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Abstract: Sarcasm is a refined type of irony, used on social networking sites like Facebook and Twitter and microblogs. Typically, it is employed 

to impart tacit knowledge in a message. It is typically used to communicate implicit knowledge within an individual's message. For various 

reasons, such as criticism or satire, sarcasm can be used. But it's hard to remember even for humans. Consequently, it can be very helpful to 

recognize sarcastic comments in order to automatically increase feelings of data gathered from microblogging websites or social networks. 

Sentiment Analysis refers to the detection and compilation of Internet users' attitudes and views on a particular topic. In this article, we suggest 

a model-based method for detecting Twitter sarcasm. We offer four sets of features covering the various sarcasm forms that we have identified. 

We use tweets to describe sarcastic and non-sarcastic tweets. Our method proposed achieves a precision of 83.1% with a precision of 91.1%. We 

also investigate the meaning and importance of each of the suggested sets of characteristics. We stress the importance of pattern-based 

characteristics to identify sarcastic statements in particular. 

Keywords—Twitter, sentiment analysis, sarcasm detection, machine learning. 

 

I. INTRODUCTION  

With the fast advancements in Communications and 
Information Technologies, the popularity of learning on the 
Internet and construction of e-learning environments is 
growing rapidly.  The learning system focused in our 
educational institutions on the traditional methods where the 
teacher consider is main resource for information dependent 
on traditional facilities such as book and white board only, as 
well as interested on the theory side instead of   practical 
application side. after activation the e- learning and using the 
modern techniques in the connecting information and sharing 
files between teachers and students regardless of time and 
space. The e-learning enables the student to interact greatly 
with the teacher away from embarrassment and restrictions. 
Google is one of the best companies in providing applications 
and electronic services that students and teachers need it such 
Google Classroom platform and G-suite applications.  

Sarcasm is part of human nature and perhaps an 
evolutionarily noble entity. It is the routine of remarks that 
undoubtedly refer to the opposite of what the individuals say 
and made in order to miffed someone’s feelings or to disparage 
something in a hysterical way. The understanding the delicacy 
of this practice needs second order elucidation of the narrator's 
or author's objectives; different parts of the brain must slog 
together to understand sarcasm appears to work out the brain 
more than genuine testimonials do. Sarcasm has a two-faced 

quality: it’s both comical and means. So, the researchers show 
curiosity in sarcasm detection of social media text, especially 
in tweets[1]. The rapid growth of tweets leads to critical in the 
analysis of data. It is also known as opinion mining that 
derives the opinion of a person or attitude of a speaker. Many 
researchers focus their interest towards sentimental analysis 
particularly in the field of the social network from the past few 
years. Machine learning methods and algorithms pave a new 
way for sentiment analysis particularly sarcasm detection by 
providing a set of algorithms and procedures[2]. 

Twitter became one of the biggest web destinations for 
people to express their opinions, share their thoughts and 
report real-time events, etc. Throughout the previous years, 
Twitter content continued to increase, thus constituting a 
typical example of the so-called big data. Today, according to 
its official website,1 Twitter has more than 288 million active 
users, and more than 500 million tweets are sent every day[3]. 
Many companies and organizations have been interested in 
these data for the purpose of studying the opinion of people 
towards political events popular products or movies. 

At the age of digitalized era and booming of internet usage 
in both cities and rural areas, many people now are able to 
write and share their opinion as easy as taking candy from a 
bab[4]. Social media or micro blogging like Face book or 
Twitter provide the user with many capabilities to share their 
opinion. In a survey conducted by Princeton Survey Research 
Associates International done in 2014, from 81% of total 
American adults who use the internet, 52% use two or more 
social media sites. It shows an increase of 10% from the 
previous year. This gives to some researchers whom is 
interested in natural language processing or semantic analysis 
“a big prospect” to be an object of analysis. 

Some people are more sarcastic than others, however, in 
general, sarcasm is very common, though, difficult to 
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recognize. In general, people employ sarcasm in their daily life 
not only to make jokes and be humorous but also to criticize 
or make remarks about ideas, persons or events. Therefore, it 
tends to be widely used in social networks, in particular 
microblogging websites such as Twitter. That being the case, 
the state-of-the-art approaches of sentiment analysis and 
opinion mining tend to have lower performances when 
analyzing data collected from such websites[5]. Maynard and 
Greenwood show that sentiment analysis performance might 
be highly enhanced when sarcasm within the sarcastic 
statements is identified. Therefore, the need for an efficient 
way to detect sarcasm arises. 

