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Abstract— Sarcasm transforms the polarity of an apparently
positive or negative affirmation into its opposite. We propose a
method to construct a sarcastic Twitter message corpus in which
the determination of the sarcasm of each message is made by the
system. We use this reliable corpus to compare sarcastic
statements in Twitter with statements that express positive or
negative attitudes without sarcasm. We study the impact of lexical
and pragmatic factors on the effectiveness of automatic learning
to identify sarcastic utterances and we compare the performance
of automatic learning techniques and human judges in this task.
Perhaps it is not surprising that neither human judges nor
mechanical learning techniques work very well.
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I. INTRODUCTION

Microblogging platforms such as Twitter, which allow
users to communicate their feelings, opinions and ideas in
short messages and assign labels to their own messages, have
been exploited recently in the analysis of feelings and
opinions [3]. Sarcasm (also known as verbal irony) is a
sophisticated form of the act of speech in which speakers
transmit their message implicitly. A characteristic inherent in
the sarcastic act of speech is that it is sometimes difficult to
recognize. The difficulty of recognizing sarcasm causes
misunderstandings in daily communication and poses
problems to many NLP systems such as online review
synthesis systems, dialogue systems or brand surveillance
systems because of the " Failure of peak feel systems to
detect sarcastic comments. In this article, we experiment with
a semi-supervised framework for the automatic identification
of sarcastic sentences.

When it comes to feelings or emotions, no one is interested
in the text, but focuses on its positive or negative expressions.
People can easily express their opinions about social media
services such as reviews, blogs, social networking sites
because they provide a huge amount of valuable information.
Today, an automated identification of feelings is made,
which is beneficial for many NLP systems, such as
examination synthesis systems (MOS), dialogue systems,
and public media analysis systems. Existing feelings
extraction systems rely mainly on the identification of
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polarity (eg, positive and negative evaluations), but there are
many useful and comparatively unexplored feelings such as
sarcasm, irony or humor . In this paper, the sarcasm of feeling
was explored and its detection was done on Twitter, as a
platform.

In Twitter, messages can be annotated with hashtags such as
#bicycling, #happy, and #sarcasm. We use these hashtags to
build a corpus marked by sarcastic, positive and negative
tweets. In this article, we present an empirical study on the
use of lexical and pragmatic factors to distinguish sarcasm
from positive and negative feelings expressed in Twitter
messages. The contributions of this article include i) the
creation of a corpus that includes only sarcastic statements
that have been explicitly identified as such by the composer
of the message; li) a report on the difficulty of distinguishing
sarcastic tweets from tweets that are directly positive or
negative. Our results suggest that lexical characteristics alone
are not sufficient to identify sarcasm and that pragmatic and
contextual characteristics deserve further study.

Il. RELATED WORK

Sarcasm and irony are well studied phenomena in
linguistics, psychology and cognitive sciences [6]. But in the
textual literature, the automatic detection of sarcasm is
considered a difficult problem to solve [10] and very few
studies have been done in this field. In the context where
spoken dialogues are considered, the automatic detection of
sarcasm is based simply on speech-related signals such as
laughter and prosody [15]. The work most closely related to
what we propose in this article belongs to [3], where in the
author caaried the main task to identify sarcastic and
non-sarcastic comments or messages in Twitter and in
product reviews Amazon .

The sarcasm in written and spoken interaction may work
differently [5]. In oral interaction, sarcasm is often marked by
a special intonation [6] or an incongruous facial
expression.Since sarcasm is more difficult to understand than
a literal statement [5], it is likely that the recipients do not
take sarcasm and literally interpret the statements. According
to Gibbs and lzett [6], sarcasm divides its recipients into two
groups; A group of people who understand sarcasm (the
so-called group of wolves) and a group of people who do not
understand sarcasm (the so-called group of sheep). To ensure
that recipients detect sarcasm in the declaration, senders use
language markers in their statements. According to Gibbs [6],
these markers are clues that a writer can give to "alert a reader
to the fact that a sentence is ironic" [6]. On Twitter, the
hashtag '#sarcasm' is a popular marker.
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The automatic classification of communicative
constructions in short texts has become a subject widely
studied in recent years. Large amounts of comments, status
post and personal quotes are updated on social media web
portals such as Twitter.

