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Abstract: Sentiment analysis is one of the heated topic in the  

field of text mining. As the social media data is increased day by 

day the main need of the data scientists is to classify the data so 

that it can be further used for decision making or knowledge 

discovery. Now –a-days everything and everyone available online 

so to check the latest trends in business or in daily life one must 

consider the online data. The main focus of sentiment analysis is 

to focus on positive or negative comments so that a well define 

picture is created that what is trending or not but the sarcasm 

manipulates the data as in sarcastic comment negative comment 

consider as positive because of the presence of positive words in 

the comment or data so it is necessary to detect the sarcasm in 

online data . The data on social media is available in various 

languages so sentiment analysis in regional languages is also a 

main step . In the proposed work we focus on two languages i.e 

Punjabi and English. Here we use deep learning  based neural 

networks for the sarcasm detection in English as well as Punjabi 

language. In the proposed work we consider three datasets i.e. 

balanced English dataset, Balanced Punjabi Dataset and 

unbalanced Punjabi dataset. We used six different models to 

check the accuracy of the classified data the models we used are 

LSTM with word embedding layer, BiLSTM with , LSTM+LSTM, 

BiLSTM+BiLSTM, LSTM+BiLSTM, CNN respectively. LSTM  

provide better accuracy for balanced Punjabi and English dataset 

i.e. 95.63% and 94.17% respectively. The accuracy for 

unbalanced Punjabi dataset is provided by BiLSTM i.e.96.31%.  

 
  Keywords: Sarcasm detection, LSTM, BiLSTM, sentiment 

analysis, multilingual 

I. INTRODUCTION 

With the emergence of social media services the online data 

on social media services i.e. Facebook, twitter, Instagram is 

also increased drastically which means the useful information 

or valuable reviews are stored in these social media sites need 

to keep in check to gather useful knowledge related to latest 

topics , products , software, new companies etc. [1]. So now-a 

–days SA (sentiment analysis) on social media data became 

the hot button issue. The major task of SA is to check the 

polarity i.e. positive, negative and neutral of the comments or 

data present on social media [2]. But in case of sarcastic 

sentiment analysis the sarcastic comments  tends to change the 

polarity i.e. positive to negative to positive and positive to 

negative ,which further affect the performance or results. So 

we can say that it is very crucial to detect sarcasm in any data. 

On daily basis mankind make prudence about their 

surroundings. This is innate nature of human beings.  
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There are various ways to convey our reviews, the most 

exciting language expressing tools   inclusive of irony and 

sarcasm. 

Sarcasm is usual behavior seen in social media comments, and 

is very difficult to analyze, not just on social media but in day 

to day life too. It has a vital consequence on sentiment, but is 

typically not noted on social media analysis, due to the fact it's 

far considered too difficult to deal with.   

The majority sentiment analysis structures deals with 

English language . As the boom of the social networking sites 

all over the globe, users list feedback in distinctive languages. 

Opinion evaluation in single language enlarges the 

probabilities of not knowing the other crucial records in texts 

present in other languages. To examine statistics in distinctive 

languages, multi lingual sentiment evaluation processes had 

been advanced [3]. With, sentiment analysis frames, 

algorithms for multi lingual   sentiment detection and analysis 

tools are being constructed. 

 

 
 

Fig 1 English language publication analysis, per year 

[4] 

 

 
 

Fig 2 Publication on multi lingual analysis, per year [4] 

 Lately, neural network models are successfully used for 

many ‘NLP’ tasks achieving splendid results [5, 6, 7, 8]. As 

compared very good result and hence we can apply neural 

network models for sarcasm 

detection and see the results.  

 

Ishana Attri, Maitreyee Dutta 

Bi-Lingual (English, Punjabi) Sarcastic 

Sentiment Analysis by using Classification 

Methods   



 

Bi-Lingual(English, Punjabi) Sarcastic Sentiment Analysis by using Classification Methods 

1384 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number I8053078919/19©BEIESP 

One of the best features of neural network model is that it 

automatically extract feature [5, 6, 8] and reduce feature 

scarcity problem.In this paper, we explore basic deep neural 

network models for social media sarcasm detection. Here we 

check that weather the neural network models give better 

performance than other methods give better performance than 

other methods can give better result or we must say that 

performance for many NLP task is better [9,10,11]. 