In this paper, we propose an efficient way to detect 
sarcastic tweet. Although it does not need an already-built user 
knowledge base as in the work of [6], our approach considers 
the different types of sarcasm and detect the sarcastic tweets 
regardless of their owners or their temporal context, with a 
precision that reaches 91.1%.Therefore, the main 
contributions of this paper are as follows: 

i. We identify the main purposes for which sarcasm is 
used in social networks. 

ii. We propose an efficient way to detect sarcastic tweets, 
and study how to use this information (i.e., whether the 
tweet is sarcastic or not) to enhance the accuracy of 
sentiment analysis. 

iii. We study the added value of the different sets of 
features used, in particular, in terms of precision of 
detection. 

The remainder of this paper is structured as follows: 
Section II describes some state of the art work related to our 
proposed approach. Section III describes our proposed 
approach for sarcasm detection. In section IV we present and 
discuss the obtained results of the approach, and Section V 
concludes this work.  

II. RELATED WORK 

In the last few years, more attention has been given to 
Twitter sentiment analysis by researchers, and a number of 
recent papers have been addressed to the classification of 
tweets. However, the nature of the classification and the 
features used vary depending on the aim.[7] used non-context-
related features such as the presence of slangs, time-event 
phrases, opinioned words, and the Twitter user information to 
classify tweets into a predefined set of generic classes 
including events, opinions, deals, and private messages. [8] 
proposed a method to identify the emotional pattern and the 
word pattern in Twitter data to determine the changes in public 
opinion over the time. They implemented a dynamic scoring 
function based on Jaccard's similarity [9] of two successive 
intervals of words and used it to identify the news that led to 
breakpoints in public opinion. 

Efforts to moderate user generated content in the Internet 
started very early. [10] is one of the earliest computational 
work in this direction which builds a decision tree classifier 
for insulting posts trained on labeled comments from two web 

forums. Though academic research in this area started that 
early, it used different nomenclature including abusive, flame, 
personal attack, bullying, hate speech, etc., often grouping 
more than a single category under a single name [11]. Based 
on the content (and not the specific term used), we divide the 
related work into five categories- profanity, hate speech, 
cyberbullying, trolling and personal attacks.[12] introduced 
the task of filtering satirical news articles from true newswire 
documents. They introduced a set of features including the use 
of profanity and slangs and what they qualified of ``semantic 
validity''; and used Support Vector Machine (SVM) classifier 
to recognize satire articles [13] relied on hashtags that Twitter 
users employ in their tweets to identify sarcasm in Twitter. 
They also studied how the detection of sarcasm can highly 
enhance the sentiment analysis of tweets, and proposed a rule 
to decide on the polarity of the tweet (i.e., whether it is positive 
or negative) depending on the apparent sentiment of the tweet 
and the content of the hashtag. 

Academic research on bullying was started by social 
scientists and psychologists with a special focus on 
adolescents [14]. Similarly, social studies on cyberbullying 
predate computational endeavors [14]. Cyberbullying has 
three definite characteristics borrowed from traditional 
bullying [15]- intentional harm, repetitiveness and power 
imbalance (e.g., anonymity in the Internet) which 
differentiates it from other forms of online attacks. [16] give a 
detailed analysis of cyberbullies, their victims and bystanders 
based on self-reported experience of bullying, cyberbullying 
and Information and Communication Technology use by 
school children.[17] consider instagram pictures with a 
minimum of fifteen comments of which more than 40% 
contain at least one profane word, to account for repetitiveness 
of bullying. Their best performing classifier uses uni-gram and 
tri-gram text features with image category (e.g., person, car, 
nature, etc.) and its meta data to achieve an F1 score of 0.87. 
Trolls disrupt meaningful discussions in online communities 
by posting irrelevant and provocative comments. [18] contrast 
traits of users banned by moderators to users who are not 
banned in news websites. They observe differences in the 
quality of comments, number of replies received and use of 
positive words for the two groups. A classifier trained on such 
features in one community is also able to perform well in 
another. [19] equate flagging of comments by community as 
instances of trolling and discover that a significant portion of 
users have very low flagged content earlier. They suggest that 
an ordinary user can behave like a troll depending on the mood 
of the user and the context of the discussion. [20] introduce 
troll vulnerability metrics to predict likelihood of a post being 
trolled. 