The automatic labeling process for polarity associated with
text as positive or negative may reveal, aggregate or follow
over time how the general public thinks of certain things. See
Strapparava [14] for an overview of recent research in the
analysis of opinion and opinion mining. A major obstacle to
the automatic determination of the polarity of a text (short)
are constructions in which the literal meaning of the text is
not the intended meaning of the sender, as many polarity
detection systems rely primarily on Positive and negative
words as markers. The task of identifying these constructs
can improve the classification of polarities and provide new
perspectives on the relatively new genre of short messages
and microtexts on social media. Previous work describes the
classification of irony [9], sarcasm (Tsuret al., 2010), satire
(Burfoot and Baldwin, 2009) and humor (Reyes et al.). The

work of Reyes et al. (2012b) and Tsur et al (2010). Reyes et al.

(2012Db) collect a corpus of irony based on tweets that consist
of the #irony hashtag to form classifiers on different types of
features (signatures, unexpected, style and emotional
scenarios) and try to distinguish # irony-tweets tweets
containing hashtags #education, #humor or #politics,
achieving scores of F1 of about 70. Tsur et al. (2010) focus on
product reviews on the World Wide Web, and try to identify
sarcastic sentences from them in a semi-supervised way.
Training data can be collected using manual annotation for
sarcastic sentences and retrieving additionally training data
can be built based on phrases annotated as queries.

The sarcasm is annotated on a scale of 1 to 5. As
characteristics, Tsur et al. Look at the patterns of these
sentences, composed of high frequency words and content
words. Their system obtained an F1 score of 79 on a product
review test, after extracting and annotating a sample of 90
phrases classified as sarcastic and 90 phrases classified as
non-sarcastic. In the two works described above, a system is
tested in a controlled environment: Reyes et al. (2012b)
compare irony with a small set of other subjects, while Tsur
et al. (2010) derived from the unlabeled test a sample of
product reviews with 50% of the phrases classified as
sarcastic. On the other hand, we apply a sarcasm detector
leads to a set of real world tests representing a realistic
sample of tweets posted on an account.

I11. PROPOSED METHOD

Given a set of tweets, we try to rank each according to
whether it is sarcastic or not. Therefore, from every tweet, we
extract a set of features, we refer to a set of learning and use
automatic learning algorithms to perform the classification.
The features are extracted in a way that makes use of different
tweet components, and covers different types of sarcasm. All
the tweets on which we perform our experiments are checked
and annotated manually.

Since the existing Twitter dataset was removed from the
server that contained 58,609 tweets with the tag "#sarcasm",
we will create another that will be cleaned by removing noisy
and irrelevant ones, as well as those where using Hashtag Fall
in one of the first two uses of the three described above.
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Regarding non-sarcastic tweets, we have collected tweets
dealing with different topics and we are assured that they
have some emotional content. The dataset will contain
sarcastic and non-sarcastic tweets. The sarcastic tweets will
be collected by querying the Twitter API with the #Sarcasm
tag. To reduce noise, we filter non-English tweets, very short
tweets (that is, those with less than 3 words) and those that
contain URLS. In most cases, URLS refer to photo links. We
believe that part of the sarcasm is included in the photo, so we
reject them. This dataset is used during our experimentation
process to optimize the parameters defined for our
functionalities.

In the rest of this work, we will refer to this set as
"optimization set". The set also contains sarcastic tweets,
which are checked manually and classified as sarcastic and
non-sarcastic. This set will serve as a test and will be used to
evaluate the performance of our proposed approach.
Therefore, in the rest of this work, it will be called "test set".