Results show that neural models provide is with much 

better results. Moreover, the proposed neural network models  

further improve the detection performance of sarcasm 

comments  

II. EARLIER WORK 

Sarcasm detection has been became the latest heated topic  in 

recent years. Reyes et.al. 2013 [12] proposed model to detect 

sarcasm on twitter by defining four groups of features  

unexpectedness, signature, style & emotional scenario. 

Barbieri and Saggion 2014 [13] proposed a model to analyze 

sarcasm in twitter by designing new set of features  . Santosh 

Kumar Bharti et. al. 2015 [14] had proposed two methods to 

detect sarcasm they are parsing based lexicon generation 

algorithm and the other one on the occurrence of  interjection 

word. S.K Bharti et.al.2016 [15] proposed a hadoop based 

framework that collect real time tweets and further process it 

with a set of algorithms which detect sarcastic comments 

efficiently. Emilio Sulis et.al. 2016 [16] carried out a 

systematic research on the use of figurative language on social 

media i.e. on Twitter. Here tags like #sarcasm , #not, #irony 

analyze thoroughly  to check the hypothesis to deal with 

different phenomenon. Here tweets are classified by using 

these tags. P. Dharwal et.al. 2017 [17] were focused on 

various sarcasm analyzing methods used to classify sarcastic 

statements or comments from a dataset and used automatic 

sarcasm detection in the further classification of tweets. 

Subhadeep Mukherjee et.al. 2017[18] had test a variety 

features using both naïve Bayes and Fuzzy clustering 

algorithms. Accuracy of 65% is achieved. Yefeng Ren 

et.al.2018 [19] had used neural network models to detect 

sarcasm. They used Model-Key and Model-All with SVM for   

good results. Saurabh Porwal et.al. 2018 [20] had used RNN 

model with LSTM and achieve the accuracy of 91%. 

Alexandra Balahur et.al. 2014[21] had proposed a 

supervised learning model with machine translation system to 

detect the sentiment in different language. Results further 

shows that the translation system done a good job to detect the 

sentiment analysis. Alexandra Balahur et.al. 2015[22] had 

proposed a method for Spanish and English tweets to improve 

the multilingual machine translated data and provide better 

results with the help of SVMSMO as compare to DICT and 

4CLS. Lo, Siaw Ling et.al. 2016[23], had proposed a model 

for polarity detection in Singlish language i.e. Singaporean 

English by using hybrid model (SVM+ polarity detection 

algorithm + unigram & n-gram).The results are very 

promising. David Vilares et.al. 2017[24] had perform 

sentiment analysis on English and Spanish language by using 

a multilingual model which is unaware of any language. The 

multilingual model outperform the monolingual model. H.T 

Nguen et.al. 2018[25] had proposed  a model that work on 

English and Italian language by combining convolution 

N-gram & BiLSTM and further apply this on word 

embedding and evaluate the efficiency of model on SenTube. 

And further observe that the results obtain are better. Tomas 

Kincl et.al. 2019[26] had proposed a model for different 

languages i.e. English, Czech, German, French and Japanese. 

This model is focus on character n-gram which enhances the 

performance. 

Table I .  Summary of Related work 

 

Ref. 

No 

Technique Used Objective Outcome 

[16] Naïve Bayes, 

decision tree 

J48,Random 

forest  

Sarcasm 

detection in 

tweets 

Random forest 

method 

outperform the 

other two 

techniques and 

gives better 

result 

[19]  CNN models i.e. 

Model –KEY and 

Model- ALL with 

SVM  

Sarcasm 

detection by 

using CNN 

models on 

twitter data 

Neural 

network 

provide better 

results. 

[20] RNN with LSTM Sarcasm 

detection on 

social media 

data 

Accuracy of 

91% is 

achieved 

[22] SVMSMO,DICT 

4CLS 

Sentiment 

analysis in 

Spanish and 

English. 