 

In comparison with all of the above-mentioned work, in 
this paper we study shaming comments on Twitter, which are 
part of a particular shaming event and hence they are related. 
Furthermore, when we consider a shaming event, the focus lies 
on a single victim. All the comments which are of interest 
should invariably be about that particular victim. Other 
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comments are ignored. Most of the previous work mentioned 
above do not make a distinction between acceptability and no 
acceptability of a comment based on the presence or absence 
of a predefined victim. 

III. PROPOSED APPROACH 

Given a set of tweets, we aim to classify each one of them 
depending on whether it is sarcastic or not. Therefore, from 
each tweet, we extract a set of features, refer to a training set 
and use machine learning algorithms to perform the 
classification. The features are extracted in a way that makes 
use of different components of the tweet, and covers different 
types of sarcasm. The set of tweets on which we run our 
experiments is checked and annotated manually. 

Manual analysis of numerous sentences is costly. 
Therefore, generating rules automatically becomes necessary. 
In this we are going to use Large dataset and many classifiers 
to get the maximum accuracy. The classifiers like SVM, 
Random Forest, Logistic Regression, Decision Tree, Neural 
Networks, Naive Bayes in this project we use 21 special 
features along with usual unigrams and bigrams for 
classification. These 21 features were divided in to 4 
categories:  

Text expression-based features, Emotion-based features, 
Familiarity-based features and, Contrast-based features So 
that the accuracy of our sarcasm detection will be improved 
and advantage of proposed system is we use large amount of 
dataset with more sarcastic sentences  and  Naive Bayes 
classifier is used here for improving the high accuracy rate 
when compare with previous method and  21 features were 
used to detect the sarcasm or not but here the polarity of 
reviews were identified correctly as we use more sarcastic 
sentence 

A. Data Set 

To train an algorithm to detect sarcasm, we first need some 
data to train our algorithm on. Classification is a supervised 
learning exercise, which means we need to have some 
sentences labeled as sarcastic and sentences labeled as non-
sarcastic so that our classifier can learn the difference between 
the two. One option would be to go over an online corpus 
which might contain some sarcastic sentences, for example 
online reviews or comments, and label the sentences by hand. 
This can be a very tedious exercise if we want to have a large 
data set. The other option is to rely on the people writing the 
sentences to tell us whether their sentences are sarcastic or not. 
This is what we are going to do. The idea here is to use the 
Twitter API to stream tweets with the label #sarcasm, these 
will be our sarcastic texts, and other tweets that don't have the 
obvious advantage of taking our data from Twitter is that we 
can have as many samples as we want.  

Every day people write new sarcastic tweets, we can 
simply stream them and store them in a database. I ended up 
collecting 20 000 clean sarcastic tweets and 100 000 clean 
non-sarcastic tweets over a period of three weeks in June-July 
2014 (see section below to understand what a clean tweet is). 

Since tweets are often about what is currently happening in the 
world, it is important to collect the positive (sarcastic) and 
negative (non-sarcastic) samples during the same time period 
in order to isolate the sarcasm variable. However, there is a 
drawback to taking our data from Twitter; it's noisy. Some 
people use the #sarcasm hash tag to point out that their tweet 
was meant to be sarcastic, but a Human would not have been 
able to guess that the tweet is sarcastic without the label 
#sarcasm (example: What a great summer vacation I've been 
having so far :) #sarcasm). One may argue however that this is 
not really noise since the tweet is still sarcastic, at least 
according to the tweet's owner, and that sarcasm is in the eyes 
of the beholder. The converse also happens, someone may 
write a tweet which is clearly sarcastic but without the label 
#sarcasm.  

There are also instances of sarcastic tweets where the 
sarcasm is in a linked picture or article. Sometimes tweets are 
responses to other tweets, in which case the sarcasm can only 
be understood within the context of the previous tweets. 
Sometimes the label #sarcasm is meant to indicate that, while 
the tweet itself is not sarcastic, some of its hashtags are 
(example: Time to do my homework #yay #sarcasm). I will 
discuss in the next section how to remove most of that noise, 
but short of reading all the tweets and labeling them by hand 
we cannot remove all the noise as shown in the Fig-1. 

 

Figure  1. Proposed system architecture steps 

 

B. Feature Selection  

Feature selection is based on which features will make an 
impact in our project and which feature we don’t need to use. 
The Features we need to use is extracted from the dataset and 
other features are left as it is. The Feature can be multiple class 
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as well as Single feature so we need to decide how our feature 
should come as shown in the Fig-2. 