Figure 1: Architectural Diagram of Proposed System

e Framework Sentence Analysis and Grammar
Identification

A. Tokenization

Tokenization [12] is the process of breaking a sequence of
strings into pieces such as words, keywords, phrases,
symbols and other elements called tokens. The tokens can be
individual words, sentences or even entire sentences. In the
process of tokenization, certain characters such as
punctuation are rejected. The tokens become the entry for
another process such as parsing and extracting text. The
tokenization relies mainly on simple heuristics to separate the
tokens by following a few steps:

*» Tokens or words are separated by spaces, punctuations,
or line breaks.

» White space or punctuation marks may or may not be
included if required.

* All characters in contiguous strings are part of the token.
Tokens can consist of all alpha, alphanumeric, or numeric
characters.

B. POS Tagging

Corpus [11] are composed of names or names, usually
emerging as the subject or object of a tweet. In the case of
dependency grammar, the subject opinion function has a
syntactic relation of the subject-type verb (SBV) with the
sentence predicate.
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The object opinion characteristic has a dependency
relation of the verbal object (VOB) on the predicate. In
addition, it also has an object-object dependency relation
(POB) on the prepositional word in the sentence.

TABLE 1: POS Tags for Words Considered as Highly

Emotional
Part of Speech | Part of Speech Tag
Adjectives "JJ""JIR","JIS”
Adverbs "RB","RBR","RBS"
Verbs "VB", "VBD",
"VBG","VBN","VBP" "VBZ"

Adjectives, verbs and adverbs have higher emotional
content than names. Therefore the positive and negative
words that have the associated PoS tag shown in TABLE 1
are counted again and used to create two other characteristics
that we call PW and NW and represent the number of highly
emotive positive and strong negative emotional words .

We add three additional features by counting the number
of positive, negative and sarcastic emoticons. Sarcastic
emoticons are emoticons sometimes used with sarcastic or
ironic utterances (eg, "P"). These emoticons are sometimes
used when the person tries to be funny or show that he is just
making a joke (ie when sarcasm is used as a mind). Hashtags
also have emotional content. In some cases, they are used to
disambiguate the actual intention of the Twitter user
transmitted in his message. For example, the hashtag used in
the following tweet: "Thank you very much for being there
for me #ihateyou" says that the user does not really want to
thank the recipient, rather than blaming him for not being
there for him. Therefore, we also count the number of
positive and negative hashtags.

C. Punctuation-Related Features

Adjectives, verbs and adverbs have higher emotional
content than names. Therefore the positive and negative
words that have the associated PoS tag shown in TABLE 1
are counted again and used to create two other characteristics
that we call PW and NW and represent the number of highly
emotive positive and strong negative emotional words .

We add three additional features by considering the
amount of completely positive, completely negative and
completely sarcastic emoticons. Sarcastic emoticons are
emoticons sometimes used with sarcastic or ironic utterances
(eg, "P™). These emoticons are sometimes used when the
person tries to be funny or show that he is just making a joke
(ie when sarcasm is used as a mind). Hashtags also have
emotional content. In some cases, they are used to
disambiguate the actual intention of the Twitter user
transmitted in his message. For example, the hashtag used in
the following tweet that conveys, "Thank you very much for
being there when i needed you a lot PS: #ihateyou" says that
the user does not really want to thank the recipient, rather
than blaming him for not being there for him. Therefore, we
also count the number of positive and negative hashtags..

o Number of exclamation marks
Number of question marks
Number of dots
Number of all-capital words
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e Number of quotes

The excessive use of exclamation marks or question
marks, or the repetition of a vowel, especially in an emotional
word, may reflect a certain tone that the user intends to show,
Tone n ' Is not always sarcastic [7]. We believe that these
characteristics can be strongly correlated with the number of
words in the tweet. Some very short tweets that end with
many exclamation points might surprise rather than sarcasm.