All methods 

provide good 

result with 

automatic 

translated data 

[24] Multilingual 

model and 

monolingual 

model 

Sentiment 

analysis in 

Spanish and 

English 

language 

Multilingual 

model perform 

better than 

monolingual 

model 

[25] CoNBILSTM 

model 

(convolution N  

gram BILSTM) 

Used for 

sentiment 

analysis in 

English and 

Italian 

language 

Model is very 

efficient 

provide 

satisfactory 

results 

[26] Character 

N-gram 

Language 

independent 

approach 

Enhance the 

performance 

[27] Deep 

convolutional 

network model 

Sarcasm 

detection and 

identification 

Neural 

network 

provide the 

accuracy of 

89.9% 
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III. PROPOSED WORK 

The Fig. 3 shows Sarcasm Detection methodology by using 

deep learning networks. 

 

 

 

 

 
 

Fig. 3 Proposed methodology for Sarcasm Detection 

 

A. Data Acquisition 

Data acquisition is process of data collection from different 

sources i.e. Facebook, YouTube, instagram and other social 

media sites. Data collection is the first main step for any 

project. In this proposed work we collected comments from 

Facebook, twitter and YouTube. We created three datasets 

here of Punjabi and English languages. 

 

Table II. Types of datasets 

 

S. No Dataset 

1. Punjabi unbalanced dataset 

2 Punjabi balanced  dataset 

3 English balanced dataset 

B. Data Preprocessing 

Data preprocessing is a process in which the raw data is 

converted into meaningful information or understandable 

format. As online data is not in proper format so for further 

processing we need the data in proper format. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Steps of preprocessing 

 C. Normalization 

In normalization we remove unwanted symbols and tags 

from the data. In proposed work the normalization task is 

performed in preprocessing unit but we empathies it as it is the 

main and major step as by normalizing we convert the data 

into single format. So that the further processing became easy. 

D. Deep learning Network 

In proposed work we are using different models for 

sarcasm detection. They are as follows: 

 

a. LSTM 

Long short term memory is an RNN (recurrent neural 

network) feedback network which work as a general 

purpose computer. LSTM unit have main 4 parts i.e. 

cell, input gate, output gate & forget gate.  

 
Fig. 4 LSTM Architecture 

 

     LSTM Formulae: 

                                                          (1) 

                                                         (2) 

                                                        (3) 

                                                    (4) 

                                                       (5) 

                                                                    (6) 

 

     it   = Input gate 

     ft   =  Forget gate 

     ot   = Output gate 

     ct = Internal memory 

            = sigmoid function 

     wx = weight for the respective gate(x) neurons  

     ht- = output of the previous LSTM block (at time stamp t-1) 

     xt   =  input at current timestamp 

     bx = biases for the respective gate 

     ht =  hidden state 

      = candidate state 

 

b. BILSTM 

Bidirectional long short term memory network used to 

promulgate backwards as well as forward direction. 

Bidirectional networks used to store future and past data . 

which make them more efficient then Lstm. re The main focus 

of LSTM is to extract the past data but in case if BiLSTM 

neural network the past data is extracted by the forward 

LSTM layer and the future data is extracted by the backward 

LSTM layer which makes the bi directional long short term 

memory network more 

efficient LSTM and 

BiLSTM networks are 
Remove long words 

Remove short words 

Erase Punctuation 

Convert to lowercase 

Tokenization 
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basically used in sequential data                                        

 

 
Fig. 5 BiLSTM Architecture 

c. CNN 

Convolution neural network is use to analyses the 

images or basically to classification of images. CNN  

basically are the regular versions of multilayer  

perceptron . CNN consist of input layer, output layer, 

and hidden layers. Here, Relu layer is used as the 

activation function .The main layers used in CNN are 

Input layer, Output layer, Convolution layer, Maxpool 

layer, Hidden layer . 

 

 
 

Fig. 6 CNN Architecture 

 

d. LSTM+LSTM 

Combination of two Long short term models. The 

output of first LSTM becomes the input of second 

LSTM network. 