 

Figure  2. Feature filtration 

C. Preprocessing  

Before extracting features from our text data, it is 
important to clean it up. To remove the possibility of having 
sarcastic tweets in which the sarcasm is either in an attached 
link or in response to another tweet, we simply discard all 
tweets that have http addresses in them and all tweets that start 
with the @ symbol. Ideally, we would only collect tweets that 
are written in English. When we collect sarcastic tweets, the 
requirement that it contains the label #sarcasm makes it very 
likely that the tweet will be in English.  

To maximize the number of English tweets when we 
collect non-sarcastic tweets, we require that the location of the 
tweet is either San-Francisco or New-York. In addition to 
these steps, we remove tweets which contain Non-ASCII 
characters. We then remove all the hashtags, all the friend tags 
and all mentions of the word sarcasm or sarcastic from the 
remaining tweets. If after this pruning stage the tweet is at least 
3 words long, we add it to our dataset. We add this last 
requirement in order to remove some noise from the sarcastic 
dataset since I do not believe that one can be sarcastic with 
only 2 words. Finally, we remove duplicates. Analyzing of the 
data helps in screaming of the data carefully which can rectify 
misleading results. Preprocessing is done in three major steps 
like 

1. Feature Extraction and Feature Engineering  

2. Feature Cleaning 

 

 

1. Feature Extraction and Feature Engineering  

The text must be parsed to eliminate words, called 
tokenization. Then the words need to be determined as integers 

or floating-point value for use as input to a machine learning 
algorithm, called feature extraction.  

This is the most important phase in the development of the 
system. Before applying feature extraction algorithms, the 
stemming of words was performed. Stemming is the process 
in which the words are shortened and normalized to their stem 
and their tenses are ignored. For example, “cats running ran 
cactus cactuses cacti community communities” will be 
stemmed to ‘cat run ran cactu cactus cacti commun’. The root 
of the word is preserved for better efficiency of feature 
extraction and to reduce redundancy. This system takes into 
account the features developed from N-grams, sentiments, 
topics, pos-tags, capitalization, etc. The features from N grams 
are majorly unigrams i.e., containing one word (For example, 
“beautiful”, “happy”, etc.) and bigrams i.e. Containing two 
words (For example, “heythere”, “whatsup”). Next, we 
consider topics as features. Topics are basically word which 
have a high probability of appearing together. For example, 
“saturday”, “night”, “party”, “fever” is mostly used together. 
We extract the topics from the dataset and assign separate 
scores to them. For example, according to our training 
performed words like “just what”, “yay” have high occurrence 
in the tweets according to the scores that are generated. The 
sentiments from the previous step are loaded and its features 
are generated. For better accuracy the dates are then spitted 
into 2 and 3 parts respectively and the scores are generated. 

This is really the meat of the algorithm. The question here 
is, what are the variables in a tweet that make it sarcastic or 
non-sarcastic? And how do we extract them from the tweet? 
To this end I engineered several features that might help the 
classification of tweets and I tested them on a cross-validation 
set (I will discuss metrics for evaluating cross-validation in a 
later section). The most important features that came out of 
this analysis are the following: n-grams: More precisely, 
unigrams and bigrams. These are just collections of one word 
(example: really, great, awesome, etc.) and two words 
(example: really great, super awesome, very weird, etc.). To 
extract those, each tweet was tokenized, stemmed, 
uncapitalized and then each n-gram was added to a binary 
feature dictionary. 

2. Feature cleaning:  

After the feature extraction we’ll search for the any null 
parameters in my data’s. If there are any null parameters there 
means we need to fill the parameters with the related content. 
In this process the steaming of the words is done. The similar 
words are been considered as one and the model is being build. 

D. Model Building 

There is a very wide range of machine learning algorithms 
to choose from, most of which are available in the python 
library Scikit-learn. However, most of the implementations of 
these algorithms do not accept sparse matrices as inputs, and 
since we have a large number of nominal features coming from 
our n-grams features it is imperative that we encode our 
features in a sparse matrix. Out of the algorithms that do 
support sparse matrices in Scikit-learn, I ended up trying naive 
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Bayes, logistic regression and support vector machine (SVM) 
with a linear kernel. I got the best results in cross validation 
using SVM with a Euclidean regularization coefficient of 0.1. 