D. Pattern-Related Features

The models selected in the previous subsection and called
""common sarcastic expression” [9] are very common, even in
spoken language. However, their number is small, they are
not unique and most tweets in our workout and test sets do
not contain them. However, we dig deeper and extract
another set of features.

We offer more efficient and reliable models. We divide the
words into two classes [12]: a first called "CI™" containing
words whose content is important and a second called "GFI"
containing the words whose grammatical function is more
important. If a word belongs to the first category, it is
lemmatised; Otherwise, it is replaced by a certain expression.
The expressions [13] used to replace these words are
presented in TABLE 2. The classification in classes is done
according to the part of voice tag of the word in the tweet.

TABLE 2: POS Tags and Expression

POS Tag Expression
CD CARDINAL
FW FOREIGNWORD
UH INTERJECTION
LS LISTMARKER
NN, NNS, NNP, NNPS NOUN

PRP INTERJECTION
MD MODAL

PB, RBR, RBS ADVERBS

E. C45 Algorithm

J48 or C4.5 is an algorithm used to generate a decision tree
developed by Ross Quinlan. C4.5 is an extension of Quinlan's
earlier 1D3 algorithm. The decision trees generated by C4.5
can be used for classification, and for this reason, C4.5 is
often referred to as a statistical classifier.

F. Algorithm

C4.5 creates few decision trees from the set of training data
and it is likely to create in the same way as 1D3, using the
eventual concept of Entropy of information. The training data
is a set of samples already classified. Each sample

Consists of a p-dimensional vector, where they represent
attributes or characteristics of the sample, as well as the class
in which it falls.

At each node of the tree, C4.5 chooses the data attribute
that most effectively divides its set of samples into enriched
subsets in one class or the other.
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The splitting criterion is the gain of standardized
information (difference of entropy). The attribute with the
highest standardized information gain is chosen to make the
decision. The algorithm C4.5 then returns to the smaller
sublists.

This algorithm has some basic cases.

* All samples in the list belong to the same class. When this
happens, it simply creates a leaf node for the decision tree by
saying to choose this class.

* None of the features provide information gain. In this
case, C4.5 creates a higher decision node in the tree using the
expected value of the class.

* Previously invisible class instance encountered. Again,
C4.5 creates a decision node higher in the tree using the
expected value.

The C5.0 algorithm is an extension of the C4.5 algorithm
which is also the extension of ID3. This is the classification
algorithm that applies in the large dataset. It's better than C4.5
on speed, memory and efficiency. Model C5.0 works by
dividing the sample according to the field that provides the
maximum information gain. Model C5.0 can divide the
samples on the basis of the larger information gain field. The
sample subset that is obtained from the first division will be
divided thereafter. The process will continue until the subset
of samples can not be split and is usually in a different field.
Finally, examine the lowest level fraction, the subsets of
samples that have no remarkable contribution to the model
will be rejected. C5.0 easily handles the multi-value attribute
and the missing attribute of the dataset [3].

G. Rule sets:

An important feature of is to generate classifiers called rule
sets that consist of unordered collections of (relatively)
simple if-then rules. The Rule sets option causes classifiers to
be expressed as rule sets rather than decision trees.

Each rule consists of:

* A rule number - this is quite arbitrary and serves only to
identify the rule.

« Statistics (n, lift x) or (n / m, lift x) that summarize the
performance of the rule. Similarly to a sheet, n is the number
of training cases covered by the rule and m, if it appears,
shows how many of them do not belong to the class predicted
by the rule. The precision of the rule is estimated by the
Laplace ratio (n-m + 1) / (n + 2). The elevator x is the result of
dividing the estimated accuracy of the rule by the relative
frequency of the predicted class in the drive assembly.

* One or more conditions that must be met for the rule to
apply.

* A class predicted by the rule.

A value between 0 and 1 that indicates the confidence
with which this prediction is made.

