
(3) Correct sarcastic: 12840

Our proposed method, along with correctly
identifying the tweets as sarcastic, non-sarcastic, and
neutral tweets, also has misclassified tweets and the
results are as follows:

(1) False non-sarcastic but were neutral: 782

(2) False non-sarcastic but were sarcastic: 3438
(3) False Neutral but were non-sarcastic: 107

(4) False neutral but were sarcastic: 4023

(5) False sarcastic but were non-sarcastic: 347
(6) False sarcastic but were actually neutral: 1188

4.2.4 Results Comparison

Figure 5 shows the chart for showing the accuracy
comparison of our proposed methodology with
Naive Bayes and entropy-based decision tree
models, which have been considered as our base
reference models.

Accuracy Comparison

10

0.9 1

Accuracy

Naive Bayes

Decision Tree

Proposed Model

Figure 5. Accuracy chart of all models

From Figure 5, we can see that the accuracy of the
Naive Bayes model is around 70%, the accuracy of
the entropy-based decision tree is around 63%, and
The accuracy of our proposed methodology is about

79%, which is greater than these two methods, Naive
Bayes methodology and entropy-based decision tree,
which are the base models we have taken as
reference.

Table 2. Accuracy Table (Performance)

Model/Method Accuracy
Naive Bayes 70%
Entropy-based Decision Tree 63%
Proposed Methodology 79%

Table 2 shows the accuracy of each model in a
row-wise manner. From this table, we can see that
the accuracy of our proposed model is more than

that of the Naive Bayes and Entropy-based decision
tree models.

Table 3. Misclassified tweets of our model and other models

Model/Method Actual label  Classified label ~ Nr. of tweets
Naive Bayes Non-sarcastic neutral 477
Naive Bayes Non-sarcastic sarcastic 794
Naive Bayes Neutral non-sarcastic 177
Naive Bayes Neutral sarcastic 399
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Naive Bayes Sarcastic non-sarcastic 495
Naive Bayes Sarcastic neutral 917
Decision tree Non-sarcastic neutral 3099
Decision tree Non-sarcastic sarcastic 2141
Decision tree Neutral non-sarcastic 58
Decision tree Neutral sarcastic 1495
Decision tree Sarcastic non-sarcastic 570
Decision tree Sarcastic neutral 4766
Proposed model ~ Non-sarcastic neutral 782
Proposed model ~ Non-sarcastic sarcastic 3438
Proposed model Neutral non-sarcastic 107
Proposed model Neutral sarcastic 4023
Proposed model Sarcastic non-sarcastic 347
Proposed model Sarcastic neutral 1188

Table 3 shows the misclassified tweets of all the models along with their correct respective labels.

Metrics Comparison across Models

0.60

—e— Naive Bayes

—e— Decision Tree
Hybrid M

0.50} —*— Hybrid Model

o) \*’/

Precision Recall

F1 Score ‘Accuracy

Metric

Figure 6. Comparison of metrics for all the measures

Figure 6 shows the comparison of metrics like
Precision, Recall rate, F1 score and Accuracy for all
three models.

From the Figure 6, we can see that our proposed
model out performs than other two models in all the
parameters by a very huge margin. It’s showing that
our proposed model performs better than other two
models in every measuring metrics.

4.3 Analysis

Our proposed methodology outperforms the Naive
Bayes and entropy-based decision tree methods
because we have combined the good features of both
models and incorporated these features into our
model for higher accuracy.

From the observation of Table 2, Table 3, Figure
5, and Figure 6, we can see that our model not only
provides higher accuracy in detecting tweet labels
correctly as they are, but it also has lower
misclassifications in predicting tweet labels
compared to the other two methods.

We first trained the Naive Bayes model and then
used its pre-generated weights to train our second
entropy-based decision tree model. After training the
Naive Bayes model, our model became robust in
generating feature maps, which increased the
accuracy for predicting the tweets correctly as they
are, as it is a probabilistic-based method. After
training our model with an entropy-based decision
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tree model, our model became robust against the
wrong classification of tweets labels because the
decision tree used a collective approach to identify
weight by considering each feature.

5. Conclusion

In this work, we have proposed a new method for
the sarcasm detection problem by taking the transfer
learning approach of two different ways into
consideration for sarcasm detection. Instead of
relying entirely on the weights of Naive Bayes or
Entropy-based decision tree, we have tried to
combine the knowledge of Naive Bayes and
entropy-based decision tree for feature maps and
sarcasm detection. The aggregation performed is
done on an enriched feature map for sarcasm
detection, which made our method more robust
towards unique words. Results and analysis show
that the transfer learning method is effective,
outperforms previous methods, and performs best
without needing post-processing
methods/techniques.

There is still a large room for improvement in
sarcasm detection, not only for texts but also for
speeches. We can use relations between the
sentence's unique words and enhance the feature
maps for better accuracy. We believe these open
questions will inspire more future work.
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