IV. EXPERIMENTAL RESULTS 

Once the features are extracted, we proceed to our 
experiments. The Key Performance Indicators (KPIs) used to 
evaluate the approach are: 

Accuracy: it represents the overall correctness of 
classification. In other words, it measures the fraction of all 
correctly classified instances over the total number of 
instances. 

Precision: it represents the fraction of retrieved sarcastic 
tweets that are relevant. In other words, it measures the 
number of tweets that have successfully been classified as 
sarcastic over the total number of tweets classified as sarcastic. 

Recall: it represents the fraction of relevant sarcastic 
tweets that are retrieved. In other words, it measures the 
number of tweets that have successfully been classified as 
sarcastic over the total number of sarcastic tweets. 

We ran the classification using the classifiers ``Random 
Forest'' [22], ``Support Vector Machine'' (SVM), ``k Nearest 
Neighbors'' (k-NN) and ``Maximum Entropy''. Table 1 
presents the performances of the classifiers on the dataset. The 
overall accuracy obtained reaches 83.1% using the classifier 
Random Forest for an F1-score equal to 81.3%. This accuracy 
is obtained when setting the parameters of the classifier as 
follows [22]: 

Number of Features: 20 

Number of Trees: 100 

Seeds: 20 

Max Depth: 0 (unlimited) 

Table1. The Performances of The Classifiers On The 

Dataset 

 

SVM, on the other hand, presents a precision equal to 
98.1% for a low F1-score equal to 33.8%. This means that 
most of the tweets that were classified as sarcastic are indeed 
sarcastic. However, a very few percentages of the sarcastic 
tweets were detected (almost 20%). In other words, SVM is 
capable of detecting sarcasm with a high precision and the 
output can indeed be used to refine sentiment analysis, 
however, it does not cover all the sarcastic tweets. In a real 
stream of tweets, the number of sarcastic tweets is quite lower 

than that in the dataset used; therefore, the results obtained 
mean that only one out of five sarcastic tweets will be detected. 
Classifiers such as k-NN and Maximum Entropy present a 
high accuracy and F1-scores, however, the performances of 
Random Forest are the highest. During the preliminary 
experiments (i.e., parameters optimization) as well as for the 
rest of our analysis, the results used are those returned by the 
classifier Random Forest. 

A. Naive Bayes  

Naive Bayes is based on two assumption. Firstly, all 
features in an entrance that needs to be classify are causative 
evenly in the decision (equally important). Secondly, all 
attributes are statistically self-determining, meaning that, 
knowing an attribute’s value does not indicate whatever thing 
about other attributes’ values which is not always true in 
practice. The process of classifying an instance is done by 
applying the Bayes rule for each class given the occurrence. In 
the fraud detection task, the following formula is calculated 
for each of the two classes (fraudulent and legitimate) and the 
class associated with the higher prospect is the predicted class 
for the instance. Fig. 3 shows the performances of 
classification on our test set. 

 

Figure  3. the performances of classification for Naive 
Bayes analysis 

B. Support Vector Machine  

In machine learning, support-vector machines (SVM’s, 
also support-vector networks are supervised learning models 
with associated learning algorithms that analyze data used for 
classification and regression analysis. Given a set of training 
examples, each marked as belonging to one or the other of two 
categories, an SVM training algorithm builds a model that 
assigns new examples to one category or the other, making it 
a non-probabilistic binary linear classifier (although methods 
such as Platt scaling exist to use SVM in a probabilistic 
classification setting). A SVM model is a representation of the 
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examples as points in space, mapped so that the examples of 
the separate categories are divided by a clear gap that is as 
wide as possible. New examples are then mapped into that 
same space and predicted to belong to a category based on 
which side of the gap they fall. Fig. 4 shows the performances 
of classification on our test set.  

 

Figure  4. the performances of classification for SVM 
analysis 

C. Random Forest  

Random forests or random decision forests are an 
ensemble learning method for classification, regression and 
other tasks that operates by constructing a multitude of 
decision trees at training time and outputting the class that is 
the mode of the classes (classification) or mean prediction 
(regression) of the individual trees. Random decision forests 
correct for decision trees' habit of overfitting to their training 
set. The first algorithm for random decision forests was 
created by Tin Kam Ho using the random subspace method, 
which, in Ho's formulation, is a way to implement the 
"stochastic discrimination" approach to classification 
proposed by Eugene Kleinberg. Fig. 5 shows the performances 
of classification on our test set. 