When a rule like this is used to classify a case, it may
happen that several of the rules are applicable (ie, all of their
conditions are satisfied). If the applicable rules provide for
different classes, there is an implicit conflict that could be
solved in several ways: for example, one might think that the
rule is the greatest confidence, or one might try to aggregate
the rule predictions to arrive at To a verdict. Rule sets are
usually easier to understand than trees because each rule
describes a specific context associated with a class. In
addition, a rule set generated from a tree usually has fewer
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rules than the tree has leaves, another more for
comprehensibility. Another advantage of rule-set classifiers
is that they are often more accurate predictors than decision
trees, since the rule set has an error rate of 0.5% on test cases.
For very large datasets, however, generating rules with the
rule set option may require much more computer time.

H. Naive Bayes Classifier

Naive Bayes is a probabilistic classifier, which means that
for a document d, all classes ¢ € C the classifier returns the
class ¢ which has the posterior maximum probability given
the document.

The Naive Bayes classifier is a simple probabilistic
classifier that is based on the Bayes theorem with strong and
naive assumptions of independence. This is one of the most
basic text classification techniques with various applications
in the detection of e-mail, personal message sorting,
categorization of documents, detection of sexually explicit
content, detection of languages and The detection of feelings.
Despite the naive design and simplified assumptions that this
technique uses, Naive Bayes works well in many complex
real world problems.

Even though it is often surpassed by other techniques such
as boosted trees, random forests, Max Entropy, Support
Vector Machines etc., Naive Bayes classifier is very effective
asitis less costly in computing (both CPU and memory ) And
it requires a small amount of training data. In addition, the
training time with Naive Bayes is much lower as opposed to
the alternative methods.

The Naive Bayes classifier is superior in terms of CPU and
memory consumption as shown by Huang, J. (2003), and in
many cases its performance is very similar to more
complicated and slower technigues.

A naive bayes classifier[15] is a simple probabilistic model
based on the Bayes rule with a strong hypothesis of
independence. The Naive Bayes model implies a simplified
conditional independence hypothesis. This is given a class
(positive or negative), the words are conditionally
independent of each other. This assumption does not
significantly affect the accuracy of the text classification, but
makes the classification algorithms very fast applicable to the
problem. In our case, the probability of maximum likelihood
of a word belonging to a given class is given by the
expression:

o counto frintweetso felasse
P(z|c) = ! !

total numbero fwordsinclassc

Here, the xi s are the individual words of the post tweet.
The classifier delivers the class with the maximum a
posteriori probability. We also remove duplicate words from
tweets, they do not add any additional information; This type
of Naive Bayes algorithm is called Bernoulli Naive Bayes.
The inclusion of the presence of a word instead of the count
has been found to improve performance marginally, when
there are a large number of training examples.
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Key Index Parameters for Result Classification

In information retrieval with binary classification,
precision (also called positive predictive value) is the fraction
of retrieved instances that are relevant, while recall (also
called sensitivity) is the fraction of the relevant instances that
are retrieved. Precision and recall are therefore based on
understanding and measuring relevance.

In simple terms, high accuracy means that an algorithm
returns significantly more relevant than irrelevant results,
while a high recall means that an algorithm has yielded the
most relevant results.

The most important category measurements for binary
categories are:

Precision F = TP;"I: TP+ FP)
Recall R=TP/(TP+ FN)
FMeasure tp+inftp+in+ fp+ fn

IV. CONCLUSION

The detection of sarcasms is a really fascinating subject to
deal with. It evaluates different types of characteristics for
extracting feelings, including feelings, words, patterns and
n-grams, confirming that each type of characteristic
contributes to the classification of frame feelings.

In this work, we propose a new hybrid method to detect
sarcasm in Twitter. The proposed method uses the different
components of the tweet. Our approach uses
Partof-Speech-tags to extract models characterizing the
sarcasm level of tweets.

In the future these methods can be applied to the automated
grouping of feelings and sensation dependency rules and can
be developed to detect other non-literary forms of feelings
such as humor.
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