 

e. BILSTM+BILSTM 

Two bidirectional models are combine together . 

Output of one BiLSTM network becomes the output of 

other neural network. 

 

f. LSTM+BILSTM 

Combination of  LSTM and BiLSTM neural network 

Output of LSTM network use as input of BiLSTM 

network. 

IV. RESULT AND DISCUSSION 

All the above discussed models train on three different 

datasets i.e. English balanced dataset, Punjabi balanced 

dataset, Punjabi unbalanced dataset. Table III, IV and V 

shows the results obtained by the deep learning models. It is 

observed that the CNN model provide the least accuracy in all 

three networks and LSTM, BiLSTM models and their 

combinations provide better accuracy. 

 

Table III. Accuracy on Punjabi balanced dataset 

Model Epochs Accuracy 

LSTM 20 95.63% 

BiLSTM 20 95.12% 

LSTM+LSTM 20 94% 

BiLSTM+BiLSTM 20 93.02% 

LSTM+BiLSTM 20 92.28% 

CNN 20 54.82% 

 

Table IV. Accuracy on Punjabi unbalanced dataset 

 

Model Epochs Accuracy 

LSTM 20 95.39% 

BiLSTM 20 96.31% 

LSTM+LSTM 20 94.10% 

BiLSTM+BiLSTM 20 94.83% 

LSTM+BiLSTM 20 64.88% 

CNN 20 48.79% 

 

Table V. Accuracy on English balanced dataset 

 

As results shows that LSTM and BiLSTM provide us with 

the highest accuracy rate . The maximum accuracy rate for  

English dataset containing approximately contains 81659 

comments is 94.17% by using basic LSTM network with 

word embedding layer. Similarly for balanced Punjabi dataset 

the maximum accuracy of 95.63% provided by the LSTM 

network with word 

embedding layer. The 

unbalanced Punjabi dataset 

gives maximum accuracy of 

Model Epochs Accuracy 

LSTM 20 94.17% 

BiLSTM 20 93.94% 

LSTM+LSTM 20 93.14% 

BiLSTM+BiLSTM 20 93.54% 

LSTM+BiLSTM 20 92.14% 

CNN 20 52.23 
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96.31% on BiLSTM network with word embedding layer. 

 

 

 

 Fig. 7, 8, 9  represent the confusion matrix of balanced 

English dataset,  balanced Punjabi dataset, unbalanced 

Punjabi dataset. where the matrices represents the number as 

well the percentage of classified comments and the 

misclassified comment. Confusion matrices represents the  

classified versus unclassified data. Here we only have 2 

classes i.e. Sarc and nonsarc so the darker color represent the 

classified data and the lighter color in the matrices represent 

the unclassified data. 

 

 
       Fig. 7 Confusion matrix for English data (LSTM)   

 

 
Fig. 8 Confusion matrix for balanced Punjabi       

dataset (LSTM) 

 
Fig. 9 Confusion matrix for Punjabi unbalanced 

dataset (BiLSTM) 

  

So in above confusion matrices we easily identify the 

number of misclassified commend as well as the number of 

classified comment in both true and predicted classes. From 

the results we observe that the LSTM with word embedding e 

layer BiLSTM with word embedding layer provide better 

results. 

V. CONCLUSION AND FUTURE SCOPE 

In this paper the proposed work is to detect or we can say 

that classify the sarcastic comment from a given set of data. 

Here we use deep neural network as they provide better 

results . Here we use different models based on LSTM and 

BiLSTM neural network and we observe that these networks 

outperform the CNN model. Accuracy of balanced English 

dataset is 94.17%. Similarly the accuracy of balanced and 

unbalanced Punjabi dataset is 95.63% and 96.31% 

respectively. 

This proposed work is further enhanced by using large 

dataset of Punjabi  language and  for better accuracy CNN 

with LSTM AND BiLSTM model can be used . Sarcasm 

detection in another regional language is also a scope for the 

future research work. Also other  neural networks for 

classification can be used for classification of sarcastic 

comments from non-sarcastic comments. 
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