 

Figure  5. the performances of classification for Random 
forests analysis 

D. Neural Network  

A neural network is a network or circuit of neurons, or in 
a modern sense, an artificial neural network, composed of 
artificial neurons or nodes.Thus a neural network is either a 
biological neural network, made up of real biological neurons, 
or an artificial neural network, for solving artificial 
intelligence (AI) problems. The connections of the biological 
neuron are modeled as weights. A positive weight reflects an 
excitatory connection, while negative values mean inhibitory 
connections. All inputs are modified by a weight and summed. 
This activity is referred as a linear combination. Finally, an 
activation function controls the amplitude of the output. For 
example, an acceptable range of output is usually between 0 
and 1, or it could be −1 and 1. 

Unlike von Neumann model computations, artificial neural 
networks do not separate memory and processing and operate 
via the flow of signals through the net connections, somewhat 
akin to biological networks.  These artificial networks may be 
used for predictive modeling, adaptive control and 
applications where they can be trained via a dataset. Self-
learning resulting from experience can occur within networks, 
which can derive conclusions from a complex and seemingly 
unrelated set of information. Fig. 6 shows the performances of 
classification on our test set. 



Saraswathi J, Sarala V et al. 

International Journal of Computer Science & Wireless Security (IJCSWS) 

Vol. 08(02), Mar-Apr 2021,pp.13-21 

 

ISSN: 1122-4573                                                                          www.ijcsws.com                                                                                              19 

 

 
Figure  6. the performances of classification for neural 

network analysis 

E. Confusion Metrices  

The first thing you will see here is ROC curve and we can 
determine whether our ROC curve is good or not by looking 
at AUC (Area Under the Curve) and other parameters which 
are also called as Confusion Metrics. A confusion matrix is a 
table that is often used to describe the performance of a 
classification model on a set of test data for which the true 
values are known. All the measures except AUC can be 
calculated by using left most four parameters. So, let’s talk 
about those four parameters first. 

 
True positive and true negatives are the observations that 

are correctly predicted and therefore shown in green. We want 
to minimize false positives and false negatives so they are 
shown in red color. These terms are a bit confusing. So, let’s 
take each term one by one and understand it fully. 

True Positives (TP) - These are the correctly predicted 
positive values which means that the value of actual class is 
yes and the value of predicted class is also yes. E.g., if actual 
class value indicates that this passenger survived and predicted 
class tells you the same thing.  

True Negatives (TN) - These are the correctly predicted 
negative values which means that the value of actual class is 
no and value of predicted class is also no. E.g., if actual class 
says this passenger did not survive and predicted class tells 
you the same thing. False positives and false negatives, these 

values occur when your actual class contradicts with the 
predicted class. 

False Positives (FP) – When actual class is no and 
predicted class is yes. E.g., if actual class says this passenger 
did not survive but predicted class tells you that this passenger 
will survive.  

False Negatives (FN) – When actual class is yes but 
predicted class in no. E.g. if actual class value indicates that 
this passenger survived and predicted class tells you that 
passenger will die.Once you understand these four parameters 
then we can calculate Accuracy, Precision, Recall and F1 
score. 

Accuracy - Accuracy is that the most intuitive 
performance live and it's merely a magnitude relation of 
properly foretold observation to the entire observations. One 
might imagine that, if we've high accuracy then our model is 
best. Yes, accuracy may be a nice live however only you have 
got radially symmetrical datasets wherever values of false 
positive and false negatives area unit virtually same. 
Therefore, you have got to appear at different parameters to 
judge the performance of your model. For our model, we've 
got zero.803 which means our model is approx. 80% accurate.  

Accuracy = TP+TN/TP+FP+FN+TN  

Precision - preciseness is that the magnitude relation of 
properly foretold positive observations to the entire foretold 
positive observations. The question that this metric answer is 
of all passengers that labelled as survived, what percentage 
really survived? High preciseness relates to the low false 
positive rate. We have got zero.788 preciseness that is pretty 
sensible. 

Precision = TP/TP+FP  

Recall (Sensitivity) - Recall is that the magnitude relation 
of properly foretold positive observations to the all 
observations in actual category - affirmative. The question 
recall answers is: Of all the passengers that actually survived, 
what percentage did we tend to label? We have got recall of 
zero.631 that is nice for this model as it’s on top of zero.5.  

Recall = TP/TP+FN 

F1score - F1 Score is that the weighted average of 
preciseness and Recall. Therefore, this score takes each false 
positives and false negatives under consideration. Intuitively 
it's not as straightforward to know as accuracy, however F1 is 
sometimes a lot of helpful than accuracy, particularly if you 
have got AN uneven category distribution. Accuracy works 
best if false positives and false negatives have similar price. If 
the value of false positives and false negatives area unit 
terribly totally different, it’s higher to appear at each 
preciseness and Recall. In our case, F1 score is 0.701.  

F1 Score = 2*(Recall * Precision) / (Recall + Precision) 



Saraswathi J, Sarala V et al. 

International Journal of Computer Science & Wireless Security (IJCSWS) 

Vol. 08(02), Mar-Apr 2021,pp.13-21 

 

ISSN: 1122-4573                                                                          www.ijcsws.com                                                                                              20 

 

F. Overall Performances Of The Proposed Approach 

Together, the features perform better than each one by 
itself. Fig. 7 shows the performance of the proposed approach 
when all the features are used. 

 

Figure  7. Accuracy of classification using all features 
during training set-cross-validation and on the 
test set. 

During cross validation, both the accuracy and precision 
are higher than 90%. The recall is lower than 89%. More 
interestingly, the accuracy obtained for the test set, before 
enrichment of the patterns, exceeds 72% with a precision 
higher than 73%. This shows that, if combined, the different 
sets of features, perform better. Although our data set contains 
many sarcastic tweets that are hard to identify even by humans 
(we referred to the hashtag ``#sarcasm'' to classify them), the 
accuracy obtained is high. The enrichment process added more 
potential to the approach and increased the accuracy of the 
classification noticeably. The precision also increased 
compared to that without enrichment. It reflects the fact that 
most of the tweets that have been classified as sarcastic really 
are. Recall, on the other hand, has a lower value, though still 
better than before enrichment. It shows that, many of the 
sarcastic tweets were not well classified. As mentioned before, 
tweets of sarcasm level 3 are very difficult to be distinguished 
from the non-sarcastic ones, therefore, we believe that many 
of the sarcastic tweets that were not classified as sarcastic fall 
in this category. Nevertheless, this can be enhanced if we use 
more tweets for enrichment or in the training set. 

To measure the potential of our method, we consider the 
approach proposed by Riloff et al. [33] as well as the n-gram-
based approaches as our baseline. In addition to the 
aforementioned KPIs, we define a fourth one, which is the F1 
score defined as follow: 

 

It combines the precision and recall; therefore, it represents 
a more reliable KPI to compare different approaches. 

Table2. Performance of The Proposed Approach 

Compared to The Baseline Ones. 

 

The results of the comparison of our approach with the 
baseline ones are given by TABLE 2. Our proposed approach 
clearly outperforms the baseline ones, for the used data set: not 
only it has a higher accuracy and precision, our method's F1 
score is neatly higher than that of the baseline ones. Although 
it performs well when detecting a specific type of sarcasm, the 
approach proposed by [23], performs poorly in our data set 
since most of the sarcastic tweets do not fall in the type of 
sarcasm where a positive sentiment contrasts with a negative 
situation. This explains the high precision of that approach and 
its low recall. 

Compared to more sophisticated approaches such as that 
proposed by [24] or [7], our approach, although it does not 
require a big training data set, or a knowledge base of the users, 
presents competitive results. The two approaches were not 
reimplemented and run on our data set for the reason that we 
do not have a previous knowledge of the users as in [7], nor do 
we dispose of 5.9 million tweets to classify words into context 
words and highly frequent words as in [24]. However, our 
proposed presents an F1 score close to that of the approach 
which is 82.7% (on the Twitter data set) and an accuracy close 
to that of [7]which is 83.46%. 

V. CONCLUSION  

In this work, we proposed a new method to detect sarcasm 
on Twitter. The proposed method makes use of the different 
components of the tweet. Our approach makes use of Part-of-
Speech tags to extract patterns characterizing the level of 
sarcasm of tweets. The approach has shown good results, 
though might have even better results if we use a bigger 
training set since the patterns, we extracted from the current 
one might not cover all possible sarcastic patterns. We also 
proposed an efficient way to enrich our set with more sarcastic 
patterns using an initial training set of 6000 Tweets, and the 
hashtag ``#sarcasm''. 
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